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ABSTRACT

In the Intelligent Transportation Systems, it is crucial to determine the type of vehicles to improve traffic
management, increase human comfort, and enable future development of transport infrastructures. This paper
presents a deep learning-based vehicle type classification approach for intermediate road traffic. Specifically,
a low-cost, easy-to-install, battery-operated 3-D traffic sensor is designed and developed. In addition, a total of
376 vehicle samples are collected, and the vehicles are identified into three different classes according to their
structures: light, medium, and heavy. Firstly, an oversampling method is applied to increase the number of
samples in the training set. Then, the signals are converted into time series for LSTM and GRU and 2-D images
for transfer learning models. Finally, soft voting is proposed using the LSTM, GRU, and VGG16, which is the
best transfer learning method for vehicle type classification. The developed system is portable, power-limited,
battery-operated, and reliable. Comparative performance results show that the soft voting ensemble method
using a deep learning classifier improves the accuracy and f-measure performances by 92.92% and 93.42%,
respectively. Additionally, the battery lifetime of the developed magnetic sensor node can work for up to 2

years.

1. Introduction

In recent years, rapid population growth and vehicle demand have
significantly increased the number of vehicles in traffic, particularly in
metropolitan cities. This situation is increasing the need for Intelligent
Transportation Systems (ITS). Vehicle detection and classification have
become an indispensable part of ITS to increase human comfort, im-
prove traffic management, and enable future development of transport
infrastructures. Significant investments are being made and used in the
development, implementation, and maintenance of traffic monitoring
systems in many countries [1]. Recently, in spite of the technical chal-
lenges, several vehicle type classification systems have been developed
based on accelerometers [2], acoustic sensors [3], camera [4], hybrid
methods [5], LIDAR [6], loop detectors [7], piezoelectric sensors [8],
vibration sensors [9], and magnetic sensors [10-19]. These technolo-
gies have important specific characteristics and requirements, such as
sensor types, hardware settings, setup processes, parameter settings,
operating environments, weather/noise resistance, battery lifetime, and
even maintenance and installation costs.

* Corresponding author.

In the literature, it is shown that magnetic sensors are preferred for
vehicle classification due to their advantages, such as strong climate
adaptation, small size, easy installation, and low cost. In Table 1,
the most recent studies that use magnetic sensor technologies and
classify vehicle types are compared and summarized. Specifically, the
study [15] focused on the classification of similar vehicle sizes using
multiple sensor nodes and utilizes an XGBoost method. The study [16]
proposed K-Nearest Neighbor (K-NN) method for classification of vehi-
cle types. In [17] the magnetic waveforms obtained from two sensor
nodes were fussioned, and a Support Vector Machine (SVM) was used
for classification. The study [19], focused on classifying vehicles with
the convolutional neural network (CNN) method. In contrast to the
existing studies, in this paper, deep learning approaches are proposed
for vehicle type classification using a single 3-D magnetic sensor node.
The main contributions of this study are listed below:

» To the best of our knowledge, this article is the first study focusing
on deep learning methods and soft voting ensemble techniques to
classify vehicle types with a single 3-D magnetic sensor node.
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Table 1

Summary of studies for vehicle type classification with magnetic sensor technologies.
Paper Sample size # of VT Methodology Cost Energy Single Deep Ensemble Year

efficiency node learning classifier

[10] 5.837 3 Length Threshold X X X X X 2013
[11] 188 4 SVM $50 X X X X 2014
[12] 253 5 Hierarchical Three X X v X X 2015
[13] 20.353 4 Fusion Algorithm X X X X X 2017
[14] 12.085 5 Decision Tree $80 X X X X 2017
[15] 1.442 4 XGBoost X X v X X 2018
[16] 300 6 K-NNs X X 4 X X 2018
[17] 732 3 SVM X X v X X 2019
[18] 412 5 SVM X X v X X 2019
[19] 6.042 7 CNN X X v v X 2020
PM 376 3 LSTM + GRU + VGG16 $25 v v v v 2021

VT: Vehicle Type, PM: Proposed Model.
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Fig. 1. The illustration diagram of the proposed system using the 3-D magnetic sensor for vehicle type classification.

» The proposed 3-D magnetic sensor node is low-cost ($25), easy- 2.1. Sensor
to-install, portable, and battery-operated. It can work for up to

2 years without requiring battery replacement. In order to extract new features for the classification algorithms, a
» Comparative performance results show that the proposed soft single 3-D magnetic sensor is used as a sensing unit. The sensor node’s
voting ensemble method using a deep learning classifier improves features are as follows: The supply voltage is between 0.9 and 3.6 V;
the accuracy and f-measure performances by 92.92% and 93.42%, the maximum data rate is 5 kbps; the TX power is +30 dBm; the RF
respectively. frequency is between 863 and 876 MHz; the RF communication dis-
tance is between 100 and 700 m; the operation temperature is between
The rest of the paper is organized as follows. In Section 2, the —25 °C and 80 °C; the mechanical robustness is up to 10,000 kg; the
3-D magnetic sensor node details are introduced. In Section 3, the waterproof IP rating is IP 67; and the battery lifetime is 2 years. The
dataset is introduced as well as the preparation steps are explained. cost analysis of mote is as follows: The MCU (CC1312) costs $7, the RF

Section 4 elaborately describes the deep learning methodologies and Module (SE2435L) costs $3, the Magnetic Sensor Array costs $5, the
the proposed approach. Then, Section 5 shows the performance results Flash Memory costs $1, the Antenna costs $2, and the PCB costs $7. The

of the models comparatively and discusses the outcomes. Finally, the proposed sensor node has a total cost of 25$, which is not mentioned
last section concludes the paper. in most of the studies. A limited number of recent studies [11,14]

mentioned that their sensor costs are 50$ and 80$, respectively, while

our sensor node costs much lower compared to these studies.
2. Magnetic sensor

2.2. Mote
The proposed system consists of a 3-D magnetic sensor to measure
the intensity of magnetic fields, a mote responsible for reading the sen- The developed mote is equipped with a CC1312 wireless MCU that
sor outputs, a gateway responsible for transmitting the data provided has a 48-MHz Cortex-M4F microcontroller, a specific radio controller
by the sensor mote to the data center, and a web server responsible for that is based on Cortex-MO, an ultralow-power 8-bit sensor controller

analyzing and displaying the data that has been collected. The system IC, 80 kB of SRAM, UART, 12C, and SPI [20]. The CC1312 wireless
is protected by a mechanical capsule from environmental factors. The MCU, which operates on the 868 MHz band and utilizes the 802.15.4
proposed system diagram has shown in Fig. 1. communication protocol and is responsible for ensuring connectivity
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with the gateway. In order to improve the RF power output, the
RF front-end module has also been implemented [21]. The built-in
software on the mote is used to calibrate the sensor, get measurements
from the sensor in real time, process and temporarily store the gathered
data, and finally transmit the stored data to the gateway.

2.3. Gateway

The gateway is equipped with the same mote hardware connected
to a Raspberry Pi [22]. The data acquired from sensor motes is sent
to the data center via the Linux operating system, which is run on
the Raspberry Pi. The same type of transceiver is used for the motes
connection. The gateway features are as follows: The voltage supply
is 5 V; the TX power is +30 dBm; the RF frequency is between 863
and 876 MHz; the RF communication distance is between 100 and 700
m; the operation temperature is between —25 °C and 80 °C; and the
maximum number of connected nodes is up to 100.

2.4. Backend

The sensor values are stored along with a reference camera system
to facilitate data tagging and store the data for later offline processing.
A backend cloud system has been developed. By synchronizing the
camera with the magnetic sensor node, the user is able to select the time
frame for cropping and tagging the videos with the magnetic sensor
node’s data. The video dataset is saved in the NoSQL database for future
usage and long-term retention.

2.5. Magnetic sensor measurements

Metal materials in the vehicle cause magnetic disturbances, these
distortions cause signal changes, and they differ for each vehicle.
These differences are mainly due to the structure of the vehicle, and
environmental factors. Therefore, with the development of informa-
tion technologies, it has become possible to predict vehicle types by
analyzing magnetic sensor measurements via machine learning ap-
proaches. In this study, magnetic signatures of vehicles are obtained us-
ing two different measurement methods, i.e. time-dependent measure-
ment method and vector magnitude-dependent measurement method.
The first method (time-dependent measurement method) has the ad-
vantage of reducing power consumption, since data is received at a
certain time interval; there is no need to add a timestamp to the packets
sent by narrow band. Therefore, the sensor consumes less power.
Nevertheless, it is possible for magnetic field sensors to fail to detect
magnetic field changes, which would raise the magnetic signature’s
error rate. The vector magnitude dependent measurement is used in
the second method to take samples based on certain magnetic field
changes (for example, every 10 microteslas). The main benefit of this
method is the ability to capture all magnetic field changes, and it
allows for processing larger sample amounts, which can obtain more
accurate signatures. Due to the timestamp information, the amount of
data transmitted in a narrow band increases. As a result, the battery
consumption also increases.

As for the implementation of the project, it was decided to employ
the second approach to detect magnetic changes during a vehicle’s
entry and exit from the sensor. The first approach was also used to
sample the vehicles’ movements on the sensor by time-based. This
technique helps us to reduce power consumption.

As the vehicle passes over a 3-D magnetic sensor node, magnetic
sensor interrupt and record the vehicles’ measurements. Then, measure-
ments have been transmitted to the gateway, and sleeps. The sampling
frequency of the sensor is set to 400 Hz, which is its maximum fre-
quency. We measured the magnetic distortions of 50 different vehicles
using a sensor node mounted on a single-lane road. The threshold (T),
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as well as the vehicle’s reference magnetic distortions X,, Y,, and Z,,
are determined, as shown in following equation:

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

Based on the magnetic distortions of 50 different vehicles, T is 110.
A new vehicle’s magnetic distortions are shown as X, Y,, and Z, while
when the result of Eq. (1) for a new vehicle is greater than T, the
magnetic distortions of the new vehicle are recorded.

The sensor consumes 20 uA during the sleep period. The average
power consumption for a vehicle includes the sensor measurement
period and packet transmission, whose durations are 8 and 12 ms. The
packet transmission includes pre-processing (10 mA per ms, 2 ms), RX
(1 A per ms, 5 ms), TX (20 mA per ms, 3 ms), and post-processing
(10 mA per ms, 2 ms). The sensor measurement period uses 40 mA per
ms, and packet transmission uses 425 mA per ms. In total, the average
power consumption for a vehicle is 5420 mA with a duration of 20 ms.

3. Methods
3.1. Dataset

In this study, the 3-D magnetic sensor node that we developed is
mounted on a single-lane road, and data collection is carried out with
the help of a camera. While the 3-D magnetic sensor records magnetic
disturbances, the camera records images of the vehicles, and these pro-
cesses occur simultaneously. In total, 376 vehicle samples are collected
and labeled. A recorded video is used to label the magnetic disturbances
of vehicles. The vehicle types are divided into three categories based on
the vehicle’s structure: light (motorcycles), medium (passenger cars),
and heavy (buses). These classes are also determined by the US Federal
Highway Administration (FHWA) [23]. As the vehicle passes over the
3-D magnetic sensor node, it records the signals of the X, Y, and Z axes.
The signal lengths of the samples are equalized by padding them with
zeros according to the maximum signal length. In total, there are 621
features available for each sample when considering the three axes.
Also, the features in the dataset are scaled between O and 1 using
MinMaxScaler [24].

We obtained the test set by selecting 30% of the total set via
stratified random sampling and storing the remaining samples as the
training set, as shown in Table 2. In addition, for the hyper-parameter
optimization, 30% of the training set, which is obtained by the over-
sampling process, is selected for the validation set via random sampling
and storing, and then the remaining samples are selected as a training
set.

3.2. Oversampling method (SMOTE)

The main reason of applying the oversampling method is that the
number of samples is insufficient to train machine learning models,
and the unbalanced classes problem causes poor performance. In this
study, the Synthetic Minority Oversampling Technique (SMOTE) is
applied [25] to increase the number of samples in the training set. The
SMOTE algorithm randomly generates new minority samples using the
following rules: First, x; data is randomly selected from the minority
classes; then the five data are determined based on the k-nearest
neighbors (k-NN) of the selected x; data; and finally, randomly x, data
is selected. The new synthetic data x,,,,, is between the x; and x; data
according to the A values, which is randomly selected between (0,1).
Formula is shown in equation below:

Xpew = X; + Axg — x;) 2)

The new sample size of the vehicle types is shown in Table 3. In the
training dataset, minority classes (light and heavy) are processed by the
SMOTE algorithm and generated new synthetic samples as shown in
Fig. 2(a) and Fig. 2(b) for light and heavy vehicle, respectively. During
the analysis of the new synthetic samples, no absurdity was observed
in the wave-forms.
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Fig. 2. The X-axis of the original and synthetic (SMOTE algorithm-processed) signals for (a) light vehicle and (b) heavy vehicle.

Table 2

Sample size of the original vehicle dataset.
Vehicle type Light Medium Heavy
Train 33 207 23
Test 14 89 10
Total 47 296 33

3.3. Dataset preparation

Transfer learning is a powerful network that tends to learn edges,
textures, patterns, and object parts in images [26] and yields satis-
factory results. Therefore, in this study, vehicle signals are converted
into 2-D images in order to perform vehicle classification by utilizing
transfer learning models. Firstly, the lengths of samples are scaled to the
maximum signal length of 207. The next step is to color the area under
the X, Y, and Z curves. Each color represents a different condition.
For example, the pink color represents the area under X curve and
the upper area of the Y and Z curves. Table 4 shows the combination
of conditions during coloring process. The converted images become
216 x 216 colored images, and the conversion of the signals to the
images for the medium vehicle is shown in Fig. 3.

Importantly, the shape of the dataset, i.e., “samples, features”, is
not suitable for the LSTM and GRU methods. The shape of the dataset
is reshaped into “samples, time-steps, and features” which means one

Table 3
Sample size of the new vehicle dataset.
Vehicle type Light Medium Heavy
Train 207 207 207
Test 14 88 10
Total 221 296 217
Table 4
Painting images according to X, Y, and Z Axis-Curves.
No Condition Color
(Under Axis-Curve)
1 - Blue
2 X Purple
3 Y Red
4 VA Green
5 X, Y Black
6 X, Z Olive
7 Y, Z Turquoise
8 X, Y, Z White

sequence is one sample, one sequence has multiple time steps according
to the length of the vehicle signal, and one feature corresponds to one
variety of signal. The reshaped dataset is “sample size, 207, 3”, in
which 207 means the vehicle signal length and 3 means the X, Y, and
Z-axis.
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Fig. 3. The XY, and Z-Axis of the original vehicle signals converted to image for
medium vehicle.

4. Building classification models

In this study, the test set is obtained by selecting 30% of the total
dataset using stratified random sampling, and the remaining samples
are used as a training set. The SMOTE method is applied to increase
the number of samples in the training set while the size of the test set
is set as the same. In addition, for the hyper-parameter optimization,
30% of the new training set is randomly selected for the validation set
and the rest is stored as training set. For the LSTM and GRU models,
we reshaped the dataset, and for the transfer learning model, we
converted the vehicle signals to 2-D images. For this purpose, VGG16,
VGG19, Xception, MobilNet, MobilNetV2, DenseNet121, DenseNet169,
and DenseNet201 are implemented as deep learning models. The block
diagram in Fig. 4 outlines how the classification process in this study is
conducted. Models are trained on the training set and validated on the
validation set with appropriate hyperparameters and epochs. Lastly, the
model is evaluated for the test set. Individual results are obtained for
each classifier and three classifiers are implemented for the soft voting
ensemble model. All machine learning approaches are implemented
with the Python programming language. LSTM, GRU, and transfer
learning approaches are implemented using Keras libraries [27], and
the SVM method is implemented using scikit-learn libraries [28]. The
proposed methods have been presented in the following subsections.

4.1. Support Vector Machine

It is a simple and effective machine learning method often used by
the community for classification, regression, and outlier detection. It
has a simple method for separating classes, which draws parallel lines
between classes. Also, hyper parameter optimization is applied, which
ensures the classifiers are trained with the most suitable parameters.

In the implementation of the SVM classifier, hyperparameter opti-
mization is applied using the grid search method. The parameters are
determined before the classification method, and the best parameters
are obtained using the training and validation sets, and the optimal pa-
rameters are used on the test set. The hyper-parameters are optimized
for the SVM classifiers as follows: C= {0.1, 1, 10, 100, 1000}, gamma
= {1, 0.1, 0.001, 0.0001}, and kernel = {linear, rbf, poly, sigmoid}.

4.2. Recurrent neural networks

A recurrent neural network (RNN) is another variation of a basic
neural network that has an internal loop and is good at handling time-
sequence data. However, RNN suffers from a vanishing gradient descent
problem. LSTM [29], which is a special type of RNN algorithm, has
been developed to solve the vanishing gradient descent problem. The
main difference is that the LSTM cell has special gates. GRU [30] is
quite similar, but it is simpler in structure compared to LSTM. In this
study, these two main architectures are used.

In the LSTM and GRU experiments, the input shape of the model
is set to “None, 3” and the mask value is set to 0. This is because the
samples of different lengths are not suitable for the LSTM and GRU

Computer Networks 217 (2022) 109326

Table 5

Layer configurations of the LSTM/GRU model.
Layer name CNN models
L1 Masking()
L2 LSTM/GRU (32)
L3 Batch Normalization()
L4 Dropout (0.01)
L5 LSTM/GRU (16)
L6 Batch Normalization()
L7 Dropout (0.01)
L8 LSTM/GRU (8)
L9 Batch Normalization()
L10 Dropout (0.01)
L11 Dense(3)

models and must be in the form of a single tensor. For this, the zero-
padding process is applied to obtain the same length, and zeros have
no meaning for the LSTM/GRU model due to masking. The structure
of these LSTM and GRU models on each layer is presented in Table 5.
Due to the multi-class classification problem, the activation function
of the last layer is softmax. The optimizer is Adam (learning rate =
0.0001) with a categorical cross-entropy loss function. The mini-batch
size is selected as 16, the maximum number of epochs is set to 200,
and ModelCheckpoint is used to save the model weights in each step.
Based on the validation loss, the best epoch is selected for the test
set. The parameters of the models have been regularized using batch
normalization and dropout.

4.3. Transfer learning

The transfer learning technique is a model that can reuse the
information obtained from previous tasks as the starting point for a new
task [31]. The fact that the learned qualities are portable is one of the
essential advantages that distinguishes deep learning from traditional
and shallow learning approaches. It makes deep learning effective in
small data problems [32].

In this study, transfer learning methods are used by freezing the
convolutional base layers and re-training the top layers (e.g., fully
connected MLP layers). The weights of the frozen layers are taken
from the models trained on the ImageNet dataset. After the flatten
layer of the convolutional base, we applied an MLP network, which
has a single hidden layer with 64 neurons. Due to the multi-class
classification problem, the activation function of the last layer is soft-
max. The optimizer is Adam (learning rate = 0.01) with a categorical
cross-entropy loss function. The mini-batch size is selected as 16, the
maximum number of epochs is set to 50, and ModelCheckpoint is
used to save the model weights in each step. Based on the validation
loss, the best epoch is selected for the test set. The parameters of the
models have been regularized using batch normalization, dropout, and
L2-norm regularization. Lastly, due to a limited number of samples
available in the training set, data augmentation [33] has been applied.
We have increased the variety and number of training images by
applying operations, such as rotating, flipping, and cropping.

4.4. Soft voting

Soft voting is an ensemble machine learning model that combines
the predicted class labels from multiple models. It predicts the class
by averaging each model’s weight equally or weighted specifically by
the classifier’s importance. The results obtained from the deep learning
models are examined. The VGG16 model shows high performance in
classifying light and medium vehicle types and gives very poor results
in classifying heavy vehicles. LSTM and GRU models showed success in
classifying medium and heavy vehicles and low results for light vehicle
types. Considering these situations, the ensemble soft voting methods
weights are implemented as follows: for the VGG16 model, the weights
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Table 6

Performance results of classification methods.
Model Accuracy F-measure Precision Recall

(%) (%) (%) (%)

LSTM 74.33 76.63 85.83 84.17
DenseNet201 78.76 76.10 75.40 47.27
DenseNet169 79.64 80.15 81.76 69.62
GRU 81.41 82.29 84.35 76.28
DenseNet121 82.30 71.79 84.33 82.93
MobileNetV2 83.18 82.19 81.55 61.18
SVM 83.18 82.39 82.82 64.99
Xception 84.07 79.33 76.84 49.62
VGG19 88.49 85.18 82.14 63.53
MobileNet 90.26 86.48 83.01 66.29
VGG16 92.03 88.94 92.67 70.00
Ensemble 92.92 93.42 94.35 91.08

(LSTM + GRU + VGG16)

of the classes light and medium are high, and for the heavy class they
are low. For the LSTM and GRU models, the weights of the classes
medium and heavy are high, and for the light class they are low (see
Table 6).

5. Results & discussion
5.1. Classification methods

In this study, using a camera and a 3-D magnetic sensor node,
data was collected on intermediate road traffic by taking 376 vehi-
cle samples and identifying the types of vehicles. LSTM, GRU, SVM,
and transfer learning algorithms are applied to the dataset for vehi-
cle type classification. Transfer learning approaches include VGG16,

VGG19, Xception, MobilNet, MobilNetV2, DenseNet121, DenseNet169,
and DenseNet201. Models are trained on a training set and validated
on a validation set, then the model is also tested for the test set. Firstly,
the accuracies of LSTM and GRU models are obtained as 74.33% and
81.41%, respectively, with the following optimum hyper-parameters:
dropout = 0.2, learning rate = 0.001, L2 norm regularization = 0.0001,
and optimizer is Adam. In the next step, the transfer learning ap-
proaches are implemented and models are used by freezing the con-
volutional base layers and re-training the top layers with the following
optimum hyper-parameters: dropout = 0.2, learning rate = 0.001, L2
norm regularization = 0.0001, and optimizer set to Adam. The VGG16
model obtained the best results, with an accuracy of 92.03%. Lastly,
the SVM model accuracy is obtained as 83.18% with the following op-
timum hyper-parameters: C = 100, gamma = 0.001, kernel = sigmoid.
Table 7 shows all the performance results we obtained in this study
for vehicle type classification. While the VGG16 classified light and
medium vehicles better, as shown in Fig. 5(a), LSTM and GRU classified
medium and heavy vehicles better. Fig. 5(b) and Fig. 5(c) show the
performance results of the LSTM and GRU classifiers, respectively.

SVM and some transfer learning methods obtained better accuracy
results compared to LSTM and GRU classifiers. Nevertheless LSTM
and GRU methods classified heavy class better. For this reason, with
the help of an ensemble method, the model results of LSTM, GRU,
and VGG16 classifiers results are concatenated and the soft voting
ensemble method is applied and an accuracy of 92.92% and f-measure
of 93.42% are obtained. The soft voting ensemble technique improves
the accuracy score, and also produces a much better f-measure score.
Fig. 5(d) shows the performance results of the ensemble soft voting
results.

Fig. 6 shows the loss rate of vehicle classification on LSTM, GRU,
and VGG16 models. It can be seen in this figure that the best loss rates
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Predicted Predicted
L [M[H [T |ACC %) C [M|H]T |ACC (%)
Light (L) 14 [0 |14 |14 | 100 Light (L) 131 [0 |14 [ 9285
@ [Medium (M) |0 | 89 | 0 | 89 | 100 T ["Medium (M) | 16 | 62 | 11 | 89 | 69.66
8 [Heawy (H) 1 [8 |1 [10 |10 8 [Heavy (H) 0 |1 [9 [10 [90
Total (T) 15 [ 97 |1 | 113 | 92.03 Total (T) 29 | 64 | 20 | 113 | 74.33
(a) Confusion matrix of the VGG16 method. (b) Confusion matrix of the LSTM method.
Predicted Predicted
L [MJ][HT]T [ACC(%) L ITM[HITT ACC (%)
Light (L) 122 [0 [14 | 8571 Light (L) 140 [0 [14 | 100
S [Medium (M) |9 | 74 | 6 | 89 | 83.14 © [Medium (M) [0 | 83| 6 | 89 | 93.25
8 [Heavy (H) 0 (4 [6 |10 |60 g Heavy (H) 0 [2 [8 [10 |80
Total (T) 21 | 80 | 12 | 113 | 81.41 Total (T) 14 [ 85 | 16 | 113 | 92.92

(c) Confusion matrix of the GRU method.

(d) Confusion matrix of the soft voting ensemble method.

Fig. 5. Performance results of VGG16, LSTM, GRU and ensemble methods, respectively.

Loss history Loss history Loss history
p 12
— train 111 — tain
10 {1 -@- —-e-
®- valid 10 ®- valid
10
8 09
08 08
% o6 ] ]
8 307 8
3 3 3 06
06
4
05 04
L]
2 04
02
r T T T T T 03— T T T T r T T T T r r r T r r T T
0 10 20 30 40 50 0 5 50 s 100 125 150 175 200 0 25 50 s 100 125 150 175 200

Steps Steps

Fig. 6. The loss history of VGG16, LSTM, and GRU models on training and validation steps.

of validation sets are 1.1445, 0.3642, and 0.1970 after running 33,
162, and 200 steps on VGG16, LSTM, and GRU models, respectively.
The validation loss in the GRU model is better than the training loss.
The reason is that the GRU uses simpler gates and dropout is enabled
during training, whereas it is not enabled during validation/testing on
the Keras library.

5.2. Battery lifetime

In this study, while the vehicles are passing through 3-D magnetic
sensor node, the vector magnitude-dependent measurement method is
used to detect magnetic changes, and the time-dependent measurement
method is used to sample the movement of the vehicle. Using a power
analyzer named EnergyTrace, the sensor’s current consumption is mea-
sured when it is in a sleep state as well as when it is in active state
(when a vehicle passes by). In the sleep state, the current consumption
is very low.

In general, the communication between the sensor and the gateway
is the major cause of increased battery consumption. In this communi-
cation process, by using the data aggregation method, it is possible to
reduce current consumption by selecting a proper packet size.

In addition, Table 7 shows the lifespan of the node versus the
number of samples taken from the sensor node. Based on the current
consumption characteristics of the magnetic sensor node, the proposed
magnetic sensor node can operate for up to 2 years without requiring
battery replacement, while taking 50 samples from the vehicle.

6. Conclusion

The classification of vehicles has evolved into an essential compo-
nent of ITS to enhance the comfort of people, enhance traffic man-
agement, and pave the way for the further growth of transportation

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

# of samples Batter lifetime

taken from vehicle (day)
25 858
50 706
100 600
150 551
200 521
250 500
300 484

infrastructure. Significant investments are being made and used in the
development, implementation, and maintenance of traffic monitoring
systems. In particular, for effective traffic management on intermediate
roads, it is important to have information about the types of vehicles.
The developed system predicts the vehicle types with the help of
deep learning models. To the best of our knowledge, this article is
the first study focusing on a soft voting ensemble method with deep
learning techniques for vehicle classification systems with a low-cost,
battery-operated 3-D magnetic sensor node. Also, compared to other
3-D magnetic sensor studies, this paper is the first study focusing
on energy efficiency. Comparative performance results show that the
accuracy and f-measure of the proposed approach based on the soft
voting ensemble method using deep learning classifiers are 92.92% and
93.42%, respectively, and the battery lifetime is up to 2 years. The
main goal of this study is to achieve a reliable system that can produce
satisfying results in any environmental conditions while keeping the
performance stable. Future work includes increasing the dataset and
increasing the number of classes. In addition, other model architectures
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can also be implemented using transfer learning, such as EfficientNet,
Inception, and NasNet.
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