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ABSTRACT  

The rapid increase in automobile traffic in and around cities presents significant challenges for transportation 
management, infrastructure planning, and overall system viability. Conventional vehicle classification and 
counting techniques, which are mostly manual or sensor-based, are often constrained by inefficiency, labor 
intensity, and limited scalability in real-time applications. This paper proposes a deep learning approach for 
real-time classification and enumeration of vehicles using one-dimensional signals from piezoelectric 
sensors. The 1D-CNN was trained, using convolutional layers with small kernel sizes to stack, so that the 
temporal dependencies of sensor signals could be well learned, pooling and fully connected layers used to 
extract features with high strength. The model was trained using a hybrid dataset with field-collected sensor 
data and synthetically generated signals generated with traffic simulation tools to cover a classes of vehicles 
and road conditions, which guarantees the ability to scale and generalization. The proposed model is shown 
to perform well as it has a classification accuracy of 0.99, and mean Average Precision (mAP) of 0.98 on 
five different vehicle classes. Moreover, its performance was checked with the unseen data, which proved 
high generalization ability. The solution has potential to be deployed on edge computing devices because it 
is computationally efficient to support a realistic application of traffic monitoring. 
Keyword: Vehicle Classification, Vehicle Counting, 1D Convolutional Neural Network (1D-CNN), Road 
Energy-Harvesting Sensors, Intelligent Transportation System (ITS) 
 
1. INTRODUCTION 

Road transportation is considered as 
one of the key drivers in economic and social 
development in any city. It plays a vital role in 
world commerce where companies rely on road 
transport to deliver goods and individuals are 
enabled to trade the online orders. As a developing 
country, Malaysia considers the road 
transportation network vital for economic 
development. The total number of vehicles on the 
road is expected to increase in many cities across 
Malaysia. Rapid population growth, rising 
economic activity, and increasing employment 
rates have contributed to the surge in vehicle 
numbers. The convenience and flexibility of 
owning private vehicles have led to a surge in 
vehicle demand. According to the Malaysia 
Automotive Association (MAA), the total number 
of vehicles registrations in Malaysia hit 36.3 
million units [1]. The growth rate of vehicles 
indicates that there is the need to properly monitor 
traffic flow to enable proper planning and 

management of the road in terms of expansion, 
rerouting, installation of traffic lights and so on. 

 

Figure 1:  Roadside Vehicle Census Using Human 
Personnel. 
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The growing number of vehicles presents 
a critical challenge for city administration bodies 
and connected organizations such as city councils 
and transport experts. Efficient administration of 
road schemes demands accurate listening of traffic 
flow to inform decisions concerning infrastructure 
growth, traffic signal installations, and city 
preparation initiatives. Traditional vehicle 
monitoring methods, such as roadside manual 
tools, are labor-intensive, prone to delays, and 
susceptible to errors. Additionally, they entail 
functional risks in antagonistic weather conditions 
and acquire solid costs, limiting their regularity 
and opportunity. 

Key applications of traffic info include 
traffic signal accumulation, traffic volume 
broadcasting, city planning, and property 
allocation for traffic administration all along peak 
hours. Essential to these requests is the capability 
to classify and count differing types of vehicles 
accurately. Various vehicle types, to a degree 
heavy trucks, cars, motorcycles, and service cars, 
provide important insights for foundation 
preparation, traffic management, and tangible 
impact amounts. For instance, roads usually 
secondhand by heavy trucks can require supported 
building due to larger fundamental demands, 
requiring evidence-located in charge supported by 
correct vehicle type info. 

The functionality of road networks 
requires smooth stream of vehicles while planning 
plays a significant role in attaining sustainable 
development [2]. This section explains the issues 
related to the management of road transportation 
and presents a case for using conventional, 
mechanical, and artificial intelligence-based 
methods for identification of car types and counts. 
As shown in Figure 2, various methods for vehicle 
classification can be categorized into 
conventional, mechanical and digital/IT 
approaches namely manual survey, sensor-based 
method and AI based methods including CNN and 
RNN. 

 

Figure 2:  Vehicle Classification Taxonomy 

Until now, vehicle classification and 
counting can be achieved through manual and 
survey methods which requires a lot of effort and 
time in data gathering [3]. These methods involve 
the use of operators to detect and segment out 
vehicles on images or frames extracted from 
videos and images. Surveys are used in gathering 
information on traffic distribution, types of 
vehicles and numbers [4]. The conventional 
methods are time taking, effortful, more of 
approximations and not very suitable for use when 
immediate results are required. Figure 3 shows the 
process of manual vehicle classification consisting 
of observation, human based analysis and generate 
data report for vehicle type and count. 

 

Figure 3:  Conventional Methods Process Flow 
Diagram 

To address these issues, the proposed study 
utilizes a deep learning-based vehicle 
classification and counting model that makes use 
of one-dimensional piezoelectric sensor signals. In 
particular, the research is informed by the 
following research questions: 

1. Does a one-dimensional Convolutional 
Neural Network (1D-CNN) produce the 
desired classification of the different types 
of vehicles upon piezoelectric sensor 
signals? 

2. Does hybrid dataset, which involves real 
world data and synthetically generated 
signals, enhance classification performance 
and robustness at different traffic 
conditions? 
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3. Does the proposed framework attain 
computational efficiency that renders it 
suitable to real-time monitoring of traffic 
and implement it on edge devices? 

By addressing these questions, this study aims 
to contribute towards the development of 
intelligent transportation systems by offering an 
accurate, efficient, and scalable solution that is 
well-suited to the traffic conditions in Malaysia. 

The rest of the paper is structured in the 
following way: Section II provides a review of the 
related work on the use of vehicle classification 
and counting approaches. Section III explains the 
methodology proposed that ought to be used such 
as data collection, preprocessing, and model 
design. In section IV, there is a discussion on and 
results of the experiment. Lastly, Section V closes 
the study and provides the possible directions of 
future study. 

2. LITERATURE REVIEW 

Several approaches have been explored 
for automated vehicle detection, counting, and 
classification. Early work often relied on 
infrastructure sensors or classical image 
processing. Mechanical methods redefine traffic 
monitoring using sensors embedded in road 
surfaces or roadside infrastructure. In these 
methods technologies like piezoelectric sensors, 
inductive loops, or pneumatic tubes detect features 
of moving vehicles, conducting vehicle counting 
and classification based on size and composition 
[5]. Accuracy, reliability, and efficiency improve 
when mechanical methods are used instead of 
conventional approaches. These frameworks 
minimize human intervention and there is real time 
data to make data driven decisions. Traffic 
monitoring is improved by Mechanical 
Techniques. The mechanical vehicle classification 
process is illustrated in Figure 4, where signals 
from piezoelectric, acoustic, and other sensors are 
used to make mechanical measurements, 
producing signal data that indicates mechanical 
vehicle types and counts. 

 

Figure 3:  Mechanical Methods Process Flow Diagram 

Piezoelectric sensors can convert 
mechanical stress to electrical signals. However, 
sensitivity to temperature and surface conditions 
of the vehicle make the system highly dependent 
on precise calibration, and they have shown high 
rates of accuracy in spot counting of vehicles [6]. 
Similarly, sound patterns coming out of the engine 
and the tire are used by the acoustic sensors to 
identify and classify vehicles. However, they are 
helpful, where visual detection is poor, like tunnels 
[7]. Together, these sensors constitute a 
nonintrusive complement to other methods of 
detection. While Mechanical methods provide 
accurate data about the detection and counting of 
vehicles they may not be able to classify the 
vehicles with fine stability [8]. Recently, much 
research interest has been shown in merging 
mechanical sensors with deep learning approaches 
to make the system much more accurate and 
efficient for vehicle classification. According to 
Neupane (2022) the development of hybrid 
systems that can provide insights into the 
dynamics of traffic and reduce the limitations of 
individual approaches by combining the strengths 
of both mechanical and deep learning methods [9].  

Artificial Intelligence, from its subfield 
Machine Learning, has emerged as a powerful set 
of technologies in the transformation of a variety 
of sectors, including transportation management. 
This part outlines the applications of AI and ML 
techniques in traffic analysis, vehicle detection, 
and classification. Especially, it considers the role 
that deep learning techniques are now performing 
in changing the automatic systems for vehicle 
detection, classification, and counting. For trained 
traffic management decisions, AI processes data 
derived from cameras, sensors, GPS and mobile 
applications [10]. Traffic patterns are identified, 
and congestion can be predicted by AI methods. 
Then they can optimize traffic flow and improve 
the efficient use of resources. Similarly, highly 
precise vehicle detection and tracking is performed 
in real time over video feeds using e.g. CNNs, as 
developed by [11]. With these methods, we have 
reliable detection in challenging conditions. AI 
enables detection based on multi-sensor data 
inputs. 

Based on their characteristics, most 
importantly size and shape, deep learning 
algorithms categorize vehicles. Classifying with 
accuracy optimizes traffic flow and safety, as well 
[12]. Traffic management strategies are based on 
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this information. In recent years, deep learning 
methods have empowered the field of vehicle 
recognition: the ability to detect and classify 
vehicles from still images and video streams using 
complex neural network architectures [13]. 
According to Jagannathan (2021) Deep Learning 
Techniques for Vehicle Detection and 
Classification are sensitive to advanced neural 
network architectures that automatically identify 
and classify vehicles in images and videos [14]. 
Figure 5 shows the digital, AI based vehicle 
classification workflow where vehicle types, 
counts, and potential behaviors are provided using 
AI algorithms such as CNNs and RNNs, or data 
from mechanical counting gates. 

 

Figure 5:  Artificial Intelligence/DL Methods Process 
Flow Diagram 

The feature extraction and classification 
parts in CNNs are layers that are widely used in 
traffic monitoring and autonomous driving [15]. 
An important contribution is their ability to 
efficiently capture spatial hierarchies within visual 
data. Computationally efficient CNNs are applied 
to real time traffic monitoring systems and RNN is 
used to handle sequential data as it is used to track 
vehicles over time in video streams [16]. Their 
architectures for predicting vehicle positions are 
Long Short-Term Memory (LSTM) networks. In 
real time surveillance and self-driving vehicle 
navigation, applies RNN [17]. LSTM and RNNs 
function as the most used deep learning 
architectures for processing sequential data while 
boosting the analysis of time-series inputs [18]. 
Temporally dependent information identification 
capabilities make these models the choice for 
applications which require time-series forecasting 
as well as natural language processing and 
anomaly detection. DeepAR is an autoregressive 
recurrent network that utilizes LSTMs for 
probabilistic time-series forecasting, effectively 
capturing uncertainty [19]. Similarly, deep 
learning models for time-series forecasting remain 
relevant due to their continued use of LSTMs and 
RNNs despite new architecture advancements 
[20]. The time-series methods experience 
limitations because their high computational 
complexity combined with difficulties in 

processing extended series makes it necessary to 
seek different model solutions. 

The extraction of spatial features with 
great efficiency makes Convolutional Neural 
Networks (CNNs) particularly 2DCNNs 
extremely effective for image recognition tasks. 
The application of 2DCNNs to numeric data from 
time-series or tabular datasets requires extensive 
adjustments before implementation. According to 
Wang (2016) one-dimensional data lacks optimal 
results when 2DCNNs apply directly to numeric 
time-series data. The need for efficient processing 
of sequential numeric information has generated 
1DCNN architecture development for such 
specific tasks [21]. According to Ismail (2019) 
time-series classification reaches state-of-the-art 
performance levels when suitable CNN 
adaptations are applied [22]. 

Recently, 1DCNNs have gained 
widespread popularity as a robust alternative to 
traditional models such as LSTMs and RNNs on 
specific numeric datasets [23]. They offer good 
performance in extracting hierarchical patterns 
efficiently and computationally cheap when 
compared to other models, and they suit the tasks 
of time series classification, data analysis using 
sensors and other devices. Kiranyaz (2019) 
conducted a comprehensive survey of 1DCNNs, 
including their superiority on applications like 
ECG classification and industrial fault detection 
[24]. Similarly, Zhang (2020), proposes TapNet a 
multivariate time series classification model that 
achieves competitive performance under 
computational efficiency using 1DCNNs [25]. 
These studies furthermore highlight that 1DCNNs 
are emerging as a versatile and efficient numeric 
data analysis tool. 

Table 1 provides an overview of vehicle 
classification tools categorized by method, 
including manual methods like tally count sheets 
and clickers, survey tools such as CCTV and 
ANPR, mechanical methods including inductive 
loop sensors and radar, and digital/IT tools like 
mobile apps with GPS data and traffic simulation 
software. 
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Table 1:  Existing Tools for Vehicles Classification and 
Counting. 

Category Tool Description 
Manual 
Methods 

Tally Count 
Sheets 

Simple paper-based 
method where 
individuals manually 
count vehicles passing 
a specific point. 

Clickers Handheld devices used 
by personnel to count 
vehicles by pressing a 
button with each 
vehicle passing. 

Survey 
Methods 

Closed-
Circuit 
Television 
(CCTV) 

Existing CCTV 
cameras can be used to 
analyze vehicle 
movements and counts 
at intersections or 
along roads. 

Automatic 
Number Plate 
Recognition 
(ANPR) 

Systems that 
automatically capture 
and recognize vehicle 
number plates, often 
used for traffic 
monitoring. 

Mechanical 
Methods 

Inductive 
Loop Sensors 

Embedded in the road 
surface, these detect 
vehicles passing over 
them and can provide 
data on traffic flow, 
speed, and vehicle 
counts. 

Radar Measures vehicle speed 
and presence based on 
radio waves. 

LiDAR Uses laser beams to 
detect vehicles and 
measure distance, often 
for more precise traffic 
monitoring. 

 
(Digital/IT) 

Mobile Apps 
and GPS Data 

Apps installed on 
smartphones can 
collect GPS data 
anonymously to 
analyze traffic patterns 
and densities. GPS 
tracking of fleets or 
public transportation 
can also provide 
insights into traffic 
flow and vehicle 
movements. 

Traffic 
Simulation 
Software 

Software programs like 
VISSIM, CORSIM, 
and Aimsun simulate 
traffic patterns based 
on inputs such as road 
networks, traffic lights, 
and vehicle types. 

 

Although manual and mechanical 
algorithms offer simple vehicle counting and 
detection, they usually have low scalability, 
environmental sensitivity, and poor classification. 
AI-based methods, specifically the deep learning 
models, are more accurate and more automated, 
but may be computationally expensive and need 
large, well-labeled datasets. Even with these 
improvements, there is still a challenge related to 
processing time-series sensor data in an efficient 
manner, separating structurally similar vehicular 
types, and real-time performance. This paper will 
fill in these gaps by introducing a Deep learning 
model which can utilize hybrid datasets to enhance 
classification, counting accuracy, and 
computational efficiency. 

3.  PROPOSED METHODOLOGY 

In addition to the exceptional 
performance in controlled conditions, the 1D-
CNN suggested framework shows a high level of 
flexibility in cases when the model is tested on 
hybrid data reflecting a real-life situation. The 
model benefits from an efficient design that 
enables it to handle to address the problem of 
noisy, irregular, and incomplete data, which may 
commonly arise in real-life sensor deployment. 
The end to end design of the framework in terms 
of data collection and final evaluation indicates a 
holistic approach to the problems of the classical 
vehicle classification systems. The combination of 
low computational overhead, and fast inference 
makes this solution suitable to integrate into the 
intelligent transportation infrastructures and have 
a potential to be aimed at large-scale 
implementations in urban mobility systems 
planning and automated control systems of traffic. 

 
3.1 Data Set and Preprocessing 

The time sequence data was obtained 
from embedded piezoelectric sensors in road 
surface. The real time signals acquired from these 
sensors included voltage fluctuations (EMF) and 
force exerted by the passing vehicles on the vehicle 
structure. The recorded signals served as a primary 
data source for the separation of the separate 
vehicle types, which are then used as a criterion for 
selection of data for the model. 

To make the model potentially more 
accurate, a thorough preprocessing strategy was 
used to ensure the data quality. It involved 
cleaning the data, removing inconsistencies and 
errors, normalizing the dataset to make sure range 
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of the feature were the same, and segmenting the 
signal into smaller meaningful sequences. The 
categorization of vehicle types was achieved by 
applying label encoding; therefore, the data was 
structured in a way that is good for model training 
and inference. The noise of data and the 
complexity of computation have been suppressed 
by these preprocessing techniques, and these are 
important preprocessing techniques which have 
prepared the data so that deep learning can perform 
analysis over that data.  

This experimental scenario introduces a 
hybrid dataset that blends samples of real-world 
numeric data with synthetic data, maintaining the 
same range of 100,000 data points. The purpose of 
this dataset is to present a case of real-life 
problems in which data are not noise free, missing 
values are present and consistency is disturbed. 
The hybrid dataset tests the adaptability of models 
to real-world conditions, ensuring that their 
performance remains robust across diverse data 
distributions, it also helps in determining whether 
1DCNN still has the edge in terms of efficiency in 
dealing with more complicated dataset. 

This dataset employs all metadata fields 
from synthetic datasets and adds timestamp, 
vehicle category, axle count, weight, event type 
(approach or depart) and signal duration to its 
structure. Each timestamp and event type inclusion 
point provides better vehicle movement analysis to 
satisfy traffic monitoring requirements through 
enhanced dataset functionality. Real-world traffic 
system information made up the dataset's actual 
section whereas synthetic simulation outputs 
provided supplementary values to balance and 
complete missing real-data points. Hybrid dataset 
derives its format and structure from the published 
thesis and paper [26]. The dataset structure 
presents deep learning models with real-world 
challenges which enable them to become more 
resilient for actual deployment conditions. Table 2 
shows below the format of the data used for the 
model. 

Table 2: Format of Data 

Field Name Data Type Description 
Timestamp Date Time Time of vehicle 

detection event. 
Vehicle 
Category 

Categorical 
(Label 
Encoded) 

Type of vehicle 
(e.g., car, truck, 
motorcycle). 

Axle Count Integer Number of axles 
detected. 

Weight Numeric 
(Float) 

Estimated/measured 
vehicle weight 
(e.g., in kg or tons). 

Event Type Categorical "Approach" (a 
vehicle entering 
sensor range) or 
"Depart" (exiting). 

Signal 
Duration 

Numeric 
(Float) 

Duration (in 
seconds) of the 
recorded sensor 
signal. 

Voltage 
Fluctuations 
(EMF) 

Numeric 
(Float) 

Raw voltage signals 
from piezoelectric 
sensors. 

Force Exerted Numeric 
(Float) 

Force (e.g., in 
Newtons) applied 
by vehicle on the 
road. 

 

The hybrid data was proposed to eliminate the 
drawbacks of using just either purely synthetic or 
purely real-world sensor data. In real-world 
datasets, the variables and data are not always 
complete, noisy, and consistent depending on 
environmental and deployment conditions, and the 
synthetic datasets cannot be considered sufficient 
to reflect the diversity of the real traffic conditions. 
Integrating both sources means that the hybrid 
dataset represents a balanced view of a variety of 
operating conditions. The synthetic component 
guarantees abundant, controlled and highly 
distributed data to prevent data scarcity, and the 
real-world component provides natural variability, 
missing values, and noise that are characteristic of 
real-life deployment conditions. This unity makes 
the suggested model more robust and allows the 
trained 1D-CNN framework to generalize 
successfully and become more resilient to real-
time traffic monitoring and large-scale integration 
into the intelligent transportation system. 

3.1.1  Preprocessing data 

 The data are pre-processed with respect to 
several steps before the raw data are fed into the 
CNN model. This makes sure that the quality of 
the data fed is right and enhances the performance 
of the model. These steps become necessary for the 
preprocessing of data into a format from which it 
could learn optimally and make accurate 
predictions. The following sections detail each 
preprocessing step. 

The first stage of the Preprocessing 
process includes Data cleaning where most of the 
noisy and irrelevance data in the dataset are either 
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eliminated or removed. Noise is that which is 
every other information that does not form the 
basis of training of a particular model, information 
which when incorporated into the training set can 
bias the model. Outliers which are not respecting 
the features of vehicle detection like sensor noises 
or any other disturbance not related to vehicle 
detection or objects of any kind, are omitted. This 
process will enable removal of undesired data from 
the dataset and rejection of incorrect data which is 
very essential in the training of a good model. 

Normalization is the scaling of data into a 
common range and most often, the range that is 
used is 0 and 1 or -1 and 1 depending on the 
method used. This becomes necessary for 
consistency not only across type of vehicles but 
also when it comes to different levels or even pules 
of signals created by the sensors. Normalization 
decreases any possibility of model bias since 
through the normalization process, features used in 
the model are scaled in a consistent manner. This 
process helps to introduce more uniformity than 
the model now has the space to treat all the data 
input in a more consistent manner leading to more 
accurate and balanced performance estimation. 

Segmentation separates the record that 
flows in parallel to the continuous time series and 
divides it into several parts which reflect several 
vehicle passages. The step of segmentation is vital 
for the purpose of separating unique events within 
the continuous stream of data and enables the 
model to study individual vehicle interactions as 
opposed to the entwined unified data stream. The 
splitting of data into smaller and more manageable 
parts can cause better generalization of the 
characteristics of each car passage with better 
performance of the proposed model at the tasks of 
classification and counting. 

Label Encoding, in the ultimate step of 
preprocessing, the data transit from categorical 
types to numerical values is done by a process 
called label encoding. Since CNN models cannot 
identify raw categorical data, this encoding 
operation transforms categorical data into 
numerical form to be interpreted by the CNN 
model in this case, transforming the vehicle type 
label data that include car, truck and bus into a 
numerical form that is understandable by the 
model. But this is the only step of conversion for 
the convenience of the agreement between the 
dataset and the CNN model, to extract and to learn 
the categorical information captured. 

3.2  1DCNN Model Architecture 

The architectural framework of the 
method that is used to classify the vehicles and 
count them is 1D CNN model. As shown in Figure 
6 it is a multi-layer architecture, and each layer has 
been designed to extract and subsequently process 
features from the time series data. Following is the 
layers’ explanation. 

 

Figure 6:  Architecture of 1D CNN Model 

The input layer takes the time series 
preprocessed data. Every input sequence is the 
signal that the piezoelectric sensor gives out each 
time a vehicle traverses the sensing unit. The data 
input has the shape of (input_length,1), and 1 
shows the dimension of the data where the 
input_length refers to the length of the time-series 
input. As such, this layer can be considered as the 
entrance of data flow for the model. 

The Convolutional layers in the one-
dimensional CNN model apply the convolution 
filters to extract all notable features from time-
series input data. These prominent features will be 
discovered by several convolutional layers that 
allow the model to find a pattern leading to vehicle 
classification. The first convolutional layer 
employs filters which are small trainable weight 
matrices that move over the input sequence and 64 
of them are used in this case. Each convolution is 
used to detect features in small portions of the 
time-series data. The output is 64 feature maps and 
each again represents unique features such as peak 
or movement profile which can have correlation 
with the movement of the vehicle above the sensor. 
The size of each kernel is kept constant to 3 steps 
to enable the model to identify the local features 
present in the input data. This small size of the 
kernel is helpful, because it allows focusing on the 
details which are refined – slight variations in the 
signal containing various kinds of vehicles. 

 Pooling layers prove very crucial in 
working of our proposed 1D CNN model by 
basically decreasing the dimensions of the feature 
maps that come out from the convolutional layer. 
This reduction is to make the model efficient and 
prevent overfitting which is a situation where a 
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model becomes complicated in a way that it tends 
to learn the training data set well but does an 
extremely poor job in doing so on new data sets. 
After every convolutional layer, a pooling size of 
2 is used. This operation decreases the spatial 
dimensions of the feature maps by selecting from 
each pooling window the maximum value 
maintaining only the most notable features. 

Fully connected (dense) layers represent 
a critical component of the neural network, 
aggregating the features learned by the 
convolutional layers to make final classification 
decisions. These layers are densely connected; 
thus, each neuron in that layer is connected to 
every neuron in the next or subsequent layer. This 
dense connectivity helps the model use the learned 
features in a proper way, and most of the features’ 
combinations can be used in making the decisions. 
This layer comprises 256 neurons and employs the 
ReLU (Rectified Linear Unit) activation function 
to introduce nonlinearity in architecture. The 
reason for making it non-linear is to make the 
network capture as many relationships in the data 
as possible or put it in another way, it can capture 
complex patterns that linear models cannot 
capture. The second layer comprises 128 neurons 
with ReLU activation function in it. This layer 
produces a more abstract representation of the 
features extracted from data and, therefore, can be 
conceived of as a sort of ‘preparation’ for the last 
layer operating the actual classification. 

The output layer is the last layer of neural 
network which essentially aims to classify the 
input data in one of several pre-specified 
categories of vehicles depending on whether they 
are cars, trucks or motorcycles among five classes. 
In this layer there are several neurons equal to the 
number of classes, where each neuron corresponds 
to a particular class. The output layer uses the 
SoftMax activation function that scales the output 
of the previous layer and maps them to probability 
values across the number of classes. This 
distribution enables the network to estimate the 
probability that the input of data belongs to the 
given category. The member of the input class that 
is most likely to belong to the input vehicle type is 
then determined to be the model’s decision on the 
vehicle type. SoftMax function selects a network 
output that is distinguishable easily and ensures 
that the output is probabilistic since it recognizes 
the degree of certainty in the forecast made. This 
is particularly the case in multi-class classification, 
and that is why the output layer is of great 

significance under the probabilistic approach with 
a measure of accuracy and reliability of the model. 

Table 3: Code for Layers of 1D-CNN 

Layers  Code 
Model Define # Define the 1D CNN model 

model = Sequential () 
Input Layer input_shape= (input_length, 

1))) 
Convolutional 
Layers 

model.add (Conv1D 
(filters=64, kernel_size=3, 
activation='relu', 
# Second convolutional layer 
model.add (Conv1D 
(filters=128, kernel_size=3, 
activation='relu')) 
 

Pooling 
Layers 

# Max pooling 
model.add 
(MaxPooling1D(pool_size=2)) 

Fully 
Connected 
Layers 

# Fully connected layers 
model.add (Dense (256, 
activation='relu')) 
 
model.add (Dense (128, 
activation='relu')) 

Output Layer # Output layer with softmax 
activation 
model.add (Dense 
(num_classes, 
activation='softmax')) 

 
3.2.1 Rationale for Selecting 1D-CNN 

The justification for selecting 1D-CNN over other 
potential deep learning architectures is presented 
below, highlighting its strengths in comparison 
with alternative models. 
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Table 4: Comparison of Deep Learning Models for 
Vehicle Classification 

Model Advant
ages 

Limita
tions 

Why 
1D-

CNN 
is 

Better 

Referen
ce 

1D-
CNN 

Efficient 
for time-
series; 
extracts 
hierarchi
cal 
features; 
scalable; 
real-time 
capable 

Limited 
to time-
series, 
not 
image 
tasks 

Optim
ized 
for 
sensor 
data, 
more 
efficie
nt 
than 
others 

(Shahid 
et al., 
2022) 

RNN Captures 
temporal 
depende
ncies; 
good for 
sequenti
al data 

Vanishi
ng 
gradien
t; high 
cost 

1D-
CNN 
avoids 
gradie
nt 
issues, 
faster 
for 
sensor 
signal
s 

(Hewa
malage 
et al., 
2021) 

2D-
CNN 

Strong 
for 
images; 
learns 
spatial 
patterns 

Heavy 
comput
ation; 
poor 
for 
series 

1D-
CNN 
lighter
, 
specia
lized 
for 
seque
ntial 
data 

(Chen 
& Ye, 
2020) 

LSTM Learns 
long 
depende
ncies; 
avoids 
vanishin
g 
gradient 

Slow, 
costly, 
risk of 
overfitt
ing 

1D-
CNN 
faster 
and 
less 
prone 
to 
overfit
ting 

(Kong 
et al., 
2024) 

Autoen
coder 

Learns 
features; 
good for 
dimensi
onality 
reductio
n 

Needs 
fine-
tuning; 
weaker 
in 
supervi
sed 
tasks 

1D-
CNN 
better 
in 
superv
ised 
tasks, 
large 
datase
ts 

(Yang 
et al., 
2020) 

 

3.3  Model Training 

 The training phase of a well-developed 
1D CNN vehicle classifier was found to be a 
crucial step. During training phase, the 
preprocessed data goes for training the model is 
extracted and fed to the model to make its 
parameters, weights, and bias learn unique 
signature for every type of vehicle. This process is 
described in greater detail step by step below. 

Since the model should generalize well 
on data it has never seen, the dataset will be split 
into three subsets, training, test and validation set. 
The training set, being the largest portion of the 
dataset, is used to teach the model to recognize 
vehicle patterns. It utilizes this data to modify its 
parameters within the model, for the purpose of 
identifying those patterns associated with various 
sorts of vehicle. Validation Set, after every 
iteration of training, the model is evaluated with 
the elements in the validation set. This gives 
information about the accuracy regarding the 
tweaking of certain hyper parameters such as the 
learning rate and the batch size. The early sign of 
overfitting can also be got using a validation set to 
make sure that performance is not too high on the 
training data only on the next data also. Test Set, 
this will be useful for the model’s last assessment 
of where accuracy will be determined. The 
splitting methodology of the data is useful in 
ensuring that the model does not over fit during the 
evaluations and provides the model with an 
unbiased measure of its performance on unseen 
data. 

As such the Categorical Cross-Entropy 
loss function calculates a measure of the difference 
between the probability distribution which has 
been predicted by the model and the actual one-hot 
encoded labels. One of the multi-class problems or 
vehicle type classification is particularly attracted 
towards the categorical cross-entropy. The 
formula for the loss is given as: 

𝑙𝑜𝑠𝑠 = − ∑ yilog(y^i)୒
୧ୀଵ   (1)                            

Where: 

yi is the true label (1 for the correct vehicle type 
and 0 for others). 

yi is the predicted probability of the ith class being 
correct. 
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That is a loss function which has high 
values If the predicted probabilities are far from 
the real labels. The model also tries to optimize the 
amount of loss, while training, with the aim of 
increasing the accuracy levels of its predictions. 

Adam optimizer, also known as Adaptive 
Moment Estimation, is useful in updating the 
model weights and the bias through computation 
of gradients from back-propagation. Adam is used 
because it has an effective way of having the best 
of two popular optimization techniques combined. 
The one is Momentum which aids in increasing the 
rate of the downhill gradient descent and decrease 
oscillations. And the other is RMSprop which 
adjusts the learning rate with regards to the current 
deltas. This makes it possible for the optimizer to 
improve during training hence enhances its ability 
to perform better. Probably the most useful feature 
of Adam is the adaptive learning rate: the step size 
will be adjusted for each parameter individually; 
therefore, it is good for large datasets coupled with 
the complex models such as the 1D CNN. This in 
turn results in the above developments and 
moreover leads to faster convergence and better 
performance usually. 

The model is then trained for 50 epochs 
where one epoch is the time it takes for the model 
to go through the entire training data set. In each 
epoch, the model adjusts internally for the 
parameters that fit the loss function; an early 
stopper is used to prevent the model from over 
learning the training data. If you remember, early 
stopping in its simplest form runs several checks 
on the model’s performance as it is after each 
epoch’s completion. To be precise, early stopping 
is conducted when the accuracy of the model on 
the validation set does not show further 
improvements in a specified number of cycles. 
This is what allows the model to generalize better, 
otherwise, all it will do is just memorize the 
training data. 

The training data is split into batches, 
which, instead of using the entire dataset at one 
time, utilizes a batch size of 32 for the following 
reasons, Batch processing is beneficial in training 
as it helps in using very little memory as well as 
taking less time since the batches are smaller as 
compared to the full set. Small batch sizes also 
retain the update of gradients manageable, thus 
making the process of optimization smooth 
together with reducing the noise as compared to 
single sample update. This is achieved at a 
relatively smaller cost than it would have taken to 

undertake an overall update across the entire data 
set. The mini-batch approach stands somewhere in 
between from the point of view of computational 
procedures and fluctuations that occur during the 
learning process, which in any case accelerates 
convergence and provides higher accuracy for 
unforeseen data. 

3.4  Evaluation Metrics 

 After the 1D CNN model has been 
trained, it is evaluated extensively for its 
performance in terms of correct classification of 
the vehicle type. This involves validating the 
model’s performance on a test set that was not 
included in the training process. The evaluation 
shows exactly the accuracy in generalizing new 
data and that it is important to know how well the 
model performs in a real life situation. The 
parameters of evaluation are Accuracy, Precision, 
Recall and Confusion Matrix which provide an 
overall view of the efficiency and inefficiency of 
the model. 

Accuracy shows the Total percentage, by 
which the accuracy of the model indicates, was the 
model able to correctly predict vehicle types of the 
test set. Statistically, it is arrived at by Simply 
dividing the number of accurate positive results by 
the coupled accurate negative results and this is 
then divided by the summation of all actual 
positives and negatives no matter which model 
was used. In other words, accuracy is how many of 
the test data set were appropriately classified into 
the test vehicles set correctly. Even though 
accuracy can sometimes be valuable, it does not 
show efficiency in cases when there is a significant 
distinction of classes, and several types of vehicles 
represent more of a dataset than others. For this 
reason, several other metrics are also used to 
include precision as well as recall. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
஼௢௥௥௘௖௧ ௉௥௘ௗ௜௖௧௜௢௡௦

்௢௧௔௟ ௉௥௘ௗ௜௖௧௜௢௡௦
  (2)

  

Precision, on the other hand, is a finer 
measure which describes the accuracy of the 
model when it predicts positive samples. In other 
words, it measures the proportion of the total 
number of positive forecasts that are ‘true’ and 
hence has met the conditions of a good forecast. 
Therefore, if the model has high precision in the 
context of classifying vehicle, this implies that if 
the model guesses that a certain type of vehicle is 
likely to be of a certain type, then such assumption 
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holds a lot of truth. This is especially so when this 
cost is going to be extremely high; it becomes 
important not to leave too many wrong 
classifications. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
்௥௨௘ ௉௢௦௜௧௜௩௘௦

்௥௨௘ ௉௢௦௜௧௜௩௘௦ାி௔௟  ௉௢௦௜௧௜௩௘௦
     (3) 

Recall or Sensitivity is the ability of the 
model to select true positive results among the real 
positives out there in the field. In vehicle 
classification, recall would reveal to us how 
accurately the model has classified a specific type 
of vehicle. A high recall implies that most of the 
vehicle of a certain class are extracted but at the 
same can contain many false positives. Here, recall 
is important most especially if the cost associated 
with a true positive for instance, the failure to 
classify a vehicle as one – is more compared to the 
cost of a false positive. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
்௥௨௘ ௉௢௦௜௧௜௩௘௦

்௥௨௘ ௉௢௦௜௧௜௩௘௦ାி  ே௘௚௔௧௜௩௘௦
  (4)

  

The confusion matrix is another 
important feature that is widely used for the 
purposes of visualizing the model’s performance 
for vehicles of several types. It is the table that 
shows the number of correct and incorrect what 
about each class of the model. The rows of the 
matrix contain the actual vehicle types while the 
columns contain the predicted vehicle types. The 
individual cells within the matrix represent the 
number of predictions that fall under a particular 
category; true positive, false positive, true 
negative, and false negative. This way of using 
visualization enables one to determine which 
vehicle types are being confused with others to 
pinpoint certain changes they need to make to the 
model. 

For instance, while working with a 
confusion matrix, knowledge is gained on how the 
model frequently confuses a truck with a bus, a 
direct route towards further fine-tuning the model. 
It enables one to determine where in the model the 
loss is high or low, and therefore a better 
understanding of model performance compared to 
just the accuracy. 

4.  RESULTS 

 Diverse metrics for 1D Convolutional 
Neural Network (1DCNN)- based framework for 
vehicle classification and counting like 
classification accuracy, precision, recall, F1 score, 

Mean Average Precision (mAP), Confusion 
Matrix, counting accuracy, inference speed and 
computational efficiency are evaluated. Results 
indicate high accuracy and reliability of the 
framework in classifying and counting vehicles. 

4.1  Framework Performance Overview 

This proposed framework reaches an 
overall test accuracy of 0.99, which demonstrates 
its ability to correctly classify and count the 
vehicles within the various categories. The high 
accuracy level demonstrates that the model has 
learned the complex patterns needed to effectively 
differentiate between different vehicle types. In 
real world context the model generalizes well as it 
has a 0.99 unseen data accuracy and proves to be 
robust and adaptable to unseen data. With 
inference speed being 17.69 seconds, the model is 
quick enough to serve its purpose in real time 
intelligent transportation applications. 
Furthermore, the framework utilizes 84.4% of the 
memory amount, which is an ideal trade-off 
between computational resource usage and model 
performance.  

 

Figure 7:  Framework's Model Accuracy and Loss 
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In Figure 7, the graphs presented show 
the training and validation performance of a 
machine learning model in the form of 10 epochs. 
These visualizations give indication of how well 
the model learns from the training data and what 
level of generalization is present for the test data 
that is not seen by the model during training. The 
left figure shows training and validation accuracy 
over time, the right figure training and validation 
loss. 

The accuracy graph has its x-axis labelled 
as number of epochs and y-axis labelled with 
achieved accuracy by the model. The blue line, the 
training accuracy line starts low and slowly 
increases as the model learns the patterns in the 
dataset. After the final epoch, accuracy reaches 
above 95%, implying that the training data has 
been well fitted by the model. As shown in the 
orange line, the validation accuracy has a higher 
initial value and rises quickly up to about 99%. 
This indicates that the model has high 
generalization performance, since it can accurately 
classify on the validation set. However, the small 
difference between the accuracy of training and 
validation accuracy indicates a low amount of 
overfitting. 

Additional insights regarding the model’s 
learning ‘feel’ can be obtained through the right 
plot (training, validation loss). The number of 
epochs is plotted on the x-axis, while the 
corresponding loss values are shown on the y-axis, 
which indicates the measure of the prediction 
error. In the blue line, the training loss initial value 
is high but decreases steadily as the model adjusts 
its parameters. However, the fact that it is 
decreasing this steadily means that the model is 
learning well. In the same manner, the orange line 
plot shows that the validation loss decreases as 
well and is lower than the training loss 
consistently. Training and validation loss are in a 
small gap showing the model is well regularized 
and does not overfit. But validation loss slightly 
fluctuated in the late epoch. It means that the 
validation data is not perfectly fixed. 

Overall, these graphs show that the model 
has learned the training data well while having 
very strong generalization. While there is a tiny 
signal of overfitting, it is not substantial because 
the validation accuracy stays high, and the 
validation loss doesn’t rise. To further improve 
generalization, strategies can be used such as 
dropout, early stopping, data augmentation etc. 
Since the loss trends indicate that the model is still 

learning, we can continue training the model until 
diminishing returns on learning. The validation 
metrics are stable, which means the model is 
sufficiently trained and performs well on both the 
training and validation sets. 

These research results are important for 
understanding the model’s learning behavior and 
performance. The accuracy graph is strengthened 
by strong generalization capability whereas the 
loss graph shows learning with small overfitting. 
Through these trends, it can be said that the model 
is well trained and is applicable to practical use. 

4.2  Classification Metrics Evaluation 

Precision, recall and F1-score are used to 
evaluate the classification module of the 
framework for several vehicle categories. The 
developed model is perfect in terms of 
classification accuracy across all the classes with 
precision, recall and F 1 score of 0.99. This is due 
to the high classification accuracy achieved from 
1DCNN extracting meaningful temporal and 
spatial features from input data and thus vehicles 
can be robustly identified. 

The best classification performance of the 
vehicle categories is obtained by motorcycles, 
cars, and vans that achieve a perfect F1-score of 
1.00. This indicates that the model achieved 
perfect classification for these vehicle types, with 
no false positives or false negatives. The confusion 
matrix shows that there is a small number of slight 
misclassifications in buses & truck categories, due 
to that 16 truck instances are wrongly classified as 
buses and 3 vans misclassified as buses. Visual and 
feature similarities of these categories may lead to 
this minor confusion on the synthetic datasets. 
Table 5 shows the values achieved while training 
the model. 

Table 5: Classification of Vehicles Parameters 

Vehicle 
Type 

Precision Recall F1-
Score 

Support 

Bus 0.96 0.99 0.98 400 

Car 0.99 1.00 1.00 400 

Motorcy
cle 

1.00 1.00 1.00 400 

Truck 0.99 0.96 0.98 400 

Van 1.00 0.99 1.00 400 

Overall 0.99 0.99 0.99 2000 
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Despite the model being extremely 
accurate in the majority of classes, a more detailed 
examination demonstrates that some of them, 
specifically buses and trucks, were more likely to 
be misclassified. This is due to similarities in 
structures and features of these two types of 
vehicles since both produce similar signal patterns 
as they drive over piezoelectric sensors. Moreover, 
these confusions can also be caused by 
overlapping signals, traffic density, minor 
differences in vehicle weight distribution, and 
some other factors. Although the net effect on the 
performance of classification is slight, the results 
from these studies demonstrate the need to make 
feature extraction more refined and consider more 
discriminative features in further research. 

To also examine the strength of the 
framework, we also plotted Receiver Operating 
Characteristic (ROC) curves and respective Area 
Under the Curve (AUC) of each vehicle type. The 
ROC-AUC analysis gives a better understanding 
of trade-off between the true positive and false 
positive rates considering all thresholds. The five 
classes had an AUC value near to 1.0, which 
proves the high discriminative ability of the model 
proposed. The AUC values of trucks (0.97) and 
buses (0.96) were however somewhat less than 
that of cars, motorcycles, and vans (all between 
0.99-1.00) which corresponds with the confusion 
between the two categories in the confusion 
matrix. The Figure 8 below shows the values. 

 

Figure 8:  ROC Curves for Vehicle Classification 

 
4.3  Detection and Counting Metrics 
Evaluation 

 Finally, the model is further analyzed on 
performance of the detection and counting with 

Mean Average Precision (mAP), confusion matrix 
and counting accuracy. We find that our model 
achieves a mAP of 0.98 with fine performance in 
detecting and differentiating vehicles under 
various traffic conditions. With a high mAP score, 
the model also positively localizes vehicles in 
complex environments. 

A detailed confusion matrix was 
constructed for vehicle counting which gives 
insight into whether the framework has detected 
and counted vehicle sufficiently accurately in 
dynamic traffic conditions. This provides an 
estimate of the vehicles counted correctly and the 
miscount, due to occlusions, overlapping objects, 
etc. There were minor variations in buses and 
trucks, but most vehicle categories were counted 
with high precision. For instance, the actual 
number of buses was 400, which the model 
estimated to be 413, a slight overestimation. 
Similarly, trucks were also slightly under counted 
with 387 detected against the actual count of 400. 
This suggests that these variations might be 
because the model has trouble distinguishing 
between vehicles that are closely packed or 
overlapping, but this could be improved by 
refining the detection algorithm as shown in table 
6 and 7 below. 

 Table 6: Actual Values Detection and Counting 
Metrics Performance 

Metric Value 
Bus Count (Actual) 400 
Truck Count (Actual) 400 

Car Count (Actual) 400 
Motorcycle Count (Actual) 400 
Van Count (Actual) 400 
Total Vehicles (Actual) 2000 

 

Table 7: Predicted Values Detection and Counting 
Metrics Performance 

Metric Value 
Bus Count (Predicted) 413 

Truck Count (Predicted) 387 

Car Count (Predicted) 403 
Motorcycle Count (Predicted) 400 
Van Count (Predicted) 397 
Total Vehicles (Predicted) 2003 
Mean Average Precision (mAP) 0.98 

Counting Accuracy 0.99 
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Furthermore, another metric to measure 
the effectiveness of the framework for counting 
accuracy is to determine the number of vehicles 
being accurately counted. With a counting 
accuracy of 0.99, the model correctly counts the 
number of vehicles that are detected always. The 
high level of accuracy of counting confirms the 
reliability of the model as a vehicle analytics and 
real time traffic monitoring model and guarantees 
that those who wish to perform decision making 
based on the data. The results presented here 
indicate the good robustness of the 1DCNN based 
framework for vehicle detection and vehicle 
counting with very low error and allow it to be 
applied in real world intelligent transportation 
systems. 

The results demonstrate that the proposed 
1D-CNN achieved 0.99 classification accuracy 
across five vehicle classes, thereby addressing 
RQ1 by confirming the effectiveness of using 
piezoelectric signals for vehicle classification. 

4.4 Performance Analysis on Unseen Data 

This was used to further validate the 
robustness of the model by evaluating its 
classification and counting performance on unseen 
data of 10,000 vehicle instances. In the case of 
real-world conditions, the model has an overall 
accuracy of 0.99 for vehicle identification and 
counting. The classification report for unseen data 
for vehicle categories indicates precision, recall 
and F1-scores of near 1.00 which proves the 
accuracy of the model in detecting and classifying 
vehicles correctly. Table 8 shows the values of 
these metrics for classification performance 
below. 

Table 8: Classification Performance on Unseen Data 

Vehicle 
Category 

Precision Recall F1-
Score 

Bus 0.97 0.99 ~0.98 
Car 1.00 1.00 1.00 

Motorcycle 1.00 1.00 1.00 
Van 1.00 1.00 1.00 

Truck 0.99 0.97 ~0.98 
Overall 

Accuracy 
0.99   

 
The model achieved 0.97 precision and 

0.99 recall for each of the five vehicle categories 
with a slight tendency to sometimes misclassify a 
few bus instances. The model also accurately (with 
perfect precision and recall values of 1.00) 

classifies cars, motorcycles, and vans such that 
none were misclassified. For the truck category we 
had a precision of 0.99 and a recall of 0.97 which 
indicates that a few misclassifications would 
happen as a small number of trucks would be 
misclassified as buses as it happened for the 
training data as well. 

Finally, the confusion matrix for unseen 
data details those misclassifications. We correctly 
classified 1,974 out of 2,000 bus instances and 
misclassified 26 trucks as buses. Among the truck 
category, 1,943 were correctly identified, and 57 
were misclassified as buses, which shows the 
tendency of misclassification of these two related 
classes. All other categories (cars, motorcycles, 
vans, etc.) were perfectly classified, except for a 
few misclassified (8 vans that were misclassified 
as trucks). This indicates that the model performs 
extremely well, but refinement on feature tuning or 
data augmentation is possible to distinguish buses 
and trucks even better in our complex scenario as 
the values of Confusion matrix are shown below 
Table 9. 

Table.9: Confusion Matrix for Unseen Data 

Actual → 
Predicted 

Bus Car Mot
orcy
cle 

Van Truck 

Bus (2,000) 1,974 0 0 0 26 

Car (2,000) 0 2,000 0 0 0 

Motorcycle 
(2,000) 

0 0 2,000 0 0 

Van (2,000) 0 0 0 1,992 8 

Truck 
(2,000) 

57 0 0 0 1,943 

In terms of vehicle counts, the model was 
extremely accurate to the degree that there were 
only extremely minor deviations to actual vehicle 
counts. The actual numbers of buses predicted 
were slightly higher at 2,013 instead of 2,000; and 
of trucks slightly lower at 1,943 as opposed to 
2,000. The counting mechanism was effective as 
other vehicle categories such as cars, motorcycles, 
and vans had near exact predicted counts. The 
mean average precision (mAP) of 0.98 validated 
the strong detection capabilities of the framework 
as it was making sure that vehicles were correctly 
localized and classified. 

The model trained on the hybrid dataset 
outperformed the real dataset, confirming that 
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combining real and synthetic data improves 
robustness under varying traffic conditions, thus 
answering RQ2. 

4.5 Computational Efficiency And Real-
Time Feasibility 

However, in the real-world application of 
the proposed framework, computational efficiency 
is indispensable. A speed of inference of 17.69 
seconds guarantees that the model will process 
traffic data near real-time and is feasible for 
integration into intelligent transportation systems. 
With 84.4% memory utilization, the model can 
utilize computational resources within reasonable 
overhead on available number of cores and thereby 
enables scalability across different hardware 
environments. It has been designed in such a way 
that it can be deployed on cloud based as well as 
edge computing platforms, which makes it even 
more suitable for use in the real time traffic 
monitoring and automated surveillance systems. 

The proposed framework requires 
minimal computational resources and can operate 
in real-time on edge devices, thereby answering 
RQ3. 

4.6  Limitations And Assumptions 

Although the given 1D-CNN framework 
shows decent results in the vehicle classification 
and calculation tasks, a number of drawbacks 
should be admitted. To begin with, the accuracy of 
the model relies greatly on quality of data that is 
received by the piezoelectric sensors that are 
implanted in the road. Such sensors are effective 
yet are prone to the environmental variables 
including the temperature changes, degradation of 
the surfaces, alignment of the sensors, which can 
corrupt the signal with noise or inaccuracy. In 
addition, even though the performance assessment 
revealed excellent figures of excellence in the 
framework, there still exists a slight but significant 
vulnerability in its performance where there is 
misclassification between structural similarity 
between various vehicle classes, especially trucks 
and buses. This ambiguity can be caused because 
there is overlapping character of signals in the 
time-series data. The dataset that is trained also has 
some real world and synthetic data. Even though 
such hybrid method makes the model robust, the 
synthetic data does not represent the complexity of 
the real-life traffic and its unpredictability. 
Another assumption made by the study is of a 
rather steady traffic flow, with cars passing the 

sensor one after another and not in severe traffic 
congestion. The model used in a chaotic or 
congested traffic scenario will be difficult in real-
life conditions. The model will not be able to find 
the difference and count vehicles correctly. Last 
but not least, the category of vehicles, trailers or 
construction equipment, are rare or not in the 
current dataset, which may narrow the potential 
applicability of the model to other contexts. 

5.     DISCUSSION 

The 1D-CNN framework proposed 
attained high accuracy (0.99) in classification and 
counting of vehicles, showing that it is efficient 
with piezoelectric sensor signals. There were no 
major misclassifications, and minor 
misclassifications were between motorcycles and 
cars and vans because of the similarity in signals. 
The hybrid data enhanced robustness and 
synthesized synthetic data thus allowing the model 
to deal with real world variation. 

The computer efficiency of the 
framework and its real time capability reliability 
makes it applicable in intelligent transportation 
applications. The weaknesses are reliance on 
sensor quality, low frequency of vehicle types, and 
efforts in extreme congestion. Future research may 
find more sensors, adaptive learning and more 
complex traffic situations to further increase 
accuracy and scalability. 

6.  CONCLUSION 

The research makes a contribution to 
intelligent transportation systems by showing that 
1D-CNN models can effectively classify and count 
vehicles based on piezoelectric sensor 
measurements, which is a scalable and 
computationally efficient solution to provide real-
time traffic monitoring in cities. 

The proposed framework was evaluated 
using a hybrid dataset, enabling controlled 
benchmarking and assessment of generalization 
capabilities. It is found that the model reaches a 
classification accuracy of 0.99 which proves its 
ability to distinguish different vehicle categories. 
For vehicle classification, the precision, recall, and 
F1 scores are always over 0.99, showing almost 
perfect performance. 

In terms of presence or vehicle counting, 
mAP metric reached 0.98, which indicates the 
framework’s ability to recognize and count 
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vehicles under distinct traffic circumstances. With 
deviations equally distributed above and below the 
expected values, the counting accuracy of 0.99 
indicates minimal error between expected and 
delivered vehicle count. Because trucks and buses 
share similar structural features, a minor 
misclassification was observed in these vehicles, 
but the model performed extremely well on the rest 
of them. 

The framework was found to be 
sufficiently computationally efficient as a 17.69 
second inference time was observed. An optimal 
utilization of the resources of 84.4% provides 
guarantee to the memory utilization which 
facilitates the deployment of the model on cloud as 
well as edge computing platforms. Finally, the 
framework’s ability to generalize the unseen data 
with 10,000 vehicle instances was confirmed 
through the performance on the data that remained 
unseen. 

6.1  Future Research Directions 

Going forward, a number of directions of 
future research can be pursued in order to increase 
the performance, extensibility, and flexibility of 
the proposed system. Another potential area is 
mixing multi-sensor fusion approaches, where 
data associated with a variety of sources can be 
used (LiDAR, radar, or acoustic sensors are all 
open here). This would be complementary 

information to reduce the fact that vehicles having 
similar profiles might be misclassified to increase 
robustness. Moreover, to allow application in real-
life scenarios resource-continued locality such as 
edge devices at the roadside, there must be model 
optimization strategies to minimize computation 
overhead whilst maintaining accuracy e.g. 
pruning, quantization, or knowledge distillation. It 
is also necessary to deal with a constraint 
associated with traffic jams and car obstructions. 
The ability to easily determine and number the 
vehicles during a heavy and congested traffic 
situation using the algorithms would greatly 
increase the usefulness of the system. 
Furthermore, enforcing the adaptive or ongoing 
learning rules may enable the model to adapt with 
time and experience the new traffic patterns and 
new types of cars without the need to re-train the 
model completely. Another important subsequent 
step would be an expansion of the experimental 
validation to the bigger-scale real deployments of 
the model into different environmental factors, 
geographical, and infrastructural settings to 
examine the generalizability and robustness of 
model. And, in the last, it would be possible to 
incorporate the system into larger smart city 
systems to provide dynamic traffic signal control, 
congestion forecasting, and real-time data-driven 
infrastructure planning, so it would be an asset to 
contemporary intelligent transportation system. 
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