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Abstract – On a narrow road, an accident is hard to avoid even 
for a responsible driver. If vehicles are stuck in traffic, driving on 
a single lane is worrying and takes time. For small vehicles, narrow 
roads pose unique challenges, especially in identifying large 
vehicles, hence reducing the likelihood of an accident. The study 
discovers these issues and presents how an inventive Intelligent 
Transportation System (ITS) has been developed as a worldwide 
phenomenon that aims at enhancing safety on narrow roads by 
integrating with mobile sensors. Smartphones are used by almost 
everyone today because their prices have gone down. The study 
examines the effectiveness of different machine learning models 
for the task of classifying vehicle type using (accelerometer, and 
gyroscope) sensors. The results reveal that the Random Forest 
model is the most effective having a mean accuracy rate of 
99.78 %. Moreover, the trained Random Forest Model has been 
combined with an originally developed unique warning algorithm 
that integrates geofencing methods for drawing polygons around 
narrow roads and location data from smartphones. To summarise, 
this study adds to the development of safety systems in transport 
and offers useful ideas for developing and implementing real-time 
safety applications for narrow roads. 
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I. INTRODUCTION 
In today’s rapidly developing world, mobility has become a 

major aspect of human life, which plays a huge role in the 
economy, society, and human well-being. However, this 
increased mobility has also created challenges, especially in 
traffic management and ensuring road safety [1], [2]. The 
coexistence of large and small vehicles on narrow roadways has 
become a notable disruption in effective traffic management. 

The differences in vehicle types increase the difficulty of 
navigating through limited spaces, leading to traffic jams that 
slow down the smooth flow of traffic. This not only leads to 
time wastage but also increases the risk of accidents and 
problems in traffic management. Accidents on narrow roads can 
have considerable impacts, such as human casualties, economic 
losses, and prolonged interruptions to traffic flow. The risks of 
navigating through these restricted spaces are compounded by 
the limited awareness of drivers about the real-time nature of 
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the road, particularly when large and small vehicles 
simultaneously traverse narrow roads. This lack of awareness is 
the main reason for increased safety risks [1]. This also creates 
an urgent need for an innovative solution that completely 
overcomes these challenges. 

The idea of smart roads, together with advanced 
technologies, provides huge support for overcoming these 
challenges. In fact, smart road systems regularly depend on 
integrated sensors and computer vision to monitor and manage 
traffic conditions [3]–[5]. 

However, the broad execution of such smart road systems has 
been interrupted by the prohibitive costs of installing and 
maintaining allocated sensor networks. Considering this aspect, 
taking advantage of existing technologies, such as smartphone 
sensors, seems to be a more open and cost-effective approach. 
This study that creates an intelligent transportation system 
making use of smartphone accelerometer, gyroscope, and 
global positioning system (GPS) information aims to handle the 
challenges presented by narrow roads. 

The main goal of this study is to form an intelligent 
transportation system that utilises mobile phone sensors and 
machine learning to identify vehicles and issue warnings inside 
the circumstances of narrow roadways. By combining sensor 
technology and advanced algorithms, the research intends to 
improve road safety by delivering real-time information to 
drivers. 

• Developing Algorithms for Large Vehicle Detection  
– To develop and execute machine learning algorithms 

capable of recognising between large and small vehicles 
using data obtained from mobile phone sensors. 

• Integrating the Detection System with Warning 
Mechanisms 
– To develop a robust system architecture that 

consistently incorporates the vehicle detection 
algorithms with real-time warning mechanisms. 

– To establish boundaries around narrow roads and 
deploy launching mechanisms to issue timely warnings 
to drivers when large vehicles exist in narrow roads. 
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The proposed system is significant for several reasons: the 
usage of ubiquitous mobile phone sensors and the system’s 
applicability to a wide and varied user base stand top on the list. 
This accessibility guarantees that drivers of all vehicle types 
and economic backgrounds can access and get the advantage of 
the real-time warnings and safety features provided by the 
intelligent transportation system. Also, the usage of commonly 
used mobile phone sensors, specifically the accelerometer and 
gyroscope, presents a cost-effective solution compared to 
traditional methods. In both developed and developing nations, 
this affordability enables the integration of the intelligent 
transportation system guaranteeing that even areas with 
constrained resources can take the advantage of improved road 
safety measures. 

II. LITERATURE REVIEW 
The section provides a comprehensive review of recent 

research endeavours that address related aspects of the study. 
Although many studies have applied Random Forest models to 
vehicle classification, our study addresses a unique objective by 
classifying vehicles based on their physical size for road safety 
applications, rather than classifying the mode of transportation 
[6]–[14]. Most related research focuses on identifying whether 
an individual is in a car, on a bike, walking, or using other 
transportation modes. On the other hand, most research [4] on 
determining a vehicle’s physical size is based on computer 
vision and costly infrastructure. In contrast, our research 
leverages smartphone sensors, which are both cost-effective 
and ubiquitous, to determine a vehicle’s physical size. This 
approach offers a novel, economically feasible alternative to 
traditional methods of vehicle classification, setting our study 
apart from others in the field. Therefore, the investigation is 
mainly conducted in two domains. The first is about 
transportation mode detections, and the other is about 
intelligent transportation systems (ITS) that use smartphone 
sensors and warn smartphone users. 

A. Vehicle Recognition Using Sensors 
When discussing transportation mode detections, as shown 

in Fig. 1, previous research has primarily utilised GPS sensors, 
cell tower signals, barometers, magnetometers, inclinometers, 
gyroscopes, accelerometers, etc.  

As the research primarily focuses on detecting large and 
small vehicles using accelerometers and gyroscopes, the studies 
incorporating these technologies for vehicle recognition will be 
mainly examined. Most of the previous studies, such as [6], 
have employed LSTM (Long Short Term Memory) networks 
for determining one of eight different modes of locomotion 
from testing datasets containing GPS, Wi-Fi, and cell tower 
signal data. They found GPS location to be the most crucial 
data, particularly when combined with feature engineering to 
calculate the direction and speed of the mobile device. These 
new features were integrated into the dataset and fed into an 
LSTM-based model. Additionally, feature engineering to 
derive direction proves significant for our research, albeit their 
system utilised more sensors than ours.  

 

Fig. 1. Common sensors for vehicle recognition. 

Furthermore, in [7], a residual and LSTM recurrent network-
based transportation mode detection algorithm was proposed, 
leveraging multiple lightweight sensors (accelerometer, 
gyroscope, magnetometer, and barometer) integrated into 
commodity smartphones. Feature representation learning was 
separately adopted on multiple pre-processed sensor data using 
deep residual and LSTM networks, enhancing identification 
accuracy, and supporting one or more sensors. Lastly, [8] 
introduced a hybrid deep learning model, Deep Convolutional 
Bidirectional-LSTM (DCBL), which combines convolutional 
and bidirectional LSTM layers. This model is trained directly 
on raw sensor data to predict transportation modes, eliminating 
the need for handcrafted feature extraction methods. In addition 
to LSTM, several studies have employed the Random Forest 
algorithm. [9] classified walking, biking, car, bus, and rail using 
GPS and accelerometer data, achieving an overall accuracy of 
96.8 % with the Random Forest classification model. Similarly, 
[10] achieved slightly higher accuracy using a Random Forest 
classifier. They utilised two datasets, achieving different 
accuracies for each set. The first dataset, collected by the 
research, attained an accuracy of 98.33 %, while the second 
dataset, obtained from HTC company in New Taipei, Taiwan, 
achieved 97.33 % accuracy. Additionally, this research 
identified driving events of motorcyclists, which was not 
directly relevant to our study. In [11], Random Forest was used 
to classify smartphone data among six modes, achieving an 
overall accuracy of 99.96 %, with no mode less than 99.8 % for 
data collected at a frequency of 10 Hz. The study observed a 
decrease in accuracy with decreased data frequency, but also 
noted a decrease in computation time. Variables such as data 
frequency, moving window size, and proportion of data used 
for training were optimised to improve results. Although this 
study utilised GPS, accelerometer, and gyroscope sensors, our 
research focuses solely on accelerometer and gyroscope sensor 
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data to identify vehicle types, reducing computation time for the 
algorithms. 

In [12], data collection involved capturing GPS, 
accelerometer, and gyroscope sensor data while subjects 
engaged in activities such as walking, running, biking, and 
traveling by bus or car. The application ran continuously for 
over 8 hours, tagging sensor data at 12-second intervals, 
resulting in 2500 patterns. Utilising the logistic regression 
method, the study achieved an impressive accuracy of 99.6 %. 

Additionally, studies such as [13] and [14] employed deep 
learning techniques for classifying transportation modes. In 
[13], the researchers proposed a method to identify which 
vehicle the subject was using based on recorded accelerometer 
and gyroscope sensor data embedded in a smart device. In other 
words, this research implemented a machine learning model, 
specifically Artificial Neural Network, to classify vehicles 
using the sensor data. 

This study primarily focuses on the dataset collected in [14]. 
However, the dataset was enhanced by incorporating sensor 
data from some more vehicle types using the Vieyra Software 
app. In this dataset, accelerometer and gyroscope data were 
collected from a bicycle, bus, and Toyota Camry using a Google 
Pixel phone, as well as from a bicycle, train, and Honda Insight 
using a Samsung Galaxy phone. Notably, the Honda Insight 
was driven in various conditions, including rain, traffic, and 
clear highway roads, for comparison purposes. Unlike [14], our 
study does not include train data. [14] utilised accelerometer 
and gyroscope data, commonly found in smartphones, to detect 
vehicle classes such as car, bus, train, or bike. After employing 
several machine learning algorithms, the highest classification 
accuracy was achieved by the designed 1D CNN model. 

While previous studies have primarily focused on classifying 
vehicles according to different transportation methods, our 
research endeavours to classify vehicles into two distinct 
classes: large and small. Most systems that classify vehicles into 
these two categories rely on computer vision techniques. 
Examples of such research include [4] and [5]. 

B. Intelligent Transportation Systems (ITS) 
The integration of vehicle recognition using smartphone 

sensors contributes to the advancement of Intelligent 
Transportation Systems (ITS). The evolution of safety 
measures from seat belts to traffic lights and red-light cameras 
showcases a continuous effort to enhance road safety. Our 
proposed system aligns with this evolution, utilising 
smartphone sensors to contribute to the growing field of 
Artificial Intelligence (AI) in transportation. 

According to [15], for road safety and collision avoidance, 
three main methods are utilised: traditional methods based on 
traffic rules and traffic facilities, sensor-based methods, and AI-
based methods. When considering AI-based methods, various 
AI techniques, such as neural networks, hidden Markov models 
(HMMs), and reinforcement learning, are applied in 
communication and sensing technologies for collision 
avoidance (CA) systems. However, even with AI, these systems 
cannot yet achieve 100 % collision avoidance. For real-time 
risk estimation, [16] proposes a framework for estimating 

traffic risks using advanced models and high-resolution 
autonomous vehicle (AV) sensor data. It introduces a 2D high-
fidelity time-to-collision (TTC) indicator, extreme value theory 
(EVT), and hierarchical Bayesian structure models to capture 
real-time near-miss events and predict crash risks across diverse 
traffic scenarios, improving upon traditional crash-based 
methods. For real-time traffic management and optimisation, 
[17] presents a novel AI-driven fog computing framework. This 
framework leverages real-time data from IoT devices and 
sensors to predict traffic patterns, optimise traffic signals, and 
manage congestion dynamically, utilising advanced algorithms 
such as genetic algorithms, particle swarm optimisation, and ant 
colony optimisation for enhanced traffic flow and incident 
response. To enhance road safety in real-time, [18] introduces a 
highly accurate (99.75 %) real-time detection system for 
distracted driving, utilising the YOLOv8 model on Nvidia 
Jetson Nano with efficient processing at 70 milliseconds per 
frame. By integrating GPS/GSM modules, the system enables 
rapid classification of driver behaviours, aiming to reduce 
distraction-related accidents effectively. The proposed system 
can also be used with autonomous vehicles for path planning. 
In [19], AI techniques for autonomous vehicle path planning are 
explored, emphasising real-time adaptability and efficiency in 
dynamic environments. It highlights methods such as 
reinforcement learning, deep learning, and optimisation 
algorithms to improve safety, decision-making, and navigation 
performance. 

Being more specific about AI-based systems used in ITS, in 
[20] these systems are highlighted as critical components of 
modern traffic management, enhancing safety, efficiency, and 
sustainability in transportation. ITS integrates technologies 
such as IoT, AI, and real-time data analytics to optimise traffic 
flow, reduce congestion, and improve decision-making. Key 
applications of ITS include adaptive traffic signal control, 
dynamic route guidance, and real-time monitoring of traffic 
conditions. The use of AI in ITS is particularly significant, 
enabling traffic pattern prediction, incident management, and 
enhanced communication between vehicles (V2V) and 
infrastructure (V2I). By leveraging machine learning and 
optimisation algorithms, ITS aims to create a connected and 
responsive transportation network that minimises 
environmental impact and supports smart city initiatives. Rear-
end collision prediction is crucial for improving traffic safety in 
smart cities, but traditional methods often face challenges in 
feature extraction and prediction accuracy. A study [21] 
proposes a Rear-end Collision Prediction Mechanism (RCPM) 
using a convolutional neural network. This mechanism, through 
dataset smoothing and expansion, surpasses existing methods 
like Honda, Berkeley, and MLP-based algorithms in prediction 
performance. Considering ITS leveraging computer vision and 
AI techniques, another study [22] applies these technologies to 
extract vehicle speeds and analyse Automated Guided Vehicle 
(AGV) trajectories from port surveillance videos. By 
integrating a feature-enhanced descriptor, Kalman filter, 
Hungarian algorithm, and perspective projection theory, this 
framework achieves high accuracy in kinematic data extraction, 
demonstrating minimal measurement error and strong 
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correlation with real-world scenarios, thereby aiding efficient 
port traffic management. 

Previous studies on warning systems, as demonstrated in 
[23]–[25], underscore the potential of smartphone sensors in 
detecting and reporting emergencies, accidents, and incidents. 
Our research builds upon these concepts by focusing on the 
unique challenges presented by narrow roads. Unlike [4], which 
utilises a traffic management system employing RGB cameras 
for narrow roads, our system provides a cost-effective 
alternative with global applicability, leveraging ubiquitous 
smartphones for data collection and analysis. 

In conclusion, our study not only advances vehicle 
recognition using smartphone sensors but also establishes itself 
as an accessible and cost-effective solution within the domain 
of intelligent transportation systems. 

III. RESEARCH DATA 
The research primarily deals with sensor data collected by 

smartphones. A modern smartphone is a multipurpose device 
commonly used for day-to-day tasks by human beings. Using 
smartphones for various fields is a common scenario these days. 
In many such applications, smartphone sensors are the main 
source of data. The reason for using mobile phones for such 
applications is because they are commonly used and cost-
effective. These sensors are integrated directly into the 
hardware of the phone and provide valuable data about the 
device’s surroundings and the user’s interactions with it. 
Figure 2 represents the coordinate system used by 
accelerometer and gyroscope sensors and some other sensors 
integrated into modern smartphones. 

 

Fig. 2. Coordinate system used by accelerometer and gyroscope. 

When the phone is held in the upright position with the screen 
facing the user, the Z-axis points to the outside of the screen, 
the X-axis is horizontal and points to the right, and the Y-axis 
is vertical and points up [26]. 

A. Accelerometer and Gyroscope Data for ML Models 
Primarily, a dataset [27] available in Kaggle and some other 

data from an open-source Android application (Vieyra 
Software) [28] were collected for the training and testing 
purposes of the ML models used for vehicle type classification. 
The primary features included accelerometer readings along the 
x, y, and z directions and gyroscope readings around the x, y, 
and z axes. This data was collected using a freely available app, 
Physics Toolbox, developed by Vieyra Software. It includes 

data from cars, buses, bicycles, and trains; however, we 
excluded train data as it was not relevant to this study. Since 
motorbikes are a widely used mode of transportation in Sri 
Lanka and other developing countries, we collected additional 
data from motorbikes using the Physics Toolbox app. The 
research goal was not solely to classify vehicles accurately but 
also to integrate ML-based classification with other 
technologies to create a safety-oriented navigation application 
for users. After combining both collected and available data, we 
selected 2800 data points labelled as “large” and another 2800 
data points labelled as “small”. 

Figures 3 and 4 present the basic line plots for different 
values corresponding to features ax, ay, az, wx, wy, wz (where 
x, y, z represent x y z dimensions, respectively, in Fig. 2) of 
accelerometer (a) and gyroscope (w) after concatenating the 
dataset to two different classes as small and large. By 
examining these plots and values, it becomes evident that it is 
challenging to distinguish between these classes based solely on 
visual inspection. Therefore, in this study, machine learning 
was decided to be used for classification. 

 

Fig. 3. Basic line plot for the large vehicle data. 

 

Fig. 4. Basic line plot for the small vehicle data. 

B. Geospatial Data 
To achieve the goal of determining whether a vehicle is 

inside a narrow road, latitude and longitude data of the vehicle’s 
current location are needed. Without using a GPS tracking 
device, a modern smartphone with a GPS sensor can be used for 
this purpose. 

Utilising a smartphone as a GPS tracker allows real-time 
location monitoring, route tracking, and geo-fencing. By 
leveraging the device’s built-in GPS receiver and appropriate 
software applications, users can accurately track and manage 
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assets, vehicles, or individuals for various purposes such as 
navigation, safety, and asset management. For developing the 
prototype, we collected GPS data from a narrow road with 
approximate width of 2.5 metres in Sri Lanka. We chose a road 
where vehicles could easily travel in only one direction; if two 
small vehicles met in opposite directions, they could manage 
with difficulty, but when a large vehicle arrived from the 
opposite direction, it caused traffic congestion or even 
accidents. Such roads are common in developing countries, and 
there are often no safety measures in place. These roads were 
selected because current navigation systems provided route 
options only based on traffic rules for given vehicles. However, 
roads with approximate widths of 2.5 metres present significant 
navigation challenges, as they are often suggested for both large 
and small vehicles – an issue that no existing system fully 
addresses. Using geofencing, we checked whether smartphone 
sensor readings matched the map data for these roads. The 
geofencing method used confirmed that GPS data from a 
smartphone could reliably indicate when the device was on the 
road. 

IV. RESEARCH METHODOLOGY 
The overall methodology followed throughout the study can 

be divided into three main parts: (1) the vehicle type recognition 
using sensor data and the use of machine learning models in the 
process; (2) the identification, extraction of narrow roads and 
the use of geofencing technologies to determine vehicle 
presence in narrow roads; (3) the development and design of the 
warning algorithm and how alert messages are issued to drivers. 
This systematic approach ensures a comprehensive 
investigation into vehicle detection and safety enhancement on 
narrow roads. 

A. Vehicle Type Classification Using Sensor Data 
Machine learning models were trained using the 

accelerometer and gyroscope sensor data under the x, y, and z 
dimensions. Initially, models such as Logistic Regression, 
Naïve Bayes, Support Vector Machine, Decision Tree, K 
Nearest Neighbour and Random Forest were utilised. These six 
models were trained by splitting the dataset into 20 % for 
testing and 80 % for training. Out of all machine learning 
models, the random forest model achieved the highest accuracy. 
However, recognising the accuracy alone may not suffice for 
developmental purposes, a k-fold validation was conducted. 
Following the k-fold validation, mean accuracies and mean area 
under the curve values were calculated, reaffirming the 
superiority of the random forest model for classification 
purposes. Subsequent validation with the confusion matrix 
further solidified this decision, leading to the selection of the 
trained Random Forest model for deployment in the production 
environment of the intelligent transportation system. 

B. Identification and Extraction of Narrow Roads 
Identifying and extracting narrow roads posed a bit of a 

challenge during the research process. We selected roads with 
an approximate width of 2.5 m. In Sri Lanka, where roads with 
such conditions are common, identifying these narrow roads is 

relatively straightforward. For this study, we selected narrow 
roads by querying in Overpass Turbo [29] with the width 
criteria, as shown in Fig. 5. Additionally, road data can easily 
be retrieved into our code using the Overpass API. 

 

Fig. 5. Identifying roads with approx. width of 2.5 m. 

The ensuing step involved determining whether a GPS 
location extracted from a smartphone lies within the narrow 
road. To accomplish this, the concept of geofencing was 
employed. 

Geo fencing: This is a location-based service used to define 
a virtual perimeter around a geographical area, typically 
identified by GPS coordinates. The most common method 
involves drawing a simple circle or a more complex polygon 
around the geographical area and obtaining its coordinates. 
Geofencing enables triggering alerts when a device enters a 
defined virtual perimeter. 

The next challenge involved drawing polygons around 
narrow roads and extracting their polygon GPS coordinates. For 
this purpose, the online tool called geojson.io was utilised [30], 
[31]. These polygons define boundaries around selected 
geographic areas. As polygons are drawn, geojson.io captures 
the latitude and longitude coordinates of each vertex, stores 
them as an ordered list, and converts them into a GeoJSON 
object, a standard format for representing geographic data. 
Finally, this data is used to identify whether a GPS coordinate 
derived from the smartphone lies inside the narrow road. 

C. Design of Algorithm for Warning 
The algorithm for warning was developed incorporating 

several python libraries [32], [33]. Also, as it was difficult to 
collect, demonstrate and validate the algorithm in real time, pre-
collected data in the csv file format was used. In the algorithm, 
the test called point inclusion test, which uses points in polygon 
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algorithms, was utilised. This involves checking whether the 
GPS point’s coordinates fall within the boundaries of the 
defined polygon (Geofenced narrow road). First, the algorithm 
filters the times when there is a large vehicle in the geofenced 
narrow road. Then, all the vehicles in the system at that time are 
selected, and from them, vehicles in the narrow road are 
extracted. These vehicles receive the warning. This method 
ensures that if a large vehicle is alone on the road, it will be 
warned. Similarly, if one or more small vehicles and a large 
vehicle are in the specified narrow road, they will all be warned. 
However, if there are only small vehicles in the narrow road, no 
warnings will be issued. Considering these scenarios and in 
order to avoid distracting the driver with unnecessary warnings, 
a customized set of warning messages was created under 
categories A, B, C, D. 

• A: “Warning: Vehicle has entered a narrow road.” 
• B: “Caution: Vehicle is in a narrow road. No large vehicles 

detected.” 

• C: “All clear: Vehicle is not in a narrow road.” 
• D: “Danger: Vehicle is in a narrow road with large 

vehicle(s) present.” 
Warning message A is customized only for large vehicles. 

Whenever a large vehicle enters a narrow road, this message 
will be issued. When a small vehicle enters a narrow road, there 
are two types of warning messages, namely B and D. In this 
case, when there are no large vehicles in the narrow road, a 
caution-type message B will be passed, considering that 
although the vehicle is in a narrow road, as there are no large 
vehicles, the driver can traverse safely while minding that 
he/she is in a narrow road. Danger-type message D will be 
issued if there is at least one large vehicle in the narrow road. 
Both large and small vehicles will receive message C when they 
are not in a narrow road. Although there is the possibility to add 
more messages, these critical cases were only selected so that 
the driver would not be distracted unnecessarily. 

 

Fig. 6. High-level description of the research method. 

The diagram above (Fig. 6) portrays a high-level description 
of how the warning algorithm was utilised with the research. 
Including all these parts, the final prototype with featuring more 
tailored warning messages was developed, and a dataset 
collected from the Sri Lankan Road context was used to 
evaluate the warnings of the warning algorithm. 

As this research is currently at the prototype stage, we have 
used smartphone sensor data provided by testers with their 
informed consent, ensuring them that the data is solely for 
research purposes and the development of a system aimed at 
public well-being. For the final product, we plan to implement 
a comprehensive privacy policy to inform users and obtain their 
agreement. This policy will follow standard privacy 

management practices and trusted agreements, ensuring that 
both the service provider and any third parties access, store, and 
use location information with anonymisation (use generated id) 
and encryption. 

V. RESULTS 
The section presents the outcomes of the experiments 

conducted to assess the effectiveness of the machine learning 
models utilised in detecting vehicle types, extracting narrow 
roads, and implementing the warning system designed to issue 
timely alerts to users navigating narrow roads. Through 
rigorous experimentation and analysis, key insights into the 
performance of these components were obtained, shedding light 
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on their capabilities and limitations. The section highlights the 
accuracy rates, precision, recall, and other relevant metrics used 
to evaluate the performance of the ML models in accurately 
classifying vehicle types and identifying narrow road segments. 
Additionally, it provides insights into the effectiveness of the 
warning system in alerting users to potential hazards, thereby 
contributing to enhanced road safety on narrow roads. Overall, 
the section serves as a comprehensive evaluation of the 
proposed methodologies and technologies, providing valuable 
insights for future research and development in the field of 
intelligent transportation systems. 

A. Results of Vehicle Type Classification Using Sensor Data 
Analysis of the machine learning models revealed that the 

Random Forest model outperformed other models, achieving a 
highest mean accuracy of 99.78 %. This accuracy and other 
validation techniques depict the ability to use the model for 
large real-time datasets and capture intricate patterns in vehicle 
classification. As shown in Table I, ML models like KNN and 
decision tree also exhibited high accuracies, but they showed 
slightly lower accuracies and AUC compared to Random Forest 
Classifier. SVM, on the other hand, demonstrated moderate 
performance, indicating its limitations in capturing non-linear 
relationships within the data. 

TABLE I 
MEAN ACCURACIES AND AUC VALUES OF THE SELECTED ML MODELS 

ML Model Mean Accuracy Mean AUC 

Logistic Regression 73.839 ± 0.743 % 82.424 ± 0.531 % 

Naïve Bayes 61.25 ± 1.259 % 83.456 ± 1.682 % 

SVM 90.554 ± 1.242 % 95.67 ± 0.757 % 

Random Forest 99.786 ± 0.071 % 99.997 ± 0.002 % 

Decision Tree 99.5 ± 0.23 % 99.52 ± 0.249 % 

KNN 98.661 ± 0.53 % 99.853 ± 0.079 % 

 
Our study used sensor data, which is often noisy and subject 

to variability. Since the Random Forest model outputs the most 
frequent prediction from multiple decision trees, it helps reduce 
the impact of noisy data, making it superior to a single decision 
tree. Additionally, sensor data often exhibits complex, non-
linear relationships due to the physics of motion and orientation 
changes. Random Forests are well-suited to model such non-
linear interactions, as each decision tree captures a different 
pattern or subset of these relationships. This adaptability is 
particularly beneficial when working with multi-axis sensor 
data. In contrast, models like Logistic Regression and Naïve 
Bayes struggle with these complexities due to assumptions of 
linearity and feature independence, which do not hold true for 
sensor data. While effective in some cases, SVM can be 
computationally expensive and sensitive to noisy data, 
requiring careful kernel tuning. KNN is highly sensitive to 
feature scaling, making it less suited for this data. Unlike some 
models, such as neural networks, Random Forests do not 
require extensive scaling or normalization of the sensor data, 
simplifying pre-processing. This explains the outstanding 
performance of Random Forest compared to other models. 

The study also explored advanced deep learning models, 
including Convolutional Neural Networks (CNNs) and Long 
Short-Term Memory (LSTM) networks, for vehicle 
classification. CNNs processed reshaped sensor data, 
leveraging spatial hierarchies with optimized hyper-parameters 
like filters, kernel sizes, dropout rates, and learning rates using 
Keras Tuner. The best CNN model achieved a test accuracy of 
96.79 %. LSTM networks modelled temporal dependencies in 
sequential data, with tuneable units, dropout rates, and learning 
rates, achieving a test accuracy of 99.29 % after optimisation. 
While these methods demonstrated high accuracy, lightweight 
computation and reduced inference time make shallow machine 
learning models like Random Forest more practical in scenarios 
like vehicle size classification using sensor data. 

B. Results of Identification and Extraction of Narrow Roads 
In the initial stages of the research, a predefined set of Sri 

Lankan narrow roads, classified as residential roads in 
OpenStreetMap (OSM), served as the basis for experiments 
related to narrow roads. Using the online tool GeoJson.io, 
polygons were manually drawn around these narrow roads to 
establish geofences. To evaluate whether the polygon data and 
smartphone GPS data synchronize correctly to identify whether 
the vehicle is inside the narrow road, a test dataset was used. 
This dataset was manually annotated and used as ground truth. 
After determining whether the test GPS data lays within the 
narrow road, it was compared with the ground truth, and the 
confusion matrix was derived (Fig. 7). Using the confusion 
matrix, metrics in Table II and overall accuracy of 0.96 were 
calculated, showing how accurate the above-mentioned 
procedure is in extracting narrow roads. 

 

Fig. 7. Confusion matrix for the classification of geofence in or out. 

TABLE II 
CLASSIFICATION REPORT FOR THE CLASSIFICATION OF GEOFENCE IN OR OUT 

 Precision Recall F1-Score 

Geofence In 0.93 0.98 0.95 

Geofence Out 0.98 0.94 0.96 

 

C. Results of the Warning Algorithm 
The warning system demonstrated its effectiveness in 

mitigating the risk of collision and road congestion on narrow 
roads. To assess its performance and validate the system, a test 
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dataset collected from vehicles on Sri Lankan roads was used. 
First, the dataset was manually annotated and used as the 
ground truth for comparison. Then, the developed simulation 
was run using the test data, and the results were recorded under 
warning class labels corresponding to A, B, C, and D. Finally, 
each detection from the simulation was compared with the 
corresponding instance in the ground truth and categorised as 
TP, FP, TN, or FN, and the metrics were calculated as shown 
below. In Fig. 8, rows represent the actual class labels, columns 
represent the predicted class labels, and the diagonal elements 
show the number of correct predictions for each class. Table III 
represents the metrics calculated using the confusion matrix. 
These values and the overall accuracy of 0.95 calculated using 
the confusion matrix indicate that the simulation accurately 
identifies and issues warnings to vehicles navigating these 
hazardous narrow roads. 

 

Fig. 8. Confusion matrix of the algorithm for warning. 

TABLE III 
CLASSIFICATION REPORT OF THE ALGORITHM FOR WARNING 

 Precision Recall F1-Score 

A:   Warning 0.96 0.85 0.90 

B:   Caution 0.98 0.98 0.98 

C:   All clear 0.93 0.98 0.95 

D:   Danger 0.94 0.98 0.96 

 
Figures 9–12 depict different scenarios, all of which 

showcase the effective functioning of the warning algorithm. 
• Upon entry of a large vehicle into a narrow road, the 

warning message “A” will be issued. 

 

Fig. 9. Warning message A. 

• When a small vehicle navigates through a narrow road and 
no large vehicles are present, a caution message “B” will 
be transmitted indicating the absence of large vehicles on 
the narrow road. 

 

Fig. 10. Caution message B. 

• Upon vehicles exiting the confines of a narrow road, the 
warning system issues an all-clear message “C”. 

 

Fig. 11. All-clear message C. 

• In scenarios where both a small vehicle and at least one 
large vehicle are present within the confines of a narrow 
road, the warning system prioritizes alerting the small 
vehicle with a danger message “D”, indicating the 
presence of a large vehicle on the road. 

 

Fig. 12. Danger message D. 

D. Results of User Study 
To evaluate the usability and effectiveness of the warning 

messages, we conducted a user study involving a selected 
number of drivers with varying levels of experience. For each 
warning message scenario (A, B, C, and D), we presented the 
outputs of the prototype for simulated instances and provided 
participants with a questionnaire featuring a Likert scale (1–5). 
Initially, participants were briefed about the purpose of the 
study and the procedure. Each warning case was displayed, and 
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participants’ responses were recorded on paper. To minimise 
bias, the four scenarios were presented in random order. For 
each scenario, we calculated the average scores for clarity, 
relevance, actionability, and urgency. The accompanying bar 
graph (Fig. 13) illustrates these scores for each message. Based 
on the results, we concluded that while all messages generally 
performed well, Scenario C required improvements in clarity 
and urgency. 

 

Fig. 13. Clarity, relevance, urgency, and actionability of warning messages. 

E. Results of Real-World Experiments 
The system is currently in the prototype stage. For real-world 

experiments, as shown in Figs. 14–16, we collected data from 
different vehicles simultaneously in real traffic conditions and 
used this data to enable the system to issue warnings accurately. 
In these experiments, the classification of whether a vehicle was 
on a specified narrow road was highly accurate, utilising the 
geofencing technologies explained in the previous section. The 
GPS data from the phone and the map data, received as a 
GeoJSON object, aligned well in our experiments. However, 
the model occasionally failed to accurately identify the vehicle 
size in some instances. Since we performed classification for 
every individual sensor reading, the model sometimes 
misclassified the vehicle type. To address this, we plan to base 
predictions on multiple readings and classify the vehicle using 
the class with the highest predicted probability as the final 
classification. 

 

Fig. 14. Conducting real-world experiments. 

 

Fig. 15. Warning message to a specific vehicle at 14.00.36. 

 

Fig. 16. Vehicles on the narrow road at 14.00.36. 

VI. CONCLUSION 
In summary, this study has illuminated the effectiveness of 

the created intelligent transportation system in improving road 
safety, particularly on narrow roads. Through the integration of 
machine learning models, the system has illustrated its ability 
to classify the vehicle type accurately, whether it is large or 
small. By incorporating these models into the warning system, 
vehicle drivers can receive real-time alerts about potential risks, 
improving their situational awareness. Moreover, the system 
has illustrated its capability to identify narrow roads by 
leveraging existing technologies such as geofencing and map 
data. 

The limitations of the developed ITS prototype have several 
key areas that warrant consideration for future enhancements 
and refinements. First, while the prototype effectively utilised 
accelerometer and gyroscope data for vehicle type detection, it 
would have benefited from the inclusion of a more diverse 
range of large vehicle types, such as heavy vehicles and long 
vehicles, in the sensor dataset. Incorporating data from various 
vehicle types would have enhanced the accuracy and robustness 
of the detection model, particularly in scenarios involving 
different types of large vehicles. Moreover, the development of 
the prototype was constrained to a selected set of narrow roads, 
limiting its generalizability and applicability to broader 
transportation networks. Overcoming these limitations through 
continued refinement and development efforts can pave the way 
for a more comprehensive and effective ITS solution capable of 
addressing the complex challenges of modern transportation 
systems. 

Moving forward, the refinement and improvement of the 
developed ITS into a fully functional IoT system incorporating 
cloud technologies can significantly improve its effectiveness 
and applicability in real-world scenarios. Furthermore, future 
research could focus on utilising OpenStreetMap and 
incorporating APIs to automatically extract all narrow roads 
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according to predefined criteria. This approach would enable 
the ITS to operate across a broader network of narrow roads, 
improving its utility and impact. By embracing these future 
directions, researchers can advance the ITS from a prototype to 
a comprehensive and scalable solution capable of addressing 
the complex challenges of modern transportation systems. 

VII. ABBREVIATIONS 
API: Application Programming Interface 
AUC: Area Under the Curve 
CNN: Convolutional Neural Network 
CSV: Comma-Separated Values 
GPS: Global Positioning System 
IOT: Internet of Things 
ITS: Intelligent Transportation System 
KNN: K-Nearest Neighbours 
LSTM: Long Short-Term Memory 
ML: Machine Learning 
OSM: OpenStreetMap 
SVM: Support Vector Machine 
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