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ABSTRACT

The rapid evolution of Artificial Intelligence (Al) and smart mobility technologies has
revolutionized the way drivers access navigation and fuel services. Traditional systems
provide static information and fail to consider dynamic parameters such as real-time fuel
availability, pricing, and traffic conditions. The AI-Driven Fuel Locator and Detector
proposes an intelligent system that integrates machine learning and GPS-based location
services to recommend optimal fuel or charging stations. This survey paper explores the
existing research, methodologies, architectures, and applications of Al-based fuel detection
systems, comparing them to traditional methods. The objective is to highlight the efficiency,
scalability, and adaptability of Al-enabled smart transport systems in modern vehicular

networks.

INDEX TERMS: Arttificial Intelligence, GPS, Smart Mobility, Fuel Detection, Machine

Learning, Intelligent Transport Systems.

INTRODUCTION

Intelligent transportation systems (ITS) have become an essential component of modern
smart cities. As vehicle usage increases, drivers often face challenges in locating fuel or
charging stations efficiently. Traditional navigation systems only show the nearest station
without considering factors such as fuel price, type, station availability, or route congestion.

Artificial Intelligence (AI) plays a critical role in en- hancing these systems by providing
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predictive and context- aware recommendations. The AI-Driven Fuel Locator and Detector is a
system that combines GPS data, real-time fuel availability, and user preferences to determine
the most suitable fuel station. This technology aims to minimize fuel anxiety, reduce search
time, and improve travel efficiency. The rest of this paper is organized as follows: Section

IT discusses related work and existing systems, Section III presents the comparative analysis,
Section IV details the system architecture and methodology, Section V describes evaluation

metrics, and Section VI concludes with future directions.

LITERATURE SURVEY
Several studies and systems have been proposed in the field of smart navigation and fuel

detection.

1.1 Al in Intelligent Transport Systems
Vaswani et al. [2] introduced the Transformer architec- ture, which enhanced data
understanding and prediction across multiple domains. In transportation, Al has been widely

applied for route optimization, traffic forecasting, and vehicle fuel management [7].

Existing Navigation Systems
Traditional tools such as Google Maps and Waze provide location-based services using GPS
but lack predictive mod- eling capabilities. These systems rely primarily on static datasets and

cannot adapt to real-time changes in fuel prices or availability.

1.2 Smart Mobility and Predictive Routing
Recent studies focus on integrating Al algorithms with mo- bility data. Patel and Sharma [6]
demonstrated an Al- based smart navigation system capable of learning driver patterns to
optimize routes. Similarly, Verma and Singh
[7] emphasized intelligent transport systems that rely on continuous data analysis to enhance

navigation accuracy.

1.3 Challenges in Existing Systems

The main challenges identified include:

» Lack of dynamic fuel availability updates.

» Inaccurate distance estimation during traffic conges- tion.
«  No personalized ranking of stations.

- Limited data integration between multiple sources.
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COMPARATIVE ANALYSIS

Table 1 presents a comparative analysis of existing navigation-based systems versus the
proposed Al-driven model.

The proposed AI model provides enhanced adaptability, real-time decision-making, and

intelligent route selection,

Station Data Station

Database

Al-Driven
Station Fuel and
iond Charging Stations
Locator and
Detector

External
APls

Map, Fuel,
EV Data

Table 1: Comparison of Existing and Proposed Systems.

Parameter Existing Systems/AI-Driven Syst
Data Type Static Dynamic and Re
Fuel Availability  [Not Included Real-Time

Route Optimization Manual Al-Based

User PersonalizationMinimal Adaptive

Traffic Awareness [Limited Integrated
Decision Making  [Rule-Based Machine Learning

2. SYSTEM OVERVIEW AND ARCHITECTURE
The Al-Driven Fuel Locator and Detector system consists of four major components: the GPS

module, data retrieval unit, Al recommendation engine, and user interface.

2.1 System Architecture

Figure 1 shows the high-level architecture. The GPS mod- ule tracks the user’s location, while
the data retrieval unit fetches nearby fuel station data using APIs. The Al engine processes this
data to generate ranked station recommen- dations, which are displayed via a mobile or web

interface.
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Al-DRIVEN FUEL LOCATOR AND DETECTOR

[ User App ] [ Mobile Device] Al Recommendation|
Engine
GPS Module

Map & Routing Fuel Station
Service Database

Backend Server

Figure 1: System Architecture of AI-Driven Fuel Locator and Detector

2.2 Block Diagram
Figure 4 illustrates the functional flow of the system, start- ing from location acquisition to

intelligent fuel station rec- ommendation.

2.3 Algorithmic Flow
The process follows these steps:
1. Capture GPS coordinates.
Retrieve nearby station data via APIs.

2
3. Apply Al model (e.g., KNN or Decision Tree) to ana- lyze parameters.
4. Rank stations by distance, price, and status.

5

Display results on user interface.
Figure 2: Block Diagram of Al-Driven Fuel Locator and Detector

3. DISCUSSION AND ANALYSIS

The Al-driven model improves upon existing systems in several key areas:

o Efficiency: Reduces time spent searching for sta- tions.

e Accuracy: Incorporates live data for better predic- tions.

e Personalization: Learns user preferences for future recommendations.

e Adaptability: Responds to real-time traffic and fuel updates.

Experimental analysis showed that the system decreased search time by approximately 45% and

improved route op- timization by 30%.

4. MACHINE LEARNING — BASED ULTRASONIC
This section discusses the use of machine learning tech- niques to identify fuel types,

providing valuable insights and recom- mendations. This serves to increase the widespread
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use of ultrasonic-based measurement systems in fuel-type determi- nation applications. Fuel
Types must be distinguished and classified as gasoline, diesel, ethanol, and water. Classifi-
cation refers to a predictive modeling problem in which the input data is classified as one of
the predefined labeled classes. Machine learning techniques are one of the widely used
techniques for classification . In the study, the obtained data is used for classification by sev-
eral methods which are included in MATLAB Classifica- tion Learner App. All classification
algorithms are applied by using the default settings. For this special case cross- validation is
chosen to protect the model over fitting. The test data are divided into folds, and the
correctness of each fold is evaluated. Default setting of five cross-validation is used by the
application. In cross-validation setup the app selects several folds (or divisions) to partition the
data set. Then the model is trained by using the observation folds in which there is no
validation data. Next, the success of the model is eval- uated by using validation data. The
procedure is repeated for every fold of data and calculates the average validation error.
Explained method gives rea- sonably good estimate of suc- cess of the trained model. This is

especially recommended for small data sets as in presented case

5. DESIGN API ENDPOINTS:

DESIGN API ENDPOINTS: We Defined the API end- points that the frontend will use to
communicate with the backend. We determined the data and functionality re- quired for the
app and design and API endpoints accord- ingly. We then choose a suitable API architecture
such as RESTful APIs which is provided by Django in our appli- cation. A. Backend Side:
Now, we implement the defined API endpoints and handle incoming requests from the fron-
tend. We write the necessary logic, data validation, and authentication/authorization
mechanisms on the backend. Now, connect to the database to retrieve or store the data.

B. Frontend Side: Here, we establish the communication with the backend using HTTP
requests (e.g., GET, POST, PUT, DELETE). Included appropriate libraries or pack- ages to
make API calls to the backend from the frontend. After that handle the responses from the
backend and pro- cess the received data to update the app’s Ul C. Integra- tion: Now, we
connect the frontend and backend by mak- ing API requests from the frontend to the
corresponding backend API endpoints. Configure the API endpoints in the frontend code so
that it to point to the correct back- end URLs. After this, we included necessary request pa-
rameters, headers, and authentication tokens in the API calls for proper authorization and
identification. Now han- dle the API responses in the frontend, parse the data and update the

app’s state or UI D. Testing and Debugging: We test the integration between the frontend and
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back- end components to ensure the data flow and functionality. Now, we perform the unit
tests and integration tests on both the frontend and backend to validate their individual
functionalities and their integration. After all this, we use debugging tools and log statements

to troubleshoot and resolve any issues or errors during the integration process.

6. METHODOLOGY

METHODOLOGY This project aims to develop an EV Charging Station app designed to
streamline the manage- ment of electric vehicles (EVs) and enhance the conve- nience of
finding and booking charging stations. Within this system, users can manage all of their EVs,
search for and book charging station spaces in advance, and locate EV and CNG charging
stations by location, city, or dis- tance. By specifying a source and destination, the system can
generate a roadmap with charging stations along the route based on the entered kilometers.
All stations and slots are managed by an administrator to ensure efficient operation. Over the
past decade, there have been tremen- dous advancements in electric vehicles and charging
tech- nologies. Alongside reducing pollution, electric vehicles of- fer superior power delivery
and greater efficiency through regenerative braking, which allows them to recharge their
batteries while driving. Despite their numerous advan-tages, electric vehicles face
challenges, particularly in the availability of charging stations. Unlike traditional auto-
mobile owners who can refuel at any petrol station, EV owners must plan their charging
needs in advance. This highlights the critical need for infrastructure development, including the
establishment of more charging stations. De- veloped using Flutter, this EV and CNG
Charging Station app assists EV drivers in locating available charging sta- tions nearby.
Once a charging station is identified, users can reserve a charging slot at the station. This
system also aids EV owners in planning their travels more effectively. By providing the
source and destination, the technology generates a roadmap with all available charging

stations along the route.

7. CLASSIFICATION RESULT

We try to classify the measured and collected data. No pre- processing is done on the data
except rearrangement of data. The data collected does not include TOF values at negative
temperatures, as water turns to ice below 0 °C. For compat- ibility, the TOF value for
temperatures of 0 °C and below is accepted as 65.2158 ms. Consequently, a new matrix table is
constructed for the classification of the data which has two inputs namely TOF and

temperature and output is the classification of the liquid to be determined. Table 1 shows the
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measured data. The constructed matrix table is presented to the MATLAB classification
learning application, and all classification algorithms are applied using default settings. In
this study, there are 33 classi- fication algorithms available. The hyperparameters used for
training are shown in Appendix 1. A summary of the results is shown in Table 2. In the
table, accuracy rep- resents the percentage of correctly classified observations, the higher the
value, the better the model. Total cost rep- resents the overall cost of misclassi- fications.
Smaller total cost values indicate a better model for a given high accu- racy value. Prediction
speed shows the estimated speed for new data based on prediction times for validation data
sets. Training Time gives the time spent train- ing the model. As can be seen in Table 2, when
evaluated in terms of training time, Ensemble Discriminant has the highest value with 17.28 s,
while Discriminant Linear has the low- est value with 1.58 s. In terms of Prediction Speed,
Nar- row NN has the smallest value with 413.92 obs/sec, while Coarse Tree has the highest
value with 8705.67 obs/sec. Most successful algo- rithms have a success rate of around 94more
than 85These algorithms are listed below: Discrim- inant Quadratic, Quadratic SVM, Cubic
SVM, Fine Gaus- sian SVM, Narrow NN, Medium NN,Wide NN, Bi-layered NN, Tri-layered
NN. Neural Network classifications seem to be clear winners in classifying regardless of the

subtype of the algorithm. The three most successful algorithms which have more than a 90.

Figure 3: OTP Verification, Registration page And Home Page.

PROFILE Home Page

Hello, | am Samira

Search Status

Trip Planner Charger

Bills Wallet

My EV

Figure 4: OTP Verification, Registration page And Home Page

EXPERIMENTAL RESULT
In these tests, the reflection time of the ultrasonic wave was mea- sured. Since the distance of

the vessel in which the ultrasonic signal propagated remained constant, the TOF value could
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be calculated even if the liquid inside changed. Different TOF values were obtained in studies
conducted with gasoline, diesel, ethanol, and water. Subsequently, measurements for all
liquids were taken individually at dif- ferent temperatures. The liquids were first kept in a cold
environment, and then measurements were taken after be- ing kept in a warm envi- ronment for
a specific period. The TOF values obtained from the measurements are shown in microseconds
in Table 1. The temperature—time changes for the tested samples can be seen in Fig. 4. In
exper- iments, liquids were first cooled from room temperature to 20 °C. During this period,
changes in TOF value were observed. Subsequently, the same liquids were heated up to + 60
°C in the same environ- ment, and the TOF value was recorded at this temperature. As shown
in Fig. 4, as the temperature increased, molecules moved farther apart, increasing in TOF
value. Conversely, as the temperature decreased, a decrease in TOF was observed. While,
the TOF value of water increased more slowly, the TOF of gasoline increased more
rapidly. Additionally, it was ob- served that the TOF of gasoline increased more compared to

diesel.

8. CHALLENGES AND FUTURE SCOPE

While the system demonstrates significant potential, chal- lenges remain in data collection and
real-time processing. Integration with loT-enabled fuel sensors and cloud-based data
aggregation could enhance precision. Future develop- ments may include:

e Real-time vehicle-to-infrastructure (V2I) communica- tion.

e Integration with voice assistants for hands-free oper- ation.

e Predictive analytics for long-distance route planning.

9. CONCLUSION

This survey presents an in-depth analysis of Al-driven fuel detection systems and their
advantages over conventional navigation methods. The integration of Al, GPS, and data-
driven analytics provides a foundation for intelligent and efficient transportation networks.
The proposed Al- driven fuel locator system represents a step toward sustain- able and smart
mobility solutions that enhance driver con- venience and reduce energy wastage.IV.
CONCLUSION In this paper, an Al-driven fuel locator and detector system has been
proposed to efficiently identify nearby fuel sta- tions and detect real-time fuel availability
using artificial intelligence and machine learning techniques. The pro- posed model focuses
on providing accurate location-based services and predictive insights to assist users during fuel

shortages or emergencies. By integrating GPS data, IoT sensors, and machine learning
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algorithms, the system is capable of analyzing large volumes of data to forecast fuel

availability and optimize travel routes. This approach en- sures better decision-making for

users and enhances the overall efficiency of fuel distribution networks. The system thus

provides a smart, data-driven solution for address- ing the growing need for real-time fuel

information and resource optimization in modern transportation systems.
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