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Abstract—Overloaded vehicles are detrimental to road infras-
tructure and create safety risks for the traveling commuters. 
The conventional weighbridges require manual inspections of 
the vehicles, which creates a lot of inconveniences and added 
costs to the infrastructure of the roads. The proposed system 
uses software-based automated weighbridge monitoring system 
for analyzing the load of the vehicles in real time using simulated 
data from weighbridge sensors. The software system can capture 
the load of the vehicles at multiple checkpoints, classify them as 
NORMAL or OVERLOADED using predefined rules, and store 
the data in a cloud database. The data is also visualized on 
a web-based dashboard in real time. The system demonstrates 
efficient processing and consistent rule-based classification. The 
system uses simulated data for the demonstration of its features. 
However, the software system can be integrated with load sensors 
from the vehicles to monitor the load of the vehicles in real time. 
This system can be used for the management of transportation 
systems and can prove to be cost-effective for these systems. 

Index Terms—Automated Weighbridge, Real-Time Monitor-
ing, Rule-Based Classification, Cloud Database, Intelligent Trans-
portation Systems 

 
I. INTRODUCTION 

Overloading of heavy commercial vehicles is a major 
concern for transportation infrastructure - such deterioration 
caused by these loads impacts the life of roads, bridges and 
flyovers while presenting an increased risk of traffic accidents. 
Regulatory authorities have set limits on how heavy vehicles. 
They have put in place systems to weigh vehicles to make 
sure they are not too heavy. In a lot of places people are still 
checking manually heavy vehicles which takes a long time and 
can be susceptible to error [1]. 

Traditional systems for weighing vehicles require vehicles 
to stop at points so they can be weighed and then someone 
has to write down the weight and check it. These systems are 
better than looking at the vehicle to guess its weight but they 
can cause traffic jams and do not give us information about the 
vehicles right away [2]. New systems for weighing vehicles are 
being made that use controllers and communication devices to 
reduce the need for people to do things by hand. These systems 
can also use the internet to store information and let people 
look at it from anywhere and show what is happening in real 
time [3]. 

Recently new automated systems, for weighing vehicles are 
better. They are often complicated and expensive to set up 
and maintain, which makes it hard for some places to use 

them. A system that’s not fully automatic or has manual entry 
that is writing down the information by hand is not good 
enough when we need to check a lot of vehicles or keep 
track of all the information in one place [4]. Methods can 
improve detection accuracy but the need for large datasets and 
computational power reduces their suitability for regulatory 
enforcement systems [5]. 

A rule-based approach to overload detection presents a 
practical alternative based on permissible load thresholds 
established by transport regulations. Such methods are com-
putationally efficient and easy to interpret - all attributes that 
make them ideally suited for real-time monitoring applications. 
Such a software-centric approach provides a scalable and cost-
effective solution. The use of machine learning and the search 
of cameras in vehicles has also been tried to find out what 
kind of vehicle it is and how heavy it is [6]. 

The paper presents the design and implementation of a 
software-based weighbridge automation system utilising sim-
ulated sensor data and rule-based logic for monitoring vehicle 
loads in real time. The system measures loads at checkpoints, 
ensures permissible limits are met, stores the data within a 
central database and displays the information via a web-based 
dashboard. The software solution described provides an excel-
lent foundation upon which to integrate future physical load 
sensors, IoT devices and automated enforcement mechanisms. 

II. RELATED WORK 
Many studies have explored how to automate weighbridge 

operations to avoid manual entry and increase vehicular load 
observations. Kumar et al. [1] created an IoT weighbridge that 
integrates with the cloud in which weights are automatically 
recorded and stored to facilitate data access. While Kumar et 
al. went through significant assessments to prove that access to 
such information is more reliable than manual entries, issues 
of reliance upon networks and scalability were concerning. 

Patil et al. [2] created a system that recognizes weight at 
check-posts and automatically creates billing to avoid pro-
longed manual processing. However, this method requires the 
implementation of hardware devices uniquely which may add 
to installation and maintenance costs. Other embedded-system 
weighbridge solutions exist for paperless data collection. 

For example, Sharma and Singh [3] created an automated 
weighbridge with load cells and microcontrollers to digitize 
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readings. Jain and Rao [4] rely on a similar centralized 
database architecture for their automated billing solution at 
checkpoints. Machine learning and data-driven assessments 
for overload detection and transportation monitoring have also 
been studied. Joshi and Shah [5] assess the role of rules-based 
anomaly detection as a less intensive assessment than a learned 
model. 

In a similar vein, Banerjee et al. [6] discuss intelligent 
check-post monitoring systems that use sensing devices in con-
junction with cloud settings for real-time freight information. 
Other studies explore real-time monitoring with automated 
billing in transport check-posts. 

While this improves measurement accuracy, the accuracy 
is highly sensitive to over-calibration or under-calibration in 
addition to conditions, as Reddy and Narayana [8] note. 
Hardware involvement proves less useful when scalability or 
remote monitoring is necessary. 

Studies have begun to leverage IoT and cloud technologies 
for central observation and analysis. For example, creating a 
compliance monitoring system based on IoT technologies that 
integrates real-time and historical access to information. 

Yet continuous network availability would be a concern, 
as would the infrastructural costs to implement a similar 

weighbridge. Edge- and fog-processing have been assessed for 
latency reduction and bandwidth reductions, as Mehta et al. [9] 
discuss, though such systems add levels of design complexity. 
While this model makes sense for certain applications due 

to its explainable basis and low processing, the machine 
learning models investigated in Fernandez et al. [14] require 
substantial data to be effective, which limits interpretability 
and regulation. Ultimately, the related work demonstrated that 
many studies exist to facilitate weighbridge automation using 
hardware, IoT, and cloud solutions. 

But most place emphasis on collaborative hardware solu-
tions or excessively data-driven models which fail to consider 
software reliability, transparency or simplified implementation. 
Thus, the present work applies a software-based, rule-based 
solution to assess simulated sensor data to successfully fa-
cilitate real-time vehicular load assessment and effective data 
logging and dashboard implementation while securing scalable 
and interpretable results. 

 
III. PROPOSED METHODOLOGY 

The proposed online weighbridge automation system fol-
lows a modular and sequential workflow to support real-time 
vehicle load monitoring and overload detection. 

The methodology is designed to replicate the functional 
behavior of a real weighbridge system using software compo-
nents, while allowing controlled testing through simulated sen-
sor data. The overall system architecture consists of data gen-
eration, backend processing, rule-based verification, database 
storage, and dashboard visualization. 

The proposed methodology ensures that records are stored 
securely in the database, and the results are displayed in real 
time through a web-based monitoring dashboard. 

 

 
Fig. 1. Proposed Methodology 

 
 

Fig. 1 shows us how the system works. The system starts by 
making vehicle load data. This data is sent in JSON format. 
Checked at the backend. The data that is validated is then 
checked by using rule-based logic to classify vehicles are 
normal or overloaded. The system uses vehicle load data to 
classify vehicles normal or overloaded vehicles. 

A. Simulated Vehicle Load Data Generation 

The system uses simulated sensors to estimate vehicle 
weight, allowing the monitoring process to be tested without 
relying on physical equipment. Each data entry includes details 
such as the vehicle identifier, checkpoint identifier, load in 
tons, and the corresponding timestamp. These records are 
generated at regular intervals to represent continuous vehicle 
movement across weighbridge checkpoints. This setup helps 
evaluate how the system processes and handles incoming data 
under realistic conditions while ensuring that the monitoring 
and classification functions operate correctly. 

B. Data Transmission to Backend Server 

The simulated vehicle load data is transmitted to the server 
using HTTP POST requests in JSON format, which enables 
structured and consistent communication between the data 
source and the backend system. When the server receives this 
data, it first validates the format to ensure correctness and then 
extracts the required fields for further processing. This stage 
reflects the communication layer of a real-world system, where 
sensing units and the processing server interact seamlessly. 
The vehicle load data plays a central role in this process, as 
it allows the server to interpret and respond to the ongoing 
conditions being monitored. 
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C. Rule-Based Load Verification 
The system checks the vehicle load values after it gets 

all the data. It uses a set of rules to make sure the loads 
are okay. Each load is compared to the weight allowed by 
transport rules. If the load is too much the vehicle is considered 
OVERLOADED. If not it is considered NORMAL. This way 
the system is clear and consistent and does not take a lot of 
computer power. 

 

Algorithm 1 Online Weighbridge Load Monitoring Using 
Rule-Based Logic 

 
 

Require: Simulated vehicle load dataset D, permissible gross 
vehicle weight limit Wmax 

Ensure: Vehicle classification status (NORMAL / OVER-
LOADED), database records R, real-time dashboard up-
dates Dview 

1: Initialize backend server and database connection 
2: Set permissible weight limit Wmax 
3: Initialize empty database table R ← ∅ 
4: for each dataset d ∈ D do 
5: Load vehicle records containing (Vehicle ID, Check- 

point ID, Load, Timestamp) 
6: end for 
7: for each vehicle record v ∈ D do 
8: Receive vehicle load data via HTTP POST request 
9: Validate data format and extract fields (Vi, Ci, Wi, Ti) 

10: if Wi > Wmax then 
11: Si ← OVERLOADED 
12: else 
13: Si ← NORMAL 
14: end if 
15: Store (Vi, Ci, Wi, Si, Ti) in database R 
16: Update real-time dashboard Dview with latest record 
17: end for 
18: Display vehicle load status and overload alerts on dash-

board 
 

 

As seen in Algorithm 1 the system gets the vehicle load 
data. Checks it to validate input parameters before it starts 
working. Then it compares the weight of each vehicle to the 
maximum allowed weight using the set of rules to see if it is 

The database keeps a record of every time a vehicle moves 
across checkpoints. It helps with auditing and database also 
helps with monitoring the overload patterns of the vehicles 
over time. The vehicle details and the load value are very 
important and the database helps to keep track of them. 

 
E. Real-Time Dashboard Visualization 

A web-based dashboard is used to display the monitoring 
results in real time. It retrieves records from the database and 
presents key details such as vehicle ID, checkpoint ID, load 
value, overload status, and timestamp in a clear format. The 
dashboard updates automatically as new data arrives, allowing 
continuous tracking of vehicle activity across checkpoints. 
This real-time visualization helps authorities quickly identify 
overloaded vehicles and understand current conditions, making 
it easier to monitor operations and support timely decision-
making. 

 
F. Mathematical Formulation 

1) Vehicle Load Representation: Each vehicle load record 
is represented as: 

 
Li = {Vi, Ci, Wi, Ti} (1) 

where: 
• Vi is the vehicle ID 
• Ci is the checkpoint ID 
• Wi is the measured vehicle load (in tons) 
• Ti is the timestamp of measurement 
Each vehicle load record is like this: Li = {Vi, Ci, Wi, Ti}. 

It has the Vehicle ID Vi is unique, to each vehicle. The 
Checkpoint ID Ci is where the measurement is taken. The 
vehicle load Wi is how much the vehicle weighs. The time Ti 
is when it was measured. This way of storing data helps us 
handle it easily. 

2) Rule-Based Overload Classification: The overload deci-
sion is made by checking if the load’s too high compared to 
the allowed limit. The classification is done like this: 

overloaded or not. The vehicle load values are checked against S = 
(
OVERLOADED,  if Wi > Wmax 

(2) 
the rules to determine if the vehicle is OVERLOADED or 
NORMAL. 

The classified results are stored in the database and shown 
on the real-time dashboard. This process repeats to help with 

i 

 

where: 

NORMAL, if Wi ≤ Wmax 

automated weighbridge monitoring and to make sure it is 
consistent. The classified results and the real-time dashboard 
are important for this to work. 

D. Database Storage and Logging 
The vehicle details, like the load value and overload status 

are stored in a database after they are classified. The database 
also stores the timestamp. Each record in the database has 
an index, which makes it easy to find and keep track of the 
vehicle details. 

• Wmax is the permissible gross vehicle weight limit 
• Si is the classification status of vehicle i 
In this system overload detection is done by using rule-

based logic. The vehicles load is compared to the allowed 
weight. If it is more the vehicle is OVERLOADED; otherwise 
it is NORMAL. This approach makes sure that decisions are 
clear and consistent. The classification result comes directly 
from predefined rules, about vehicle weights. It does not rely 
on models or probabilities. 
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3) Data Ingestion Processing Time: The delay in process-
ing, which is called Tp is how long it takes for the system to 
handle a record of a vehicle load from when it’s received to 
when it is shown. 

 
Tp = Tdisplay − Treceive (3) 

where: 
• Treceive is the time when the backend gets the data 
• 

• Tdisplay is the time when the data shows up on the 
dashboard 

By subtracting the time the data gets to the backend server, 
which’s Treceive from the time the data appears on the 
dashboard, which is Tdisplay. This measurement shows how 
well the system performs in time and to make sure that the 
data, about vehicle loads is handled and shown quickly with 
no delay. The system uses the processing delay Tp to evaluate 
its performance and the vehicle load data is processed using 
this metric to confirm that it is presented without any delay. 

4) Overload Detection Accuracy: The accuracy of overload 
detection is measured by the number of classified vehicles, 
which is Ncorrect compared to the total number of vehicles 
that are tested which is Ntotal. This is shown as a percentage. 
The accuracy of overload detection is about how correct the 
classification processs 

Accuracy = Ncorrect × 100 (4) 
Ntotal 

A. Data Ingestion and Processing Time 
The system was tested in a controlled environment by 

continuously sending vehicle data to the server for processing. 
Each incoming record was handled by the server, stored in the 
database, and then reflected on the dashboard. The dashboard 
displays key details such as vehicle ID, checkpoint ID, load 
value, overload status, and timestamp, enabling effective track-
ing of vehicle movement and overload conditions over time. 
It updates quickly as new data arrives, indicating that data 
ingestion and processing occur efficiently. Overall, the system 
manages vehicle load data smoothly and provides a reliable 
interface for real-time monitoring. 

 
 

Fig. 2. Response Time Comparison 
where: 
• The number of vehicles that are classified correctly is 

Ncorrect. 
• 

• The total number of vehicles that are tested is Ntotal. 
The system makes decisions based on rules and fixed limits 

so this measure shows that the system always makes the 
decision, for all the vehicles that are tested. The system is 
consistent because it uses the rules every time to classify 
vehicles so it will make the right decision every time and 
this is confirmed by the accuracy of overload detection, which 
is calculated using Ncorrect and Ntotal. 

IV. RESULTS AND DISCUSSION 

The proposed online weighbridge automation system was 
evaluated through controlled experiments using software-based 
performance metrics. The analysis focused on how effectively 
the system processes real-time data, the accuracy of its rule-
based overload detection, the reliability of database logging, 
and the responsiveness of the monitoring dashboard. Since the 
evaluation relied on generated input data rather than physical 
sensors, it primarily assessed the behavior and efficiency of the 
software components. As a result, hardware-related constraints 
and real-world deployment challenges were not considered in 
this evaluation. 

 
Fig. 2 shows how automated weighbridge system works 

compared to the manual system. The new system is much 
faster because it captures data automatically. This makes it 
quicker because the system gets the data on its own follows 
rule-based logic and then stores it. The automated data capture 
makes the system efficient and decisions are made faster and 
displayed in dashboard. 

B. Rule-Based Classification Accuracy 
The overload detection logic was evaluated by comparing 

vehicle load values against a predefined weight limit. Vehicles 
exceeding this limit were classified as OVERLOADED, while 
those within the limit were marked as NORMAL. Since the 
classification is based on a fixed threshold, the rule is simple 
and easy to apply. This approach produced consistent results 
across all test cases, with each vehicle correctly categorized 
according to its load value. Overall, the rule-based method 
performed as expected and ensured reliable classification. 

C. Assessment of Database Storage Performance 
The performance of a database storage system is about how 

fast and consistent it’s when it reads writes and gets data. This 
happens when the system is working under conditions. After 
the records were into a database, the data shows that there 
are no records missing and no duplicates. The database kept 
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the order in which things were added and it kept timestamps. 
This means it worked well for recording things in time and, 
for storing things for a long time. The database storage 
performance of the system was consistent. 

D. Dashboard Update and Visualization 
The monitoring dashboard was checked to see how it 

worked when new vehicle load data was put into the system. 
The monitoring dashboard updates to show the vehicle ID, 
the checkpoint ID, the load value and overload status. The 
monitoring dashboard updates to show all the new records. 
This shows that the backend and the frontend of the monitoring 
dashboard are synchronized. The monitoring dashboard and 
the vehicle load data are used for real-time monitoring. 

 

 

Fig. 3. Data Logging Efficiency 
 

Fig. 3 shows us how long it takes to store the weight of 
vehicles in the database. The new system is faster because it 
does not need manual entry. Instead it uses sensors to get the 
data and sends it to the database. This way we can see what 
is happening away and it reduces the time. The new system 
records vehicle weight records shortens delays. 

 

 

Fig. 4. Overload Detection Accuracy 

Fig. 4 shows how well the proposed system can detect over-
load in different vehicle samples. The system uses predefined 
load limits to figure out if a vehicle is normal or overloaded. 
It does this by using a set of rules that help it decide whether 
each vehicle is NORMAL or OVERLOADED. 

E. Performance Evaluation 
The proposed online weighbridge automation system was 

done using sensor data that was simulted and sent to the 
backend server using APIs. Each record for a vehicle had a lot 
of information about the vehicle. This information included 
the vehicle ID, the checkpoint ID how much the vehicle 
was loaded the time it was weighed and whether the vehicle 
was overloaded or not. The online weighbridge automation 
system is what we are focusing on here. The vehicle ID and 
checkpoint ID are parts of the vehicle record, in the online 
weighbridge automation system. 

TABLE I: Performance Comparison of Proposed and Conven-
tional Systems 

 

Parameter Conventional System Proposed System 
Data Capture Method Manual Entry Automated 
Response Time (ms) ∼450 ∼120 

Data Logging Semi-automatic Automatic Database Logging 
Overload Detection Human-dependent Rule-based Logic 

From Table I, it is observed that the proposed system signif-
icantly improves response time and reliability by eliminating 
manual intervention. 

F. Performance Discussion 
The response time comparison shows that the proposed sys-

tem is really fast at processing vehicle data. It does this faster 
than the weigh-bridge systems. The dashboard visualization is 
also very useful. It lets authorities see away which vehicles 
are overloaded. This helps reduce the risk of damage to roads 
and bridges. 

V. CONCLUSION 
This paper is about designing a system to monitor vehicle 

loads in real time. The system uses rules to check if a vehicle 
is overloaded. It replaces data entry and verification with au-
tomated processes. Data is collected automatically, the system 
checks if a vehicle is overloaded. Information is stored in a 
database. Then the data is shown on a dashboard in time. Using 
limits for vehicle loads ensures fair and consistent decision-
making. The results show that a software-based system is a 
solution for intelligent transportation systems. It is scalable 
and cost-effective. 

The systems design works with physical sensors, IoT de-
vices and automated enforcement systems. Some possible 
future improvements are: Automated billing systems, using 
RFID to identify vehicles, analyzing traffic trend and predict-
ing overloads using machine learning. The system provides 
a base for scalable and intelligent weighbridge monitoring 
solutions. It can monitor vehicle loads in time and offers 
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a scalable and cost-effective solution. The online weigh-
bridge automation system uses rule-based logic. The system 
is suitable for integration, with physical load sensors and IoT 
devices. 
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