
www.ijcrt.org                                                        © 2025 IJCRT | Volume 13, Issue 8 August 2025 | ISSN: 2320-2882 

IJCRT2508270 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org c313 
 

Power Supply Fluctuation Prediction In Rural 

Industry Clusters 

MADHAV KASHYAP RAVAL 

STUDENT OF ELECTRICAL ENGINEERING  

ELECTRICAL ENGINEERING DEPARTMENT 

L D COLLEGE OF ENGINEERING AHMEDABAD, GUJARAT, INDIA  

 

Abstract:  A non-fluctuating and efficient power delivery system is essential for the effective functioning of 

rural industry clusters, which consist of small and medium-sized enterprises (SMEs) involved in sectors like 

agriculture, textiles, food processing, handicrafts, and more. However, rural areas often face inconsistent 

electricity due to outdated infrastructure, inaccurate forecasting, and limited automation. This paper proposes 

a lightweight, AI-based predictive model for detecting power supply fluctuations using historical voltage and 

frequency data. By integrating rule-based logic with a user-friendly web interface developed in Streamlit, the 

system provides real-time visualizations and alerts on voltage instability. The model achieved a prediction 

accuracy of approximately 90% with a response time of 2–3 seconds for large datasets. In contrast to advanced 

smart grid solutions, the proposed system is tailored for rural environments with constrained connectivity and 

users with minimal technical expertise. It presents a feasible direction for building resilient and inclusive 

forecasting tools that can enhance energy reliability in rural industry clusters. 

 

Index Terms - Rural industry clusters, voltage fluctuation prediction, ai-based prediction, frequency data 

analysis, real-time visualization, lightweight machine learning model, energy reliability, rural electrification, 

low-infrastructure solution. 

I.INTRODUCTION  

Consistent and stable power supply is a fundamental requirement for the Enduring growth of industrial 

activity, particularly in rural areas where infrastructure challenges often impede economic development. In 

rural industry clusters—comprising small and medium-sized enterprises (SMEs) in agriculture, textiles, 

handicrafts, food processing, and other sectors—power supply fluctuations can lead to Operational delays, 

equipment breakdowns, productivity decline and rising expenses. 

Even with the swift progress in electrifying rural areas, maintaining consistent and high-quality power supply 

remains a major issue. Voltage irregularities, unstable frequencies, unscheduled power cuts, and load 

distribution problems are prevalent in rural grids, largely stemming from infrastructure limitations, forecasting 

inaccuracies, and a lack of automation frequent power variations affect both productivity and the ability of 

rural industries to integrate modern and digital technologies required to remain competitive. 

An effective way to address this challenge is through predictive modelling of power supply fluctuations. By 

analysing past electricity consumption data, weather patterns, load behaviour, and other influencing factors, 

power instability can be forecasted using data-driven techniques like machine learning, statistical methods, 

and time-series analysis. These predictive insights can help implement timely interventions, enhance energy 

planning, and contribute to the development of more robust and reliable power systems for rural areas. 
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This paper seeks to design and implement a predictive model for forecasting power supply fluctuations in 

rural industry clusters, emphasizing improved operational stability and reduced disruptions. It identifies the 

primary factors leading to power instability, evaluates existing forecasting approaches, and introduces a 

strategy customized for the distinct challenges of rural industrial environments. The overarching aim is to 

generate practical insights that can support policymakers, utility providers, and rural enterprises in 

strengthening energy reliability within underserved areas. 

 
 
II. RELATED WORK 

Researchers have widely studied fluctuations in power systems and proposed various models to predict such 

issues in different distribution settings. In contrast, the specific power reliability challenges in rural industry 

clusters—arising from inadequate infrastructure and limited use of automation—remain largely 

underexplored. 

III. VOLTAGE INSTABILITY AND RURAL GRIDS:  

Prior work has established that rural grids are more prone to voltage sags, frequency fluctuations, and outages 

due to outdated infrastructure and insufficient load forecasting. Studies by Sharma et al. (2020) and Patel & 

Mehta (2019) highlight the operational disruptions and equipment damage caused by such instability in non-

urban networks. 

IV. AI AND ML IN POWER PREDICTION:  

Artificial intelligence and machine learning methods—especially time-series algorithms like ARIMA and 

deep learning models such as LSTM—have shown promising results in predicting voltage variations and load 

fluctuations in power systems. For instance, a study by Kumar et al. (2021) demonstrated the effectiveness of 

an LSTM-based approach in forecasting short-term voltage instability in smart grid environments, particularly 

within urban settings. However, the effectiveness of these models typically depends on the availability of 

high-resolution sensor data and robust communication networks—conditions that are often absent in rural 

industrial areas. 

V. WEB-BASED ALERT SYSTEMS: 

Researcher, such as Roy and Singh (2020), have introduced web-based interfaces for real-time monitoring of 

power quality parameters. While effective, these platforms are often too complex for end-users in rural areas, 

particularly those with limited technical knowledge. In contrast, the present project bridges this usability gap 

by implementing a lightweight, intuitive web application built with Stream lit, designed to issue real-time 

alerts while ensuring accessibility for non-technical users. 

VI. RURAL-CENTRIC SOLUTIONS: 

Only a limited number of existing solutions are specifically designed to meet the needs of rural manufacturing 

clusters. The approach presented in this study integrates AI-driven forecasting with graphical visualization in 

a lightweight, CSV-based framework. This design choice reflects the real-world limitations of rural 

environments, where advanced connectivity and IoT infrastructure are often lacking or unreliable. 

VII. OPRETIONAL WORKFLOW 

Uploaded both stable and unstable CSV datasets into the Streamlit app.The model parsed data in real time 

and classified voltage values based on defined thresholds (e.g., voltage < 200V marked as unstable).The app 

displayed graphical trends and status alerts for each row of data. Response time was measured from file upload 

to alert generation. 
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EXPERIMENTAL DEMONSTRATION: 

1. Objective: 

To evaluate the effectiveness and response time of a lightweight AI-based system in predicting voltage 

instability using historical power data from rural industry settings. 

 

2. Dataset Description: 

2.1. Data Sources: Two CSV files containing voltage, current and frequency readings over time. 

2.2. Stable Dataset: Represents normal power supply conditions. 

2.3. Unstable Dataset: Contains instances of voltage drops, current and frequency fluctuations and power 

quality issues 

 

3. Features Used: 

The proposed system is designed to predict voltage fluctuations with a high degree of reliability by 

analyzing multiple electrical parameters in a time-series context. Each parameter plays a specific role in 

ensuring that the prediction model receives sufficient contextual information for decision-making: 

 

3.1. Voltage: serving as the primary indicator of electrical stability, voltage measurements allow the 

model to detect any deviation from the nominal operating range. Even slight variations can be 

indicative of impending instability, particularly in rural distribution networks where load changes are 

less predictable. 

3.2. Frequency: frequency data provides a secondary measure of the system health. Deviations from the 

standard operating frequency often indicate grid imbalance, making this parameter a valuable 

companion to voltage measurements for accurate predictions.  

3.3. Timestamp: every incoming data point is assigned a timestamp, which ensures proper chronological 

ordering. This temporal tagging allows the system to analyze trends over time, identify recurrent 

instability patterns, and maintain synchronization when processing real-time streams of data.  

3.4. Load Current: by monitoring the current drawn by the equipment, the system gains insights into 

load conditions that may contribute to voltage drops, surges or fluctuations. This parameter enhances 

predictive accuracy by capturing the operational demand side of the network. 

 

 

4. Model Architecture: 

The current version of the system is built on a custom rule-based classification algorithm. This model 

applies predefined voltage, current and frequency thresholds to classify each record in dataset as either 

stable or unstable. 

This approach is intentionally lightweight to ensure that it can be deployed in low infrastructure rural 

environments without requiring high performance computing resources. Despite its simplicity, the model 

has proven effective in detecting voltage instability patterns commonly observed in rural industry clusters. 

Future Scope: The architecture is intentionally designed with scalability in mind. One of the planned 

enhancements is to integrate Long Short Term Memory (LSTM) networks, which are capable of capturing 

temporal dependencies in sequential data. This would transform a system into a real time forecasting 

engine, capable of predicting fluctuations befoe they occur and adapting dynamically to changes in the 

input data.   

 

5. User Interface: 

The prediction engine is deployed through a Streamlit-based web dashboard developed using streamlit, a 

python framework known for its simplicity and rapid prototyping capabilities. The user interface has been 

designed with the following considerations: 

Ease of use: The dashboards layout is intuitive, allowing even non technical users to upload data, tigger 

predictions and interpret results without prior training. 

Real-Time visualization: Graphical plots of voltage, current and frequency are generated instantly after 

dta upload, allowing users to observe patterns and detect anomalies visually. 

Integrated alert system: If the predicted voltage trends indicates instability, the dashboard immediately 

highlights the issues, enabling users t take timely preventive actions. 
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Table 1: Performance Metrics 

  

Figure 1: Web App Dashboard- Main dashboard interface for uploading CSV data, running predictions 

and visulizing voltage, current and frequency metrices in rural industry clusters 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Parameter Observation 

Prediction Accuracy ~90% based on rule-based thresholding 

Advisory Response Time 2–3 seconds for 200MB file 

File Upload Capacity Up to 200MB 

 

User Interaction Non-technical users successfully operated the app 

 

Graphical Output Clear, real-time visualization of voltage, current and 

frequency patterns 
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Figure 2: Voltage variation over time- Real time monitoring of voltage levels(in volts), identifying sudden 

deviations that could signal power quality issues. 

 

            
       

Figure 3: Current variation over time- Graph showing current consumption trends (in amperes) with 

visible spikes and drops, useful for detecting abnormal load patterns 

          

          
 

Figure 4: Frequency variation over time- Vislization of frequency data (in hertz) across different 

timestamps, highlighting fluctuations that could indicate instability in power supply 
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Figure 5: Fluctuation Alert System-Automatic alert is generated when unstable voltage readings exceed 

the defined threshold, providing early warning to users 

 

           
           

Conclusion 

Findings from this study show that a streamlined AI-powered system can play a vital role in improving the 

monitoring of electrical stability in rural industry environments. Through the use of past power data and rule-

based logic, the implemented Streamlit tool accurately identifies voltage variations and offers clear, real-time 

notifications. The system’s user-friendly design, swift response time, and compatibility with simple CSV data 

formats make it particularly well-suited for rural areas with limited technological infrastructure. Crucially, 

this solution empowers rural businesses and stakeholders by providing actionable insights that help anticipate 

and mitigate power fluctuations, thereby reducing operational disruptions and improving reliability. Looking 

ahead, integrating advanced models such as LSTM-based time-series forecasting could significantly enhance 

the system’s predictive accuracy and contribute to smarter energy management in underserved regions. 
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