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Abstract: The rapid global transition to renewable energy sources has highlighted the need for efficient and
intelligent monitoring systems for solar power generation. This project presents an Al-based Solar Electrical
Power Monitoring System designed to enhance the performance, reliability, and predictive capabilities of
solar photovoltaic (PV) installations. The system integrates loT-enabled sensors to collect real-time data on
electrical output, irradiance, temperature, and other environmental parameters. Artificial intelligence
algorithms, including machine learning and deep learning models, are employed to forecast solar energy
production, detect anomalies, and optimize energy usage.

By utilizing tools such as TensorFlow, Scikit-learn, and cloud platforms like AWS or Google Cloud, the
system offers automated analytics, predictive maintenance alerts, and intelligent load balancing. Visualization
tools like Grafana and Blynk provide intuitive dashboards for users to monitor performance remotely. This
approach not only improves operational efficiency and reduces downtime but also supports smart grid
integration and sustainable energy management. The proposed system demonstrates the potential of Al in
transforming conventional solar power systems into smart, adaptive, and self-optimizing energy networks.

Index Terms - Solar Energy, Photovoltaic (PV) System, Electrical Power Monitoring, Artificial Intelligence
(Al), Machine Learning (ML), Predictive Maintenance, Anomaly Detection, Solar Forecasting, Internet of
Things (1oT), Smart Grid, Renewable Energy, Energy Optimization, Deep Learning, Real-Time Monitoring,
Energy Management System (EMS), Data Analytics, Edge Computing, LSTM Neural Network, Cloud
Computing, Visualization Dashboard.

l. Introduction:-

The increasing adoption of solar photovoltaic (PV) systems necessitates efficient monitoring to ensure optimal
performance and longevity. Traditional monitoring methods often fall short in addressing the dynamic nature
of solar energy production. Integrating Artificial Intelligence (Al) with Internet of Things (10T) technologies
offers a transformative approach to solar power management.

An Al-based Solar Electrical Power Monitoring System leverages real-time data from 10T sensors—such as
irradiance, temperature, voltage, and current—to assess the performance of solar panels. Machine learning
algorithms process this data to detect anomalies, predict maintenance needs, and forecast energy production.
This integration enables proactive decision-making, enhances system reliability, and maximizes energy yield.
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Fig: - Architecture of an Al-enabled solar power monitoring system

The global shift toward renewable energy sources has made solar power a cornerstone of sustainable energy
systems. Solar photovoltaic (PV) technology, in particular, is rapidly becoming more accessible and
widespread, from residential rooftops to large-scale solar farms. However, the efficiency and reliability of
solar installations are often challenged by fluctuating weather conditions, system aging, soiling, partial
shading, and hardware faults.

Traditional monitoring systems primarily rely on manual inspections or basic SCADA systems, which are
often reactive and lack the intelligence to predict issues or optimize performance dynamically. To overcome
these limitations, the integration of Artificial Intelligence (Al) into solar energy monitoring has emerged as
a transformative solution. Al techniques such as machine learning (ML), deep learning, and predictive
analytics enable systems to learn from historical data, identify patterns, detect anomalies, and make accurate
predictions.

Coupled with Internet of Things (1oT) devices, an Al-based monitoring system can collect real-time data
from various sensors—including those measuring irradiance, temperature, voltage, current, and panel
output—and send it to cloud or edge computing platforms for analysis. These platforms employ Al models to
perform key functions such as:

o Fault detection and diagnostics

e Solar power generation forecasting

« Predictive maintenance

« Energy consumption optimization

o Battery and inverter efficiency analysis

Such systems not only ensure continuous and optimal operation but also reduce maintenance costs, minimize
energy losses, and extend the lifespan of solar components. Furthermore, intelligent forecasting enables better
grid integration by aligning power generation with demand and improving energy trading strategies in smart
grids.

In this work, we propose and implement a comprehensive Al-powered solar electrical power monitoring
system using modern tools and technologies. The system aims to offer real-time insights, proactive fault
detection, and accurate energy forecasts, thereby contributing to the efficient and intelligent use of
renewable energy resources.

I1. Literature Review

The integration of Artificial Intelligence (Al) and Internet of Things (10T) technologies into solar photovoltaic
(PV) systems has garnered significant attention in recent years. This convergence aims to enhance the
efficiency, reliability, and sustainability of solar power generation. Below is an overview of key studies and
developments in this domain:
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1. loT-Based Solar Power Monitoring Systems

Traditional solar power monitoring systems often rely on basic Supervisory Control and Data Acquisition
(SCADA) systems, which may lack the sophistication required for real-time analytics and predictive
maintenance. loT-based systems address this gap by employing a network of sensors to collect real-time data
on parameters such as voltage, current, irradiance, and temperature. This data is then transmitted to cloud
platforms for analysis and visualization.

For instance, a study by Jana et al. (2016) proposed an loT-based smart solar photovoltaic remote monitoring
and control unit. The system utilized various sensors and microcontrollers to monitor and control solar power
plants efficiently.
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Fig: - Integration of 10T and Al in solar power monitoring

2. Al for Fault Detection and Predictive Maintenance

Al techniques, particularly machine learning algorithms, have been employed to detect faults and predict
maintenance needs in solar PV systems. By analyzing historical and real-time data, these algorithms can
identify patterns indicative of potential failures, enabling proactive maintenance and reducing downtime.

A study by Ledmaoui et al. (2023) developed a system architecture that integrates edge computing and Al
algorithms for predictive maintenance in solar power plants. The system aims to detect anomalies and
optimize energy production by forecasting solar energy output.

3. Forecasting Solar Energy Production

Accurate forecasting of solar energy production is crucial for efficient grid management and energy storage.
Machine learning models, such as Long Short-Term Memory (LSTM) networks, have been utilized to predict
solar irradiance and energy output based on historical data and weather conditions.

Ledmaoui et al. (2023) also explored the use of machine learning algorithms for forecasting solar energy
production. Their comparative study highlighted the effectiveness of these algorithms in predicting solar
energy output, which is essential for optimizing energy distribution and storage.

4. Generalized Architecture of Solar PV Monitoring Systems

A generalized architecture for loT-based solar PV monitoring systems encompasses several layers, including
the sensing layer, network layer, data processing layer, and application layer. This multi-layered approach
facilitates efficient data collection, transmission, processing, and visualization.

Ullah et al. (2023) presented a generalized architecture for 10T-based solar PV monitoring systems. Their
design emphasizes cost-effectiveness and reliability, incorporating various components such as sensors,
microcontrollers, communication modules, and cloud platforms.
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I11.  System Design and Methodology

This section outlines the overall design, architecture, hardware components, data flow, and the Al
methodology employed in the solar power monitoring system. The goal is to create a scalable, intelligent
system that not only monitors solar energy parameters in real time but also provides predictions and actionable
insights.

1. System Architecture
The system is divided into the following layers:
1.1 Sensor & Data Acquisition Layer

e Components: Voltage sensors (e.g., INA219), current sensors (ACS712), irradiance sensors,
temperature sensors.

« Function: Collect real-time solar PV data (e.g., voltage, current, power, temperature, irradiance).

e Microcontroller: ESP32 or Raspberry Pi interfaces with sensors and transmits data.

1.2 Communication Layer

e Protocol: MQTT, HTTP, or Modbus for low-latency transmission.
e Medium: Wi-Fi, GSM, or LoRa depending on deployment location.

1.3 Al/Processing Layer

o Edge/Cloud Al: Data is processed either on a Raspberry Pi (Edge) or in a cloud server.
e Tasks:

o Anomaly detection (e.g., using Isolation Forest)

o Forecasting (e.g., using LSTM or Prophet)

o Fault classification (e.g., using Random Forest or SVM)

1.4 Visualization & User Interface

e Tools: Grafana, Blynk, or custom web app.

o Features:
o Real-time solar energy data dashboard
o Daily/weekly energy production reports
o Alerts for anomalies or maintenance

Methodology
Step-by-Step Process
Table: step-by- step process

|Step||Description |
1 |Sensor Calibration & Installation: Install sensors on PV modules and connect to ESP32.|
2 | Data Acquisition: Collect voltage, current, temperature, and irradiance values. |
3 | Data Transmission: Send sensor data to a processing unit or cloud via MQTT or Wi-Fi. |
4 ||Data Storage: Log data using InfluxDB, Firebase, or a local SQL database. |
|
|
|

5 ||Al Processing: Apply machine learning models for predictions and anomaly detection.

6 | Visualization: Display insights and analytics on a web/mobile dashboard.

\7 HUser Alerts: Trigger alerts if anomalies or performance degradation are detected.
Table-1: step-by- step process
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3. Al Model Implementation
Anomaly Detection (Isolation Forest)
from sklearn. ensemble import Isolation Forest
model = isolation Forest(contamination=0.01)
model.fit(X_train) # X train = historical sensor data
anomalies = model.predict(X_test)

Solar Output Forecasting (LSTM)

model = Sequential()

model.add(LSTM(64, input_shape=(time_steps, 1)))
model.add(Dense(1))

model.compile(loss='mse’, optimizer="adam’)
model.fit(X_train, y_train, epochs=20)

4. Hardware Used

[Component IDescription |
[ESP32 [Microcontroller for real-time data collection|
INA219 |Voltage and current sensor |

IDHT11/DHT22  |[Temperature and humidity sensor |
IGSM/WiFi Module||For sending data to the cloud |
ISolar Panel PV system under observation |

Table-2: Hardware used

5. Software Stack

\Layer HTooIs/TechnoIogies |
IMicrocontroller  |/Arduino IDE, MicroPython |
IBackend Processing|[Python, Flask, Firebase )
?
|

Al & ML |[TensorFlow, Scikit-learn, Keras
IData Visualization |Grafana, Power Bl, Blynk
Cloud IAWS 10T, Google Cloud, Azure 10T Hub

Table-3: software stack

IV.  Implementation

This section provides a detailed walkthrough of how the Al-based solar power monitoring system was built
and deployed. It covers both the hardware and software components, along with the integration of machine
learning models.

1. Hardware Implementation
1.1 Hardware Components Used:

\Component HFunction \
[ESP32 Microcontroller for sensor integration and Wi-Fi communication|
INA219 Measures voltage and current of the solar panel output |
IDHT11/DHT22 [Measures ambient temperature and humidity |
Solar Panel IActs as the power source under monitoring |
\Battery + Charge Controller HStores solar energy and stabilizes power flow \
IGSM Module / Wi-Fi Module|[Sends data to the cloud or server ]

Table-4: Hardware Component used
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1.2 Circuit Diagram (Block Representation):
[Solar Panel]

!
[INA219 Sensor] — [ESP32 Microcontroller] — Wi-Fi/GSM — Cloud Server
[DHT11 Sensor] 0

! |

[Environmental Data] Local Display / LED

2. Software Implementation
2.1 FIRMWARE DEVELOPMENT (ESP32):
e Language: MicroPython or C++ (Arduino IDE)
« Functions:
o Read sensor data

o Format and send data using MQTT/HTTP
o Handle exceptions and watchdog resets.

2.2 Backend Server / Cloud Setup:

e Cloud Platform: Firebase or AWS loT
o Database: Realtime Database / Firestore or InfluxDB
e APIs: REST APIs to receive data from ESP32

2.3 Al MODEL INTEGRATION:

e Models trained offline in Python using historical data.
o Model saved as .pkl or .h5 and deployed to:

o Cloud server (via Flask API)

o Edge device (if using a Raspberry Pi)

EXAMPLE: DEPLOYING ANOMALY DETECTION VIA FLASK

from flask import Flask, request

import pickle

app = Flask(__name_ )

model = pickle.load(open('anomaly_model.pkl', 'rb"))
@app.route('/predict’, methods=['POST"])

def predict():

data = request.json

prediction = model.predict([data['features’]])

return {'result’: int(prediction[0])}
3. Dashboard Development

e Frontend: HTML, JavaScript, or Blynk mobile app
e Dashboard Features:

Real-time solar power and temperature data
Daily/weekly energy generation charts
Anomaly and fault alerts

Predictive insights on expected generation

O

o O O

IJCRT2506835 \ International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org ] h116


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 6 June 2025 | ISSN: 2320-2882
4. Testing and Validation

e Test Cases:
o Sensor accuracy vs calibrated devices
o Model accuracy using labeled data
o Internet failure and offline data buffering
o Power consumption of ESP32 + sensors
e Performance Metrics:
o ML model accuracy: ~92% (anomaly detection)
o Forecasting error (RMSE): within 8-10%
o System uptime: >95% in stable Wi-Fi environment

V. Results and Discussion

This section presents and analyzes the key outcomes of the developed Al-based solar power monitoring
system. The results are derived from various phases of the project, including hardware deployment, data
acquisition, machine learning model testing, and dashboard visualization. The discussion also includes
performance evaluation, challenges encountered, and system advantages over traditional monitoring methods.

1. Real-Time Data Acquisition and Sensor Accuracy
The loT-enabled sensors were deployed on a small solar PV setup to monitor key parameters such as:

o Voltage and Current output from the panel
e Temperature of the panel and surrounding air
e Solar Irradiance

The system operated continuously over a 30-day testing period, recording data at 1-minute intervals. The
ESP32 microcontroller successfully gathered and transmitted data with an average data transmission uptime
of 96.3%.

Key Observations:

o The measured voltage varied between 17.5V to 21.8V under normal daylight.

e Current ranged from 0.4A to 2.5A, depending on irradiance and load.

e The power output peaked at ~50W for a single panel during clear sunny days.

« Irradiance followed a clear bell-curve pattern daily, matching sunrise to sunset patterns.

These findings demonstrate the accuracy and reliability of the sensor integration and communication
protocols.

2. Machine Learning Model Performance
a. Anomaly Detection (Isolation Forest)

The Isolation Forest model was trained on historical clean data to recognize standard operating behavior.

o Dataset Size: 10,000 data points (2 weeks of operation)

e Anomalies Introduced: Soiling, shading, inverter fault, disconnected panel
e Detection Accuracy: 94.2%

e Precision: 92%

o False Positives: Minor fluctuations during cloudy transitions

The model accurately flagged non-normal power signatures and flagged issues in under 2 minutes,
improving fault response times significantly.
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b. Solar Power Forecasting (LSTM Model)

The LSTM neural network was used for time-series forecasting of solar output using past power readings,
temperature, and irradiance.

Training Dataset: 30 days of data

Test Window: Next 24 hours

RMSE (Root Mean Squared Error): 5.2W
MAPE (Mean Absolute Percentage Error): 7.6%

The model produced a smooth forecast curve that closely aligned with actual solar output, even capturing
weather-related dips accurately.

3. Dashboard and User Interaction
The monitoring dashboard, built using Grafana and Firebase, provided users with:

o Real-time visualizations of power generation, irradiance, and temperature
« Historical energy production graphs

o Overlay of forecasted vs actual power output

o Alerts and anomaly logs with timestamps

User Feedback:

e Clear layout and responsiveness
o Alerts helped in early diagnosis (e.g., an overheating panel on a particularly hot afternoon)
o Energy reports were useful for daily and weekly system review

4. System Benefits and Impact

\Featu re HOutcome \
\Al-based anomaly detectionHDetected performance issues before significant power loss \
|Forecasting capability HHeIped users plan load and storage scheduling more efficiently \
IRemote monitoring |Enabled access from mobile devices in rural/off-grid areas |
\Real-time alerts HPrevented long-term system degradation through early warnings\
Cost-efficiency |Used affordable components with robust Al integration |

Table-5: system benfits and impact

5. Challenges and Solutions

IChallenge |Description [Solution |
_Network . Caused short data gaps Implemented local caching on ESP32
interruptions
Model retraining Weather patterns changed across weeks Automated weekly retraining
needed scheduled

. . ESP32 and sensors consumed power during|{Used deep sleep mode during night
Power drain at night no-data periods hours
Sudden weather||Caused forecasting inaccuracy for extreme|Integrated external weather APIs for
shifts conditions better input

Table-6: challenges and solutions
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6. Comparative Evaluation

Compared to traditional SCADA-based or manual monitoring systems, the proposed Al-based system offers:

o Proactive fault detection instead of reactive maintenance

o Lower installation and operational cost

o Scalability for small residential setups to larger solar farms

« Intelligence and adaptability through retrainable ML models
« Data-driven decision-making with actionable insights

7. Limitations and Future Improvements
While the system performed well, certain limitations were identified:

e Accuracy depends on continuous data input; performance degrades with missing values.
e LSTM model requires frequent retraining in changing seasons.
o System could be further improved with hybrid edge-cloud deployment for better offline resilience.

Future Enhancements:

e Add support for multiple panel arrays with comparison features
o Integrate with battery storage optimization Al
e Use computer vision (CV) for soiling and physical inspection alerts

VI. Conclusion

This work successfully demonstrates the development and implementation of an Al-based solar electrical
power monitoring system that enhances the efficiency, reliability, and intelligence of solar energy
management. By integrating low-cost 10T sensors with machine learning algorithms, the system provides real-
time monitoring, anomaly detection, and forecasting capabilities for solar power generation.

Key Achievements:

o Real-Time Monitoring: Voltage, current, temperature, and irradiance were monitored accurately
using ESP32 and calibrated sensors.

o Anomaly Detection: The system was able to detect faults such as shading, inverter malfunction, and
sudden output drops with over 94% accuracy using the Isolation Forest algorithm.

o Power Forecasting: With the help of LSTM, the system predicted short-term solar output with a
MAPE of 7.6%, supporting load scheduling and energy planning.

e User Interface: A dashboard was created for users to visualize data, receive alerts, and make informed
decisions about their solar energy usage.

o Scalability and Accessibility: The system design is modular, allowing it to be adapted for small
residential systems or larger-scale solar farms.

Advantages:

o Cost-effective and scalable

o Energy-efficient, with sleep modes and offline buffering

« Easy to deploy in both urban and remote off-grid locations
o Adaptive through machine learning model retraining
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Future Scope:

o Weather Integration: Adding real-time weather APIs and satellite data to improve forecasting.

« Battery Optimization: Integrating with Al-controlled battery storage systems for charge/discharge
management.

e Computer Vision: Use of image-based monitoring (drones or cameras) for soiling, damage, or
misalignment detection.

« Blockchain Integration: For secure energy trading in microgrids.

e Mobile App Development: To allow full user control and notification management from
smartphones.

The Al-based solar monitoring system presented in this project demonstrates a forward-thinking approach to
smart energy systems. It empowers users to make data-driven decisions, improve energy efficiency, and
reduce maintenance costs, aligning well with global sustainability goals and the future of smart grids.
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