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Abstract- Accurate forecasting of solar energy
generation is crucial for the success of large-scale renewable
energy facilities, as it depends on evolving weather
conditions. This study presents a hybrid model that
leverages both machine learning and statistical techniques
to predict solar power output. By integrating climate
principles with ML algorithms, the proposed approach
enhances forecasting accuracy. Additionally, the system
incorporates NodeMCU for IoT-based communication, along
with components such as an LDR (Light Dependent
Resistor), rain sensor, alarm controller, and solar panel for
energy generation. This research focuses on implementing
ML models using real weather data to optimize the efficiency
and reliability of solar energy utilization.
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1 INTRODUCTION

Solar energy is a essential renewable energy source that
contributes significantly to the global energy mix. However,
distance due to weather conditions is a challenge for
integration into the existing power grid. Accurate
forecasting of solar power generation can lead to better
grid management and more efficient use of energy. This
research focuses on developing a forecasting system using
ML algorithms that uses real weather data received from
sensors to forecast solar energy production. By integrating
IoT devices such as NodeMCU with sensors and rain
sensors such as LDR, the system aims to create a reliable
and accurate forecast model. Machine learning approaches
have become more popular in recent decades in many
companies where data-related challenges are common.
Machine learning covers many areas, including data
mining, optimization and artificial intelligence, to name a
few of the more popular ones. Machine learning
approaches attempt to find relationships between input
data and output data, whether or not they use
mathematical models. After training with the training
database, the predictive input data can be fed into a well-
trained machine learning model, which can then make
predictions.

2 LITERATURE SURVEY

Tiwari et al. (2018) The paper addresses the challenge
of short-term solar irradiance forecasting using Numerical
Weather Prediction (NWP). The authors propose a
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Gradient Boost Regression model to enhance forecast
accuracy. The model leverages weather data to predict
solar energy generation. Results show improved short-
term predictions over traditional methods. The study
highlights the effectiveness of machine learning in solar
forecasting. Singhal et al. (2022) This study focuses on
improving solar power prediction accuracy using weather
forecast data. The authors introduce a machine learning-
based framework, "Solar-Cast,” for precise forecasting.
Various algorithms, including ensemble models, are
explored for better performance. The results indicate
significant accuracy improvements in solar energy
prediction. The approach is validated on real-world
datasets. Fraccanabbia et al. (2020) The paper tackles the
issue of unreliable solar power forecasting due to weather
variability. The authors employ ensemble learning
techniques to enhance predictive accuracy. The proposed
model integrates multiple machine learning methods to
improve robustness. Experimental results show superior
performance compared to individual models. The study
highlights ensemble learning’s potential in renewable
energy forecasting. Rusina et al. (2023) The study
examines day-ahead solar power forecasting for Mongolia’s
power system. An ensemble machine learning approach is
developed to improve accuracy. The model combines
different regression techniques for better performance.
Results demonstrate enhanced forecasting precision
compared to conventional models. The approach is
applicable in power grid planning. Abdellatif et al. (2022)
This paper focuses on forecasting solar photovoltaic (PV)
power output using ensemble learning. Various machine
learning methods are compared for polycrystalline panel-
based predictions. The proposed model effectively
captures solar power variations. Results show reduced
forecast errors compared to traditional approaches. The
study provides insights into optimizing PV power
predictions. Chen & Koprinska (2020) The research
explores the application of ensemble methods for solar
power forecasting. The study integrates different machine
learning models to improve predictive performance. The
ensemble model achieves better accuracy compared to
standalone models. Results highlight the effectiveness of
combining diverse algorithms. The approach enhances
solar power reliability for grid management. Nayak &
Heistrene (2020) The paper addresses inaccuracies in solar
power prediction using hybrid models. A hybrid machine
learning approach combining multiple techniques is
proposed. The model enhances accuracy by leveraging
different predictive strengths. Performance evaluations
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show significant improvements over traditional methods.
The study emphasizes the potential of hybrid models in
energy forecasting. Wen et al. (2021) The paper
investigates interval prediction of solar power in shipboard
power systems. A hybrid ensemble model is introduced to
handle uncertainties in power generation. The approach
improves reliability by accounting for prediction intervals.
Results show superior accuracy in maritime solar
forecasting. The study provides valuable insights for
onboard energy management. Su et al. (2020) The study
proposes adaptive residual compensation ensemble
models for solar forecasting. The goal is to reduce
forecasting errors by optimizing ensemble learning. The
model dynamically adjusts based on historical prediction
errors. Results indicate significant improvements in
forecasting accuracy. The approach enhances reliability in
solar energy prediction.Wu & Wang (2021) The paper
focuses on improving solar and wind power forecasting
using ensemble neural networks. Variational Mode
Decomposition and an improved Sparrow Search
Algorithm are employed. The hybrid approach enhances
feature extraction and optimization. Experimental results
show increased forecasting accuracy. The study
demonstrates the effectiveness of advanced neural
network techniques. Abuella & Chowdhury (2017) The
research examines hourly probabilistic forecasting of solar
power. A probabilistic model is introduced to handle solar
generation uncertainties. The approach provides
confidence intervals for energy predictions. Results
demonstrate improved reliability over deterministic
models. The study contributes to risk-aware power grid
operations. Lin (2023) The paper applies evolutionary
algorithms to optimize hyperparameters for solar power
prediction models. The approach automates
hyperparameter selection for better accuracy. The
optimized model outperforms traditional tuning methods.
Results indicate enhanced forecasting reliability. The study
underscores the importance of optimization in energy
forecasting. Li et al. (2021) The study explores artificial
intelligence techniques for forecasting solar energy
generation and household load. A machine learning
framework is developed to predict both solar power output
and energy consumption. The proposed model improves
demand-supply balance in smart grids. Results
demonstrate enhanced prediction accuracy. The study
highlights Al's role in energy management. Sun et al.
(2022) The paper presents a dynamic model ensemble
approach for solar energy forecasting. The model adapts
dynamically to changing weather conditions. The approach
integrates multiple learning algorithms to improve
robustness. Results show better forecasting accuracy
compared to static models. The study emphasizes
adaptability in renewable energy predictions. Liu et al.
(2023) This study introduces a novel stacking collaborative
technique for day-ahead photovoltaic (PV) power
forecasting. The model combines different machine
learning techniques for enhanced accuracy. The approach

reduces forecast uncertainty and improves decision-
making for grid operators. Results validate the model’s
superior predictive performance. The study provides
insights into effective PV power forecasting techniques.
May et al. (2006) The research focuses on composing
complex biological workflows through web services. A
structure prediction pipeline is proposed for molecular
analysis. The approach integrates multiple computational
tools for sequence alignment. Results demonstrate
improved efficiency in biological data processing. The
study highlights the role of distributed computing in
bioinformatics. Foster & Kesselman (1999) The paper
introduces a framework for distributed computing
infrastructure, "The Grid." The proposed architecture
enables resource sharing across multiple computing nodes.
The study discusses scalability, performance, and security
aspects. Results demonstrate enhanced computational
efficiency. The research lays the foundation for modern
cloud and grid computing. Czajkowski et al. (2001) The
study examines grid information services for distributed
resource sharing. A novel architecture is proposed to
manage distributed computing environments. The system
enhances data discovery and resource allocation. Results
indicate improved efficiency in high-performance
computing. The study contributes to the evolution of grid-
based systems. Foster et al. (2002) This paper presents the
Open Grid Services Architecture (OGSA) for integrating
distributed systems. The framework standardizes
resource-sharing mechanisms in grid computing. The
approach improves interoperability and scalability. Results
show enhanced system integration and performance. The
study forms the basis of modern distributed computing

architectures.
3 PROPOSED MODEL
31 Methodology

We first conducted a literature review and theoretical
research within the Short-Term Irradiance Forecast Using
Numerical Weather Prediction. We then analyzed the
challenges and develop effective approaches to implement
such solar power generation forecasting systems. Then we
connect components like ESP8266 and some sensors. We
developed this model to identify constraints and
conditions to analyze the weather conditions.
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Literature Review and Existing Theory Investigation on Solar power generation
forecasting through Machine Learning.

1

Aspects and difficulties faced and analyzing them.

1

Development of an effective approach for implementation and need of such

Solar power generation forecasting System.

1

Integration of components (ESP8266 and Sensors)

1

Setting up constraints and conditions to analyze the weather conditions.

1

Implementation of the scenario using hardware and analyzing the obtained
data in the software.

Fig. 1. The methodology utilized in an existing model.

Solar power generation forecasting prototype is a working
model or early version of a system developed to predict
the weather conditions. The prototype uses sensors like a
rain sensor to detect rainfall and an LDR to measure light
levels.. These sensors are attached to the ESP8266, often
to collect the weather data. The Solar panel is used to
predict amount of solar power that is produced at that
time. The prototype is used to collect weather data and
store the data in the form of weather dataset for further
analysis using software. This interface allows users to
analyze the weather data using software. The data
obtained by the hardware components is analyzed using
the Jupyter Software. The Solar power generation
forecasting prototype is a functional model that integrates
hardware, data processing, machine learning algorithms
and user interface to demonstrate the concept of solar
power generation forecasting using machine learning
models.

3.2 Comparative Analysis

Parameters Existed Model | Proposed Model

Accuracy Less Accurate More Accurate Data.
Data.

Algorithm IANN,CNN,etc. Random

Forest,SVM,etc.

Hardware No Hardware Solar-Panel, Rain

Requirements [Used. Sensor, etc.

Functionality | Software Hardware, Software

Table 1: Comparing the existing model with the proposed model.

4 BLOCK DiAGRAM

SOLAR PANEL

]

ESP8266

LDR BUZZER

H RAIN SENSOR

Fig. 2. The schematic representation of the proposed
system in a block diagram.

4.1 NodeMCU ESP8266

A general-purpose input/output (GPIO) is a pin on an IC
(Integrated Circuit). It can be an input pin or an output pin
whose behavior can be controlled. The ESP8266 is a
friendly and inexpensive device to provide Internet
connectivity to your project. This module can be used as an
access point (can create a hotspot) and a station (can
connect to Wi-Fi), so it can receive data easily and transfer
it to the Internet as easily as possible. It can also retrieve
data from the web using an API, so your project can access
data on the web and become smarter. Another exciting
feature of this module is that it can be programmed using
the Arduino IDE, which makes it more user-friendly.
However, this version of the module only has 2 GPIO pins
(you can use up to 4), so you have to use it in conjunction
with another microcontroller, such as Arduino, or more
independently ESP-12 or ESP- 32. You can see in the
version. So, if you are looking for a module to start using
IOT or internet connectivity for your project, this module is
the right choice for you.

4.2 Solar Panel

A solar panel is a device used to absorb sunlight and
convert it into electricity or heat. Solar energy starts with
the sun. Solar panels (also known as "PV panels") are used
to convert sunlight into energy particles called "photons”
into electricity that can be used to power an electrical load.
Solar panels can be used for a variety of applications,
including cabins, telecommunications equipment, remote
sensing, and of course remote power systems for
residential and commercial solar power generation. A solar
panel is actually a collection of solar cells (or cells) that can
be used to generate electricity through the photovoltaic
effect. These cells are arranged in a cell-like pattern on top
of the solar panel. Therefore, it can also be described. As a
collection of photovoltaic modules installed in a supporting
structure. Photovoltaic modules (PV), 6 x 10-day cells filled
and connected.
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4.3 Buzzer

A buzzer or buzzer is an audio signaling device that can be
mechanical, electromechanical, or piezoelectric (piezo for
short). Common uses of buzzers and sounds include alarm
devices, timers, and confirming user input such as clicking
a mouse or pressing a button. Buzzer is a small but
effective component to add sound features to our
project/system. This 2-pin structure is very small and
compact, so it can easily be used on breadboards, smart
boards, and even PCBs that are widely used in many
electronic applications. There are usually two types. The
simple buzzer shown here will emit a continuous sound
when activated, another version called a tin buzzer will
appear larger and produce a "sound". Noise due to internal
oscillation circuit. However, the one shown here has more
uses, as it can be easily configured with other circuits to
suit our application. This boiler can be powered by a
variable DC power supply from 4V to 9V. A simple 9V
battery can also be used, but a regulated +5V or +6V DC
supply is recommended. The buzzer is usually connected
to a switching circuit so that it can be turned on or off as
needed.

4.3 LDR (Light Dependent Resistor)

LDR (Light Dependent Resistor), as the name suggests, is a
special type of resistor that works on the principle of
photoconductivity, resistance that changes according to
the intensity of light. Its resistance decreases with
increasing light intensity. Many times, we use light sensor,
light meter, automatic street light and light sensitivity
wherever needed. LDR is also known as light sensor. LDRs
generally come in 5mm, 8mm, 12mm and 25mm sizes.

4.4 Rain Sensor

A rain sensor is a type of switch device used to detect
rain. It works like a switch and the working principle of this
sensor is that when it rains, the switch is normally closed.
The rain sensor module/board is shown below. Basically,
these boards contain nickel-plated lines and work on the
principle of resistance. This sensor module allows you to
measure the humidity through an analog output point and
provide a digital output when the humidity exceeds the
limit.

5 SOFTWARE
5.1 Arduino IDE

The Arduino IDE  (Integrated Development
Environment) serves as a software platform dedicated to
programming and application development for Arduino
microcontrollers and compatible boards. It offers a user-
friendly interface for crafting, compiling, and uploading
code to manage diverse electronic projects. Arduino IDE
simplifies code programming and debugging, making it a

valuable tool for both writing and uploading code to
Arduino boards, such as the NodeMCU, via a PC or laptop
connection usinga data cable.

5.2 ThingSpeak

ThingSpeak is an open source IoT application and API
for storing and retrieving data from hardware devices and
sensors. It uses the HTTP protocol over the Internet or LAN
to communicate. MATLAB Analytics comes to analyze and
visualize data from your devices or sensor devices. We can
create a channel for each sensor data. These channels can
be set as private channels or you can share information
through public channels. Commercial features include
additional features. But we will use the free version for
educational purposes.

6 RESULTS

6.1 Working model
forecasting

of solar power generation

The "Leveraging Weather Insight for Solar Power
Generation Forecasting through ML" project has
developed a hybrid model for forecasting solar power
generation. The system uses machine learning algorithms
and statistical techniques to analyze real-time data from
IoT devices and sensors such as light dependent resistors
and rain sensors. This approach improves the accuracy
and reliability of solar energy forecasts. The system's
active warning system allows users to take corrective
action in case of discrepancies between predicted and
actual power output. Accurate forecasts also contribute to
better grid management and minimize solar intermittency.
This project demonstrates the potential of leveraging
weather insights for improved solar power generation
forecasting.

Fig. 3. Working Model of weather insights for solar power
generation
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6.2 Outputs

The output obtained by connecting the LDR and rain
sensor with the ESP8266 is shown in the ThingSpeak
Software and Serial monitoring window.

@ coms - O X

| Send

v

[A Autoscroll [ show tmestamp Neviine | |os00baud | | Clearoutput

Fig. 4. Solar power generation forecasting in serial
monitoring

[JThingSpeak™  Chaeres = spas = Devces~ Suppurt~

Fig. 5. Solar power generation forecasting in Thing Speak
software.

6.3 Simulation Results

Solar power generation forecasting through ML results
show the heat map of correlation using Jupyter software.

Fig. 6,7. Result of solar power generation forecasting
through ML

7 CONCLUSIONS AND FUTURE SCOPE

7.1 Conclusion

The above work demonstrated Using machine learning
(ML), the integration of weather insights to forecast solar
power generation with [oT devices such as NodeMCUs,
LDRs, rain sensors, buzzers, and solar panels offers a
significant opportunity to improve the efficiency and
reliability of renewable energy systems. The proposed
system provides a framework for using real weather data
to accurately predict solar energy production. Using
advanced ML algorithms, this system can account for the
impact of different weather conditions on solar panel
performance, thus providing more accurate predictions.
Through the development and implementation of this
system, it is clear that the use of IoT devices to collect data,
combined with ML algorithms, can lead to more reliable
and dynamic predictions of solar energy production. The
system's ability to generate alerts in the event of deviations
between estimated and actual energy production
contributes to better energy management by taking
proactive measures to resolve deviations.

7.2 Future Scope

Forecasting of solar output involves continuous
improvement and fine tuning of machine learning
algorithms by incorporating more diverse and
comprehensive data sets to achieve greater accuracy. To
improve the accuracy of this model, additional sensors
should be integrated to measure parameters such as
temperature, humidity and cloud cover, which provide a
more complete understanding of environmental
conditions. Cloud-based data processing for training
machine learning models and real-time data analysis
improves scalability and efficiency, especially when using
large databases. In addition, implementing predictive
maintenance algorithms using IoT sensors to monitor the
health and performance of solar panels can contribute to
the reliability and efficiency of solar energy systems,
preventing failures and optimizing power generation.
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