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Abstract

Solar energy has emerged as a promising alternative to fossil fuels for mitigating climate
change; however, efficient photovoltaic (PV) operation requires continuous monitoring
and accurate energy forecasting. This study proposes an intelligent IoT-based photovoltaic
monitoring and short-term energy prediction system integrating real-time sensing, solar
tracking, and machine learning techniques. A small-scale experimental prototype based on
a 10 W photovoltaic panel was implemented to collect real-time data, including voltage,
current, temperature, humidity, ultraviolet radiation, and dust accumulation during a
30-day monitoring period under outdoor conditions. The acquired data were transmitted
through an IoT architecture based on the Arduino Uno and ESP32, programmed using
Arduino IDE, and integrated with the Blynk cloud platform for real-time monitoring
and analysis. To evaluate predictive performance, Random Forest, XGBoost, and LSTM
models were trained and compared for photovoltaic energy forecasting. Experimental
results showed that XGBoost achieved the best predictive performance, obtaining the
lowest error values (MAE = 0.00077, RMSE = 0.001103) and the highest coefficient of
determination (R2 = 0.918), outperforming the other evaluated models. In addition, the
proposed system enabled effective remote monitoring and degradation analysis associated
with environmental conditions. The results demonstrate the potential of integrating IoT
and machine learning for accurate short-term photovoltaic energy forecasting in small-scale
experimental environments. Nevertheless, further long-term and large-scale validation is
required to evaluate system robustness under operating conditions.

Keywords: intelligent solar tracking; machine learning (ML); internet of things (IoT);
intelligent system; generation prediction; intelligent solar tracking

1. Introduction

Access to energy has become essential for supporting modern economic, industrial,
and social activities worldwide [1]. In the coming decades, global demand for energy gen-
eration, distribution, and consumption is expected to increase due to population growth,
industrial expansion, and technological development [2]. In response to growing envi-
ronmental concerns and the need to reduce greenhouse gas emissions, renewable energy
technologies have gained significant attention as sustainable alternatives to fossil fuels.
According to the International Energy Agency (IEA), global renewable energy capacity is
projected to increase by more than 60% between 2020 and 2026, with photovoltaic (PV)
energy expected to play a dominant role in future electricity generation systems [3-5].
Furthermore, the IEA Net Zero Emissions by 2050 report estimates that renewable energy
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sources will account for 90% of global electricity generation by 2050, with approximately
70% supplied by solar and wind energy [6]. Achieving this transition requires intelligent
and reliable infrastructures capable of supporting real-time monitoring, predictive analysis,
and efficient energy management in photovoltaic systems [7,8].

Despite the advantages of photovoltaic technology, PV systems are affected by several
operational and environmental factors that reduce their efficiency and long-term reliability.
Previous studies have reported annual degradation rates ranging from 0.5% to 2% due
to aging effects, environmental exposure, and operational stress [9]. In addition, dust
accumulation on photovoltaic panels has been identified as a major factor contributing to
performance degradation by reducing solar irradiance absorption and increasing operating
temperature [10]. Consequently, improving photovoltaic efficiency requires not only effi-
cient hardware configurations but also intelligent monitoring and predictive maintenance
strategies capable of identifying degradation patterns and optimizing energy generation.
Several studies have explored solar tracking systems as a mechanism for improving photo-
voltaic performance. Wen Lu [11] developed a sensor-based solar tracking system capable
of estimating the sun’s position and dynamically adjusting panel orientation to improve
energy capture efficiency. Similarly, an Arduino-based solar tracking prototype proposed
in [12] achieved an 18% increase in energy production compared to fixed photovoltaic
systems by maintaining perpendicular alignment between the panel and solar radiation.
Additional studies employing dual-axis solar trackers reported energy gains ranging from
30% to 60% compared with static installations [13-15]. Although these approaches demon-
strated improvements in energy harvesting efficiency, most studies primarily focused on
mechanical tracking performance without integrating real-time IoT monitoring, predictive
analytics, or degradation analysis capabilities.

In recent years, the integration of Internet of Things (IoT) technologies into pho-
tovoltaic systems has enabled remote monitoring and intelligent energy management.
Cloud-based monitoring systems have demonstrated the ability to acquire and transmit
real-time photovoltaic data for performance supervision and operational analysis [1,16].
For example, IoT architectures combining Arduino platforms with wireless communication
modules have achieved forecasting accuracies between 90% and 95% while improving
energy management efficiency [16]. Likewise, intelligent IoT monitoring frameworks have
been proposed to detect discrepancies between expected and actual photovoltaic energy
generation [17]. Other studies emphasized that IoT integration can improve photovoltaic
efficiency while reducing maintenance costs through predictive monitoring approaches [18].
In addition, intelligent monitoring systems capable of analyzing voltage, current, irradiance,
and temperature have achieved high maximum power point tracking efficiencies under
controlled operating conditions [19]. Nevertheless, many existing IoT-based photovoltaic
monitoring systems still present limitations related to scalability, predictive capability,
degradation analysis, and real-time intelligent decision-making.

Recent advances in machine learning (ML) have further expanded the capabilities
of photovoltaic monitoring systems by enabling accurate forecasting and fault detection
using historical and real-time operational data [20-22]. Machine learning techniques such
as Random Forest, XGBoost version 2.0.3, and Long Short-Term Memory (LSTM) networks
have demonstrated strong potential for photovoltaic energy prediction due to their abil-
ity to model nonlinear relationships and temporal dependencies [23-25]. In particular,
XGBoost has gained considerable attention because of its robustness, computational ef-
ficiency, and predictive accuracy in energy forecasting applications. However, several
existing studies focus exclusively on prediction accuracy without integrating real-time
IoT monitoring architectures, environmental degradation analysis, and intelligent remote
supervision into a unified framework [26,27]. Based on the identified research gaps, this
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study proposes an intelligent IoT-based photovoltaic monitoring and short-term energy
forecasting system that integrates real-time sensing, solar tracking, cloud-based monitoring,
degradation analysis, and machine learning techniques within a single low-cost experi-
mental framework. Unlike previous studies that focused on either photovoltaic tracking,
remote monitoring, or standalone prediction models, the proposed approach combines
environmental sensing, loT communication, degradation analysis, and predictive machine
learning to support intelligent photovoltaic energy management. The developed prototype
continuously monitors electrical and environmental variables, including voltage, current,
temperature, humidity, ultraviolet radiation, and dust accumulation, while evaluating the
predictive performance of Random Forest, XGBoost, and LSTM models for photovoltaic
energy forecasting. The main contributions of this study include the development of a
low-cost IoT-based photovoltaic monitoring prototype capable of integrating real-time
environmental and electrical sensing for intelligent energy supervision. The proposed
framework combines solar tracking and cloud-based remote monitoring using Arduino
Uno, ESP32, and the Blynk IoT platform to enable continuous photovoltaic data acquisition
and visualization. In addition, this study presents a comparative evaluation of Random
Forest, XGBoost, and Long Short-Term Memory (LSTM) models for short-term photovoltaic
energy forecasting. The proposed system also incorporates degradation analysis associated
with environmental factors such as temperature variation and dust accumulation on pho-
tovoltaic panels. Finally, the experimental results validate the feasibility of an intelligent
predictive framework for photovoltaic energy management under small-scale outdoor
operating conditions.

The remainder of this paper is organized as follows. Section 2 describes the materials
and methods, IoT architecture, and machine learning methodology. Section 3 presents
the experimental results and predictive performance analysis. Section 4 discusses the
obtained findings and compares them with related studies. Finally, Section 5 summarizes
the conclusions, limitations, and future research directions.

2. Materials and Methods

The proposed system operates under outdoor conditions during daylight hours, where
the photovoltaic panel captures solar radiation and converts it into electrical energy [28].
The generated energy is regulated by a charge controller that optimizes energy flow for
battery charging and improves overall system stability. The developed framework in-
tegrates both hardware and software components to enable continuous monitoring of
photovoltaic voltage, current, and environmental variables, thereby supporting efficient
system operation and predictive energy management. In addition, sensors, cloud services,
and mobile applications were integrated to facilitate real-time data acquisition, remote
supervision, and visualization. This research follows an applied and experimental design
methodology [29], focused on developing and evaluating an intelligent solution for photo-
voltaic energy monitoring and prediction. The primary objective is to improve photovoltaic
energy management through the integration of Internet of Things (IoT) technologies and
machine learning (ML) techniques [30]. To maximize solar energy capture, the prototype
incorporates a dual-axis solar tracking mechanism based on four Light Dependent Resistor
(LDR) sensors integrated with an Arduino-based control system [31]. The tracking mecha-
nism continuously adjusts the photovoltaic panel orientation along both horizontal and
vertical axes to maximize solar irradiance exposure [11].

The proposed system continuously acquires electrical and environmental variables,
including panel voltage, panel current, battery voltage, temperature, humidity, ultraviolet
radiation, and dust accumulation on the photovoltaic surface. The collected data were auto-
matically transmitted to a real-time database and uploaded to the Blynk IoT cloud platform
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(Blynk Inc., New York, NY, USA) for storage, visualization, and analysis [32]. Remote access
to both real-time and historical information is provided through the Blynk IoT mobile ap-
plication. Figure 1 presents the general architecture of the proposed intelligent photovoltaic
monitoring system, illustrating the interaction between sensors, communication modules,
cloud infrastructure, and machine learning components.
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Figure 1. Diagram of the components of the photovoltaic system.

2.1. Design and Construction of the Hybrid Photovoltaic System

This section describes the design and implementation process of the proposed photo-
voltaic prototype. The methodology was divided into four stages. The first stage focused
on the development of the electrical schematic and circuit simulation. The second stage
involved the selection of the hardware and software components required for prototype
implementation. The third stage describes the physical construction of the photovoltaic
prototype and sensor integration. Finally, the fourth stage presents the IoT communication
architecture and data acquisition process.

2.1.1. Electrical Schematic Design of the Prototype

The electrical circuit was designed and simulated using Proteus 8.17 Professional
software (Labcenter Electronics Ltd., Yorkshire, UK), as illustrated in Figure 2. This soft-
ware environment enabled circuit validation and operational verification before physical
implementation, reducing potential integration errors during prototype development [6].
After the simulation stage, the circuit was physically tested using a temporary protoboard
configuration to identify possible electrical inconsistencies before transferring the design
to a printed circuit board (PCB). Finally, the electronic components were permanently
assembled through soldering.
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Figure 2. Electrical circuit in Proteus 8.17 software.

2.1.2. Hardware and Software Components of the Prototype

The development of the photovoltaic prototype required the systematic selection
of hardware and software components according to electrical demand, communication
requirements, computational capability, and implementation cost. For prototype sizing
purposes, the electrical load demand was estimated considering two 10 W luminaires
and a 55 W mobile phone charger. Based on these requirements, a 10 W monocrys-
talline photovoltaic panel (Opalux, Lima, Peru), a 100 W DC-AC inverter (Opalux, Lima,
Peru), and a 12 V battery (Opalux, Lima, Peru) were selected as the primary power
supply components.

The monitoring and control architecture was implemented using an Arduino Uno
microcontroller with ATmega328P (Keyestudio, Shenzhen, China) and an ESP32 micro-
controller (NodeMCU /DOIT, Shenzhen, China). The Arduino Uno was selected because
of its low cost, ease of programming, compatibility with multiple sensors, and extensive
community support, making it suitable for rapid prototyping applications. The ESP32
microcontroller was incorporated due to its integrated Wi-Fi communication capabilities,
low power consumption, and efficient real-time data transmission performance.

To acquire environmental and operational variables, the prototype integrated multiple
sensors, including ACS712 current sensors (Tesla Electronic EIRL, Lima, Peru), DHT11
temperature and humidity sensors (Tesla Electronic EIRL, Lima, Peru), GUVA-512SD ultra-
violet radiation sensors (Keyes, Zhuhai, China), FZ0430 voltage sensors, GP2Y1014AUOF
particulate matter sensors, and LDR light sensors (Westor, Wuzhen, China). In addition,
MGZY370EC gear motors and an L298N driver controller (BatwhO, Guangzhou, China)
were incorporated for solar tracking and mechanical actuation. Data synchronization and
storage were performed using an RTC module (Adafruit, New York, NY, USA) and a Spark-
Fun microSD module (SparkFun Electronics, Boulder, CO, USA). The IoT architecture was
implemented using Arduino IDE version 2.2.1 (Arduino SA, Ivrea, Italy), Python version
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3.14.5 (Python Software Foundation, Wilmington, DE, USA), XGBoost version 2.0.3, and the
Blynk cloud platform (Blynk Inc., New York, NY, USA) for real-time monitoring, predictive
analysis, and data visualization.

Furthermore, the Blynk IoT platform was selected because it provides cloud-based
monitoring, mobile compatibility, rapid deployment, and simplified visualization of sen-
sor information without requiring the development of a dedicated cloud infrastructure.
Additional hardware components employed in the prototype are summarized in Table 1.

Table 1. Supplies for the construction of the prototype.

Description Specifications Quantity Manufacturer Supplier
Monocrystalline /40
Solar Panel x 40 cm /10 W/0.55 1 Opalux Todo Pics Pera
A
Guangzhou
Solar Charge Controller 12V-24V 1 Sunshine Todo Pics Peru
(Guangzhou, China)

Current Sensor CC ACS712 20A 1 Tesla Electronic EIRL ~ Todo Pics Pert
Voltage Sensor DC FZ0430 5-25V 2 Generic Todo Pics Pert
DHT1I Tgmperature and T0%t0 50 (S/H 20% 1 Tesla Electronic EIRL Todo Pics Peru

Humidity Sensor to 90%
. . Guva-5125D Keys . .
UV Light Intensity Sensor 3.3V to 5V DC 1 Keyes Todo Pics Perti
GP2Y1014AUOF Particle 5-7V/11 mA 1 Generic Todo Pics Perti

Sensor

Arduino Uno with 5V-DC/20 mA/8 . . ,
ATmega328P bits 1 Keyestudio Todo Pics Peru
ESP32 Microcontroller 4.5-9V DC 1 NodeMCU/DOIT Todo Pics Perti
LDR Light Sensor 3.3-5V DC 4 Westor Todo Pics Pera
MGZY370EC Gear Motor 12V /11PPR 2 BatwhO Todo Pics Perti
L298N Driver Controller 6V to 12V DC 1 BatwhO Todo Pics Pert
LED Diode 3.0-3.8V/20mA 1 O“ek”c((ﬁi‘ﬁ)‘gdong' Todo Pics Perd
MicroSD Memory Reader 74LVC125A/3.3-5 . .
Module VDC 1 SparkFun Todo Pics Perti
Real-Time Clock Module 3.3-5V DC 1 Adafruit Todo Pics Pera
Battery 12V-7A 1 Opalux Todo Pics Peru
DC-AC Inverter 100 W-12VAC 1 Opalux Todo Pics Perta

2.1.3. Construction of the Hybrid Photovoltaic Prototype

The photovoltaic prototype shown in Figure 3 was constructed using a medium-
density fiberboard (MDF) mechanical structure composed of a fixed base and a movable
panel support system. Two DC gear motors were installed to enable dual-axis solar tracking
movement. A dedicated sensor support structure was incorporated to install ultraviolet
radiation, temperature, humidity, and LDR sensors. The dust particle sensor was positioned
directly on the photovoltaic panel surface to evaluate environmental contamination effects.
The main electronic modules, including the Arduino Uno, ESP32 communication module,
L298N motor driver, RTC-DS3231 module, voltage sensors, current sensors, and battery
system, were installed inside a PVC enclosure measuring 30 x 30 x 16 cm. Electrical
interconnections were routed from the enclosure, while the inverter and charge controller
were externally mounted on the structural support.

https:/ /doi.org/10.3390/app16136295


https://doi.org/10.3390/app16136295

Appl. Sci. 2026, 16, 6295

7 of 20

()

(b)

UV Light Sensor
(GUVA-5125D)

B

Solar Panel
(10w)

ESP32 -
Microcontroller

Solar Charge
Controller
Temperature and
Humidity Sensor
 (oHTm)
h—

Current Sensor =
(ACST12) UV Light Sensor
(GUVA-5125D)

_ Estructura del
~ seguidor solar

Curent Sancar
esTz) - P\ Motor con reductor

~__ Caja de proteccion

Figure 3. (a) Mechanical structure, (b) Plastic support for sensors, (c) Connection of sensors and
electronic boards, (d) Finished prototype.

Following prototype assembly, the control program was developed using the Arduino
programming environment based on the C programming language. The Arduino Uno
functioned as the primary processing unit responsible for acquiring, processing, and storing
sensor measurements. The acquired information was synchronized using the RTC-DS3231
module and stored on a SparkFun microSD card module (74LVC125A, 3.3-5 VDC) to
maintain a continuous historical operational record. The ESP32 microcontroller functioned
as the wireless communication interface responsible for transmitting data to the cloud-based
IoT platform.

2.1.4. Internet of Things (IoT) Architecture

Figure 4 illustrates the IoT architecture of the proposed monitoring framework. Once
the photovoltaic panel is positioned at the optimal orientation for solar exposure, solar
radiation is converted into electrical energy. The integrated sensors continuously monitor
electrical and environmental variables, including voltage, current, humidity, temperature,
ultraviolet radiation, and dust concentration. The acquired information is transmitted
through the ESP32 Wi-Fi communication module to the Blynk IoT cloud platform, enabling
remote monitoring and real-time visualization from any location with internet connectivity.

To improve communication reliability and data security, the IoT platform requires
authenticated user access through registered credentials. Although the implemented proto-
type utilized standard cloud communication protocols, future work will consider advanced
encryption and cybersecurity mechanisms to enhance secure large-scale deployment.

2.2. Experimental Design and Monitoring Conditions

The experimental prototype was deployed under outdoor operating conditions during
December 2025. Data acquisition was continuously performed between 10:00 AM and
6:00 PM over a monitoring period of 30 days, corresponding to approximately 240 h of
operation. The monitoring process included varying environmental conditions such as
fluctuations in solar irradiance, temperature, humidity, and atmospheric dust concen-
tration. The monitored variables included panel voltage, panel current, battery voltage,
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temperature, humidity, ultraviolet radiation, and dust particle concentration. Sensor mea-
surements were acquired at 1 s intervals, generating approximately 894,000 time-series
records throughout the experimental period. Prior to deployment, sensor calibration pro-
cedures were conducted by comparing sensor measurements with commercial reference
instruments to minimize measurement deviations and improve acquisition reliability. The
monitored parameters were visualized through the Blynk IoT platform using both mobile
and desktop applications. Through the platform interface, users could access real-time
sensor measurements and historical information using interactive graphical dashboards, as
shown in Figure 5.
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Figure 4. IoT architecture of the proposed photovoltaic monitoring system.
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Figure 5. Parameters in the Blynk IoT mobile application (a) Temperature, (b) Humidity, (c¢) UV
radiation, (d) Panel current, (e) Battery voltage, (f) Dust density, (g) Panel voltage.

2.3. Data Processing and Correlation Analysis

A database was created to organize and process the information collected from the
photovoltaic system. The dataset consisted of time-series measurements corresponding to
electrical and environmental variables acquired during prototype operation. The collected
information was stored locally on a microSD card and subsequently processed for machine
learning analysis. Figure 6 presents a sample of the raw dataset collected during the
monitoring period.
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BATTERY (V)
2 1/12/2025 | 10:00:01 20 17 0.1 54.43 515 1.19 12.74
3 | 1/12/2025 | 10:00:02 20 17 0.1 51.46 575 1.2 12.68
4 1/12/2025 | 10:00:03 20 17 0.1 53.19 525 172 12.95
5 1/12/2025 | 10:00:04 20 17 0.1 47.75 5.75 0 12.83
6 1/12/2025 | 10:00:05 20 17 0.1 49.23 5.75 12 12.67
7 1/12/2025 | 10:00:06 20 17 0.1 51.46 515 12 12.65
894185 30/12/2025 | 18:08:28 23 18 0.1 47.5 5.74 1.36 12.83

Figure 6. Raw data collected 30 days December 2025.

After pre-processing, a correlation matrix was constructed to analyse the linear re-
lationships between variables, as shown in Figure 7. The correlation coefficients ranged
from —1 to 1, where values close to one indicate strong positive linear relationships, values
close to —1 indicate strong negative linear relationships, and values near zero represent
weak or negligible linear associations. The correlation analysis suggests that ultraviolet
radiation, voltage, and current exhibit stronger linear associations with photovoltaic energy
generation compared to humidity, temperature, time of day, and day of the week, which
presented comparatively weaker linear relationships.

Correlation Matrix of Hourly Variables

1.0

datetime 1.00 -0.02 -0.01 0.19 0.05 -0.01
energy_ Wh 0.11 e

uv_mean 0.07 0.44
-0.6

uv_max 0.12 0.57
-04

temp_mean - 0.12
hum_mean - 0.2

energy kWh 0.44 0.57 0.12 0.11
0.0
datetime energy Wh uv_mean uv_max temp_mean hum_mean  energy kWh

Figure 7. Correlation matrix of time variables.

2.4. Selection of Machine Learning (ML) Models

Three machine learning models were evaluated for short-term photovoltaic energy
prediction: Random Forest, XGBoost, and Long Short-Term Memory (LSTM) networks.
These models were selected because of their extensive use in forecasting and predictive
analytics applications involving nonlinear and time-series data. Random Forest was se-
lected because of its robustness against overfitting, ability to model nonlinear relationships,
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and impressive performance in small- and medium-sized datasets. XGBoost was selected
because of its computational efficiency, gradient boosting optimization capability, and high
predictive accuracy in regression problems. Finally, the LSTM model was included because
of its ability to capture temporal dependencies and sequential patterns in time-series data.
The characteristics of the evaluated models are summarized in Table 2.

Table 2. Characteristics of the reviewed (ML) models.

Feature Random Forest XGBoost LSTM
. Ensemble learning (based on ~ Group learning (based on
Algorithm Type decision trees) decision trees, enhanced) Recurrent neural Network
Accurate and robust One (?f the most powerful Learn long-term
e . . algorithms, it combines the L
Specialization predictions by combining . . dependencies in
. strength of multiple models in :
multiple trees sequential data
an enhanced way
. Classification and general Classification and regression Time-series, natural
Main use

regression

(remarkably high performance)

Language processing

Key advantages

Reduces overfitting, high
accuracy, easy to parallelize

High accuracy, handles missing
data well, optimized for speed
and performance

Handles long-term
dependencies, suitable for
data with order and
context

Disadvantages

Considerations

It can be slow for large
datasets, less interpretable
than a single tree

Be over-adjusted if not properly
controlled

It requires more data, is
expensive and difficult
To interpreted

After examining the three machine learning techniques, we know that the XGBoost
technique performs better due to its low error rates and high coefficient of determination
with reliable forecasts. The XGBoost model is computationally more efficient [33].

2.5. Training of Machine Learning Models

During the training process, several diagnostic plots were generated to evaluate model
behavior, optimize hyperparameters, and identify the most robust predictive model, as
illustrated in Figure 8. The Random Forest RMSE-per-tree plot was used to evaluate the
contribution and variability of individual trees within the ensemble model. The XGBoost
RMSE-per-iteration curve illustrates the progressive reduction and stabilization of predic-
tion error during sequential tree generation, facilitating convergence analysis and learning
efficiency evaluation. Similarly, the LSTM loss curve illustrates the evolution of the loss
function during training, enabling the identification of learning progression and potential
overfitting behavior.

2.6. Machine Learning Model Performance Metrics

The predictive performance of the evaluated models was assessed using four standard
statistical metrics: Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Mean
Absolute Percentage Error (MAPE), and the coefficient of determination (R?) [13,34,35].
These metrics were selected because they provide quantitative measurements of prediction
accuracy, error magnitude, and model fitting capability, see Table 3.
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Figure 8. (a) Random Forest Plot: RMSE Error Per Tree, (b) XGBoost Plot: RMSE Curve, (¢) LSTM
plot: Loss curve.

Table 3. Model performance metrics.

Metrics Name Definition
MAE Mean absolute error Avgrag.e of absolute error Values,' Ve'llues close
(0) indicate a more accurate prediction.
It emphasizes larger errors compared to the
Root mean

RMSE MAE; values closer to (0) indicate more
square error e
accurate predictions.
Average errors expressed as a percentage of
MAPE Mean absolute actual values. Values closer to (0) indicate more
percentage error -
accurate predictions.
- This indicates that the model also fits the
Coefficient of o
R2 determination observed data; values close to (1) indicate a
better fit of the model.

Tables 4-6 present the degradation detection performance results obtained using Lo-
gistic Regression, Random Forest, and XGBoost classifiers, respectively, under a threshold
value of 0.6.

The obtained results demonstrate that all evaluated models exhibit the capability to
identify degradation events in photovoltaic operation. However, the predictive reliabil-
ity varied across models. Among the evaluated approaches, XGBoost achieved the best
overall performance, demonstrating higher degradation detection accuracy, superior recall
values, and improved discrimination capability. Consequently, XGBoost was identified as
the most suitable predictive model for minimizing false degradation alarms while main-
taining reliable detection of critical degradation events within the proposed photovoltaic
monitoring framework.
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Table 4. Logistic Regression.
Logistic
Regression
Threshold
Usado: 0.6
Precision Recall f1-Score Support
0 0.92 0.72 0.81 130
1 0.92 0.86 0.69 56
Accuracy 0.76 186
macro avg 0.75 0.79 0.75 186
weighted avg 0.62 0.76 0.76 186
ROC-AUC:
0.84230769 23,076,924
Table 5. Random Forest.
Random Forest
Threshold
Usado: 0.6
Precision Recall f1-Score Support
0 0.93 0.78 0.85 130
1 0.62 0.86 0.72 56
accuracy 0.76 186
macro avg 0.77 0.82 0.78 186
weighted avg 0.84 0.8 0.81 186
ROC-AUC:
0.869917582 4175824
Table 6. XGBoost.
XGBoost
Threshold
Usado: 0.6
Precision Recall f1-Score Support
0 0.93 0.81 0.86 130
1 0.66 0.86 0.74 56
accuracy 0.82 186
macro avg 0.79 0.83 0.8 186
weighted avg 0.85 0.82 0.83 186
ROC-AUC:
0869711538 1%
3. Results

After evaluating the machine learning (ML) models, several performance metrics,
including Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Mean Absolute
Percentage Error (MAPE), and the coefficient of determination (R?), were used as eval-
uation criteria. The comparative performance of the evaluated models is presented in
Table 7. Among the analysed approaches, the XGBoost model achieved the best predictive
performance for short-term photovoltaic energy forecasting, obtaining the lowest MAE
(0.00077) and RMSE (0.001103) values. These results indicate that its predictions were, on
average, closer to the observed energy values and exhibited fewer significant prediction

https:/ /doi.org/10.3390/app16136295


https://doi.org/10.3390/app16136295

Appl. Sci. 2026, 16, 6295

13 of 20

deviations compared to the other evaluated models. In addition, XGBoost achieved the
highest coefficient of determination (R? = 0.91821), confirming its strong capability to model
the nonlinear relationships present in the photovoltaic dataset.

Table 7. Summary of model performance with 4 key metrics.

Maetrics
It Model
em oaes MAE RMSE MAPE R2
1 Random Forest 0.00082 1151 586.341 0.910968
2 XGBoost 0.00077 0.001103 1093.74 0.91821
3 LSTM 0.00345 0.004086 4492 .92 —0.140746

The Random Forest model also demonstrated strong predictive performance, obtaining
an R? value of 0.910968 with low prediction errors. This behaviour confirms the suitability
of ensemble tree-based algorithms for photovoltaic energy prediction problems involving
environmental and electrical variables. In contrast, the LSTM model produced higher
prediction errors, with an MAE of 0.00345 and an RMSE of 0.004086. Furthermore, the
negative R? value (—0.140746) indicates that the LSTM model performed worse than a
simple mean-based prediction approach under the conditions evaluated in this study.

The lower performance of the LSTM model can be attributed to the limited size of the
dataset and the short temporal sequence available for training. LSTM networks require
larger datasets and longer sequential dependencies to effectively capture temporal patterns.
Since the proposed prototype collected data over a 30-day monitoring period within a
small-scale experimental environment, the available temporal information was insufficient
to fully exploit the advantages of deep recurrent architectures. Consequently, ensemble
learning approaches such as Random Forest and XGBoost were more appropriate for the
current dataset characteristics.

To further validate the predictive capability of the evaluated models, the predicted
and actual energy generation values were visually compared over time, as illustrated in
Figure 9. This graphical analysis provided additional evidence regarding the robustness
and generalization capability of each forecasting approach.

As shown in Figure 9a, the Random Forest model generated prediction curves that
closely followed the actual energy production values throughout the monitored period.
This behaviour confirms the model’s ability to capture nonlinear variations in photovoltaic
generation while maintaining stable prediction accuracy. Similarly, Figure 9b demonstrates
that the XGBoost model achieved the closest agreement between predicted and observed
values. The prediction curve completely overlapped the actual energy generation profile,
confirming the superior predictive robustness of XGBoost and its ability to accurately repli-
cate the operational behaviour of the photovoltaic system. The improved performance of
XGBoost can be associated with its gradient boosting strategy, which sequentially minimizes
prediction residuals and enhances model generalization capability. Conversely, Figure 9¢
reveals a substantial discrepancy between the predicted and actual values generated by
the LSTM model. The predicted curve failed to follow the observed energy generation
trends, indicating that the model was unable to effectively learn the temporal characteristics
of the available dataset. This limitation is related to the short monitoring duration and
the reduced volume of sequential training data, which restricted the learning capacity of
the recurrent neural network architecture. In general, the obtained results confirm that
ensemble learning techniques, particularly XGBoost, are highly suitable for short-term
photovoltaic energy prediction in small-scale IoT-based monitoring environments.
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Figure 9. (a) Time-domain energy prediction of the Random Forest model, (b) Time-domain energy
prediction of the XGBoost model, (c) Time-domain energy prediction of the LSTM model.

Degradation Analysis

Understanding the mechanisms responsible for photovoltaic module degradation
under outdoor operating conditions is essential to ensure long-term system reliability and
operational efficiency [36]. Photovoltaic degradation is influenced by several environmen-
tal and operational factors, including solar irradiance, ambient temperature, humidity,
dust accumulation, and atmospheric conditions. These factors can progressively reduce
the voltage, current, and overall power generation capability of photovoltaic modules
over time.

Figure 10 presents the monitored environmental data obtained from the dust particle
and temperature sensors during December 2025. The results illustrate the temporal evolu-
tion of airborne dust concentration and panel temperature throughout the experimental
period. Dust particle concentration exhibited noticeable variability characterized by cyclical
fluctuations and multiple peak values during the month. The highest dust accumulation
levels were observed around December 2 and particularly between December 16 and 18.
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Figure 10. (a) Graph of dust particle evolution on the panel, (b) Graph of temperature evolution on
the panel.
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Previous studies [37-39] have reported that excessive dust accumulation on photo-
voltaic surfaces reduces the amount of solar irradiance reaching the solar cells, thereby
decreasing photovoltaic conversion efficiency. In addition, elevated operating temperatures
negatively affect photovoltaic performance by increasing internal electrical resistance and
reducing voltage generation efficiency. The simultaneous presence of high dust concentra-
tion and elevated temperatures can therefore accelerate photovoltaic degradation processes
and contribute to progressive efficiency losses in solar energy generation systems. Although
the present study was conducted over a short monitoring period of 30 days, the obtained
results demonstrate the feasibility of integrating environmental sensing and machine
learning techniques to support predictive maintenance strategies in photovoltaic systems.
However, long-term operational validation under different climatic conditions remains
necessary to fully evaluate degradation behaviour and system robustness in real-world
deployment scenarios.

Current degradation refers to the reduction in the photovoltaic system’s capability to
generate the expected electrical current output over time. Figure 11 illustrates the temporal
evolution of the average panel current together with the predefined degradation threshold
used in this study. The dashed red line represents the operational degradation threshold
(—0.45 A), established as the minimum acceptable current level for detecting abnormal
photovoltaic behavior and potential efficiency losses. The graph allows visualization of
periods in which the generated current falls below the operational threshold, indicating po-
tential degradation events or reductions in photovoltaic efficiency. This type of monitoring
is particularly useful for predictive maintenance applications because it enables the early
identification of abnormal operating conditions before severe performance losses occur.
Consequently, integrating degradation analysis with IoT-based real-time monitoring and
machine learning prediction models can contribute to improving maintenance scheduling,
reducing operational interruptions, and increasing the reliability of photovoltaic energy
systems operating in small-scale outdoor environments.

2.01

0.51

0.0

-0.51

2025-12-01  2025-12-05  2025-12-09  2025-12-13  2025-12-17  2025-12-21  2025-12-25  2025-12-29 2026-01-01

Figure 11. Panel current chart and degradation threshold.

4. Discussion

The obtained results demonstrate that the integration of Internet of Things (IoT)
technologies with photovoltaic systems constitutes a feasible and effective approach for
real-time monitoring, short-term energy forecasting, and degradation analysis in small-scale
photovoltaic environments. The developed prototype successfully enabled continuous
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acquisition of environmental and electrical variables while supporting predictive analyt-
ics through machine learning models. Among the evaluated approaches, XGBoost and
Random Forest exhibited the best predictive performance, confirming the suitability of
ensemble learning techniques for photovoltaic energy forecasting tasks involving nonlinear
environmental conditions.

The superior performance achieved by XGBoost can be attributed to its gradient
boosting optimization strategy, which sequentially minimizes prediction residuals and
improves model generalization capability. This behavior allowed XGBoost to achieve
lower prediction errors and a higher coefficient of determination compared to the other
evaluated models. In contrast, the LSTM model produced lower predictive performance.
This limitation is associated with the small dataset size and short monitoring period used
in the present study. Recurrent neural networks such as LSTM require larger datasets and
longer temporal sequences to effectively learn complex sequential dependencies. Therefore,
the obtained results suggest that ensemble tree-based algorithms are more appropriate for
short-term photovoltaic prediction problems under limited-data experimental conditions.
The findings obtained in this study are consistent with previous research reporting the
effectiveness of integrating IoT monitoring systems with machine learning algorithms for
photovoltaic energy management. For example, previous studies [33] identified XGBoost
as one of the best-performing predictive models according to metrics such as MSE, MAPE,
MAE, and R?. Similarly, Krishna Kumba [13] evaluated predictive models using MAE, MSE,
RMSE, and R? metrics, obtaining an accuracy rate of approximately 87% using the Random
Forest model. Likewise, N. Rouibah [3] reported a maximum power point tracking (MPPT)
efficiency of 97.83% using an intelligent photovoltaic monitoring prototype. Comparative
analyses presented in [40,41] also demonstrated that XGBoost outperformed the SMO
model, achieving an R? value of 0.998 for photovoltaic energy generation forecasting.

In the present work, the XGBoost model achieved the best overall predictive perfor-
mance and enabled the estimation of a total generated energy of 4.0479 kWh within the
experimental prototype. Although the obtained R? value was slightly lower than that
reported in certain large-scale studies, the proposed framework demonstrated strong pre-
dictive capability despite operating under a reduced-scale experimental environment and
limited monitoring duration. These results confirm the effectiveness of the proposed IoT-
machine learning architecture for short-term photovoltaic energy prediction and intelligent
monitoring applications. Another important contribution of this study is the incorpora-
tion of environmental degradation analysis through variables such as dust accumulation
and temperature. The obtained results demonstrated that increased dust concentration
and elevated temperatures negatively affected photovoltaic performance, contributing
to reductions in current generation efficiency. These findings are aligned with previous
studies [37-39], which reported that dust accumulation and thermal stress accelerate pho-
tovoltaic degradation processes and reduce solar conversion efficiency. Consequently,
integrating environmental sensing with predictive analytics can support predictive mainte-
nance strategies and improve operational reliability in photovoltaic systems.

In addition, the use of Arduino Uno and ESP32 microcontrollers proved suitable for
the proposed application due to their low implementation cost, ease of programming, low
energy consumption, and compatibility with IoT communication protocols. The ESP32
module provided stable wireless communication capabilities for real-time cloud trans-
mission, while the Arduino Uno facilitated sensor integration and local data processing.
Similarly, the Blynk IoT platform was selected because it offers rapid deployment, real-time
visualization tools, cloud-based storage, and mobile accessibility without requiring the
development of a dedicated cloud infrastructure. These characteristics allowed efficient
implementation of the prototype while reducing development complexity and operational
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costs. From a cybersecurity perspective, the implemented system employed authenti-
cated access credentials within the Blynk IoT platform to restrict unauthorized access to
monitoring data. However, the proposed prototype does not include advanced cyberse-
curity mechanisms such as end-to-end encryption, intrusion detection systems, or secure
industrial communication protocols. Therefore, future implementations intended for large-
scale deployment should incorporate additional cybersecurity and data privacy protection
strategies to ensure secure remote communication and reliable operation.

Despite the promising results, several limitations should be acknowledged. First,
the experimental validation was conducted using a small-scale 10 W photovoltaic proto-
type under short-term monitoring conditions of approximately 30 days. Consequently,
the obtained results cannot yet be generalized to large-scale photovoltaic installations or
long-term operational environments. Second, the dataset size was limited, which affected
the performance of deep learning models such as LSTM. Third, environmental conditions
during testing were limited to the local climatic characteristics observed during the mon-
itoring period. Additional validation under diverse climatic conditions and extended
operational durations is required to evaluate system robustness and scalability. Future
research should therefore focus on expanding the dataset size, extending monitoring peri-
ods, incorporating hybrid machine learning models, and evaluating real-time optimization
techniques for large-scale photovoltaic systems. Furthermore, future studies may integrate
advanced cybersecurity mechanisms, automated fault diagnosis systems, and adaptive
energy management strategies to improve the reliability and intelligence of photovoltaic
monitoring platforms.

5. Conclusions

This study demonstrated that the integration of Internet of Things (IoT) technology
with machine learning techniques provides an effective framework for real-time monitoring,
short-term energy prediction, and degradation analysis in photovoltaic systems. The
implemented prototype successfully enabled continuous acquisition of environmental
and electrical variables while supporting remote supervision and cloud-based monitoring
under experimental outdoor conditions.

Among the evaluated machine learning models, XGBoost achieved the best predictive
performance, obtaining the lowest prediction errors and the highest coefficient of determi-
nation. The model demonstrated superior capability for accurately forecasting short-term
photovoltaic energy generation compared to Random Forest and LSTM approaches. The
obtained results confirm that ensemble learning techniques are highly suitable for photo-
voltaic prediction tasks involving nonlinear environmental variables and limited datasets.
The proposed framework also demonstrated the feasibility of integrating environmen-
tal degradation indicators such as dust accumulation and temperature into predictive
maintenance analysis. This capability can contribute to improving operational efficiency,
supporting maintenance scheduling, and reducing performance losses in photovoltaic sys-
tems. In addition, the use of low-cost hardware platforms such as Arduino Uno and ESP32,
combined with the Blynk IoT cloud platform, enabled the implementation of an accessible
and adaptable intelligent monitoring architecture. Although the obtained findings are
promising, several limitations must be considered. The experimental validation was per-
formed using a small-scale 10 W photovoltaic prototype under a short monitoring period
of 30 days. Therefore, the results should be interpreted within the context of a controlled
small-scale experimental environment and short-term forecasting scenario. Additional
large-scale validation under diverse environmental conditions and extended operational
periods is required to evaluate the scalability, robustness, and long-term reliability of the
proposed system.
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Future work will focus on increasing dataset size, incorporating hybrid and deep
learning models, extending monitoring duration, and integrating advanced cybersecurity
and fault diagnosis mechanisms. Overall, this work contributes to the advancement of
intelligent photovoltaic energy systems by presenting a low-cost, adaptable, and efficient so-
lution for IoT-based monitoring, short-term energy forecasting, and predictive maintenance
planning in solar energy applications.
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