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Abstract 

The growing demand for clean and sustainable energy has accelerated the 

development of efficient solar energy harvesting technologies. However, the 

performance of photovoltaic (PV) systems is often influenced by 

environmental factors such as solar irradiance, temperature, dust 

accumulation, and system inefficiencies. This study focuses on the 

optimization of solar energy harvesting using Internet of Things (IoT)-based 

monitoring systems. The proposed system integrates smart sensors, 

microcontrollers, and wireless communication modules to continuously 

monitor key parameters including solar irradiance, panel temperature, 

voltage, current, and power output. The collected real-time data are 

transmitted to a cloud-based platform for analysis, visualization, and remote 

monitoring. By employing data analytics and automated control strategies, 

the system enables timely detection of performance losses, fault conditions, 

and environmental impacts affecting solar panels. The implementation of 

this smart monitoring approach not only enhances the operational 

performance of solar photovoltaic installations but also reduces maintenance 

costs and energy losses. The findings highlight that integrating IoT 

technologies with solar energy systems can play a crucial role in maximizing 

energy generation and supporting the transition toward sustainable and 

intelligent energy infrastructures. 
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INTRODUCTION 

            The increasing global energy demand and the environmental consequences of fossil 

fuel-based power generation have intensified the search for sustainable and renewable energy 

sources. Among various renewable energy alternatives, solar photovoltaic (PV) technology 

has emerged as a highly promising solution due to its abundance, scalability, and declining 

cost (REN21, 2023). However, despite its advantages, solar energy harvesting faces several 

challenges, including variability in solar radiation, efficiency losses due to environmental 

factors, and suboptimal energy management strategies (Hussain et al., 2022). These 

challenges necessitate the development of advanced optimization techniques to enhance solar 

PV system performance, ensure maximum energy yield, and facilitate grid integration (Singh 

& Bansal, 2021). In recent years, the integration of the Internet of Things (IoT) in the energy 
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sector has revolutionized the way renewable energy systems are monitored and controlled. 

IoT-enabled solar PV systems leverage real-time data acquisition, intelligent analytics, and 

automated decision-making to optimize power generation efficiency (Kumar et al., 2022). By 

utilizing IoT sensors, cloud computing, and machine learning algorithms, solar PV 

installations can dynamically adjust to changing environmental conditions and operational 

constraints, significantly improving their overall efficiency and reliability (Gupta & Sharma, 

2021). Traditional solar PV monitoring systems often rely on manual data collection and 

periodic inspections, which are inefficient and prone to human errors (Alam et al., 2020).  

         The global energy landscape is undergoing a significant transformation, driven by the 

need to transition from fossil fuel dependency to sustainable energy solutions. Among 

various renewable energy sources, solar energy has emerged as one of the most promising 

and rapidly expanding alternatives due to its abundance, environmental benefits, and 

technological advancements (REN21, 2023). Solar photovoltaic (PV) technology, in 

particular, has witnessed remarkable growth, with its global installed capacity surpassing 

1,200 GW as of 2023, accounting for a significant share of the renewable energy mix 

(International Energy Agency, 2023). 

        The integration of the Internet of Things (IoT) in renewable energy systems has brought 

about a paradigm shift in how energy is monitored, managed, and optimized. The advent of 

IoT-enabled technologies has facilitated the seamless acquisition of real-time data, predictive 

analytics, and automated control mechanisms, leading to significant improvements in the 

efficiency, reliability, and sustainability of various renewable energy sources, including solar, 

wind, and hydroelectric power. As global energy demands continue to rise and the transition 

toward sustainable energy solutions accelerates, IoT-driven smart energy systems have 

emerged as a crucial innovation for enhancing operational performance and ensuring 

maximum utilization of available resources. 

IoT-based systems have enabled real-time monitoring of key performance parameters in 

renewable energy generation. Traditionally, energy systems relied on periodic manual 

inspections, which often resulted in inefficiencies due to delayed fault detection and response 

times. 

 
Fig. 1 Internet of Things (IoT) and the Energy Sector 
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                      The global transition towards renewable energy is crucial for mitigating climate 

change, reducing dependency on fossil fuels, and ensuring long-term energy sustainability. 

Among renewable energy sources, solar photovoltaic (PV) systems have gained widespread 

adoption due to their scalability, declining costs, and environmental benefits. However, the 

efficiency of solar energy generation is often hindered by factors such as environmental 

variations, system malfunctions, energy losses, and suboptimal operational strategies. To 

maximize the efficiency and reliability of solar PV systems, advanced monitoring and control 

mechanisms are required. The traditional methods of monitoring and managing solar PV 

systems rely on periodic manual inspections and static control mechanisms, which are often 

inefficient, time-consuming, and unable to provide real-time insights. 

Objectives of the Study 

• To design an IoT-based monitoring system for real-time tracking of key solar PV parameters 

such as irradiance, temperature, humidity, and power output. 

• To develop predictive maintenance models using IoT sensors and machine learning to detect 

faults and prevent system failures. 

• To enhance energy harvesting efficiency through IoT-enabled Maximum Power Point 

Tracking (MPPT) techniques. 

• To integrate smart grid connectivity for dynamic energy management and improved grid 

stability. 

• To examine cybersecurity and data privacy issues in IoT-based solar PV systems and propose 

secure communication solutions. 

• To assess the scalability, feasibility, and cost-effectiveness of IoT-enabled solar energy 

systems for real-world deployment. 

RESEARCH METHODOLOGY 

The Internet of Things (IoT) has emerged as a transformative technology in energy 

management, enabling real-time monitoring, optimization, and control of energy resources. 

Its theoretical foundations are rooted in several interdisciplinary domains, including wireless 

sensor networks, artificial intelligence, cloud computing, and cyber-physical systems. By 

integrating these technological advancements, IoT enhances the efficiency, sustainability, and 

reliability of energy systems across various sectors. At its core, IoT in energy management is 

based on the principle of interconnected smart devices that collect, process, and exchange 

data to facilitate intelligent decision-making. The deployment of smart meters, sensors, and 

automated controllers forms a comprehensive energy monitoring network capable of real-

time data acquisition and predictive analysis. The underlying theoretical framework is 

derived from cybernetics, which emphasizes self-regulating and adaptive systems, enabling 

IoT-based energy solutions to optimize power consumption dynamically. The integration of 

artificial intelligence and machine learning algorithms within IoT-enabled energy 

management systems enhances their predictive capabilities, allowing for efficient demand 

forecasting, fault detection, and energy distribution.  
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Fig. 2 System Architecture for IoT-Enabled Solar PV Optimization 

The system architecture for IoT-enabled solar PV optimization is designed to 

improve efficiency, reliability, and automation in solar energy management. It integrates 

multiple layers, including perception, network, processing, and application, each playing a 

crucial role in data acquisition, communication, processing, and decision-making.  

 

Fig. 3 Key Components of IoT-Enabled Solar PV Optimization System 
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Table 1 Hardware Components 

Component Specification Function 

Solar Panel Monocrystalline/Polycrystalline Converts solar energy 

into electrical power 

MPPT Charge Controller High-efficiency MPPT algorithm Maximizes power 

extraction from solar 

panels 

Smart Sensors Irradiance, temperature, voltage, 

current sensors 

Measures environmental 

and electrical 

parameters 

IoT Gateway Edge processing, cloud connectivity Aggregates and 

transmits sensor data 

Microcontroller/Processor ESP32, Raspberry Pi, Arduino Controls and processes 

system operations 

Energy Meter Digital, bidirectional Monitors energy 

generation and 

consumption 

Communication Modules Wi-Fi, LoRa, ZigBee, 5G Enables wireless data 

transmission 

Battery Storage Li-ion, Lead-acid Stores excess energy for 

later use 

Inverter Pure sine wave, grid-tied Converts DC power to 

AC for grid supply 

 

Table 2 Software Components 

Software Specification Function 

Operating System Linux, FreeRTOS Manages system processes and 

communication 

IoT Middleware Node-RED, 

ThingsBoard 

Facilitates data integration and 

automation 

Machine Learning 

Framework 

TensorFlow, Scikit-

learn 

Analyzes energy trends and optimizes 

performance 

Cloud Platform AWS IoT, Google 

Cloud IoT 

Stores and processes solar 

performance data 

Database System MySQL, InfluxDB Maintains structured sensor and 
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energy data 

Communication 

Protocols 

MQTT, CoAP, HTTP Ensures efficient IoT device 

communication 

Mobile/Web Dashboard React, Angular Provides real-time monitoring 

interface 

Security Framework AES-256, TLS/SSL Ensures secure data transmission 

 

Sensor Network Configuration 

A sensor network in an IoT-enabled solar PV system consists of multiple sensing nodes 

strategically deployed to monitor both environmental and electrical parameters. The selection 

and placement of these sensors are critical for real-time assessment and optimization of PV 

performance. 

Table 3 Types of Sensors Used 

Sensor Type 
Measured 

Parameter 
Purpose Model 

Environmental Sensors 

Irradiance 

Sensor 

Solar radiation 

(W/m²) 

Determines the amount of 

sunlight received by solar 

panels 

Apogee SP-230 

Temperature 

Sensor 

Ambient & panel 

temperature (°C) 

Identifies thermal efficiency 

and overheating risks 
DS18B20, LM35 

Humidity 

Sensor 

Relative humidity 

(%) 

Helps analyze weather 

conditions affecting PV 

efficiency 

DHT22, AM2315 

Wind Speed 

Sensor 
Wind speed (m/s) 

Determines cooling effects on 

PV panels and potential wind 

damage 

Anemometer (Gill 

Instruments) 

Electrical Sensors 

Voltage Sensor DC voltage (V) 
Measures voltage levels of 

solar panels and batteries 

ZMPT101B, 

ACS712 

Current Sensor DC current (A) 
Monitors current flow through 

PV modules 
ACS758, INA219 

Power Sensor Power output (W) 
Determines energy generation 

efficiency 
PZEM-004T 

Energy Meter Energy 

consumption 

Tracks energy production and 

consumption in grid-

Smart Meter 

(DENT Power 



Advances in Nonlinear Variational Inequalities 
ISSN: 1092-910X 
Vol 28 No. 7s (2025)  
 

1173 https://internationalpubls.com 

(kWh) connected systems Scout) 

 

Communication Protocols and Data Transmission 

The collected data must be transmitted efficiently to ensure real-time monitoring and control. 

The IoT-enabled system employs a mix of wired and wireless communication protocols 

based on system requirements. 

Table 4 Communication Methods 

Protocol Type Technology Used Advantages Use Case 

Wired Communication 

RS-485 

(Modbus) 

Industry-standard for 

data acquisition 

Reliable and 

interference-free 

Used for inverters, 

power meters 

Ethernet 

(LAN) 

High-speed data transfer Secure and low-latency Ideal for local 

monitoring centers 

Wireless Communication 

Wi-Fi Standard wireless 

connection 

High bandwidth and 

integration ease 

Local area 

monitoring 

LoRa (Long 

Range) 

Low-power wide-area 

network 

Ideal for remote solar 

farms 

Rural PV 

installations 

ZigBee Mesh networking for 

smart grids 

Low power 

consumption 

Used in smart meters 

5G/4G LTE High-speed cloud 

communication 

Reliable real-time 

access 

Urban areas, mobile 

solar units 

 

The effectiveness of an IoT-enabled solar PV optimization system depends on its 

ability to efficiently process large volumes of sensor data, perform advanced analytics, and 

seamlessly integrate with cloud platforms for real-time monitoring and control. The data 

processing pipeline involves multiple stages, including data acquisition, preprocessing, 

analytics, storage, and visualization, ensuring the accuracy and reliability of energy 

management decisions. Sensor data collected from solar panels, environmental sensors, and 

electrical monitoring devices is first aggregated at the IoT gateway, where initial filtering and 

pre-processing take place. This stage involves noise reduction, error correction, and data 

normalization to ensure consistency across different sensors.  

The integration of optimization algorithms into IoT-enabled solar PV systems 

significantly enhances energy efficiency, maximizes power generation, and ensures the 

stability of the system. Optimization techniques are applied at various levels, including power 

tracking, energy storage management, grid integration, and fault detection. By leveraging 
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artificial intelligence (AI), machine learning (ML), and heuristic optimization techniques, 

solar PV performance can be dynamically adjusted to adapt to varying environmental and 

operational conditions. One of the most widely used optimization techniques in solar PV 

systems is the Maximum Power Point Tracking (MPPT) algorithm. MPPT ensures that the 

solar panels operate at their highest efficiency by continuously adjusting the voltage and 

current to locate the maximum power point under different irradiance and temperature 

conditions.  

EXPERIMENTAL SETUP AND RESULTS 

A test bed setup for solar PV monitoring is essential for evaluating the efficiency, 

reliability, and performance of an IoT-enabled photovoltaic system. The test bed serves as a 

controlled environment where various system components, including sensors, 

microcontrollers, communication modules, and cloud-based analytics, are integrated and 

tested under real-world conditions. 

 

Fig. 4 Test Bed Setup for Solar PV Monitoring 

       The setup begins with the installation of solar PV panels that generate electrical energy 

from sunlight. These panels are connected to an MPPT (Maximum Power Point Tracking) 

charge controller, which optimizes power output by adjusting the operating voltage and 

current. A battery storage system is included to ensure continuous power availability, 

especially during low sunlight conditions or at night. An inverter is used to convert DC 

electricity from the batteries into AC power for household or industrial use. IoT sensors are 

deployed to measure critical parameters such as solar irradiance, panel temperature, voltage, 

current, and power output. These sensors continuously transmit real-time data to a 

microcontroller, which processes and forwards the data to a communication module. The 



Advances in Nonlinear Variational Inequalities 
ISSN: 1092-910X 
Vol 28 No. 7s (2025)  
 

1175 https://internationalpubls.com 

communication module utilizes wireless protocols such as Wi-Fi, Zigbee, or LoRaWAN to 

send the collected data to a cloud-based server for storage and analysis. 

Performance Analysis of IoT-Enabled Monitoring System 

The performance analysis phase focuses on evaluating how accurately and efficiently the 

IoT-based solar PV monitoring system performs under operational conditions. The system is 

designed to capture real-time energy metrics and environmental conditions and communicate 

them to a centralized cloud platform. This evaluation assesses critical factors such as sensor 

precision, data latency, system uptime, and fault tolerance across a variety of operating 

environments. 

Table 5: Sensor Accuracy and Transmission Latency Evaluation 

Parameter 
Mean Absolute 

Error (MAE) 

Standard 

Deviation (σ) 

Latency 

(ms) 

Acceptable 

Threshold 

Voltage (V) ±0.43 0.26 245 < 300 ms 

Current (A) ±0.21 0.14 240 < 300 ms 

Temperature 

(°C) 
±0.57 0.33 252 < 500 ms 

Irradiance 

(W/m²) 
±18.5 10.3 262 < 500 ms 

Power Output 

(W) 
±12.6 9.8 238 Derived 

Table 6: System Uptime and Fault Tolerance 

Performance Metric Observed Value Benchmark Target 

System Uptime 98.6% ≥ 95% 

Data Packet Loss 0.83% ≤ 2% 

Sensor Downtime (avg/month) < 1.2 hours < 3 hours 

Communication Recovery Time 4.7 seconds < 10 seconds 

Table 7: Performance Across Climatic Conditions 

Weather Condition Signal Noise Data Drift Observed Monitoring Effectiveness 

Sunny Low Minimal Very High 

Overcast Moderate Noticeable High 

Rainy High Higher sensor variance Moderate 

Partially Cloudy Low Stable High 

 

 



Advances in Nonlinear Variational Inequalities 
ISSN: 1092-910X 
Vol 28 No. 7s (2025)  
 

1176 https://internationalpubls.com 

Table 8: Visualization and Dashboard Monitoring 

Solar PV Monitoring Dashboard 

Current Power Output 2.34 kW           

Panel Temperature     42.3 °C           

Battery Voltage       47.2 V            

Graphs: Power vs Time Irradiance vs Time   

Comparison of Optimized vs. Non-Optimized Solar PV Systems 

Objective 

The primary objective of this section is to conduct a quantitative and qualitative comparison 

between a conventional (non-IoT) solar PV system and an IoT-enabled solar PV system 

integrated with optimization algorithms. The goal is to evaluate improvements in energy 

output, efficiency, load handling, and system responsiveness enabled by intelligent 

monitoring and control. 

Experimental Design 

A parallel experimental setup was implemented with the following parameters: 

• Location: Rooftop renewable energy testbed, oriented South-East 

• Duration: 30 days of continuous monitoring (6 AM – 6 PM) 

• Panel Rating: 1500 Wp (Watt-peak) polycrystalline panels for each system 

• Environmental Conditions: Similar irradiance and ambient temperature 

• Load Type: Mixed AC and DC resistive load (LEDs, fans, chargers) 

• IoT System Integration: Sensors (voltage, current, irradiance, temperature), ESP32-based 

microcontroller, cloud server, MPPT, and optimization algorithms 

Table 9: System Characteristics 

Component Non-Optimized System Optimized IoT-Enabled System 

Control Method Manual or fixed algorithm Adaptive, AI-optimized MPPT 

Monitoring None Real-time, multi-sensor 

Data Access Offline, manual logs Online via dashboard 

Optimization Logic Not available Power flow and storage optimized 

Fault Detection Manual inspection Automatic, sensor-driven alerts 

Load Distribution Fixed priority Dynamic and predictive allocation 
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Table 10: Measured Parameters and Comparative Results 

Parameter 
Non-Optimized 

System 

IoT-Optimized 

System 

Average Daily Power Output (kWh) 5.6 7.3 

Peak Efficiency (%) 71.2 88.6 

Energy Conversion Losses (%) 20.4 7.8 

Load Coverage (Hours/Day) 8.5 11.2 

Data Transmission Latency (sec) N/A 0.8 

Average Temperature Impact Reduction 

(%) 
N/A 15.4 

 

Impact of IoT-Driven Optimization on Energy Efficiency 

Objective 

To quantify and analyze the improvements in energy efficiency enabled by integrating IoT-

driven optimization algorithms—specifically Grey Wolf Optimization (GWO), Artificial 

Neural Networks (ANN), and Fuzzy Logic Controllers (FLC)—within a solar PV monitoring 

and control system. This section evaluates how these algorithms, when deployed in real-time 

through an IoT framework, contribute to energy savings, reduced idle losses, and enhanced 

system responsiveness. 

1. Description of Optimization Logic Used 

A. Grey Wolf Optimization (GWO) for MPPT 

• Inspired by: The social hierarchy and hunting behavior of grey wolves. 

• Function: GWO was implemented to optimize Maximum Power Point Tracking (MPPT) by 

continuously adjusting the duty cycle of the DC-DC converter to maximize power output 

under variable irradiance. 

• IoT Role: Real-time irradiance and voltage data from sensors are streamed to the cloud, 

where the GWO algorithm computes the optimal operating point and sends it back to the 

controller. 

• Benefit: Adaptability to fast-changing environmental conditions with low computational 

overhead. 

B. Artificial Neural Networks (ANN) for Predictive Control 

• Inspired by: Human brain neural architecture. 

• Function: ANN was trained with historical solar irradiance, temperature, and load demand 

data to predict energy availability and manage storage/load priorities. 
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• IoT Role: Live sensor data fed into the model continuously fine-tunes predictions and 

enhances control decisions. 

• Benefit: Efficient management of energy dispatch, especially during peak load periods or low 

solar generation. 

C. Fuzzy Logic Controller (FLC) for Load Management 

• Inspired by: Human-like reasoning using linguistic variables. 

• Function: FLC used input variables (e.g., voltage levels, load demand, SOC of battery) to 

decide how to route energy: directly to the load, charge battery, or shed non-critical loads. 

• IoT Role: Real-time data input allowed dynamic adjustments in control logic, eliminating 

rigid threshold-based switching. 

• Benefit: Smoother operation, better load prioritization, and prevention of over-discharge. 

2. Efficiency Gains Pre- and Post-Optimization 

Table 11: Efficiency Gains Pre- and Post-Optimization 

Performance Metric 
Pre-

Optimization 

Post-Optimization (IoT + 

GWO/ANN/FLC) 

Improvement 

(%) 

Energy Conversion 

Efficiency 
72.4% 89.3% +23.3% 

Energy Utilization 

Factor 
0.68 0.92 +35.3% 

Real-Time Load 

Responsiveness 
3.2 sec delay 0.9 sec delay +71.8% faster 

Power Output 

Stability Index 
0.72 0.91 +26.4% 

Note: The improvements were especially significant during partial shading, low-irradiance 

conditions, and during rapid demand shifts. 

3. Reduction in Idle Energy Loss & Improved Battery Cycling 

Idle Energy Loss 

• Before Optimization: The system operated without intelligent MPPT or predictive control, 

resulting in average idle energy losses of 19.7% due to non-optimal panel operation and 

unutilized generation. 

• After Optimization: Integration of GWO and ANN reduced idle energy loss to 5.2% by 

continuously tracking the MPP and proactively dispatching energy. 

Battery Usage Improvement 

• Battery Deep-Cycling: Reduced from an average of 2.8 daily cycles to 1.6, indicating less 

wear and longer battery life. 
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• Improved SOC Range Management: Fuzzy logic ensured batteries stayed within optimal 

30–85% range, reducing heat generation and increasing reliability. 

4. Real-Time Decision-Making Contribution to Reduced Energy Waste 

The following real-time functionalities contributed to efficient energy utilization: 

• Predictive Load Forecasting (ANN): Prevented overcharging/discharging by anticipating 

upcoming load spikes. 

• Dynamic MPPT (GWO): Adapted to rapid fluctuations in irradiance, ensuring the panel 

operates near peak power. 

• Smart Load Shedding (FLC): Reduced energy waste by prioritizing essential loads and 

shifting non-essential tasks during low production periods. 

• Cloud Feedback Loop: The IoT microcontroller received optimized parameters from the 

cloud within 900 ms, allowing real-time actuation with minimal lag. 

Analysis of System Reliability and Response Time 

Objective: 

To comprehensively assess the reliability and real-time responsiveness of the implemented 

IoT-based solar PV system under dynamic operational conditions. The analysis includes 

system uptime, failure rates, latency in data transmission, and adaptability to abrupt 

environmental and load changes. 

1. Mean Time Between Failures (MTBF) and Downtime Analysis 

The Mean Time Between Failures (MTBF) is a critical reliability metric used to evaluate the 

expected operational time between system breakdowns. Over a continuous 90-day test cycle, 

the IoT system was operated under varied climatic conditions (sunny, overcast, partial 

shading) to emulate real-world field scenarios. 

MTBF Formula: 

 

• Total operational time: 2,160 hours (90 days × 24 hrs) 

• Number of component/system failures: 4 (1 sensor fault, 1 communication timeout, 2 

power resets) 

Calculated MTBF: 

21604/4=540 hours 

This is a robust figure indicating high system reliability for field deployment. 
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Table 12: System Downtime (Total Unavailability) 

Failure Type 
Duration 

(Minutes) 
Occurrence 

Total Downtime 

(Minutes) 

Sensor Fault 10 1 10 

Communication 

Timeout 
8 1 8 

Power Reset 5 2 10 

Total   28 minutes in 90 days 

• Average Monthly Downtime: ~9.3 minutes 

• System Uptime: 99.98% 

Table 5.10: System Downtime (Total Unavailability) summarizes the recorded instances and 

durations of system unavailability over a 90-day monitoring period, highlighting the sources 

of downtime and their cumulative impact. The Sensor Fault occurred once, leading to a 10-

minute interruption in data acquisition and system monitoring. This downtime may have been 

due to calibration drift, environmental interference, or hardware malfunction. The 

Communication Timeout, also a single occurrence, resulted in an 8-minute lapse in data 

transmission, possibly due to temporary network instability or failure in the wireless 

communication module. 

Power Reset events occurred twice during the period, each lasting 5 minutes, contributing a 

total of 10 minutes of downtime. These resets may have been triggered by power fluctuations 

or firmware updates requiring system reboot. In total, the system experienced 28 minutes of 

unavailability over the 90-day observation window, demonstrating a high level of reliability 

and robustness. The low downtime figure reflects the effectiveness of the fault detection and 

recovery mechanisms in place, particularly when integrated with real-time monitoring and 

automated system management. 

2. Response Time Analysis 

This measures the end-to-end delay between data acquisition by IoT sensors and its reflection 

on the user dashboard. 

Measured Components: 

• Sensor acquisition time: 0.3 seconds 

• Microcontroller data processing: 0.15 seconds 

• Communication delay (MQTT over Wi-Fi): 0.25 seconds 

• Cloud dashboard update delay: 0.22 seconds 

Total average response time: 

0.3+0.15+0.25+0.22=0.92 seconds 
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Compared to typical SCADA systems with a delay of ~2.5 to 3 seconds, this marks a ~63% 

improvement in real-time responsiveness. 

3. Behavior Under Sudden Load or Irradiance Fluctuations 

To test adaptability, simulations of rapid changes in load and irradiance were introduced: 

• Sudden Load Increase Test: 

o Load spike: +35% in 3 seconds 

o System response: Load compensation within 1.1 seconds 

o Voltage stabilization: <1.4 seconds 

• Cloud Cover Simulation: 

o Solar irradiance drop: from 900 W/m² to 250 W/m² 

o MPPT adjustment time: 1.3 seconds 

o Battery support transition: 0.6 seconds 

The IoT system, supported by intelligent MPPT and predictive control logic, demonstrates 

resilient behavior and maintains stable power output with minimal disruption (<2 sec). 

4. System Recovery and Error Handling Efficiency 

The system was equipped with fail-safes and redundancy to ensure automatic recovery: 

Table 13: System Recovery and Error Handling Efficiency 

Fault Detected 
Detection 

Time 
Recovery Action 

Recovery 

Time 

Sensor anomaly 0.5 sec 
Data filtering + backup sensor 

switch 
1.2 sec 

Communication packet 

loss 
0.3 sec Packet retransmission 0.9 sec 

Battery over-discharge Continuous 
Load shedding + controller 

alert 
1.0 sec 

Cloud server 

disconnection 
Instant Local data buffer + sync retry 

Retry every 

30s 

• Error Logging Module: Maintains all failure timestamps for diagnostic use. 

• AI-based Predictive Alerts: Triggers before fault thresholds are crossed (over-temperature 

alerts for PV modules). 

Table 14: System Reliability and Response 

Metric Measured 

Value 

Industry 

Benchmark 

Remarks 
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Mean Time Between 

Failures (MTBF) 

540 hours 400–600 hours Good reliability 

Average Downtime 9.3 

minutes/month 

<15 

minutes/month 

Well within 

acceptable range 

Average Response Time 0.92 seconds ~2.5–3 seconds High responsiveness 

MPPT Re-Adjustment 

Time 

1.3 seconds ~2 seconds Fast adaptability 

Communication Fault 

Recovery Time 

0.9 seconds ~2 seconds Robust packet retry 

logic 

Discussion on Findings and Key Insights 

The integration of IoT technologies into solar photovoltaic (PV) monitoring systems has 

significantly transformed the landscape of renewable energy management, bringing notable 

improvements in energy efficiency, operational reliability, and intelligent optimization. The 

experimental observations and analyses conducted throughout the study present a compelling 

narrative that underscores the practical value and technological viability of such systems, 

particularly in decentralized and remote energy applications. 

A detailed evaluation of system performance post-optimization—enabled through advanced 

algorithms such as Grey Wolf Optimization (GWO), Artificial Neural Networks (ANN), and 

Fuzzy Logic Controllers (FLC)—revealed a substantial increase in energy conversion 

efficiency, load responsiveness, and energy utilization. These findings are crucial, as they not 

only validate the technical feasibility of integrating machine learning with real-time data 

acquisition but also highlight the potential of adaptive optimization in handling dynamic 

environmental conditions such as shading, temperature fluctuations, and sudden load 

variations. 

The results demonstrated that key performance indicators (KPIs) such as energy utilization 

factor and power output stability improved markedly. For instance, the system’s 

responsiveness to changing load conditions improved by over 70%, while power output 

fluctuations were minimized, reflecting enhanced voltage and current stabilization. These 

improvements directly translate into lower energy losses and more effective load 

management—an essential requirement for off-grid and remote installations where energy 

resources are limited and energy storage needs to be optimized. 

In terms of reliability, the system maintained a high uptime rate with a Mean Time Between 

Failures (MTBF) of 540 hours and minimal downtime over the course of testing. This level of 

reliability, when combined with fast response and recovery mechanisms, is a strong indicator 

of the system’s robustness and its ability to maintain uninterrupted energy supply even in 

challenging operational environments. 

The visualization components, including real-time dashboards and trend graphs, offered 

intuitive insights into system behavior, empowering users to make proactive decisions 

regarding energy use and maintenance schedules. Furthermore, the use of time-series analysis 
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and data preprocessing ensured the consistency and accuracy of information delivered 

through the monitoring interface, thereby reinforcing the system’s dependability. 

CONCLUSION AND FUTURE SCOPE 

Summary of Key Findings 

The integration of IoT technologies and intelligent optimization algorithms such as Grey 

Wolf Optimization (GWO), Artificial Neural Networks (ANN), and Fuzzy Logic Controllers 

(FLC) has significantly enhanced the performance, efficiency, and reliability of the solar PV 

monitoring and control system. The optimized system achieved notable improvements across 

multiple dimensions when compared to traditional or non-optimized setups. 

Energy conversion efficiency witnessed a significant increase, rising from 72.4% in 

traditional systems to 89.3% with the IoT-enabled setup. This improvement was supported by 

enhanced power output stability, which improved from an index of 0.72 to 0.91. The average 

daily energy yield also increased by 26%, leading to an annual revenue increase of 

approximately 26%, from INR 40,296 to INR 50,808. 

In terms of system responsiveness, the load response time improved drastically, reducing 

from 3.2 seconds to 0.9 seconds, which translates to a 71.8% increase in real-time 

adaptability. Data acquisition was also accelerated, with refresh intervals reducing from up to 

one hour to every 10 seconds, providing real-time insights and improving operational 

decision-making. 

Environmental benefits were equally significant. CO₂ emissions avoided annually increased 

from 2,264 kg to 3,348 kg, while grid dependency dropped from 42% to 17%. Additionally, 

battery degradation rates decreased by 33.7%, indicating prolonged battery life and reduced 

waste. 

Reliability metrics confirmed the robustness of the optimized system. The Mean Time 

Between Failures (MTBF) stood at 540 hours, with average monthly downtime limited to 9.3 

minutes. Fault detection times were cut to under one minute, and recovery actions were 

automated and efficient, ensuring minimal service disruption. 

Validation metrics reinforced these findings, with RMSE and MAPE values decreasing by 

over 65% and 70%, respectively, while the Pearson correlation coefficient increased to 0.95. 

Cost-wise, the payback period was reduced from 6.5 to 4.8 years, and maintenance costs 

dropped by 32.5%, emphasizing the long-term economic feasibility of the proposed solution. 

Overall, the study confirms that IoT integration, supported by advanced optimization and 

predictive control, not only improves energy output and operational efficiency but also 

delivers environmental and economic benefits. The system’s enhanced reliability, faster 

response, and lower maintenance demands make it a scalable and sustainable model for 

modern solar PV installations. 

Contributions to Renewable Energy and IoT Research 
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This study makes significant contributions to the intersecting domains of renewable energy 

systems and Internet of Things (IoT) applications, particularly in the context of smart solar 

energy management. The research demonstrates the practical integration of IoT-enabled 

monitoring and intelligent control algorithms—specifically Grey Wolf Optimization (GWO), 

Artificial Neural Networks (ANN), and Fuzzy Logic Control (FLC)—within a solar 

photovoltaic (PV) framework to enhance system performance, efficiency, and adaptability. 

From the renewable energy perspective, the study addresses core challenges such as 

suboptimal energy conversion, unpredictable power output, and inefficient load handling. By 

implementing real-time multi-sensor monitoring and adaptive control, the system reduces 

energy conversion losses and increases daily energy yield, thus contributing toward more 

efficient utilization of solar resources. The optimized system’s higher energy output and 

lower grid dependency directly support the broader global goals of sustainability and carbon 

emission reduction. 

In the realm of IoT research, the work contributes a practical and scalable model for real-time 

energy monitoring and fault detection in distributed energy systems. The study showcases 

how real-time data acquisition, cloud integration, bi-directional communication, and 

automated recovery mechanisms can be effectively used to reduce downtime and enhance 

system resilience. It illustrates a move from manual or semi-automated energy management 

systems to smart, responsive, and predictive architectures that are better suited for 

decentralized renewable installations. 

Additionally, the inclusion of validation metrics such as RMSE, MAPE, and Pearson 

correlation provides a strong quantitative foundation for evaluating the performance of such 

intelligent systems. The comparative analysis with other optimization models such as Particle 

Swarm Optimization (PSO), Genetic Algorithms (GA), and ANN-only models further 

highlights the relative superiority and robustness of the proposed approach. 

The research also contributes to the emerging field of hybrid intelligent systems by 

demonstrating how the combination of AI algorithms with IoT infrastructure can lead to 

measurable gains in efficiency, operational cost reduction, and system longevity. It offers a 

reference framework for future research and implementation in microgrids, smart homes, and 

industrial-scale renewable energy plants.  

Practical Implications and Industry Adoption Potential 

The integration of IoT technologies with advanced optimization techniques in solar PV 

systems, as demonstrated in this study, has far-reaching practical implications and a strong 

potential for industry adoption. The findings reveal tangible improvements in energy 

efficiency, system reliability, real-time monitoring, and operational cost-effectiveness—

making the proposed model highly relevant for stakeholders in the renewable energy sector. 

From a practical implementation standpoint, the system’s real-time dashboard monitoring, 

adaptive Maximum Power Point Tracking (MPPT), and automated fault detection 

mechanisms minimize the need for manual intervention. This not only reduces maintenance 

efforts and costs but also ensures continuous and optimal power generation. Industries, 
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commercial buildings, and even residential complexes seeking to shift toward solar energy 

can benefit from the plug-and-play nature of IoT-integrated control systems. 

The significant reduction in energy conversion losses, coupled with a faster response time to 

varying load demands, makes the system highly adaptable for regions with fluctuating 

weather conditions. Moreover, its dynamic load distribution capability ensures better 

utilization of stored energy and prolongs battery life—critical for off-grid and hybrid 

installations. These features support broader goals such as energy independence and 

sustainability, especially in rural or remote areas. 

From an industrial adoption perspective, the modular and scalable architecture of the system 

enables its easy integration into existing energy infrastructures. The system's compatibility 

with cloud platforms, along with secure bi-directional communication, positions it well for 

future integration with smart grids and decentralized energy markets. Utility companies, solar 

EPCs (Engineering, Procurement, and Construction), and energy service providers can 

deploy such systems to enhance the performance of distributed renewable setups, while 

ensuring real-time visibility and control. 

In terms of economic impact, the proposed system demonstrates a reduced payback period 

and increased annual revenue from improved energy yields. These cost benefits make a 

compelling case for adoption by both public and private sector players, including industries 

aiming to meet sustainability mandates and governments seeking to promote clean energy 

solutions through policy and subsidies. 

Limitations of the Study  

1. The system was evaluated under a limited range of climatic conditions, which may affect 

performance in extreme environments such as heavy snow, sandstorms, or high humidity. 

2. The study focused on small to medium-scale solar installations; large utility-scale 

deployment may introduce additional technical and data management challenges. 

3. The IoT monitoring system relies on stable internet and cloud infrastructure, which may limit 

performance in areas with poor connectivity. 

4. Advanced optimization techniques require higher computational resources and periodic 

retraining, which may be challenging in remote installations. 

5. Battery performance was modeled using generalized assumptions, while real-world behavior 

may vary due to temperature, cycles, and manufacturer specifications. 

6. Only basic encryption protocols were considered, and comprehensive cybersecurity testing 

was beyond the scope of the study. 
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