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ABSTRACT 

The rapid advancement of technology has revolutionized agriculture, with the Internet of Things (IoT) 

significantly enhancing efficiency and sustainability. Artificial lighting, crucial for optimal plant growth in 

greenhouses and indoor farms, often suffers from inefficiencies due to conventional systems' high energy use and 

inability to adapt to changing environmental conditions. This research presents an IoT-based automated artificial 

lighting system that dynamically adjusts light intensity, duration, and spectrum using real-time environmental 

data. Sensors monitor ambient light, temperature, and humidity, while an IoT controller and machine learning 

algorithms process this data to optimize lighting conditions. Energy-efficient LED grow lights, offering spectrum 

flexibility, serve as the primary light source. 

Testing in a controlled greenhouse environment with tomato and lettuce crops revealed a 25-30% reduction in 

energy consumption compared to traditional systems. Tomato biomass increased by 15%, and lettuce yields 

improved by 20%, with the system responding to environmental changes within seconds, ensuring optimal 

conditions for photosynthesis. Despite challenges like sensor calibration and setup costs, this scalable system 

demonstrates the potential of IoT-driven automation to boost agricultural productivity while minimizing energy 

use. Future work will explore renewable energy integration, enhanced predictive capabilities, and testing across 

diverse crops and environments, contributing to sustainable farming and global food security solutions. 

 

Introduction 

Agriculture has long been the foundation of human civilization, evolving from basic subsistence practices to 

technologically advanced methods. Today, the sector faces pressing challenges such as population growth, limited 

resources, climate change, and the demand for sustainable food production. To address these issues, innovations 

like precision agriculture, controlled environment farming, and automation have emerged, with the Internet of 

Things (IoT) playing a transformative role. IoT in agriculture integrates sensors, actuators, communication 

networks, and intelligent systems to monitor and optimize farming operations. One critical application of IoT is 

artificial lighting automation in controlled environment agriculture (CEA), such as greenhouses and vertical 

farms. Artificial lighting supplements or replaces sunlight, vital for photosynthesis, especially in regions with 

limited natural light or adverse weather. Traditional lighting systems, reliant on static schedules, are energy-

intensive and inefficient, contributing up to 50% of energy costs in indoor farming. This research proposes an 

IoT-enabled automated lighting system, leveraging sensors and machine learning to adjust light intensity, 

duration, and spectrum dynamically. Implemented with energy-efficient LED grow lights, the system optimizes 
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crop growth and minimizes energy use. Case studies with tomatoes and lettuce showed energy savings of 25-30% 

and improved yields, demonstrating the system’s potential to enhance sustainable agriculture. 

In the broader context of sustainable development, this research aligns with global efforts to promote resource-

efficient and environmentally friendly agricultural practices. By reducing energy consumption and improving 

crop yields, IoT-enabled lighting automation contributes to the dual goals of food security and climate change 

mitigation. Moreover, the system's scalability and adaptability make it suitable for diverse agricultural settings, 

from small-scale farms to industrial operations.[1] 

In conclusion, this study explores the transformative potential of IoT in agriculture through the lens of artificial 

lighting automation. By combining real-time data acquisition, intelligent decision-making, and advanced control 

mechanisms, the proposed system addresses key challenges in modern farming while paving the way for 

sustainable and efficient agricultural practices. The findings aim to contribute to the growing body of knowledge 

on smart farming and inspire further innovation in the field. This paper provides a detailed account of the system's 

design, implementation, and evaluation, offering valuable insights for researchers, practitioners, and policymakers 

interested in leveraging IoT for agricultural advancement. 

 

Literature Review 

The integration of IoT technologies in agriculture has been a focal point of numerous studies, addressing 

challenges in resource optimization, crop monitoring, and system automation. This literature review explores ten 

research studies focusing on IoT applications in agriculture, particularly in artificial lighting, energy efficiency, 

and crop management. The findings highlight the advancements, challenges, and future directions in this domain. 

Smith et al. (2021) investigated the use of IoT in optimizing artificial lighting for indoor farming. Their study 

emphasized the role of real-time environmental monitoring in adjusting light intensity and spectral composition, 

leading to a 20% improvement in crop yield for lettuce and spinach. The research demonstrated the feasibility of 

integrating IoT with LED grow lights, but it highlighted the need for advanced algorithms to account for varying 

crop-specific requirements and dynamic environmental changes. 

In a similar vein, Patel and Kumar (2020) explored the use of sensor networks in automating greenhouse lighting. 

Their system employed light intensity sensors and an IoT-based controller to dynamically adjust artificial lighting 

based on ambient sunlight. The study showed a 15% reduction in energy consumption while maintaining optimal 

growth conditions. However, challenges in sensor calibration and the high initial cost of implementation were 

noted as barriers to widespread adoption. 

Zhou et al. (2022) focused on energy-efficient lighting systems for vertical farms. They integrated IoT with 

machine learning algorithms to predict crop light requirements based on growth stages and historical data. Their 

results indicated a 30% reduction in energy usage without compromising plant health. The study also discussed 

the potential of integrating renewable energy sources, such as solar panels, to further reduce the carbon footprint 

of indoor farming operations. 

Another significant contribution was made by Rana et al. (2021), who developed an IoT-enabled smart farming 

system incorporating automated lighting, irrigation, and pest control. Their research highlighted the 

interconnected nature of environmental factors affecting plant growth. By simultaneously adjusting lighting and 
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irrigation, the system achieved a 25% increase in crop yield for tomatoes. However, the study noted limitations 

in scalability, particularly for larger agricultural setups. 

Chandra et al. (2020) examined the role of spectral tuning in artificial lighting systems. They developed a system 

capable of dynamically adjusting light spectra to optimize photosynthesis at different crop growth stages. The 

study found that blue light significantly enhanced vegetative growth, while red light improved flowering and 

fruiting. By leveraging IoT for real-time spectral adjustments, the system increased crop yield by 18% for 

strawberries. However, the authors emphasized the need for more research on spectral requirements for diverse 

crops. 

Singh et al. (2022) proposed a hybrid lighting system combining natural sunlight and artificial lighting, controlled 

by IoT. Their system utilized light sensors to measure ambient sunlight and supplement it with artificial lighting 

as needed. The research demonstrated a 35% reduction in energy costs for a greenhouse setup growing cucumbers. 

Despite its success, the study identified challenges in achieving uniform light distribution and integrating the 

system with existing greenhouse infrastructure. 

A comprehensive study by Ahmed et al. (2021) explored the use of IoT in resource-constrained environments. 

Their low-cost automated lighting system targeted small-scale farmers, employing off-the-shelf IoT components. 

The system successfully reduced energy usage by 22% and improved crop yields for leafy greens. The study 

highlighted the importance of affordability in promoting IoT adoption in developing regions but noted that system 

durability under harsh environmental conditions remained a challenge. 

Kumar and Sharma (2020) developed an IoT-driven decision support system for greenhouse management. Their 

system integrated lighting automation with other environmental controls, such as temperature and humidity 

regulation. By employing predictive algorithms, the system optimized conditions for lettuce and basil growth, 

resulting in a 30% improvement in yield and a 25% reduction in energy consumption. The study underscored the 

potential of integrating multiple subsystems but noted the complexity of managing such interconnected systems. 

Lee et al. (2022) focused on the integration of artificial intelligence (AI) with IoT for smart agriculture. Their 

research demonstrated the use of AI models to predict crop growth and adjust lighting parameters in real-time. By 

combining IoT data with machine learning algorithms, the system achieved a 40% reduction in energy costs and 

a 20% increase in crop productivity. The study also highlighted the scalability of AI-IoT solutions for large-scale 

farming operations. 

Finally, Gupta et al. (2021) studied the environmental impact of IoT-based lighting systems in agriculture. Their 

analysis showed that automated lighting systems could significantly reduce greenhouse gas emissions associated 

with traditional agricultural practices. The study also discussed the role of IoT in enabling sustainable farming 

practices, such as minimizing resource wastage and promoting renewable energy integration. However, the 

authors cautioned that the production and disposal of IoT devices could contribute to electronic waste, 

necessitating environmentally friendly manufacturing practices. 

 

System Architecture 

The system architecture for an IoT-enabled automated artificial lighting system is designed to provide real-time 

monitoring, intelligent decision-making, and precise control of lighting conditions in agricultural environments. 

The architecture integrates hardware components such as sensors, IoT controllers, actuators, and LED grow lights 
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with software elements including data processing, machine learning algorithms, and a user interface. Together, 

these components form a robust and scalable system capable of optimizing light intensity, spectrum, and duration 

based on environmental conditions and crop-specific requirements. [3] 

1. Hardware Components 

The hardware architecture begins with sensors that monitor various environmental parameters critical for plant 

growth. Light intensity sensors measure the natural sunlight levels to determine the supplemental lighting needs. 

Temperature and humidity sensors provide data on microclimatic conditions, ensuring that the lighting 

adjustments do not inadvertently cause thermal stress to the plants. Carbon dioxide (CO₂) sensors measure the 

ambient CO₂ levels, which, combined with light data, influence the rate of photosynthesis. 

At the heart of the hardware system is the IoT controller, such as a Raspberry Pi or Arduino. The controller acts 

as the central processing unit, receiving data from the sensors, processing it, and executing commands based on 

predefined algorithms. [4] The controller is equipped with communication modules like Wi-Fi or Zigbee to 

facilitate data transmission between sensors, actuators, and the cloud. 

The actuators in the system include LED grow lights, which are controlled via a relay module or a pulse-width 

modulation (PWM) driver. LED grow lights are preferred for their energy efficiency and ability to emit specific 

light spectra that promote photosynthesis. The actuators adjust the intensity and spectrum of the light based on 

commands from the IoT controller. 

For larger setups, the architecture includes edge devices that preprocess data locally to reduce latency and improve 

system responsiveness. These devices work in conjunction with cloud servers for advanced analytics and data 

storage. Power management is another critical aspect, with uninterrupted power supply (UPS) systems or 

renewable energy sources like solar panels ensuring reliable operation. 

2. Data Acquisition and Processing 

The architecture relies heavily on real-time data acquisition from the sensors. Each sensor is connected to the IoT 

controller, which continuously collects data and performs initial processing to filter out noise and anomalies. [5] 

The processed data is then used to calculate the lighting requirements based on factors such as ambient light levels, 

crop type, and growth stage. A key feature of the system is its ability to adapt to dynamic changes in the 

environment. For example, if a cloud reduces sunlight temporarily, the system detects the drop in ambient light 

and increases the LED intensity to maintain optimal conditions. Similarly, during the early stages of plant growth, 

the system can provide more blue light to stimulate vegetative development, transitioning to red light during the 

flowering and fruiting stages.[6] 

The IoT controller uses a decision-making algorithm to determine the appropriate lighting adjustments. This 

algorithm is often powered by machine learning models that are trained on historical data to predict crop-specific 

lighting needs. These models consider multiple factors, including light intensity, photoperiod, and spectral 

composition, ensuring that the system delivers optimal lighting for each growth stage. 

3. Cloud Integration and Data Analytics 

The system architecture includes cloud-based services for data storage, advanced analytics, and remote 

monitoring. Environmental data collected by the sensors is transmitted to a cloud server via the IoT controller’s 

communication module. The cloud serves as a repository for historical data, enabling long-term analysis and the 

development of predictive models. Machine learning algorithms in the cloud analyze the data to identify patterns 
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and optimize system performance. For example, these algorithms can predict the lighting needs for the next growth 

stage or adjust the system settings based on seasonal changes. The cloud also enables the integration of external 

data sources, such as weather forecasts, to further enhance decision-making. 

Remote access is a key advantage of cloud integration. Farmers can monitor system performance and 

environmental conditions through a web or mobile application. The user interface provides real-time 

visualizations, including graphs of light intensity, energy consumption, and plant growth metrics. Users can also 

override the automated settings if necessary, providing greater flexibility and control. 

4. Energy Efficiency and Power Management 

Energy efficiency is a primary consideration in the system architecture. LED grow lights are inherently more 

energy-efficient than traditional lighting options, such as high-pressure sodium (HPS) lamps. Additionally, the 

system employs adaptive lighting strategies to minimize energy usage. For instance, the lights operate at reduced 

intensity when ambient sunlight is sufficient, conserving energy without compromising plant growth. Power 

management systems are incorporated to ensure reliable operation. In areas with unstable power supply, a UPS or 

battery backup is used to maintain continuity. For sustainable operations, renewable energy sources like solar 

panels can be integrated into the architecture. Excess energy generated during the day can be stored in batteries 

and used to power the system at night, further reducing operational costs.[7] 

5. Scalability and Networking 

Scalability is a critical aspect of the architecture, particularly for larger farms and greenhouses. The system 

employs a modular design, allowing additional sensors, actuators, and controllers to be integrated as needed. To 

manage the increased data flow, the architecture uses a distributed network of IoT controllers and edge devices. 

Networking is facilitated through protocols such as MQTT (Message Queuing Telemetry Transport) or CoAP 

(Constrained Application Protocol), which are optimized for IoT applications. These protocols enable efficient 

communication between devices while minimizing bandwidth usage. In large-scale setups, a mesh network 

topology is used to ensure reliable connectivity and redundancy. 

6. Security and Privacy 

As an IoT system, the architecture includes measures to ensure data security and user privacy. Communication 

between devices and the cloud is encrypted using protocols such as TLS (Transport Layer Security). Access 

controls and authentication mechanisms prevent unauthorized access to the system. For sensitive operations, such 

as overriding automated settings, multi-factor authentication may be employed. 

7. System Responsiveness and Feedback Loops 

The system’s responsiveness is critical for maintaining optimal growing conditions. Feedback loops are 

incorporated to continuously monitor the effectiveness of the lighting adjustments. For example, if a drop in plant 

growth rate is detected, the system analyzes the lighting parameters and environmental conditions to identify 

potential issues. Adjustments are then made in real-time to correct the problem. 

 

 

8. Cost Considerations 

The architecture is designed to balance functionality with cost-effectiveness. While the initial setup may involve 

higher costs due to the need for sensors, controllers, and LED grow lights, the system’s energy efficiency and 



 
 

6 | P a g e  
 

improved crop yields provide long-term financial benefits. Additionally, the use of off-the-shelf IoT components 

makes the system more affordable for small and medium-scale farmers.[9] 

In conclusion, the system architecture for an IoT-enabled automated artificial lighting system integrates hardware 

and software components to provide a comprehensive solution for modern agriculture. By leveraging real-time 

data, intelligent algorithms, and energy-efficient technologies, the architecture optimizes lighting conditions to 

enhance crop productivity while reducing energy usage. Its modular design ensures scalability, making it suitable 

for diverse agricultural applications, from small greenhouses to large-scale vertical farms. With further 

advancements in IoT and machine learning, this architecture represents a significant step toward sustainable and 

efficient farming practices. 

 

Methodology 

The methodology for designing and implementing an IoT-enabled automated artificial lighting system involves a 

systematic approach that integrates hardware components, software development, system testing, and evaluation. 

The system is designed to dynamically adjust light intensity, duration, and spectrum based on real-time 

environmental data to optimize plant growth and energy efficiency. This section describes the methods employed 

in the development and validation of the system, including its hardware setup, data collection, software 

algorithms, and experimental evaluation.[10] 

1. System Design and Development 

The system design begins with the identification of key requirements based on the target application, such as 

optimizing lighting for specific crops in controlled environments like greenhouses or vertical farms. The design 

process includes selecting appropriate sensors, controllers, and actuators to meet the functional and scalability 

needs of the system. 

 

Hardware Setup: 

The primary hardware components include light intensity sensors, temperature and humidity sensors, carbon 

dioxide (CO₂) sensors, and a Raspberry Pi or Arduino microcontroller. The sensors are strategically placed within 

the farming environment to capture accurate and representative data. For instance, light sensors are positioned to 

measure ambient light levels near the crop canopy, while temperature and humidity sensors are distributed to 

monitor microclimatic variations. 

LED grow lights are used as actuators due to their energy efficiency and tunable spectral output. These lights are 

connected to a relay module or a pulse-width modulation (PWM) driver to allow precise control over their 

intensity and spectral composition. The hardware components are integrated using a central IoT controller, which 

also includes communication modules like Wi-Fi or Zigbee for data transmission. 

System Architecture: 

 

The system architecture is modular, allowing for easy scalability and integration with additional sensors or 

actuators. A local edge device processes real-time data, while cloud integration enables advanced analytics, data 
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storage, and remote monitoring. The architecture also incorporates a feedback loop for system responsiveness, 

ensuring continuous optimization based on performance metrics. 

 

2. Data Collection and Processing 

Sensor Data Acquisition: 

The system continuously collects data from the sensors to monitor environmental parameters such as light 

intensity, temperature, humidity, and CO₂ levels. Data is captured at regular intervals (e.g., every 5 seconds) to 

ensure responsiveness to environmental changes. 

Data Preprocessing: 

Raw data from the sensors often includes noise or outliers due to environmental factors or sensor limitations. A 

preprocessing step filters and normalizes the data to improve its quality and reliability. For example, a moving 

average filter is applied to smooth light intensity readings, and outliers are detected and excluded using 

statistical methods.[11] 

Integration with Crop Growth Models: 

The system integrates crop growth models to determine the optimal lighting conditions based on the plant's 

growth stage. These models provide insights into the specific spectral and intensity requirements for each stage, 

such as higher blue light for vegetative growth and increased red light for flowering and fruiting. 

3. Software Development 

Decision-Making Algorithms: 

The core of the system is a decision-making algorithm that uses sensor data to calculate the required lighting 

adjustments. The algorithm employs rule-based logic combined with machine learning models to predict and 

optimize light settings. For example, if ambient light levels drop below a predefined threshold, the system 

increases the LED intensity to maintain optimal photosynthetic activity. 

Machine Learning Integration: 

A supervised learning approach is used to train machine learning models on historical data. The models predict 

the lighting needs of the crops based on environmental conditions, crop type, and growth stage. Features such as 

light intensity, temperature, and CO₂ levels are used as inputs, while the optimal light settings (intensity and 

spectrum) serve as outputs. 

Cloud-Based Analytics: 

The system is integrated with cloud platforms for advanced analytics and long-term data storage. Cloud-based 

algorithms analyze historical trends to refine the lighting strategies and provide recommendations for system 

optimization. The cloud also facilitates remote monitoring through a user-friendly dashboard that displays real-

time data and system status. 

 

 

4. Experimental Setup and Validation 

The system is tested in a controlled greenhouse environment to validate its performance. The experimental setup 

includes test plots of crops, such as lettuce and tomatoes, chosen for their distinct growth requirements and 

responsiveness to light. 
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Experimental Variables: 

• Independent Variables: Ambient light intensity, temperature, humidity, and CO₂ levels. 

• Dependent Variables: Plant growth metrics (e.g., height, biomass, yield), energy consumption, and 

system responsiveness. 

Control Group: 

A control group is maintained using a traditional fixed lighting system for comparison. This group provides 

baseline data for evaluating the benefits of the automated system. 

Testing Phases: 

• Phase 1: Calibration and Baseline Measurements: The sensors are calibrated, and baseline 

environmental and crop data are recorded. 

• Phase 2: System Implementation: The automated lighting system is deployed, and its performance is 

monitored over a complete growth cycle. 

• Phase 3: Comparative Analysis: The results from the automated system are compared with the control 

group to assess improvements in energy efficiency and crop productivity. 

Performance Metrics: 

Key performance indicators (KPIs) include: 

• Energy Efficiency: Reduction in power consumption compared to traditional systems. 

• Crop Yield: Increase in biomass and productivity. 

• System Responsiveness: Time taken to adjust lighting after a change in environmental conditions. 

• Cost-Effectiveness: Overall cost savings from energy reduction and improved yields. 

5. Results and Optimization 

Data Analysis: 

The experimental data is analyzed to evaluate the system’s effectiveness. Statistical methods, such as ANOVA 

(Analysis of Variance), are used to determine the significance of differences between the automated system and 

the control group. 

System Optimization: 

Based on the results, the system is fine-tuned to address any identified limitations. For example, adjustments 

may be made to the decision-making algorithm or sensor placement to improve accuracy and efficiency. 

6. Scalability and Real-World Application 

Scalability Testing: 

To evaluate the system’s scalability, additional sensors and actuators are integrated into larger setups. The 

network's performance is assessed to ensure reliable communication and data processing across multiple 

devices. 

Real-World Deployment: 

The optimized system is tested in diverse agricultural environments, such as different crop types, greenhouse 

setups, and climatic conditions. Feedback from farmers and stakeholders is collected to refine the system 

further. 

7. Environmental and Economic Impact Assessment 
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Energy Savings: 

The reduction in energy consumption is quantified by comparing the power usage of the automated system with 

that of the control group over the experimental period. 

Cost-Benefit Analysis: 

The economic impact is assessed by comparing the costs of system implementation with the financial benefits of 

increased crop yields and reduced energy expenses. 

Sustainability Evaluation: 

The environmental impact is evaluated in terms of reduced carbon footprint and resource efficiency. Renewable 

energy integration is also explored to enhance sustainability. 

8. Limitations  

Identified Challenges: 

Challenges such as sensor calibration, initial setup costs, and system reliability in harsh environments are 

documented. 

In conclusion, the methodology combines hardware and software components with experimental validation to 

develop a robust and scalable IoT-enabled automated lighting system. By leveraging real-time data and intelligent 

decision-making, the system demonstrates significant potential to improve crop yields, reduce energy 

consumption, and promote sustainable farming practices. This comprehensive approach ensures that the system 

is adaptable to diverse agricultural contexts and ready for real-world applications. 

 

Results and Discussion 

The implementation and testing of the IoT-enabled automated artificial lighting system revealed significant 

insights into its impact on crop yield, energy consumption, and decision-making accuracy. The results are based 

on experimental data collected over a growth cycle of lettuce and tomatoes in a controlled greenhouse 

environment. 

1. Crop Yield Analysis 

A comparison of crop yield between the control group (traditional lighting system) and the IoT-enabled system 

highlights the benefits of real-time adaptive lighting. As shown in the graph: 
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Fig1 : comparison of crop yield between the control group (traditional lighting system) and the 

IoT-enabled system 

Here is the data based on the graph for crop yield and energy consumption comparison: 

Table 1: Data based on the crop yield and energy consumption comparison 

Condition Crop Yield (kg/m²) Energy Consumption (kWh/day) 

Control Group 1.8 50 

IoT System - Lettuce 2.2 35 

IoT System - Tomatoes 2.8 38 

• The control group produced an average yield of 1.8 kg/m², while the IoT system achieved yields of 2.2 

kg/m² for lettuce and 2.8 kg/m² for tomatoes. 

• This improvement demonstrates the effectiveness of tailored lighting in enhancing photosynthetic 

activity and supporting plant growth at different stages. 

The results align with the hypothesis that intelligent lighting systems can optimize growth by providing light 

spectra suited to specific crops and growth phases. Lettuce benefitted primarily from blue light for vegetative 

growth, while tomatoes required additional red light during flowering and fruiting. 

2. Energy Consumption 

Energy efficiency was a key focus of the system design. The comparison of daily energy consumption revealed: 

• The control group consumed an average of 50 kWh/day, while the IoT system consumed 35 kWh/day 

for lettuce and 38 kWh/day for tomatoes. 

• The energy savings, averaging around 30%, were achieved through adaptive light intensity adjustments 

based on ambient sunlight and precise control over spectral output. 

These findings highlight the potential of IoT-enabled systems to reduce operational costs and carbon footprint 

without compromising crop productivity. 

 

 

 

3. Decision-Making Accuracy 
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Fig:2 Confusion matrix evaluated the system's accuracy in classifying lighting conditions as either 

"Optimal" or "Suboptimal 

The confusion matrix evaluated the system's accuracy in classifying lighting conditions as either "Optimal" or 

"Suboptimal." 

• True Positive (Optimal-Optimal): 85 

• True Negative (Suboptimal-Suboptimal): 90 

• False Positive (Suboptimal predicted as Optimal): 10 

• False Negative (Optimal predicted as Suboptimal): 15 

The overall classification accuracy was calculated as: 

  

The high accuracy indicates the effectiveness of the decision-making algorithm in adjusting lighting conditions 

dynamically. However, the false negatives highlight occasional overcorrection, which could be addressed by 

further refining the algorithm. 

4. System Responsiveness 

The system demonstrated excellent responsiveness to environmental changes, adjusting light intensity within 

seconds of a detected drop in ambient sunlight. This capability ensures continuous optimization of growing 

conditions, particularly in fluctuating weather scenarios. 

5. Scalability and Real-World Application 

The modular design of the system proved effective in scaling up for larger setups. Additional sensors and actuators 

were seamlessly integrated into the network without significant impact on system performance. The ability to 

monitor and control operations remotely through a cloud-based dashboard further enhances its practicality for 

diverse agricultural applications. 

 

 

6. Cost-Effectiveness 



 
 

12 | P a g e  
 

A cost-benefit analysis indicated that the system's higher initial investment is offset by long-term savings in energy 

and increased crop yield. For small to medium-scale farmers, the payback period is estimated at 1–2 years, 

depending on the crop type and system size. 

7. Limitations 

While the results are promising, certain limitations were observed: 

• Initial calibration of sensors required significant time and expertise. 

• Occasional network connectivity issues impacted real-time data transmission in larger setups. 

• False negative rates in the classification algorithm suggest a need for further optimization. 

 

Conclusion and Future Scope 

The IoT-enabled automated artificial lighting system demonstrates its potential as a transformative solution for 

modern agriculture. By integrating real-time sensor data, adaptive decision-making algorithms, and energy-

efficient LED lighting, the system achieves substantial improvements in crop yield and energy savings. 

Experiments with lettuce and tomatoes showed an average yield increase of 30% and energy consumption 

reduction of 30%, highlighting its effectiveness in controlled environments. The system's modular architecture, 

scalability, and cloud-based remote monitoring ensure adaptability for diverse agricultural setups, from small 

greenhouses to large-scale vertical farms. Challenges such as sensor calibration and occasional misclassification 

highlight areas for optimization, but overall, the system represents a significant step toward sustainable and 

efficient farming practices. 

In the future, the system can be enhanced with advanced artificial intelligence for predictive analytics and 

integration of additional environmental controls, such as automated irrigation and pest management. Incorporating 

renewable energy sources like solar power will further reduce the operational carbon footprint. Expanding the 

system’s application to diverse crops and climatic conditions will solidify its utility. With continued research and 

refinement, the system can contribute to addressing global food security challenges, promoting precision 

agriculture, and fostering a more sustainable agricultural ecosystem for future generations. 
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