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ABSTRACT 

This research presents the design and development of an intelligent nutrient management component for 

rose cultivation, integrating Internet of Things (IoT) technology with machine learning techniques to enable 

data-driven fertilizer recommendations. Traditional nutrient management practices rely on manual 

observations and generalized guidelines, often resulting in inefficient fertilizer usage and inconsistent crop 

performance. To address these limitations, the proposed system utilizes IoT-based sensors to collect real-

time environmental and soil data, including parameters such as pH, temperature, humidity, and nutrient 

levels. 

The collected data are processed and analyzed using a Random Forest-based machine learning model to 

predict nutrient requirements accurately. Based on these predictions, the system generates optimized 

fertilizer recommendations, including type, dosage, and application timing. The implementation integrates 

data acquisition, preprocessing, prediction, and user interaction through a mobile application, ensuring real-

time and adaptive decision-making. 

Experimental results demonstrate that the proposed model achieves low error rates in terms of Mean 

Absolute Error (MAE) and Root Mean Square Error (RMSE), indicating high prediction accuracy and 

reliability. Compared to traditional methods and other machine learning approaches, the system provides 

improved performance and better adaptability to varying environmental conditions. 

The proposed solution contributes to precision agriculture by enhancing fertilizer efficiency, reducing 

environmental impact, and improving crop yield and quality. Furthermore, the system demonstrates strong 

potential for commercialization as an Intelligent Nutrient Management (INM) product, supporting scalable 

and sustainable smart farming practices. 

 

Keywords: Fertilizer Recommendation, Internet of Things (IoT), Machine Learning, Nutrient 

Management, Random Forest, Smart Agriculture 
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1. INTRODUCTION  

1.1. Background and Literature Review 

The agricultural sector is increasingly transitioning toward intelligent, data-driven systems to 

improve productivity, efficiency, and sustainability. Greenhouse cultivation of high-value 

crops such as roses requires precise control of environmental and nutrient conditions to ensure 

consistent yield and quality. However, traditional farming practices still rely heavily on manual 

observation, fixed fertilizer schedules, and farmer experience, which often lead to inefficient 

resource utilization, nutrient imbalances, and reduced crop performance [1], [6]. 

The emergence of the Internet of Things (IoT) has significantly transformed modern agriculture 

by enabling real-time monitoring of environmental and soil parameters such as temperature, 

humidity, pH, and moisture levels. IoT-based systems facilitate continuous data collection and 

remote monitoring, supporting precision agriculture practices [1], [5]. Several studies have 

demonstrated that IoT-enabled greenhouse and irrigation systems improve operational 

efficiency and crop productivity through automated monitoring and control mechanisms [9]-

[11]. However, most of these systems are limited to data acquisition and threshold-based 

automation, lacking predictive intelligence for proactive decision-making. 

In parallel, Artificial Intelligence (AI) and Machine Learning (ML) have introduced advanced 

capabilities for analyzing complex agricultural data and generating predictive insights. 

Machine learning techniques such as artificial neural networks, regression models, and 

ensemble methods have been applied to fertilizer recommendation, crop monitoring, and yield 

prediction tasks [2], [3], [13]. These approaches improve accuracy compared to traditional 

methods, but they are often developed using static datasets and lack integration with real-time 

IoT data, limiting their adaptability in dynamic greenhouse environments. 

Recent studies emphasize the importance of integrating AI with IoT to develop intelligent 

agricultural systems capable of both sensing and decision-making [7], [8]. Despite this, most 

existing solutions remain crop-agnostic and are not optimized for specific crops such as roses, 

which require precise nutrient balance and environmental control. Agronomic studies highlight 

that factors such as NPK levels, soil pH, electrical conductivity (EC), and environmental 

conditions significantly influence rose growth, flower quality, and yield [17]-[20]. However, 
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these findings are largely experimental and have not been effectively translated into real-time 

automated systems. 

Furthermore, existing smart agriculture solutions typically address isolated problems such as 

irrigation control, fertilizer recommendation, or environmental monitoring independently. This 

lack of integration limits their effectiveness in real-world applications, where crop management 

requires coordinated decision-making across multiple factors. Therefore, there is a growing 

need for integrated systems that combine real-time sensing with predictive intelligence to 

support comprehensive and adaptive agricultural decision-making. Recent research has also 

explored nutrient optimization and sustainable soil management strategies in rose cultivation, 

highlighting the importance of balanced nutrient supply and environmentally responsible 

farming practices [19]-[22]. To provide a clearer comparison of existing approaches, Table 1 

summarizes their strengths and limitations in relation to nutrient management and decision 

support. 

Table 1: Summary of Existing Approaches and Limitations 

Category Approach Strengths Limitations 

IoT Systems 
Monitoring & irrigation 

[1], [10] 

Real-time data 

collection 
No prediction 

ML Models Fertilizer prediction [13] Data-driven decisions 
No real-time 

integration 

Smart 

Fertilizers 

Sustainable inputs [15], 

[16] 
Improve soil & yield Not automated 

Rose Studies Nutrient research [18]-[20] 
Accurate domain 

knowledge 

No system 

implementation 

Proposed 

Work 
IoT + ML integration Predictive + adaptive Not applicable 

 

As shown in Table 1, existing IoT-based systems primarily focus on real-time monitoring and 

automation but lack predictive capabilities for proactive decision-making. Similarly, machine 

learning-based approaches provide data-driven insights but are often developed using static 

datasets and do not integrate real-time environmental data. Although smart fertilizers improve 

soil health and sustainability, they are not supported by automated decision systems. 
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Additionally, agronomic studies on roses provide valuable domain knowledge but lack 

practical system-level implementation. 

These limitations highlight a clear research gap in the development of integrated systems that 

combine real-time IoT sensing with machine learning-based prediction to enable intelligent 

and adaptive nutrient management. Addressing this gap forms the foundation of the proposed 

system. 

1.2. Research Gap 

Despite the advancements in IoT-based monitoring and machine learning-based prediction 

systems, several key limitations remain. Most IoT-based agricultural systems focus primarily 

on data collection and visualization, without incorporating predictive analytics for intelligent 

decision support [1], [5]. Similarly, many machine learning-based fertilizer recommendation 

systems operate on static datasets and do not utilize real-time environmental data, reducing 

their effectiveness under dynamic conditions [12], [13]. 

In addition, existing solutions are largely crop-independent and fail to address the specific 

requirements of greenhouse rose cultivation, where precise nutrient control is essential for 

maintaining flower quality and productivity. Although agronomic research provides detailed 

insights into nutrient management for roses, these findings have not been integrated into 

automated, real-time decision-support systems [17], [18]. 

Therefore, the primary research gap lies in the lack of an integrated, real-time, and crop-specific 

nutrient management system that combines IoT-based environmental sensing with machine 

learning-driven prediction to provide adaptive and accurate fertilizer recommendations for 

greenhouse rose cultivation. 

1.3. Research Problem 

Efficient nutrient management is a critical factor in achieving optimal growth, yield quality, 

and sustainability in greenhouse rose cultivation. However, conventional farming practices rely 

on manual decision-making and generalized fertilizer guidelines, which often lead to inefficient 

fertilizer usage, increased operational costs, and environmental impact [14]-[16]. 

Although IoT technologies enable real-time monitoring and machine learning techniques 

provide predictive capabilities, existing systems fail to integrate these technologies into a 
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unified solution for nutrient management. As a result, there is no comprehensive system 

capable of delivering accurate, data-driven, and adaptive fertilizer recommendations tailored 

to dynamic environmental conditions and crop-specific requirements. 

This research addresses the problem of developing an integrated intelligent nutrient 

management system that leverages real-time IoT data and machine learning techniques to 

provide precise, adaptive, and crop-specific fertilizer recommendations for greenhouse rose 

cultivation. 

1.4. Objectives  

1.4.1. Main Objectives  

To develop an intelligent nutrient management component that integrates IoT-based 

environmental sensing with machine learning techniques to provide accurate, data-driven, and 

adaptive fertilizer recommendations for greenhouse rose cultivation. 

1.4.2. Specific Objectives   

• To collect and analyze real-time environmental and soil data using IoT-based sensors. 

• To preprocess and prepare collected data for machine learning model development. 

• To design and develop a predictive machine learning model for nutrient requirement 

estimation. 

• To generate optimized fertilizer recommendations based on predicted nutrient levels. 

• To evaluate the performance of the developed model using appropriate evaluation 

metrics. 

• To integrate the solution into a scalable smart agriculture framework for real-time 

decision support. 

1.5. Novelty and Contribution of the Study 

The novelty of this research lies in the integration of IoT-based real-time data acquisition with 

machine learning-driven nutrient prediction to develop a crop-specific and adaptive fertilizer 

recommendation system for greenhouse rose cultivation. 

Unlike existing approaches that focus on monitoring or prediction independently, the proposed 

system combines both capabilities into a unified framework, enabling real-time, data-driven 

decision-making. Furthermore, the system is specifically tailored to rose cultivation, 



5 

 

incorporating domain-specific agronomic knowledge to improve accuracy and practical 

applicability. 

This integrated approach contributes to precision agriculture by enhancing fertilizer efficiency, 

reducing environmental impact, and supporting sustainable and scalable smart farming 

practices. 

2. METHODOLOGY   

2.1. System Overview 

The proposed system is designed as an intelligent, data-driven nutrient management component 

within the SmartRose platform, integrating Internet of Things (IoT) sensing with machine 

learning-based predictive analytics. The system enables real-time monitoring, analysis, and 

decision support for greenhouse rose cultivation by combining environmental and soil data 

with predictive modeling techniques. 

The architecture follows a layered approach consisting of data acquisition, data processing, 

intelligence, and application layers, enabling seamless interaction between physical sensors 

and decision-support mechanisms. This design aligns with modern smart agriculture 

frameworks, where IoT devices collect real-time data and machine learning models generate 

actionable insights for improved agricultural decision-making [1], [7]. 

2.2. System Architecture 

Figure 1 illustrates the overall system architecture of the proposed intelligent nutrient 

management component, highlighting the interaction between IoT sensing, data processing, 

machine learning prediction, and user interface layers. 
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Figure 1: System Architecture Diagram of INM Component 

As shown in Figure 1, the system is organized into four main layers, each responsible for a 

specific function within the overall architecture. This layered architecture ensures modularity, 

scalability, and efficient integration of IoT sensing with machine learning-based decision-

making, making the system suitable for real-time smart agriculture applications. 

• Sensing Layer 

This layer consists of IoT-based sensors deployed within the greenhouse environment to collect 

real-time data. The sensors include: 

• NPK sensor (Nitrogen, Phosphorus, Potassium)  

• pH sensor  

• Electrical Conductivity (EC) sensor  

• Soil moisture sensor  

• Temperature and humidity sensor (SHT31)  

These sensors continuously monitor soil and environmental conditions that directly influence 

nutrient availability and plant health. IoT-based sensing has been widely adopted in precision 

agriculture due to its ability to provide continuous, real-time data for informed decision-making 

[5], [6]. 
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• Communication Layer 

The collected sensor data are transmitted to a cloud-based system using an ESP32 

microcontroller with built-in Wi-Fi capability. The ESP32 serves as a low-cost and energy-

efficient communication module suitable for agricultural IoT deployments. 

The use of wireless communication enables remote monitoring and supports scalability across 

multiple greenhouse units. Similar IoT communication architectures have been successfully 

applied in smart irrigation and greenhouse monitoring systems [9], [10]. 

• Data Processing and Intelligence Layer 

This layer is responsible for data preprocessing and predictive analysis. Raw sensor data 

undergo several preprocessing steps, including: 

• Noise filtering  

• Missing value handling  

• Data normalization  

These preprocessing techniques improve data quality and ensure consistency for machine 

learning model training [2]. 

Following preprocessing, the data are processed using a machine learning-based prediction 

model. A Random Forest regression model is selected as the primary predictive model due to 

its robustness, ability to handle nonlinear relationships, and resistance to overfitting compared 

to traditional regression techniques [2], [3]. 

The model predicts key nutrient-related parameters, including: 

• Nutrient trends (NPK levels)  

• Electrical conductivity (EC) trends  

• Potential nutrient deficiencies or imbalances  

The selection of Random Forest is further justified by its superior performance in agricultural 

prediction tasks, where complex interactions exist between environmental variables and crop 

responses [2]. 
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• Application Layer 

The application layer provides a user interface for farmers through a mobile or web-based 

dashboard. This interface displays: 

• Real-time sensor readings  

• Predicted nutrient trends  

• Fertilizer recommendations (type, dosage, timing)  

• Alerts and notifications  

The integration of user-friendly interfaces in smart agriculture systems enhances usability and 

supports decision-making for farmers with varying levels of technical expertise [8]. 

2.3. Data Collection and Preprocessing 

Data collection is performed using IoT sensors deployed in a controlled greenhouse 

environment. The dataset includes key environmental and soil parameters such as NPK levels, 

pH, electrical conductivity (EC), soil moisture, temperature, and humidity, which are essential 

for nutrient prediction in greenhouse cultivation. 

In addition to real-time sensor data, agronomic reference data and fertilizer application records 

are incorporated to enrich the dataset. Synthetic data generation techniques are also applied to 

increase dataset diversity and improve model generalization. 

The collected dataset consists of approximately 500-1000 samples, providing sufficient 

variability for model training and evaluation. Prior to model development, the data undergo 

preprocessing steps including noise filtering, handling of missing values, and normalization to 

ensure consistency and improve model performance. The dataset is divided into training (80%) 

and testing (20%) subsets, following standard machine learning practices for reliable 

evaluation [2]. Table 2 summarizes the key features used for model training. 

Table 2: Dataset Features Used for Model Training 

Feature Description 

pH Soil acidity/alkalinity 

NPK Nutrient levels 

EC Soil conductivity 

Temperature Ambient temperature 
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Feature Description 

Humidity Air moisture 

Soil Moisture Water content 

 

2.4. Model Development and Recommendation System 

The nutrient prediction component is developed using a supervised machine learning approach. 

Multiple models, including Linear Regression, Long Short-Term Memory (LSTM), and 

Random Forest, are evaluated to determine the most suitable approach. 

Among these, the Random Forest regression model is selected due to its high prediction 

accuracy, ability to model nonlinear relationships, and robustness to noise in agricultural 

datasets [2], [3]. Random Forest is an ensemble learning method that constructs multiple 

decision trees during training and combines their outputs to improve predictive performance, 

reduce variance, and prevent overfitting. This makes it particularly effective for agricultural 

datasets, which often exhibit complex and nonlinear patterns. 

Based on the predicted nutrient levels, the system generates fertilizer recommendations by 

considering soil conditions (pH, EC), plant growth stage, and environmental factors. The 

recommendations include fertilizer type (N:P:K ratio), dosage, and application timing, 

ensuring precise and context-aware nutrient management. 

To further enhance decision accuracy, the system integrates weather forecast data using an 

external API. Environmental factors such as rainfall probability, humidity, and temperature are 

considered to avoid fertilizer application under unfavorable conditions. This improves fertilizer 

efficiency and supports sustainable smart agriculture practices [14]-[16]. 

2.5. System Implementation Technologies 

The system is implemented using a combination of hardware and software technologies, as 

summarized below in table 3: 

Table 3: Technologies used for INM Component 

Component Technology Justification 

Microcontroller ESP32 Low cost, Wi-Fi enabled, energy efficient 

Sensors NPK, pH, EC, SHT31 Real-time environmental monitoring 

Backend Python Strong support for ML development 
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Component Technology Justification 

ML Library Scikit-learn Efficient implementation of Random Forest 

Database MongoDB Scalable data management 

Frontend Mobile/Web dashboard User-friendly interface 

 

The selected technologies are widely used in IoT and machine learning applications due to their 

reliability, scalability, and cost-effectiveness [1], [8]. 

The overall system workflow describes the interaction between system components from data 

acquisition to decision support. Sensors collect real-time environmental data, which are 

transmitted to the cloud via the ESP32 module. The data are then preprocessed and fed into the 

machine learning model to predict nutrient trends. Based on these predictions, the 

recommendation engine generates fertilizer suggestions, which are delivered to the user 

through the mobile application interface. 

This workflow establishes a complete pipeline from data acquisition to intelligent decision-

making, forming a closed-loop system for real-time nutrient management. 

 

2.6. Commercialization aspect of the product 

2.6.1. Product Overview and Value Proposition 

The proposed solution can be commercialized as a standalone product named the Intelligent 

Nutrient Management (INM) System, designed to support precision agriculture in greenhouse 

rose cultivation and other high-value crops. The system integrates Internet of Things (IoT)-

based sensing with machine learning-driven predictive analytics to deliver real-time, data-

driven fertilizer recommendations. 

The product is structured as a complete end-to-end smart farming solution consisting of three 

core components: an IoT-based data acquisition unit equipped with sensors (NPK, pH, EC, 

moisture, temperature, humidity), a cloud-based analytics platform for processing data using 

machine learning models, and a mobile or web-based application interface that provides real-

time visualization, alerts, and actionable fertilizer recommendations. 
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The INM system delivers significant value by optimizing fertilizer usage, reducing operational 

costs, improving crop yield and quality, and supporting sustainable farming practices. By 

replacing manual decision-making with accurate, data-driven recommendations, the system 

enhances productivity while minimizing environmental impact, aligning with modern smart 

agriculture trends [14]-[16]. 

2.6.2. Business Model and Target Market 

The primary target market includes greenhouse rose farmers, commercial floriculture 

producers, agricultural enterprises, and research institutions seeking data-driven cultivation 

solutions. The system is particularly relevant in Sri Lanka and similar developing agricultural 

economies, where challenges such as inefficient fertilizer usage and limited access to 

precision farming technologies are prevalent. 

From a business perspective, the system follows a hybrid hardware-software model. This 

includes a one-time hardware purchase for the IoT sensor kit and a subscription-based 

Software-as-a-Service (SaaS) model for analytics and recommendation services. The mobile 

application provides both free basic features and premium functionalities for advanced 

insights. This model ensures affordability while enabling scalable and sustainable revenue 

generation. 

2.6.3. Feasibility and Scalability 

The feasibility of the proposed solution is supported by using low-cost IoT hardware, cloud-

based infrastructure, and open-source machine learning frameworks, making it economically 

viable for widespread adoption. 

The system also offers several competitive advantages, including crop-specific optimization 

for rose cultivation, integration of IoT and AI technologies, and adaptability to local 

agricultural conditions. Furthermore, the scalable architecture enables expansion to other 

crops, integration with irrigation and climate control systems, and deployment across large-

scale agricultural environments. 

The increasing global demand for precision agriculture and sustainable farming practices 

further strengthens the market potential of the INM system. By addressing real-world 

challenges in nutrient management, the system demonstrates strong potential as a practical, 

scalable, and commercially viable solution for modern agriculture. 
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2.7. Implementation And Testing  

2.7.1. System Implementation and Workflow 

The proposed Intelligent Nutrient Management (INM) component was implemented as an 

integrated system combining IoT-based data acquisition, machine learning-driven prediction, 

and a user-friendly mobile application interface for delivering fertilizer recommendations. 

The system utilizes IoT sensors to continuously collect environmental and soil parameters, 

including pH, NPK levels, electrical conductivity (EC), soil moisture, temperature, and 

humidity. These sensor readings are transmitted via an ESP32 microcontroller to a cloud-based 

processing environment for storage and analysis. The use of IoT-based sensing enables real-

time monitoring and supports data-driven decision-making in precision agriculture [1], [5]. 

The machine learning component was developed using Python and the Scikit-learn library, with 

a Random Forest regression model selected due to its robustness and ability to model nonlinear 

relationships in agricultural datasets [2], [3]. Cloud-based storage solutions were used to ensure 

efficient data management, scalability, and accessibility. 

A mobile application interface was designed to allow users to interact with the system, visualize 

real-time data, and receive actionable fertilizer recommendations. The integration of a user-

friendly interface enhances usability and supports practical adoption in real-world farming 

environments [8]. The system follows a structured workflow: 

• IoT sensors collect real-time environmental and soil data  

• Data are transmitted to the cloud via the ESP32 microcontroller  

• Data preprocessing is performed (cleaning, normalization, and validation)  

• The machine learning model predicts nutrient trends and requirements  

• The recommendation engine generates fertilizer suggestions (type, dosage, timing)  

• Results are delivered to the user through the mobile application  

This workflow enables a complete pipeline from data acquisition to decision support, ensuring 

real-time and adaptive nutrient management. 

 



13 

 

2.7.2. System Design  

The functional behavior of the system is illustrated in Figure 2, which presents the use case 

diagram of the Intelligent Nutrient Management system, highlighting the interaction between 

the farmer and system functionalities. 

 

 

 

 

 

 

 

 

 

The primary actor in the system is the farmer, who interacts with the system through the mobile 

application interface. The system supports several key functionalities, including input of plant 

growth stages, visualization of real-time environmental and soil data, generation of fertilizer 

recommendations, and receipt of alerts and notifications. 

The system processes sensor data and user inputs to generate customized fertilizer plans. This 

ensures that recommendations are tailored to both environmental conditions and plant growth 

stages, improving accuracy and usability. 

The overall system design emphasizes simplicity, accessibility, and practical applicability, 

enabling farmers with minimal technical expertise to effectively utilize the system in real-world 

agricultural settings. 

 

 

 

Figure 2: Use Case Diagram of Intelligent Nutrient Management for Greenhouse Roses 
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2.7.3. Testing and Evaluation 

To evaluate the performance, reliability, and robustness of the proposed system, both functional 

testing and model performance evaluation were conducted under multiple operating conditions. 

Functional testing was carried out to verify system behavior under different input scenarios, 

including normal, incomplete, and extreme environmental conditions. Table 4 summarizes the 

functional testing results of the INM system. 

Table 4: Functional Testing Results of the INM System 

Test 

Case 

ID 

Input Scenario Expected Outcome Actual Outcome Status 

TC01 
Valid sensor data 

(normal range) 

Accurate nutrient 

prediction 

MAE = 0.060324, RMSE = 

0.092321 indicating high 

accuracy 

Pass 

TC02 
Missing sensor 

values 

System handles missing 

data without failure 

Missing values successfully 

handled during 

preprocessing 

Pass 

TC03 

Extreme 

environmental 

values 

Stable prediction without 

system crash 

Model produced consistent 

outputs with no instability 
Pass 

TC04 
Different plant 

growth stages 

Recommendations vary 

based on growth stage 

Stage-specific fertilizer 

plans correctly generated 
Pass 

 

The results demonstrate that the system maintains stable and reliable performance across all 

tested conditions, even in the presence of incomplete or extreme input data. 

In addition to functional validation, the performance of the machine learning model was 

evaluated using Mean Absolute Error (MAE) and Root Mean Square Error (RMSE), which are 

standard metrics for regression-based prediction tasks in agriculture [2]. 

The Random Forest model achieved an MAE of 0.060324 and an RMSE of 0.092321, 

indicating high prediction accuracy. These results demonstrate the model’s ability to effectively 

capture complex relationships between environmental variables and nutrient dynamics. 

Furthermore, comparative evaluation with Linear Regression and Long Short-Term Memory 

(LSTM) models confirmed the superior performance of the Random Forest approach, 

consistent with findings in previous studies [2], [3]. 
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The system was further evaluated under multiple real-world scenarios, including normal 

operating conditions, missing data inputs, and extreme environmental variations. The results 

indicate that the system maintains both stability and accuracy across all scenarios. The 

preprocessing techniques ensure effective handling of noisy and incomplete data, while the 

integration of real-time IoT data enables adaptive and context-aware fertilizer 

recommendations. 

Overall, the implementation and testing results confirm that the proposed INM system is 

accurate, robust, scalable, and practical for real-world deployment in greenhouse agriculture. 

3. RESULTS AND DISCUSSION 

3.1. Results and Discussion  

The performance of the proposed intelligent nutrient management system was evaluated using 

standard regression metrics, namely Mean Absolute Error (MAE) and Root Mean Square Error 

(RMSE), which are widely used to assess prediction accuracy in machine learning-based 

agricultural systems [2]. 

The experimental results indicate that the Random Forest model achieved a Mean Absolute 

Error (MAE) of 0.060324 and a Root Mean Square Error (RMSE) of 0.092321, demonstrating 

high prediction accuracy and consistency. These low error values indicate that the model is 

capable of effectively capturing the complex relationships between environmental parameters 

and nutrient dynamics, making it suitable for real-time agricultural decision support. 

To further validate model performance, a comparative analysis was conducted using multiple 

machine learning algorithms, including Linear Regression and Long Short-Term Memory 

(LSTM). The results are summarized in Table 5. 

Table 5: INM Model Comparison 

Model MAE RMSE 

Linear Regression 0.061728 0.094674 

Random Forest 0.060324 0.092321 

LSTM 0.096262 0.118461 
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The comparison demonstrates that the Random Forest model achieved the lowest error values 

among all evaluated models, confirming its superior predictive performance. This can be 

attributed to its ensemble learning mechanism, which combines multiple decision trees to 

reduce variance and improve generalization. In contrast, Linear Regression is limited by its 

assumption of linear relationships, while LSTM models require larger datasets and higher 

computational resources to achieve optimal performance [2], [3]. 

Figure 3 illustrates the comparison between actual and predicted EC values using the Random 

Forest model, further validating the model’s accuracy. 

 

 

 

 

The close alignment between actual and predicted values indicates that the model performs 

reliably under varying environmental conditions, reinforcing its suitability for real-world 

deployment. 

The results also highlight the effectiveness of integrating IoT-based data collection with 

machine learning techniques for nutrient prediction in greenhouse rose cultivation. Unlike 

traditional farming practices, which rely on fixed fertilizer schedules and manual decision-

making, the proposed system provides a data-driven and adaptive approach. This aligns with 

recent advancements in smart agriculture, where the integration of AI and IoT technologies 

enables more precise and efficient resource management [7], [8]. 

Furthermore, existing IoT-based agricultural systems primarily focus on monitoring and 

threshold-based control without predictive capabilities [1], [5]. In contrast, the proposed system 

integrates predictive modeling with real-time sensing, enabling proactive nutrient 

management. This directly addresses limitations identified in previous studies and enhances 

decision-making accuracy. 

The inclusion of crop-specific agronomic knowledge further strengthens the system’s 

applicability. Studies have shown that factors such as NPK levels, pH, and electrical 

conductivity significantly influence rose growth, flower quality, and yield [17], [18]. By 

Figure 3: Actual vs Predicted EC Values using Random Forest Model 
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incorporating these parameters into the prediction model, the system provides more accurate 

and context-aware fertilizer recommendations compared to generic solutions. 

From a practical perspective, the system has significant potential to improve fertilizer 

efficiency by reducing over-application and minimizing nutrient loss. This contributes to 

sustainable agricultural practices by lowering environmental impact and optimizing resource 

usage, as emphasized in smart fertilizer management research [14]-[16]. 

In terms of system performance, the model was evaluated under multiple operating conditions, 

including normal scenarios, missing sensor data, and extreme environmental values. The 

results indicate that the system maintains stable and reliable performance across all conditions. 

The preprocessing techniques, including data cleaning and normalization, ensure robustness by 

effectively handling incomplete and noisy data. Additionally, the integration of real-time IoT 

data enables the system to adapt dynamically to changing environmental conditions, improving 

consistency and reliability in prediction outcomes. 

Overall, the findings demonstrate that the integration of IoT sensing with machine learning 

provides an effective and scalable solution for intelligent nutrient management. The proposed 

system enhances decision-making, improves fertilizer efficiency, and supports sustainable and 

precision agriculture practices. These results confirm that the proposed system successfully 

achieves the stated objectives of accurate nutrient prediction and data-driven fertilizer 

recommendation. 

3.2. Limitations and Future Work 

Despite the promising results, several limitations were identified in this study. The dataset used 

for model training was relatively limited and partially generated using synthetic data, which 

may affect the generalizability of the model. Additionally, the system was evaluated under 

controlled greenhouse conditions, which may not fully represent real-world variability. Model 

performance may also vary under different climatic regions and soil conditions. 

These limitations highlight the need for further validation using larger and more diverse 

datasets collected from real-world agricultural environments. 

Future improvements may include the integration of additional data sources such as weather 

forecasting and image-based plant analysis, deployment in large-scale greenhouse 

environments, and the use of advanced machine learning models to enhance prediction 
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accuracy. These enhancements would further strengthen the system’s ability to support 

precision agriculture and intelligent farming practices. 

3.3. Individual Contribution 

This research was conducted as an individual component of the SmartRose AI-IoT platform, 

focusing specifically on the development of an intelligent nutrient management system for 

greenhouse rose cultivation. 

The author was responsible for the following key tasks: 

• Conducting a comprehensive literature review on smart agriculture, IoT-based 

monitoring systems, and machine learning applications in nutrient management  

• Identifying the research gap and defining the problem statement and objectives of the 

study  

• Designing the system architecture, including the integration of IoT sensors, data 

processing modules, and machine learning components  

• Developing and implementing the machine learning model (Random Forest) for 

nutrient prediction using Python and Scikit-learn  

• Performing data preprocessing, including data cleaning, normalization, and feature 

selection  

• Conducting model training, evaluation, and comparative analysis with alternative 

models such as Linear Regression and LSTM  

• Designing the fertilizer recommendation logic based on predicted nutrient values and 

agronomic guidelines  

• Implementing and testing the system under different input scenarios to evaluate 

performance and reliability  

• Analyzing and interpreting experimental results, including performance metrics such 

as MAE and RMSE  

• Documenting the research work, including methodology, results, discussion, and 

conclusions  
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Through these contributions, the author successfully developed a functional and scalable 

intelligent nutrient management component that integrates IoT sensing with machine learning-

based decision support. 

4. CONCLUSION  

This research presented the design and development of an intelligent nutrient management 

component for greenhouse rose cultivation by integrating Internet of Things (IoT)-based data 

acquisition with machine learning-driven predictive analytics. The proposed system addresses 

the limitations of traditional nutrient management practices, which rely on manual decision-

making and generalized fertilizer schedules, often leading to inefficient resource utilization and 

inconsistent crop performance [1], [14]. 

The implementation of a Random Forest-based prediction model demonstrated high accuracy 

in estimating nutrient requirements using environmental and soil parameters. The low error 

values obtained in terms of Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) 

confirm the effectiveness and reliability of the model in capturing complex relationships within 

agricultural data. This supports findings from previous studies that highlight the suitability of 

ensemble learning methods for agricultural prediction tasks involving nonlinear and high-

variability datasets [2], [3]. 

Furthermore, the integration of real-time IoT sensing with machine learning enables the system 

to adapt dynamically to changing environmental conditions, providing more precise and 

context-aware fertilizer recommendations compared to static and rule-based approaches. This 

aligns with recent advancements in smart agriculture, where the combination of IoT and AI 

technologies enhances decision-making and operational efficiency [7], [8]. 

A key contribution of this research is the development of a crop-specific solution tailored to 

greenhouse rose cultivation. By incorporating agronomic knowledge related to parameters such 

as NPK levels, pH, and electrical conductivity (EC), the system provides practical and relevant 

recommendations that improve fertilizer efficiency and crop quality. This addresses a 

significant gap in existing systems, which are often generalized and lack crop-specific 

optimization [17], [18]. 
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In addition to its technical contributions, the proposed system demonstrates strong potential for 

real-world application and commercialization. By optimizing fertilizer usage and reducing 

environmental impact, the system supports sustainable agricultural practices, which are 

increasingly emphasized in modern smart farming solutions [14]-[16]. 

However, the study is subject to certain limitations, including the use of a relatively limited 

dataset and testing under controlled greenhouse conditions. Future work should focus on large-

scale deployment, integration with additional data sources such as weather forecasting and 

image-based analysis, and validation across diverse environmental conditions to improve 

model generalizability. 

Overall, this research validates the feasibility and effectiveness of integrating IoT and machine 

learning for intelligent nutrient management. The proposed system contributes to the 

advancement of precision agriculture by enabling data-driven, adaptive, and sustainable 

farming practices, particularly in the context of greenhouse rose cultivation. 
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6.  APPENDICES  

6.1. Appendix A: Gantt Chart 
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