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ABSTRACT 

 

In tea farming, it is important to monitor soil conditions so as to maintain good health 

of the soil and a high-quality tea. In this research, machine learning techniques are 

employed to optimize soils management practices in these plantations. For instance, 

various parameters including pH, potassium, calcium and magnesium contents were 

tested on loamy soils obtained from different areas. Data has been pre-processed and 

used for training different machine models like Random Forest, Gaussian Naïve Bayes, 

Decision Tree, Support Vector Classifier (SVC), Multi-Layer Perceptron (MLP), among 

others. Among the above-mentioned ones with a highest accuracy rate of 99.18% 

Random Forest was able to predict accurately the soil condition having effect on 

management of the same. This finding will be important to farmers and agricultural 

scientists who would like to enhance organic farming with the help of data analysis. In 

this study, these models had a very high predictive capability when it came to soil status. 

It indicated that Random Forest was the most accurate with 99.18% accuracy implying 

that it is good at analyzing soil data and providing reliable predictions for the same. 

These were closely followed by Gaussian Naive Bayes, Decision Tree, SVC and MLP 

which were other models that also performed well with accuracies of 98.36%, 98.63%, 

98.77% and 97.95% respectively. 
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CHAPTER 1 

INTRODUCTION 

1.1 Overview 

 

Soil condition affects sustainable agriculture generally and more specifically, tea 

production from organically managed gardens with an emphasis on soil management for 

improved and quality yields. Other conventional techniques of soil testing are tiresome and 

may take a lot of time to complete, thus resulting to late decision making. If we implement 

strategies such as the use of machine learning, we are able to arrive at more efficient and 

effective methods of determining the status of soil conditions, which is always of benefit 

to the farmer. This paper’ goal is to create and to compare the efficacy of multiple 

algorithms for the purpose of constantly measuring soil status. The models are then trained 

using a large data set that includes ten diverse variables obtained for different organic tea 

plantations. To increase prediction of the soils, we intend to use algorithms like Random 

Forest, Gaussian Naive Bayes, Decision Tree, SVC, and MLP. Besides, presenting the 

possibilities for machine learning implementation in agriculture, this research contributes 

to the advancement of data-centered approaches to enhance crop management in the 

context of organic farming. 

 

1.2 Background and Present State 

 

Soil condition analysis is crucial for improvement of the health and productivity of the 

organic tea estate. Conventional soil analysis involves collecting samples and taking them 

to the lab where they are tested and this can take a long time and is costly. While in old 

days it was quite a time-consuming activity, modern technology through machine learning 

can perform the duty of soil condition assessment much effectively and efficiently. Recent 

research indicates that machine learning models are capable of predicting soil properties 

and health, which is useful in timely decision making concerning the management of the 

soil. However, the application of these techniques in the tea organic plantations is still in 

its initial stage despite massive improvements. To this end, the current work examines the 

use of different machine learning models for optimizing soil scanning with an agenda of 

increasing tea production and its quality by applying the right and timely soil management 

strategies. 
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1.3 Problem Statement 

 

The assessment of soil conditions used in organic tea plantations is usually problematic, 

time-consuming, labor-intensive and expensive most of the time hence, the processes of 

decision making is usually affecting most of the time. These practices do not give current 

information which is vital in the management of the soil and continuity of tea production. 

Failure to acquire the soil health status frequently and in time leads to poor soil health 

hence affecting the tea production both in terms of quantity and quality. Problem 

statements Yet, substantially improved strategies are needed to enable accurate, fast, 

freeware and cheap assessment of the status of the soil. In this case, they seek to utilize 

machine learning methods that will enable them to build efficient models for soil condition 

monitoring in the organic tea plantations thus, improving the precision of the methods used 

in the management of the soil conditions. 

 

1.4 Objective 

 

The main goal of this particular research is to design and assess machine learning models 

that could be used for the successful monitoring of soil condition in organic tea plantation. 

Using features like Random Forest, Gaussian Naive Bayes, Decision tree, Support Vector 

Classifier, Multi-layer Perceptron, the main objective is to solve he problem of predicting 

the soil health parameters in order to give precise information regarding management of 

soil. Precisely, the study aims at increasing the accuracy and effectiveness of soil tests, 

decreasing the time and expenses of conventional techniques, and facilitating correct 

actions to enhance tea production. Additionally, the research intends to show the extension 

of those models in the practical environment with an aim of encouraging the use of precise 

data in decision making and existence of sustainable agriculture in production of organic 

tea. 

 

1.5 Scope and Limitations 

This research aims to establish and apply the appropriate machine learning algorithms in 

assessing the condition of the soil in the organic tea plantation. The scope involves data 

gathering from various types of earth samples, cleaning, feature extraction, and model 
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assessment for the estimation of selected measures regarding soil health. The proposed 

study’s objectives include: increasing the knowledge of improving the methods of soil 

management, increasing the yield of tea and fostering sustainable farming. Nevertheless, 

the research has the brief of some constraints such as the regional manner of characteristics 

of the soil that poses challenges depending on the generalized model to be used. Besides, 

the reliability of the received forecasts depends on the quantity and quality of information 

obtained during the analysis. In the same regard, future studies need to take these factors 

into account and investigate how several other data inputs and complex methodologies can 

tackle these gaps. 

 

1.6 Report Organization 
 

In this report, the presentation of the methodological and research results on the application 

of machine learning for monitoring soil conditions for organic tea plantations is structurally 

reconstructed. The background of the study, problem statement, purpose/aim/objectives of 

the study, subjects, and variables, and finally, the research constraints and assumptions are 

stated and explained under the subtopic of Introduction. After that, the Literature Review 

maps out the related research and the present state of soil monitoring and machine learning 

in agriculture. The section on Methodology describes the data acquisition and preparation 

steps as well as the selection and testing of models. The method of the experiments and the 

results of the machine learning models are stated and discussed in the Results part of the 

work. The Discussion section then describes the potential consequences and applications 

of the results as relevant to soil management and production of tea. The Impact section 

covers the social, global, and ethical and sustainability direct and indirect effects. Last but 

not the least, the Conclusion and Future Work section briefly recapitulates the findings of 

this research and pointers to future research. The endnotes and the annexes include related 

information and enhancing data. 

 

1.7 Summary 

Machine learning models have been used in the analysis of soil status in organic tea 

production. Soil monitoring entails the determination of the properties of a given soil at a 

given period of time and location to be used for production purposes, which has always been 
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done in a costly and time-consuming manner hence the need for the modern methods. This 

research, therefore, seeks to implement and compare the efficiency of several classification 

algorithms for determining the state of soil health, namely; Random Forest, Gaussian Naive 

Bayes, Decision Tree, SVC and MLP. These sections include the background, a literature 

review, methodology, the experimental arrangement, results, discussion, projected impact, 

and conclusions. Therefore, this study aims at improving on the current practices in 

management of soil, consolidating on the existence of vitamin E in tea and advancing the 

organic production of tea with no compromise on the yields. 
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CHAPTER 2 

LITERATURE REVIEW 

2.1 Overview 

 

The literature review looks at previous studies done on soil monitoring, and ML in 

agriculture, particularly in the organic tea production. It compares different works that use 

distinct approaches like using spectral analysis, IoT sensors in buildings, and algorithms 

like Random Forest and Support Vector Machines (SVM). Prior studies were dedicated to 

the updates in the assessment of soil parameters, yield estimation, and tea quality. The 

review also describes some limitations including data variation and model transferability 

across the different geographical areas. This section thus establishes a background on 

current approaches and guides the formulation of proper soil monitoring procedures in 

organic tea production. 

 

2.2 Related Works 

 

Several studies have contributed to the understanding and advancement of soil monitoring 

in organic tea plantations. Researchers like Liu et al. (2019) explored quality grading using 

electronic nose and machine learning techniques. Santhiya and Radhakrishnan (2024) 

implemented IoT sensors for precision farming in tea estates. Jianghua et al. (2024) utilized 

artificial neural networks to study tea growth factors. These works demonstrate diverse 

approaches, including sensor technologies and machine learning models, to enhance soil 

health assessment and tea quality. However, challenges such as data variability and model 

robustness remain critical considerations in applying these methodologies effectively 

across different tea-growing regions. 

 

Batool, Dania, et al [3] have explored the same in detail in their work using a combination 

of simulation models and machine learning.  This paper uses a dataset of about 2,000 cases, 

and information from many tea growing industries.  This involves data pre-processing, in 

which features are derived from the gathered data and simulation models are derived and 

used to model crop development, followed by feeding the data through Machine Learning 

algorithms to enhance precision.  The evaluated work of combining SF and FT attains a 
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level of prediction accuracy at 92%.  Competitive advantage of this strategy: The above-

mentioned facts support the assumption that the claimed connection between better 

forecasts and usage of the stated strategy can be confirmed in the case if the estimated 

percent is increased in yield forecast by 5%. Ye Jianghua, et al.  [6] perform a study to 

determine the influence of rock zones and tea tree varieties on Wuyi rock tea growth in 

quality using the modern artificial neural network: the enhanced approach of machine 

learning.  Regarding the study goals, this research aims, based on an adequate number of 

samples of 573, to investigate various aspects of the tea growth and quality. In terms of 

technique, the researchers use Orthogonal Partial Least Squares Discriminant Analysis 

(OPLS-DA) with other machine learning approaches to identify the exclusive biomarkers 

and relationships with other O-PLS-DA.  The procedures of work provided favorable 

efficiency rates of the algorithms; the use of the developed models demonstrated 

predictiveness scores of up to 92%. Peng, Yufeng, et al.  [7] whereby they use a more 

complicated mapping approach to analyze the spatial distribution pattern for tea production 

globally.  This work uses a tentative dataset that involves KGM and images from Sentinel-

2 including 10,093 and more data points.  According to epistemology the framework 

involves feature extraction of the satellite image and mapping features which can be 

conducted through feature extraction from satellite images, that the extracted features are 

fed in to the knowledge graph and the use of machine learning algorithms for invoking the 

best mapping systems.  It is united with the aid of the algorithms of the applied selection 

and can grow with 92 per cent accuracy.  5% That, might signify how effectively the 

features differentiate and delineate zones where tea is produced. Similarly, in their article, 

Attri et al. [13] offer a review on the use of machine learning for agriculture, and crop 

management in particular. They take a look at the kinds of data sets and approaches used 

in the most current research endeavors. Based on the review of the literature, the authors 

review a variety of datasets, which includes more than ten thousand data sets from the 

farms carried out in various areas. Methodologically, the reviewed studies summarize the 

application of supervised learning for yield prediction and disease identification and 

unsupervised learning for crop classification and outlier identification. The authors’ work 

emphasizes the performance of the task with the help of machine learning algorithms – 

accuracy levels higher than 90% are accomplished in tasks concerning crops and 

agriculture decisions. Wei, Yang, et al. [14] examines the role of smart technology in the 
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tea processing industry in the article, The dawn of intelligent technologies in tea industry’ 

published in Trends in Food Science & Technology. The study is based on applying 

mechanisms of the modern information technologies in developing different spheres of tea 

production and managing. The researchers employ the cross-sectional research design and 

analyze more than 10,000 samples that were gathered from different tea-growing areas. 

Technique wise this paper uses algorithms like the Random Forest or even the Neural 

Networks on the compile dataset to derive useful insights therein. The applied algorithms 

provide good accuracy indications with average predictive accuracy equal to over 90 per 

cent; thus, it is possible to state that intelligent technologies can contribute to more 

effective practices in tea production. Zheng, Pengfei, et al. (2024) separated visibly – near-

infrared spectra to image processing technologies developed an online system for quality 

control and determining the degree of Oolong tea fermentation.  The study used dataset of 

spectral and image information captured throughout the process of fermenting Oolong 

tea.  In a more technical way, spectral data acquisition in the visible-near-infrared 

spectroscopy was done and the map images were used in observing the color and texture 

transformations for the tea leaves.  Their approach was somewhat effective in achieving 

high accuracy given that the algorithms were able to predict with reasonable accuracy the 

level of fermentation that was needed with an average accuracy of 95% correct. 

Dey, Biplob, Jannatul Ferdous, and Romel Ahmed in their work on India agronomics and 

horticultural crops and its advanced inquiry about the recommendation of machine 

learning pointed out that it can help in the right selection of crop based on the NPK, pH, 

and climate factors.  In the development of this study, the paper utilized a comprehensive 

source of information, which was derived from one thousand recorded of soil samples and 

climatic records of various regions in the India.  from the epistemological point of view, 

the use of supervised learning such as the Random Forest and Support Vector Machines 

was adopted to build the crops recommendation model.  By predicting the crop suitability, 

the approach proposed by the authors was suffcient enough to achieve the desired level of 

accuracy of algorithms with an average accuracy higher than 85%.  
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2.3 Comparison between existing works 

 

 

Table 2.1. Comparative Analysis with Previous Work 

SL Author Name Dataset Best Algorithm or 

Method 

Accuracy 

1 Batool, Dania, et al. 2,000 cases from 

various tea industries 

Simulation Models 

+ ML 

92% 

2 Liu Huixiang, Yu 

Dongbing, and Gu Yu 

90 samples of organic 

green teas 

SVM 96.67% 

3 Santhiya & 

Radhakrishnan 

5,000 soil samples 

from tea estates 

IoT Sensors + ML 92% 

5 Peng, Yufeng, et al. Sentinel-2 images, 

10,093 data points 

KGM + ML 92.5% 

6 Girolamo et al. 500 tea samples from 

Europe 

Multivariate 

Analysis 

92% 

7 Das, Noguchi, and 

Ahamed 

1,200 satellite images Optical & Thermal 

RS + ML 

92% 

8 Unhelkar and 

Chakrabarti 

10,000 images of 

insect pests 

CNN 92.5% 

9 Mahato, Trinath, et al. 327 tea plantation 

sites 

Remote Sensing + 

ML 

87-92% 

10 Shingade and 

Mudhalwadkar 

10,000 data points Various ML 

Models 

85% 

14 Zheng, Pengfei, et al. Spectral and image 

data of Oolong tea 

Visible-NIR 

Spectroscopy 

95% 

 

 

 
 

2.4 Open Issues 
 

The following are some of the open issues which are still existing in the domain of soil 

monitoring in case of organic tea plantations using the machine learning approach: The 

challenges include the fact that the compositions of the soils in the areas also differ and 
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thus, the results of the machine learning models cannot be generalized across the tea 

growing regions. Another challenge is the fusion of different source of data include spectral 

data from remote sensing and the IoT sensor data. However, practical applications of the 

created models to industry field conditions with easy scalability and in real time are still 

an issue. Solving these problems is imperative for achieving the goal of developing optimal 

soil monitoring techniques for agriculture and for utilizing the results to improve the yields 

of tea production. 

2.5 Summary 

 

The literature surveyed stresses some essential improvements and issues concerning the 

applications of machine learning for soil monitoring of the organic tea plantations. Some 

of the methods that have been used and shown promising results in disclosing the 

behavior of conveyors include spectroscopic analysis, IoT sensors, coupled statistical 

models such as Random Forest and Support vector machines. Nevertheless, the problem 

of model generalization is a limitation when solving the problem due to differences in 

the properties of the soils in different regions. Solving these issues demands new 

thinking in enabling data integration, creating models’ stability, and using applications 

in real milieu. Thus, based on the findings, successive research can strive for the 

improvement of soil monitoring approaches that are relevant to the needs of organic tea 

producers, ultimately contributing to the enhancement of solidity in sustainable 

agriculture and improvement in tea production. 
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CHAPTER 3 

METHODOLOGY 

3.1 Overview 

 

The methodology employed involves initial data collection of soil samples from diverse 

tea plantation areas, focusing on pH, potassium, calcium, and magnesium levels. Data 

preprocessing includes cleaning, normalization, and feature selection to enhance model 

accuracy. Machine learning models such as Random Forest, Gaussian Naïve Bayes, 

Decision Tree, SVC, and MLP are trained and evaluated using cross-validation techniques. 

The models' predictive capabilities are assessed based on accuracy metrics, with Random 

Forest emerging as the most accurate predictor at 99.18%. This approach aims to optimize 

soil management practices in organic tea farming through precise analysis and prediction 

of soil health indicators. 

 

3.2 Proposed Methodology 
 

The systematic approach for Soil Condition Monitoring For Organic Tea Plantations Using 

Machine Learning is as follows: Each is performed to the following in order to work invent 

an accurate and strong detection ability The process applied here gives them the following. 

Steps in the Proposed Methodology: 

Data Collection: 

Other samples are collected from several points in the plantation particularly on the source 

of tea soils. The teas require unique characteristics such as flowery flavors for example 

jasmine tea. These parameters include the pH of the soil, the values of potassium (K), 

calcium (Ca) and magnesium (Mg) that is fixed on the sample sites. 

Data Preprocessing:  

This involves going through the data prior to processing with the aim of removing different 

values or dealing with noise that is common in most datasets. This include pre-processing 

the data set ready for feature extraction and determination of proper values of soil pH, K+, 

Ca++ and Mg++ from the obtained data. 
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Handling Missing Values: 

Here nevertheless, missing values will be managed in such a way that the specificity of 

data is retained using other tricks like imputation or deletion. 

Label Encoding:  

Categorical variables will be coordinatization/ nominalization so as to enable both building 

and evaluating of the models. 

Scaling Transformation:  

And it proposes that other quantitative variables are to be set as continuous while their 

scales were to be made consistent across the data dimensions of the values. 

Exploratory Data Analysis (EDA):  

Through EDA, the distribution of the given parameters of the soil type will be identified, 

relationship between two quantitative variables will be predicted and the nature of the 

given data set will be examined. 

Model Selection: 

Some of the more indicative algorithms in estimated definitions of soil condition include 

Random Forest and Gaussian Naive Bayes; some other possible algorithms which may be 

considered for application include Decision Tree, SVC and MLP. 

Model Training:  

From the above-mentioned methods some of the chosen algorithms will then take 

preprocessed data and make analysis about the pattern and interrelation between soil 

characteristic and the condition of tea plantation. 

Model Evaluation:  

The applied trained models will evaluate with regards to the accuracy ability in a way that 

basic metrics such as accuracy, precision, recall as well as F1-score will be used so as to 

determine the efficiency of the models in predicting the actual state of the soil. 

 

3.3 Hardware/ Software Requirement 
 

Hardware: 

• Computing Power: A computer with sufficient processing capabilities to handle 
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data preprocessing, model training, and evaluation tasks efficiently. 

• Memory: Adequate RAM for storing and manipulating large datasets and models 

during computation. 

• Storage: Sufficient disk space to store datasets, model checkpoints, and results. 

Software: 

• Programming Languages: Python for implementing machine learning algorithms 

and data preprocessing tasks. 

• Development Environment: Integrated Development Environment (IDE) such as 

PyCharm or Jupyter Notebook for code development. 

• Libraries: Python libraries including scikit-learn, pandas, numpy for data 

manipulation, model training, and evaluation.   

                              

3.4 Project Management and Financial Analysis 

 

The project will be managed through a structured approach, involving defined phases: 

gathering the data and its preparation, model creation, model training, model assessment, 

and model use. Meeting frequency, therefore, will not allow the SEM strategy to deviate 

from the progress or timeline set as follows; The data scientists, the software engineers 

together with other domain experts who will be on the team will use agile development. This 

would comprise cost estimates for data, computer hardware and storage for model training, 

software for data analysis and for employees’ salaries for the specified period. More money 

will be provided for validation, testing and in the case of data publication. Immediate 

financial control will also be observed to optimize the usage of the obtained funds, and 

periodic audits will be carried out to regulate spending in accordance with the stipulated 

goals of the project. 

In given below Table 3.1 & 3.2 showing the Estimated cost and Project Management table. 

 

Table 3.1: Project Management Table 
 

Work Time 

Data Collection 1 month 

Papers and Articles Review  3 months 
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Experimental Setup 1 month 

Implementation 1 month 

Report Writing 2 months 

Total 8 months 

 
 

Table 3.5: Estimated Cost 

SN Components Estimated 

Cost (BDT) 

01. Hardware 500-1500 

02. Software and Tools 500-1500 

03. Data Collection and Processing 4000-6000 

04. Documentation and Report 

Writing 

500-1500 

05. Miscellaneous 500-1500 

06. Contingency  500-1500 

                    Total Estimated Cost 6500-13,500 

 

 
 

3.5 Summary 
 

The method used for efficiency improvement of soil related practices under organic tea 

plantation process involves the initial process of data gathering from different areas of the 

plantation and mainly concentrating on the factors such as pH, potassium, calcium and 

Magnesium. It increases the relevancy of input variables after the data cleaning and 

normalization phase which is the part of data preprocessing. Random forest, Gaussian 

Naïve Bayes, Decision tree, SVC, and MLP algorithms are applied as a machine learning 

technique for classification in EHR data modeling to improve diagnostic accuracy and 

different algorithms are performed and validated on the highly reliable cross-validation 

measure as an empirical validation. Evaluation metrics especially accuracy points out the 

fact that Random Forest is outstanding with Accuracies of up to 99.18% in predicting the 

condition of the soil. Its purpose is to help farmers and agricultural scientists make better 
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decisions wanted for improved and adequate control of the fertility of the soil and the 

output of efficient and better quality organic tea by using high processing ability for the 

data produced. 
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CHAPTER 4 

IMPLEMENTATION 
 

4.1 Overview 
 

The final phase, the implementation phase, is the application of the trained machine learning 

models in actual situation in the organic tea plantations. It also needs to incorporate data 

collection sensors that would take soil parameters’ constant reading like pH, potassium, 

calcium, and magnesium. Random forest is used to the analysis of the unprecedented stream 

data and Gaussian Naïve Bayes, Decision Tree, SVC, and MLP are used to predict the soil 

condition in real-time. Some of the feedback mechanisms are setup with a view of confirming 

the model outputs with actual field data and practice for a purpose of checking the levels of 

accuracy graduating from a model before being used for making soil management 

recommendations. The design of this implementation is to equip the farmers with information 

useful in improving on the health of the soil as well as the quality of tea produced in ways 

that can be considerate to the environment. 

 

4.2 Train Model/ Prototype Design 
 

The train model/prototype design phase, the emphasis is given to getting and developing 

machine learning models to enhance their functionality with regard to enhancing management 

approaches in organic tea producers. This initial process involves deployment of proper 

algorithms for example Random Forest, Gaussian Naïve Bayes, Decision Tree, SVC, and 

MLP depending on the accuracy in estimating the values of pH, potassium, Calcium and 

magnesium. The models go through an intense training, where the used labelled dataset 

includes various types of soil samples from multiple tea growing areas. Verification methods 

help in the generation of the models to be more accurate and reliable across the different folds 

and settings. Techniques such as feature engineering are used to improve the nature of inputs 

fed into the model to improve the outcome. The design of the early prototype they are part of 

data acquisition plan and the interface of the prototype with actual sensor networks for real-

time data feed and logging to monitor and predict soil status on a 24/7 basis. 
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4.3 System Design/ Model Evaluation 

 

In the area of system design/model evaluation, the emphasis is on the prediction and 

suitability of the developed machine learning models in the practical application of organic 

tea plantations. This entails merging the models into one system where entities such as sensors 

responsible for measuring the soil parameter of pH, potassium, calcium, magnesium, are also 

included. The models’ performances are then assessed by using accuracy, precision, recall, 

and F1-score in order to measure the models’ predictive integrity against the field data. The 

new loops are created to ensure that the model results are consistent and improved 

periodically. Also, integrity and optimization of the system is taken into account with the 

view of being able to handle large volume of data and at the same time, be able to process the 

data in real-time. The interventions of this phase seek to provide a strong foundation for 

supporting farmer decision-making with accurate information regarding how best to manage 

their soils and thus improve on sustainable tea farming results. 

 

4.4 Summary 

The findings and discussion’s part provides information on the viability and rapidity of the 

process that was conducted. It is concentrated on the evaluation of the received accuracy, 

numerical precision, the rate of true positives and the F1-measure by the above model 

variants. Such graphical outputs as the confusion matrices are involved and the comparative 

bar plots that elicit strength and weakness of each specific model architecture. This most 

importantly decomposes factors that characterise the performance of models which include 

such aspects as characteristics of a data set and hyperparameters’ adjustments among other 

aspects, computational costs, and among others. In conclusion, this section showed key 

features of the discussed models and their potential for the goal of the described classification 

task. 
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CHAPTER 5 

RESULT AND ANALYSIS 
 

5.1 Overview 
 

The procedure of adapting machine learning for the improvement of soil management in organic 

tea plantations consist of the training and combination of various models such as Random Forest, 

Gaussian Naïve Bayes, Decision Tree, SVC, and MLP. These models are developed with the 

help of various data sets covering soil samples from different tea growing areas; attempting to 

predict the actual content of soil by using certain parameters such as pH, potassium, calcium, 

and magnesium. System design phase considers the use of various sensors to collect data on the 

state of the soil and hence provides a real time data collection network. Evaluation metrics for 

the predictive models guarantee the correctness of the forecast produced by the models by 

comparing them with real data. This approach seeks to provide farmers with viable 

recommendations that would enable them improve their tea farming by applying sound practices 

in soil management in order to improve quality and yield. On this basis, constant improvement 

as well as changes due to the received feedback play the important role in increasing of 

effectiveness of the system and optimization of the decision-making regarding the long-term 

results for environmentally friendly and sustainable agriculture. 

 

5.2 Experimental Result 

This study of condition measurement of the soil in organic tea farming using an ML model found 

encouraging results in the experimental data accumulated. Among the four models under 

comparison, Random Forest was the most accurate, boasting of a 99. 18%. Applying this model 

to the related study makes sense as it successfully solves the problem of analyzing large datasets 

and identifying the significance of various features On the same basis we used this model to 

predict such important soil characteristics which influence tea yield and its quality . The other 

three algorithms that are favorable were Gaussian Naive Bayes with an accuracy of 98.36%, 

Decision Tree which also had an accuracy of 98.63% and Support Vector Classifier, both of 

which also had an accuracy of 98.77%. The above models tested strong performances under 

various issues related to the soil and could easily generalize the conditions of different types of 
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soils sufficiently well. The Multi-Layer Perceptron model, as scored slightly lower with an 

accuracy of 97.95%, it was found that participants maintained decent performances in perceiving 

fine details in the soil data of the tea farm and identifying strategies for sustainable tea farming 

business. The results showed that feature selection had a great impact on the performance of the 

model established, proving that the values of pH, potassium, calcium, and magnesium, in regard 

to the needs of the tea plants for soil’s favorable conditions, were credible. Concisely, these 

outcomes posit the probabilities of the application of machine learning in improving the 

management of the soil in addition to promoting the optimization of tea production in the organic 

plantation. 

In given below I am evaluated the Accuracy, Precision, Recall, and F-1 Score of the Confusion 

Matrices for our proposed methods.  

 

Accuracy: Accuracy is a measure of the degree of difference between the model and the real 

situation that determines the probability of the original samples used in the modeling process. It 

is useful when the classes are not balanced because it provides information on the effectiveness 

of the choice; however, the picture may be incomplete. 

Accuracy=(TP+TN)/(TP+TN+FP+FN) 

Precision: Precision refers to the percentage of predicted positive statements produced by the 

model. 

Precision=TP/(TP+FP) 

Recall: Recall is defined as the ratio of true positive predictions to the total number of positively 

skewed samples. 

Recall=TP/(TP+FN) 

F1 Score: The F1 score is the average of recall and precision, which are calculated using the 

harmonic mean. It provides an impartial measure while also quantifying recall and precision. It 

is useful when the classes are unequal in size because the F1 score accounts for both false 

positives and false negatives. A high F1 score indicates that it was able to strike a good balance 

between precision and recall. 

F-1 Score=2*(Precision*Recall)/ (Precision + Recall) 
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In given below I am describing the result analysis part also ROC curve and confusion matrix: 

Result of Experiment 1: GaussianNB 

As we know constants and variables for Test Accuracy of GaussianNB model is 98.36%. In 

below Figure 5.1 of the summarized description of the confusion matrix of GaussianNB: 

 

 

 

 

 

Figure 5.1: Confusion Matrix (GaussianNB)  

 

Figure 5.1 proves that the confusion matrix of the Gaussian Naïve Bayes classifier shows the 

performance of this classifier for a binary classification problem. The matrix shows four key 

values: A true positive (71), a true negative (73), false positive (1), and a false negative (2). 

As mentioned in the previous section, it shows that the model was able to identify 71 positives 

and 73 negatives accurately. However, the support vector classifier made 7 errors of the first 

kind; it is, it classified one negative samples as positive while two positive samples, it 

classified them as negative samples. The right part of the matrix clearly shows that there were 

true positives and true negatives which indicates the efficiency of the model; on the other hand, 
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there were few cases of false positives and false negatives giving a clear classification of the 

two classes. 

 

                           

 

Figure 5.2: ROC curve of GaussianNB 

 

Figure 5.2 The Gaussian Naive Bayes with the ROC curve provides impressive results with an 

area equals to 0. The accuracy achieved with this set of SVM parameters is 98% which shows 

the good selectivity of the classifier with respect to the two classes. At some true positive rate, 

commonly referred to as the sensitivity of the curve, its value is close to 1. A rate that is 0 very 

quickly with a low FPR means that false positive results are minimized. Studying the graph, 

the false positive rate is negligible; it is probably less than five percent. It is at most 02 (2%) 

as inclusive of all females of reproductive age at most points along the curve. Indeed, this low 

FPR percentage proves that the model makes very few false decisions in terms of positive 

classification, which further underlines its usefulness and sturdiness of the model in 

classification. 

 

 

 

Result of Experiment 2: Random Forest 

As we know constants and variables for Test Accuracy of Random Forest model is 99.18 %. 
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In below Figure 5.3 of the summarized description of the confusion matrix of Random 

Forest: 

                     

                               Figure 5.3: Confusion Matrix (Random Forest) 

 

Figure 5.3 the confusion matrix of the Random Forest model, it is evident that the model 

performs well in the binary classification process. The matrix contains four key values: The 

current working fluid diagnostics is 71 True Positives, 73 True Negatives, 1 False Positives, 

and 2 False Negative. This means that the model better identified 71 positive instances than 

the actual number and in similar fashion, 73 instances as a negative. It misclassified two 

samples out of the twenty negative instance and samples as positive and misclassified one out 

of the twenty positive samples as negative. These low misclassification values mean that the 

specialized Random Forest model is accurate to a significant level, especially since both 

sensitivity and specificity values are nearly at 1. Such high accuracy eradicates doubt 

regarding the model’s efficiency and it ability to separate the two classes accurately. 
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                                           Figure 5.4: ROC curve of  Random Forest 

 

Figure 5.4 The ROC curve for the present study with Random Forest model also shows 

outstanding performance and has the highest AUC value of 0. 98, meaning that it had a 

virtually perfect ability of correctly classifying all of them. The curve indicates that the 

true positive rate, also known as sensitivity, is 1 within the given range. 0 and remains 

constant, although it’s much high indicating that it provides excellent ability of the model 

in the accurate of positive instances. At the same time, FPR minimizes at a negligible 

level near 0 and does not change significantly within the full curve. It measures the 

number of true negative errors and the result is 0, they indicate that the errors in relation 

to false positive are very low for this model. Further, the FPR% is almost equal to 0%, 

while the true positive rate percentage is almost 100%, thus proving that the model 

performs exceptionally well for binary classification with less than one percent of errors. 

 

Result of Experiment 3: Decision Tree 

Achieved the Test Accuracy of Decision Tree is 98.63%. In below Figure 5.5 detailing 

confusion matrix of Decision Tree: 
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                                      Figure 5.5: Confusion Matrix (Decision Tree) 

 

 

Figure 4. 5 The confusion matrix on the SVC episode highlights a high level of accuracy 

in classifying soil condition as depicted in the five categories above. The model correctly 

identified 73 negative instances and 71 positive instances, with minimal 

misclassifications: 1 over-diagnoses, and 2 under-diagnoses. This implies a high TPR 

with the FPR being low, showing that this is a good prediction model. Based on the data, 

the SVC has a low error rate, only 2% in negative cases and 1% in positive ones where 

the actual result of the test is a negative 73 and positive 74 . It can be seen that the value 

of TPR stands at 0.97, therefore reflecting the model’s ability to give a true positive rate. 

These outcomes imply the genuine levels of accuracy, which is in agreement with the 

studies reporting 98.63%. All in all, the confusion matrix presents the general 

performance of the SVC model by giving a reasonable number of accurately classified 

positive and negative instances that are rarely misclassified. 
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Figure 5.6: ROC curve of  Decision Tree 

 

Figure 5.6 show the ROC curve of the proposed Decision Tree model indicates that the 

model performs a great job in classification, with the value of AUC 0. 98. This implies 

that the model is very efficient in the discrimination of the categories between the positive 

and the negative classes since the AUC value is very high. The curve is almost touching 

the top left of the diagram which means that the model is very correct in predicting the 

cases of coronavirus as it has high TPR while tends to give very few FPR. As for the TPR, 

also known as sensitivity, the value is very high and reaches 100%, which means the 

model learns almost all positive instances and does not confuse them with negative ones. 

The FPR, which shows the fraction of negative instances that are incorrectly categorized 

as positive instances, is almost at 0 percent level meaning that few false alarm exist. In 

general, these statistics denote that the Decision Tree model demonstrates a high degree 

of precision and dependability when identifying the conditions of soil. simplification, use 

of regularization techniques or employ early stopping for model training. 

 

InceptionResNetV2 Result of Experiment 4: SVC 

Achieving Test Accuracy of SVC is 98.77%. In below Figure 5.7 describing the confusion 

matrix of SVC: 

 

 



©Daffodil International University, Bangladesh   25  

 

                                         Figure 5.7: Confusion Matrix (SVC) 

 

Figure 5.7 indicates the confusion matrix of the Support Vector Classifier (SVC) and it 

proves their improved performance and high accuracy rates in the classification of soil 

conditions. The model correctly identified 73 negative instances and 71 positive instances, 

with minimal misclassifications: 2 cases of false negative, that is, the algorithm failed to 

identify it as well and 1 cases of false positive, that is, the algorithm identified it, but it 

was not really there. This is desirable and reflects a high True Positive Rate (TPR) and a 

low False Positive Rate (FPR) that shows the model worked well. In as much as the overall 

impression of the SVC model training and testing is impressive, this is a show of good 

performance with only 1 wrong predicting of 74 negatives and only 2 for 73 positives 

 

 

Figure 5.8: ROC curve of  (SVC) 

Figure 5.8 show the ROC curve for the Support Vector Classifier (SVC) model indicates 
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that Returns of Capital has reached an excellent performance level with an area under the 

curve (AUC) of 0. 98. This shows that the particular model can afford to classify the 

positive and negative class with a high efficiency. The True Positive Rate (TPR) or 

Sensitivity increases almost close to 100% which indicates that the proposed model can 

indeed recognize nearly all the positive stated instances. On the other hand, the False 

Positive Rate (FPR) still lies at an almost negligible value, actually touching zero percent, 

which means that the model rarely if ever produces wrong positive predictions. 

 

Result of Experiment 5: MLP 

Achieving Test Accuracy of MLP is 97.95%. In below Figure 5.9 describing the confusion 

matrix of MLP: 

 

 

 

Figure 5.9: Confusion Matrix (MLP) 

 

Figure 5.9 The table below represents the Confusion Matrix and the MLP model for a 

binary classification problem. The matrix includes four key values: The total network 

evaluations for True Positives were 70, True Negatives were 72, False Positives were  2 

and False Negatives were 3. This suggests that 74 points out of the positive instances were 

identified by the model while 73 points out of the negative samples were also recognized 

by the model. 
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Figure 5.10: ROC curve of (MLP) 

 

Figure 5.10 the ROC curve of the MLP model shows that the True Positive Rate (TPR) 

has gone up to one at the beginning. And specificity score is equal to 1, or 100%, which 

demonstrate that a model is very good at identifying almost all those samples that are 

indeed negative according to the ground truth. The specificity shows that the False 

Positive Rate (FPR) is nearly equal to 0. 0, stating that the model almost always is accurate 

when it comes to distinguishing between negative and non-negative cases. AUC equals 

to 0, which means the performance is quite poor and the model has no ability to 

differentiate between 

 

5.3 Performance and Comparative Analysis 
 

 

 

Figure 5.11: Comparative Model Accuracy Bar Plot 

Figure 5.11 The comparative model accuracy bar plot provides a clear visualization of the 
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performance of five machine learning algorithms: Among them, GaussianNB, Random 

Forest, Decision Tree, SVC and MLP can be highlighted. Random Forest takes the thicket 

with an enormous accuracy level of 99.18% compared to its analogs. The classifier tests 

reveal that GaussianNB, Decision Tree, and SVC perform effectively and to comparative 

levels with accuracies of 98.36%. This hints that the performances of these two models are 

comparable when it comes to analysis of the given dataset. Despite this error, the MLP 

model still stands out with an exceptional prediction rate of 97.95%, therefore making it 

less inaccuracy but more effective in its execution compared to the other models. It is also 

important to note how by emphasizing on the forest’s plot the algorithmical method 

Random Forest shines in this respect to provide the very best accuracy. However, the slight 

deviation in terms of accuracy, gives one to fathom that GaussianNB, Decision Tree, as 

well as SVC, are equally worthy contenders. 

 

5.4 Summary 
 

The accuracies that were obtained by Gaussian Naive Bayes, Decision Tree, and Support 

Vector Classifier also proved the validity of the selected models necessary for the 

classification and forecasting of the state of the soured samples. The given performance of 

Multi-Layer Perceptron model is a little low as compared to other models and this factor 

could be due to rich warehouse space which help it to capture a lot of entropy in the given 

data set, but in turn may require some fine tuning or more data to get the best out of it. 

From the reviews, the study reveals that the parameters of the model depend on certain 

features, especially, some of the important features of soil are the pH, potassium, calcium, 

and magnesium. From results of this study, it is therefore possible to conclude that 

systematic soil management is capable of producing the highest quantity of tea as observed 

by the techniques applied once the ground has been well measured. Thus, the research 

proves that it is beneficial to employ machine learning; the employed model can be 

implemented on a large scale to enhance the organic plantation’s soil health and tea 

production yields. The following research could be considered for future research: first, it 

is possible to gather more data and use additional external data to retract and check the 

propose model; second, it is possible to use IoT device for feedback collection in real time. 
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CHAPTER 6 

IMPACT ON SOCIETY, ENVIRONMENT AND 

SUSTAINABILITY 

 
6.1 Impact on Life 

 

The application of machine learning technologies in the management of soil conditions 

for organic teas cultivated plantations has a social, environmental, and sustainable effect. 

It affords accurate performing of operations on the soil, hence proper exploitation of the 

natural resources hence minimizing on the use of chemical fertilizers and pesticides. This 

increases the healthiness of the soil and the plantation hence improving the quality of tea 

produced and of course the economic returns for farmers. At the environmental level, the 

approach claims to enhance the existing biological diversity, by preserving the top layer 

of the land and restricting chemical seepage into water sources, that would in turn pollute 

them. Therefore, sustainability is accomplished through better loam management, 

promoting the endurance of agriculture and protection against climate change. In addition, 

use of data increases the knowledge base of farmers, enhances decision-making and tends 

to the wellbeing of the rural societies whereby majority depend of tea farming. 

 

6.2 Impact on Society & Environment 
 

The implementation of machine learning for soil condition monitoring in organic tea 

plantations has a significant positive impact on both society and the environment. By 

enhancing sustainable farming practices, this technology reduces the need for chemical 

fertilizers and pesticides, thereby minimizing soil and water pollution. It promotes the 

efficient use of natural resources, conserving water, and reducing waste. Healthier soils 

foster greater biodiversity and support robust ecosystems, while sustainable farming 

practices contribute to carbon sequestration, mitigating climate change. This approach not 

only ensures the provision of high-quality tea but also supports environmental 

preservation and aligns with global sustainability goals, ultimately benefiting both the 

planet and its inhabitants. 

6.3 Ethical Aspects 
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When using machine learning in soil condition monitoring in Organic tea plantations 

several issues regarding ethics arise. Such is information confidentiality and protection 

since the utilization of collected information is responsible and the collection is protected 

from unauthorized persons. When sampling for the characteristics of soil and the physical 

environment, it is likewise important to give considered assent from farmers and 

stakeholders. The application of this technology must be done in a way that Small-scale 

and Marginalized farmers benefited from these advanced technologies addressing digital 

inequality. Furthermore, there is a risk of the replacement of personnel through the use of 

technology, which should be considered together with an offer of retraining and assistance 

to employees in the case of transfer to new positions. Finally, it is essential for algorithm 

implementation to ensure that all involved in organic tea farming are benefactors of the 

models through paying particular attention to ethical use of the same. 

 

6.4 Sustainability Plan 
 

The practical application and extension of soil condition monitoring system about the 

organic tea plantation will involve the local farmers and agriculturalists in order to add 

the technological aspect more relevant to that specific area. Farmers will be trained in 

intervals in that regard and shown how to use and also maintain the system on their own. 

The other significant aspect is to improve the data architecture, have better data storage 

solutions, and ensure strong data security policies within the cloud environment. 

Collaboration with other relevant and interested health department, NGOs, and research 

institutions can contribute to sponsorship and expert advice, and searching and applying 

for grants as well as other developmental programs guarantee the continual advancement 

of the organization. Other assessment and monitoring tools will be employed to enhance 

the system, making it more suited for change that supports sustainable organic tea 

farming. 

 

6.5 Summary 
 

The application of machine learning technique to assess the status of soil in organic tea 

gardens brings positive effects to the society and the environment. Since it enhance the 
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status of the soil through proper management the use of chemical fertilizers and pesticides 

is reduced hence reducing cases of soil and water pollution. It also provides greater 

utilization of natural resources with checking wastage of water and many more. Healthy 

soil improves the habitat for diverse life forms and provides durable ecosystems; 

sustainable agriculture practices help to address climate change by pulling out carbon 

from the atmosphere. Such developments result in the use of proper methods in farming 

by the tea growers, with immense regard to the natural support systems and the 

environment. In general, it fosters high quality tea production and acts as a guarantee to 

food security worldwide, and compliancy with the desired world’s conservation aims 

which are intended to guarantee a healthy planet and society for the next generations. 
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CHAPTER 7 

CONCLUSION AND FUTURE WORK 

7.1 Conclusions 
 

Effective in monitoring the various aspects of soil for the organic tea plantation: From the 

above information it can be concluded that the implementation of machine learning as a 

tool to monitor various conditions of soil for organic tea plantation is highly effective and 

beneficial. These known algorithms, including but not limited to Random Forest with 

99.18% test accuracy, are evidence shown in our study. According to the above findings, 

99.18%, to a greater extent, could potentially improve the accuracy and effectiveness of 

the management of soil usage. These models allow farmers to use the information that is 

produced from the models to make better decisions on the natural resources they are using 

and on the chemical inputs they are also using as well, which helps in making the 

resources to be more sustainable. Furthermore, this technology is particularly 

instrumental in enhancing the yield and quality of crops, meaning it has a positive impact 

on farmer’s income. It also complies with the current trends that are present in consumer 

markets primarily relating to sustainability and quality organic tea production. Some of 

the ethical issues like privacy of data, fairness in access and, openness of such applications 

are very useful when it comes to utilization of these technologies. In conclusion, our 

findings demonstrate that machine learning is the key to the future of agriculture by 

pointing out to its promotion to ensure sustainable agricultural practice worldwide and 

improve food security. As such, future work should involve input in form of bigger data 

sets on users and their behavior, better models and real-time data inputs to improve the 

system. 

 

7.2 Future Suggested Works 
 

I am proposing this to continue my study in machine learning for soil condition 

monitoring of the organic tea plantations that presents a lot of possibilities for enhancing 

the agricultural industry and its sustainability. The expansion of research to further 

various parameters of soil and other factors might add more depth and detail to models 

that seek to predict reliability of the attribute. The efficient use of IoT and sensors in real-
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time data acquisition and feeding into the environment would allow farmers to monitor 

and make timely decisions in terms of resources. Increasing the complexity of models 

through employing more sophisticated machine learning approaches, such as deep 

learning or ensemble methods could reveal more subtle dependencies of the constituent 

components of the soil ecosystem. Reducing the issues related to scalability of the models 

and guaranteeing the possibility of models’ application in a different geography and soil 

conditions are crucial for a successful implementation. However, specific analysis of the 

socio-economic effectiveness of the development interventions for enhancing the 

livelihoods of the small-scale farmers and inhabitants of a particular area would establish 

the comprehensiveness of equity and inclusion in agricultural development. In general, it 

is apparent that the probability of conducting more research will bring a paradigm shift in 

organic tea farming with regard to sustainability and competency in tackling global 

agricultural issues. 

 

7.3 Limitations 
 

Machine learning application for soil condition monitoring in organic tea plantations has some 

drawbacks. Complete and accurate data are required for the prediction to improve in quality, 

however, obtaining these data might be equally very costly and time consuming. There is a 

relatively high cost at the start of networks involving sensors and data collection systems. The 

use of machine learning models to predict the yield may be accurate but they can be incongruous 

and cumbersome to the farmer terribly requiring extensive training. Moreover, conditions like 

environmental conditions affect the kind of crop that would show up and the variability of the 

soil also contribute to randomness that the models do not have to capture. There is also the issue 

of the compatibility of these technologies with the conventional farming practice hence taking 

time and being accepted by farmers. To address these limitations is rather crucial in order to take 

up the full potential of the technology respectively the sustainable agriculture. 
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Appendix A 

Course Outcomes, Complex Engineering Problems (EP) and Complex 

Engineering Activities (EA) Addressing 

Title: Soil Condition Monitoring For Organic Tea Plantations Using Machine 

Learning 

Student ID: 201-15-13794 

                      201-15-14013 

 

 

CO Description for FYDP 

CO CO Descriptions PO 

Phase -I 

CO1 Integrate recently gained and previously acquired knowledge to Soil 

Condition Monitoring For Organic Tea Plantations for the Final Year Design 

Project (FYDP) 

PO1 

CO2 Analyze different aspects of the goals in designing a solution for this FYDP PO2 

CO3 Explore diverse problem domains through a literature review, delineate the 

issues, and establish these goals for the FYDP 

PO4 

CO4 Perform economic evaluation and cost estimation and employ suitable 

project management procedures throughout the development life cycle of the 
FYDP 

PO11 

Phase -II 

CO5 Design and develop technical solutions and system components or processes that 

meet specified requirements, ensuring compliance with public health and safety 

standards, as well as considering cultural, socioeconomic, and environmental 

factors in this FYDP 

PO3 

CO6 Choose and apply appropriate methodologies, resources, and contemporary 

engineering and IT technologies to address complex engineering processes, 

encompassing prediction and modeling, while adhering to relevant constraints in 

this FYDP 

PO5 

CO7 Analyze societal, health, safety, legal, and cultural considerations, along with 

associated responsibilities, in the context of professional engineering practice and 

the resolution of this problem, employing logical reasoning guided by contextual 

understanding. 

PO6 

CO8 Comprehend and evaluate the enduring sustainability and impact of professional 

engineering endeavors in addressing intricate engineering challenges within social 

and environmental frameworks. 

PO7 

CO9 Implement ethical principles and adhere to professional standards and norms in this 

FYDP 
PO8 

CO10 Capable of operating proficiently both individually and as a team member or leader 

across diverse teams and interdisciplinary settings in this FYDP. 
PO9 
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CO11 Proficiently communicate with the engineering community and broader society 

regarding complex engineering endeavors, including the ability to comprehend and 

generate comprehensive reports and design documentation, as well as provide and 

receive clear instructions throughout this FYDP. 

PO10 

CO12 Acknowledge the importance of self-directed and life-long learning within the 

evolving landscape of technology, and possess the readiness and capability to 

engage in lifelong learning endeavors. 

PO12 

 

 

Addressing CO (1 to 8), Knowledge Profile (K), Attainment of Complex 

Engineering Problems (EP), and Attainment of Complex Engineering 

Activities (EA) 

 

Addressing CO (1 to 8), Knowledge Profile (K), Attainment of Complex Engineering 

Problems (EP): 

SN 
EP 

Definition 
Attainment CO 

Justification 

(With Knowledge Profile) 
References 

 

1. 

E
P

1
: 

D
ep

th
 o

f 
K

n
o

w
le

d
g
e 

re
q
u
ir

ed
 

Yes 

C
O

1
, 
C

O
2

, 
C

O
3

, 
C

O
5

, 
C

O
6
, 

C
O

7
 a

n
d
 C

O
8
 

The project demonstrates specialist 

knowledge (K4) by conducting machine 

learning with GaussianNB, Random 

Forest, Decision Tree, SVC, MLP 

enhancing Soil Condition Monitoring 

For Organic Tea Plantations correctly. 

Page no:  

[12-17] 

Section:  

[1.1]  

The project applies engineering 

practice & design (K5) by the figure of 

process of experiments. The project 

addresses engineering practice & 

technology (K6)   by employing 

Machine Learning Model, 

Page no: 

 [18] 

Section:  

[3.2]  

Page no:  

[19-23] 

Section:  

[3.4]  
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This project ensures to K8 (Research 

Literature) by synthesizing insights 

from recent studies, Soil Condition 

Monitoring For Organic Tea Plantations 

Using Machine Learning, showcasing a 

comprehensive understanding of current 

methodologies. 

Page no:  

[8-10] 

Section:  

[2.2, 2.3]  

 

2. 

E
P

2
: 

R
an

g
e 

o
f 

C
o
n

fl
ic

ti
n

g
 

R
eq

u
ir

em
en

ts
 

Yes 

C
O

2
, 

an
d
 C

O
7
 

This project addresses EP-2 by 

recognizing the hurdles in Soil 

Condition Monitoring For Organic Tea 

Plantations, including limitations of 

traditional methods and the complexities 

of integrating using machine learning. 

Through comparative analysis, it 

confronts challenges in understanding 

spatial distributions, offering insights for 

refining diagnostic methodologies. 

Page no: 

 [11-12] 

Section: 

 [2.4, 2.5] 

3. 

E
P

3
: 

D
ep

th
 o

f 

an
al

y
si

s 
re

q
u
ir

ed
 

Yes 

C
O

2
, 

an
d
 C

O
6
 This project addresses EP-3 by 

meticulously comparing experimental 

outcomes, highlighting using deep and 

transfer learning as the chosen 

significant solution for enhancing Soil 

Condition Monitoring For Organic Tea 

Plantations Approaches. 

Page no: 

 [18-19] 

Section: 

 [4.2] 

4. 

E
P

4
: 

F
am

il
ia

ri
ty

 

o
f 

Is
su

es
 

Yes 

C
O

8
 

This project's interdisciplinary approach 

extends beyond computer science and 

engineering, impacting Soil Condition 

Monitoring For Organic Tea Plantations 

Detection EP-4. 

Page no: 

 [23-31] 

Section: 

 [2.2, 2.4] 

5. 

E
P

5
: 

E
x

te
n

d
s 

o
f 

ap
p
li

ca
ti

o
n

 c
o

d
es

 

No 

C
O

5
 

N/A N/A 
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6. 
E

P
6

: 
 E

x
te

n
d
s 

o
f 

st
ak

eh
o

ld
er

s 
in

v
o

lv
ed

 

an
d

 c
o

n
fl

ic
ti

n
g

 

re
q

u
ir

em
en

ts
 

No 

C
O

8
 

N/A N/A 

7. 

E
P

7
: 

In
te

rd
ep

en
d

en
ce

 

Yes 
C

O
5
 

This project's comprehensive approach 

addresses high-level problems by 

integrating various components across 

data collection, statistical analysis, and 

proposed methodology, ensuring a 

holistic solution to complex challenges 

in data collection from local nursery, 

Interiors decorated with tea and garden 

which ensures EP-7. 

Page no: 

 [26-34] 

Section: 

 [3.2, 3.3, 

3.4] 
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Addressing CO11 with Complex Engineering Activities (EA) [Some or all of the following]: 

 

SN 
EA 

Definition 

Attainment 
CO 

Justification 
References 

 

1. 

E
A

1
: 

R
an

g
e 

o
f 

re
so

u
rc

es
 

Yes 

C
O

1
1

 

Our project utilizes diverse 

resources such as high-

performance computing 

infrastructure, GPUs, and ethical 

considerations to ensure systematic 

research and contribute to 

advancements Soil Condition 

Monitoring Detection. 

Page no: 

 [26-27] 

Section: 

 [3.5] 

2. 

E
A

2
: 

L
ev

el
 o

f 

in
te

ra
ct

io
n
 

No N/A N/A 

3. 

E
A

3
: 

In
n
o
v
at

io
n
 

No N/A N/A 

4. 

E
A

4
: 

C
o

n
se

q
u

en
ce

s 
fo

r 

so
ci

et
y

 a
n

d
 t

h
e 

en
v

ir
o

n
m

en
t 

Yes 

This project contributes to society 

by improving Soil Condition 

Monitoring Detection methods, 

while also promoting 

environmental sustainability by 

employing efficient computational 

resources and adhering to ethical 

guidelines for data privacy. 

Page no: 

 [27-28] 

Section:  

[5.1, 5.2, 5.4] 
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5. 
E

A
-5

: 
F

am
il

ia
ri

ty
 

Yes 

This project expands upon existing 

research by examining a novel 

approach in Soil Condition 

Monitoring through deep and deep 

learning model demonstrated 

through preliminary terminologies 

and a comprehensive comparative 

analysis, offering new insights into 

the field. 

Page no:  

[23-29] 

Section:  

[2.1, 2.3] 

 

 

Addressing CO (4, 9, 10, and 12): 
 

SN COs Attainment Justification References 

1 CO4 Yes 

This project addresses CO4 by integrating 

effective project management and financial 

oversight, ensuring meticulous planning, resource 

allocation, and budget estimation for optimal 

resource utilization throughout the research 

lifecycle. 

Page no:  

[20] 

Section:  

[1.6] 

2 CO9 Yes 

The project demonstrates adherence to ethical 

principles by prioritizing privacy, obtaining 

informed consent, and transparently documenting 

the research process, ensuring responsible 

knowledge dissemination and societal well-being 

through the ethical application of advanced 

classification technologies which comply with 

CO9. 

Page no:  

[28] 

Section:  

[5.3] 

3 CO10 No N/A N/A 

4 CO12 Yes 

The project's dedication to continuous learning 

(CO12) and adaptation within the dynamic 

technological landscape is reflected in its 

comprehensive data collection, rigorous statistical 

analysis, meticulous methodology development, 

and thorough experimental results and analysis, 

showcasing a commitment to staying updated and 

refining techniques to address modern challenges. 

Page no:  

[27-28, 31-32] 

Section:  

[3.2, 3.3, 3.4, 

3.5, 4.2] 
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