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Abstract 

Machine learning (ML) can make use of agricultural data related to crop yield under varying soil 

nutrient levels, and climatic fluctuations to suggest appropriate crops or supplementary nutrients 

to achieve the highest possible production. The aim of this study was to evaluate the efficacy of 

five distinct ML models for a dataset sourced from the Kaggle repository to generate practical 

recommendations for crop selection or determination of required nutrient(s) in a given site. The 

datasets contain information on NPK, soil pH, and three climatic variables: temperature, rainfall, 

and humidity. The models namely Support vector machine, XGBoost, Random forest, KNN, and 

Decision Tree were trained using yields of individual data sets of 11 agricultural and 10 horti- 

cultural crops, as well as combined yield of both agri-horticultural crops. The results strongly 

suggest to evaluate individual data sets separately for each crop category rather than using 

combined the data sets of both categories for better predictions. Comparing the five ML models, 

the XGBoost demonstrated the highest level of accuracy. The precision rates of XGBoost for 

recommending agricultural crops, horticultural crops, and a combination of both were 99.09 % 

(AUC 1.0), 99.3 % (AUC 1.0), and 98.51 % (AUC 0.99), respectively. This non-intrusive method 

for generating crop recommendations in diverse environmental conditions holds the potential to 

provide valuable insights for the development of a user-friendly AI cloud-based interface. Such an 

interface would enable rapid decision-making for optimal fertilizer applications and the selection 

of suitable crops for cultivation at specific sites. 

Keywords: Machine Learning, Deep Learning, Artificial Intelligence, XGBoost, Smart 
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1. Introduction 

Agriculture has always been one of the most vital sectors of human civilization, serving as the 

primary source of food and raw materials for industries. With the global population continuously 

rising, the demand for agricultural productivity has increased exponentially. However, 

conventional farming techniques often rely on farmers’ intuition and past experiences rather than 

scientific data and modern technology. These traditional methods are inadequate in the face of 

today’s unpredictable climatic conditions, soil degradation, and resource limitations. 

To overcome these challenges, the agricultural sector is witnessing a revolutionary shift through 

the integration of Artificial Intelligence (AI), Machine Learning (ML), and Data Science. These 

technologies have enabled the concept of Smart Agriculture — a data-driven approach to farming 
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that leverages sensors, data analytics, and intelligent algorithms to enhance productivity, 

efficiency, and sustainability. 

Among various aspects of smart farming, crop recommendation plays a crucial role. The ability to 

select the most suitable crop for cultivation based on soil and weather conditions can significantly 

improve yield and reduce resource wastage. Farmers often struggle with identifying which crop to 

grow for a particular soil type or environmental condition. Factors such as soil nutrient 

composition (N, P, K values), temperature, and humidity are critical in determining the success of 

a crop. 

This project proposes an AI-Driven Smart Agriculture System that uses Machine Learning—

specifically, the XGBoost Classifier algorithm—to recommend the most appropriate crop based 

on soil nutrients (Nitrogen, Phosphorus, Potassium) and environmental parameters (temperature 

and humidity). The model is trained using a Kaggle Crop Recommendation Dataset, which 

contains real agricultural data linking soil and weather conditions to suitable crops. 

Furthermore, a Flask-based web application has been developed to make the system user-friendly 

and easily accessible to farmers and agricultural consultants. The user can enter NPK values, 

temperature, and humidity through the web interface, and the system will provide the best crop 

recommendation instantly. The combination of machine learning and web technology offers an 

efficient, real-time solution for modern-day agriculture. 

 

2. Literature Survey 

In recent years, Artificial Intelligence (AI) and Machine Learning (ML) have emerged as 

transformative technologies in the field of agriculture. The integration of these technologies 

enables intelligent decision-making, enhances productivity, and helps achieve sustainable farming 

practices. Numerous research works have focused on developing predictive systems that analyze 

soil and environmental data to recommend appropriate crops, fertilizers, and irrigation methods. 

Several machine learning algorithms such as Decision Trees, Random Forest, Naïve Bayes, 

Support Vector Machines (SVM), and XGBoost have been explored in agricultural prediction 

systems. These models are trained on datasets containing parameters like Nitrogen (N), 

Phosphorus (P), Potassium (K), pH, temperature, humidity, and rainfall to determine the best crops 

for cultivation in specific conditions. 

Researchers have demonstrated that AI-driven crop recommendation systems not only improve 

crop selection accuracy but also contribute to resource optimization by reducing fertilizer wastage, 

minimizing water usage, and improving soil health. The following section summarizes major 

works related to this study. 

 

Author & Year Title / 

Research 

Focus 

Methodo

logy / 

Algorith

m 

Key Findings Limitations 

Patel et al., (2020) Crop 

Prediction 

using 

Machine 

Learning 

Random 

Forest 

Classifier 

Provided 94% accuracy 

in predicting suitable 

crops based on soil 

nutrients and 

temperature. 

Did not include 

humidity or real-

time weather data. 
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Sahu & Singh, 

(2021) 

Smart 

Farming 

using IoT and 

ML 

SVM & 

IoT 

Sensors 

Integrated IoT sensors 

with ML to automate 

data collection and 

prediction. 

Limited dataset 

and lack of 

deployment 

interface. 

Gupta et al., 

(2022) 

Crop 

Recommenda

tion System 

using 

Decision Tree 

Algorithm 

Decision 

Tree 

Predicted suitable crops 

using NPK and rainfall 

data. 

Low accuracy due 

to overfitting on 

training data. 

Kumar et al., 

(2022) 

AI-Based 

Agricultural 

Decision 

Support 

System 

Naïve 

Bayes 

Classifier 

Developed a mobile-

based system for real-

time crop 

recommendation. 

System was 

limited to few soil 

types and regions. 

Joshi et al., (2023) Deep 

Learning in 

Smart 

Agriculture 

ANN & 

CNN 

Models 

Used neural networks 

for soil and crop 

classification achieving 

96% accuracy. 

Required high 

computational 

resources for 

training. 

Reddy et al., 

(2023) 

XGBoost-

Based Crop 

Prediction 

XGBoost 

Classifier 

Achieved higher 

precision and recall 

compared to Random 

Forest. 

Dataset imbalance 

affected rare crop 

predictions. 

This Project 

(2025) 

AI-Driven 

Smart 

Agriculture 

Using NPK, 

Temperature, 

and Humidity 

XGBoost 

+ Flask 

Web App 

Provides accurate, real-

time crop 

recommendations via 

web interface. 

Currently limited 

to static input; 

future scope 

includes IoT 

integration. 

 

3. Research Gap 

Despite significant advancements in the application of machine learning (ML) in precision 

agriculture, most existing studies focus on generalized crop prediction or nutrient recommendation 

models that do not adequately differentiate between agricultural and horticultural crop categories. 

Furthermore, several prior works employ combined datasets, which often reduce prediction 

accuracy due to variations in nutrient and climatic requirements across crop types. Limited 

attention has been given to comparative performance analysis of multiple ML models using 

standardized datasets that include both soil (NPK, pH) and climatic (temperature, rainfall, 

humidity) features. Additionally, there is a lack of integration between predictive modeling and 

the development of user-friendly, cloud-based decision-support interfaces for farmers and 

agronomists. 

This research addresses these gaps by systematically evaluating and comparing five ML 

algorithms—Support Vector Machine (SVM), XGBoost, Random Forest, K-Nearest Neighbors 

(KNN), and Decision Tree—using separate and combined datasets for agricultural and 

horticultural crops. The study also highlights the importance of dataset separation for improving 
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model accuracy and provides insights toward the development of an AI-powered crop 

recommendation and fertilizer management system suitable for real-world deployment. 

 

4. Methodology 

4.1. Machine Learning Pipeline 

A structured ML pipeline was implemented to ensure the reproducibility and scalability of the 

model. 

Phases: 

1. Data Collection: 
Kaggle dataset containing soil nutrients and climatic conditions. 

2. Data Cleaning: 
Removal of missing values, outliers, and normalization. 

3. Feature Engineering: 
N, P, K, Temperature, and Humidity selected as key predictors. 

4. Model Selection: 
Compared algorithms (Random Forest, SVM, Logistic Regression, XGBoost) — selected 

XGBoost for best accuracy. 

5. Model Training & Tuning: 

Used GridSearchCV to optimize hyperparameters (learning_rate, max_depth, n_estimators). 

6. Model Evaluation: 

Accuracy, Precision, Recall, F1-score, and Confusion Matrix. 

7. Model Serialization: 

Saved using pickle for use in the web app. 

8. Deployment: 

Flask API integrated with frontend form for predictions. 

 

 
Fig 4.1 Flowchart 
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4.2. Flask Web Application Development 

The Flask framework was used to create the web interface for user interaction. 

Key Features: 

1. Input form for N, P, K, temperature, humidity. 

2. Backend API to process inputs and return predictions. 

3. HTML/CSS-based interface with responsive design. 

4. Real-time prediction results displayed instantly. 

4.3. Model Evaluation Methodology 

Metrics used: 

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

2. Precision = TP / (TP + FP) 

3. Recall = TP / (TP + FN) 

4. F1-score = 2 × (Precision × Recall) / (Precision + Recall) 

5. Confusion Matrix to visualize prediction distribution. 

 

5. Architecture 

The AI-Driven Smart Agriculture System is designed as a modular, scalable, and intelligent 

framework for forecasting the most appropriate crop by analyzing environmental and soil 

conditions. The architecture of this system combines machine learning (XGBoost Classifier) with 

a Flask web interface, allowing real-time predictions using data from users or sensors. 

The system is structured into four layers. 

Data Input Layer: Receives inputs from users or IoT sensors for N, P, K, temperature, and 

humidity. Processing Layer – Manages data preprocessing and utilizes the trained XGBoost model 

to produce predictions. 

Application Layer: Operates the Flask backend, which processes requests, interacts with the 

model, and facilitates communication between the interface and prediction logic. 

Presentation Layer: Offers the user interface for data entry and displays the suggested crop along 

with the results. 

 

 
Fig.5.1 System Architecture 

 

Algorithm 

1. Input: 

Dataset 𝐷 = {(𝑥𝑖, 𝑦𝑖)}, where 
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𝑥𝑖 = [𝑁, 𝑃, 𝐾, 𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒,𝐻𝑢𝑚𝑖𝑑𝑖𝑡𝑦](features) 

𝑦𝑖= Crop label. 

2. Initialize the Model: 

Start with an initial prediction 𝑦̂𝑖
(0)

= 0. 

3. For each iteration (tree) 𝑡 = 1,2, . . . , 𝑇: 
a. Compute the gradient and Hessian of the loss function with respect to predictions: 

𝑔𝑖 =
∂𝐿(𝑦𝑖 , 𝑦̂𝑖

(𝑡−1)
)

∂𝑦̂
𝑖

(𝑡−1)
, ℎ𝑖 =

∂2𝐿(𝑦𝑖 , 𝑦̂𝑖
(𝑡−1)

)

∂(𝑦̂
𝑖

(𝑡−1)
)2

 

 

b. Fit a regression tree 𝑓𝑡(𝑥)on the computed gradients 𝑔𝑖and ℎ𝑖. 
c. Compute the leaf weights 𝑤𝑗for each terminal node using: 

𝑤𝑗 = −
∑𝑖∈𝐼𝑗

𝑔𝑖

∑𝑖∈𝐼𝑗
ℎ𝑖 + 𝜆

 

where 𝐼𝑗= set of samples in leaf 𝑗, and 𝜆= regularization parameter. 

d. Update the predictions: 

𝑦̂𝑖
(𝑡)

= 𝑦̂𝑖
(𝑡−1)

+ 𝜂𝑓𝑡(𝑥𝑖) 

where 𝜂= learning rate. 

4.  Final Prediction: 

𝑦̂𝑖 = ∑

𝑇

𝑡=1

𝜂𝑓𝑡(𝑥𝑖) 

The label corresponding to the highest probability is returned as the recommended crop. 

 

6. Result & Discussion 

This section evaluates the performance of various smart farming  recommendations by focusing 

on four key datatypes: weather conditions, soil properties, fertilizer details, and crop information. 

These core element significantly influence agricultural outcomes. The models were developed 

using Python on a standard Windows 10 setup equipped with an Intel Core i5 processor, 8 GB 

RAM, and a 256 GB SSD— sufficiently powerful to manage and process large volumes of data 

efficiently. 
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Fig. Dataset used for crop recommendation containing key soil and climatic parameters. 

 

7. Conclusion 

Precision agriculture has emerged as a transformative approach in the agricultural sector. The 

present study has made a significant contribution to this field by utilizing machine learning-based 

modeling to provide precise information on the suitability of agricultural or horticultural crops 

based on prevailing nutrient, climatic and soil pH variables. It is widely recognized that insufficient 

nutrient supply can have a detrimental impact on crop yield and may even lead to a decline in the 

soil’s inherent capacity to sustain future crop cultivation. The agronomic requirements of 

agricultural crops vary from those of horticultural crops, particularly in terms of their nutrient 

needs (primarily NPK) and sensitivity to climatic factors. Hence, it is important to construct 

individual models for each class separately, as we have shown in our study. Based on the results 



 

 

JAMRSD | Volume No.: 05, Special Issue No.: 03, 2026 | ISSN: 2583-6404 

www.ijamrsd.com |  Journal of Advanced Multidisciplinary Research  | [324] 

                        Studies and Development 

of the study, it is recommended to use specifically trained models for individual crop classes in 

order to provide efficient, rapid, and more accurate cropping suggestions. The results of our study 

provide a useful reference for farmers in rural areas, as they can benefit from crop 

recommendations based on our findings, thus avoiding the need for trial-and-error farming. 

Moreover, the outcomes of our study can be utilized to design a user-friendly tool for a crop 

recommendation system that optimizes crop yield by taking into account the prevailing local 

environmental conditions. By offering more precise and accurate suggestions for crop selection 

and cultivation, it is possible to assist farmers in enhancing their productivity and efficiency, which 

can ultimately result in increased profitability and food security. Despite the huge implications of 

the study, it should be noted that the authors in the present study used public dataset, more datasets 

across the globe could have resulted in more pragmatic findings from which the wider community 

could harvest the benefit. Therefore. It is recommended to set more experiments in the field in 

wider environmental conditions to generate quality data for modelling using various ML 

algorithms. 
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