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ABSTRACT: Even with worsening climate shifts and degrading soil conditions, modern agriculture increasingly relies
on intelligent digital systems [13], [15]. This work presents an Al-based approach for crop recommendation and plant
disease detection using deep learning and machine learning techniques [10], [14]. A ResNet-based model is used for
disease detection, achieving high accuracy on PlantVillage datasets [1], [3]. Crop recommendation is performed using
KNN based on soil and environmental parameters, while Random Forest is used for fertilizer prediction [10], [11]. The
integrated system provides accurate and practical decision support for farmers.

KEYWORDS: Artificial Intelligence, Crop Recommendation, Plant Disease Detection, Machine Learning, Precision
Agriculture

I. INTRODUCTION

Climate change, soil degradation, and unpredictable environmental conditions are increasingly affecting agricultural
productivity worldwide [13]. Farmers face significant challenges such as irregular rainfall patterns, temperature
fluctuations, declining soil fertility, and the emergence of new plant diseases, all of which negatively impact crop yield
and quality [12], [15]. Traditional farming practices, which rely heavily on experience and generalized
recommendations, often fail to adapt to rapidly changing environmental conditions, leading to inefficient decision-
making and reduced profitability [14].

In recent years, advancements in artificial intelligence (Al) and machine learning (ML) have shown great potential in
transforming traditional agriculture into a data-driven and precision-based domain [10]. Deep learning techniques,
particularly Convolutional Neural Networks (CNNs), have demonstrated high accuracy in detecting plant diseases
using leaf images, enabling early diagnosis and prevention [1], [3]. Similarly, machine learning algorithms such as K-
Nearest Neighbors (KNN) and Random Forest have been successfully applied to crop recommendation and fertilizer
prediction based on soil nutrients and climatic conditions [11], [14].

However, most existing solutions operate as isolated systems, focusing either on disease detection, crop
recommendation, or fertilizer analysis independently. This lack of integration limits their practical applicability, as
farmers require a unified system that can provide comprehensive insights and actionable recommendations in real time
[10]. Additionally, many systems lack user-friendly interfaces and fail to deliver understandable outputs for non-
technical users.

To address these challenges, this paper proposes an integrated Al-based agricultural system that combines deep
learning, classical machine learning, and generative Al techniques into a single framework. The system aims to provide
accurate, efficient, and user-friendly decision support, enabling farmers to make informed choices related to crop
selection, disease management, and resource optimization [12], [15].

II. LITERATURE REVIEW

2.1 Deep Learning for Plant Disease Detection

Several studies have demonstrated the effectiveness of deep learning techniques in plant disease detection.
Convolutional Neural Networks (CNNs), including architectures such as AlexNet and ResNet, have been widely used
to classify plant leaf diseases with high accuracy using datasets like PlantVillage [1], [3]. These models are capable of
extracting complex visual features such as color, texture, and shape, enabling accurate multi-class classification.
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However, many existing models are trained on controlled datasets, which may limit their performance under real-world
conditions. Variations in lighting, background noise, and image quality can significantly affect prediction accuracy [4].
To address these challenges, recent research has focused on developing lightweight and efficient models that can be
deployed on mobile and edge devices without compromising performance.

2.2 Machine Learning for Crop and Fertilizer

Machine learning algorithms have been widely applied in agriculture for crop and fertilizer recommendation based on
soil and environmental parameters. Techniques such as Decision Trees, Support Vector Machines (SVM), and K-
Nearest Neighbors (KNN) analyze soil nutrients including nitrogen, phosphorus, potassium, pH, temperature, and
rainfall to predict suitable crops [11], [14].

Among these methods, Random Forest has shown superior performance due to its ability to handle nonlinear
relationships and reduce overfitting through ensemble learning [10]. Similarly, fertilizer recommendation systems
utilize structured agricultural datasets to optimize nutrient usage and improve soil health. Despite their effectiveness,
many of these models rely on limited datasets and static inputs, which can reduce their adaptability to dynamic
environmental conditions.

2.3 Integrated and Smart Agriculture Systems

Recent advancements in smart agriculture have explored the integration of Internet of Things (IoT) sensors, weather
APIs, and real-time monitoring systems to enhance agricultural decision-making [18]. These systems incorporate
environmental parameters such as temperature, humidity, and rainfall forecasts to provide dynamic and location-
specific recommendations.

While such approaches improve responsiveness, they often lack seamless integration with disease detection and soil
analysis modules, resulting in fragmented advisory platforms [12]. Furthermore, most existing systems do not
incorporate generative artificial intelligence to provide user-friendly and context-aware recommendations. This limits
their accessibility, particularly for small-scale farmers who may not be familiar with technical outputs.

2.4 Research Gap and Motivation

Despite significant progress in applying artificial intelligence to agriculture, most existing systems focus on individual
components such as disease detection, crop recommendation, or fertilizer analysis rather than providing a unified
platform. The lack of integration between these components limits the effectiveness of current solutions in real-world
farming environments.

Additionally, many systems lack intuitive interfaces and fail to provide clear, actionable insights for end users. The
absence of conversational or generative Al further reduces accessibility and user engagement. Therefore, there is a
strong need for an integrated agricultural system that combines deep learning, classical machine learning, and
generative Al to deliver comprehensive, accurate, and user-friendly decision support.

III. METHODOLOGY

3.1 System Overview

The proposed system integrates deep learning, classical machine learning, and generative Al to support agricultural
decision-making. It processes both image data (plant leaves) and tabular data (soil and environmental parameters). The
system is designed as a modular architecture where each component performs a specific task while contributing to an
overall intelligent farming assistant. User inputs are provided through a web interface, and processing is handled via a
Flask-based backend with MongoDB used for data storage. External weather data is incorporated to enhance prediction
accuracy.

3.2 Plant Disease Detection Using ResNet9

The plant disease detection module is developed using a modified ResNet9 architecture implemented in PyTorch. Deep
learning models, particularly CNN-based architectures, are well-suited for image classification tasks due to their ability
to automatically extract hierarchical features from raw input images [1], [3]. The model is trained on the PlantVillage
dataset, which consists of labelled images of healthy and diseased plant leaves across multiple crop types.
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Before training, all input images undergo preprocessing steps including resizing to a fixed resolution, normalization of
pixel values, and conversion into tensor format suitable for deep learning operations. These steps ensure consistency in
data representation and improve model performance. The ResNet9 architecture incorporates residual connections,
which help in mitigating the vanishing gradient problem and enable deeper network training without loss of
information.

During training, the model learns distinguishing visual patterns such as colour variations, texture differences, and lesion
characteristics associated with various plant diseases. The final classification layer uses a SoftMax activation function
to output probability distributions across multiple classes. Experimental results show that the model achieves an
accuracy of approximately 98-99%, indicating its effectiveness in identifying plant diseases under controlled
conditions.

3.3 Crop Recommendation Using KNN

The crop recommendation module is implemented using the K-Nearest Neighbors (KNN) algorithm, a supervised
machine learning technique used for classification tasks involving multidimensional data [11], [14]. The module
recommends suitable crops based on soil nutrients and environmental conditions.

The input features include nitrogen (N), phosphorus (P), potassium (K), pH, temperature, humidity, and rainfall, which
are essential for determining crop suitability. The dataset consists of labeled records representing crops and their
corresponding soil and climatic conditions.

Before applying KNN, the data is preprocessed using normalization and feature scaling to ensure balanced contribution
of all parameters. The algorithm identifies the ‘k’ nearest neighbors using Euclidean distance, with k = 20 selected to
balance bias and variance.

A weighted voting mechanism is used to improve prediction accuracy by giving more importance to closer neighbors.
While the model achieves near-perfect accuracy on training data, its expected real-world accuracy is approximately
90%, consistent with similar agricultural systems.

3.4 Fertilizer Recommendation Using Random Forest

The fertilizer recommendation module is developed using the Random Forest algorithm, an ensemble learning
technique known for its robustness and high performance in classification tasks involving structured data [10]. The
purpose of this module is to recommend the most appropriate fertilizer based on soil nutrient composition and the
selected crop.

The model takes input features such as nitrogen (N), phosphorus (P), potassium (K) levels, soil pH, and crop type.
These factors are critical in determining the nutrient requirements of the soil and ensuring optimal crop growth. The
dataset used includes both a smaller dataset with limited records and an expanded dataset containing a larger number of
samples to improve generalization.

Random Forest works by constructing multiple decision trees during training and combining their outputs to produce a
final prediction. Each tree is trained on a random subset of the data and features, which helps in reducing overfitting
and improving model stability. The ensemble nature of the algorithm allows it to capture complex, nonlinear
relationships between soil properties and fertilizer requirements.

When trained on a smaller dataset, the model achieves an accuracy of approximately 69.2%, reflecting the limitations
of insufficient data. However, when trained on a larger dataset, the accuracy significantly improves to around 85-90%,
demonstrating the importance of data availability in machine learning performance. The model effectively identifies
patterns in soil nutrient deficiencies and maps them to suitable fertilizer recommendations.

IV. RESULTS AND DISCUSSION

The dataset used in this study was compiled from multiple agricultural datasets, including soil metrics, weather
patterns, and a robust collection of symptomatic plant leaf imagery (e.g., PlantVillage dataset). The tabular data
includes features such as Nitrogen (N), Phosphorous (P), Potassium (K) levels, temperature, humidity, pH, and rainfall.
Additionally, the image dataset comprises high-resolution images of healthy and diseased crop leaves across various
species, meticulously labeled for supervised learning.
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The system was implemented using Python-based machine learning and deep learning frameworks. The backend was
developed using Flask, while the frontend interface was built using modern web technologies. Various libraries,
including PyTorch and scikit-learn, were utilized for model development and evaluation.

Exploratory Data Analysis (EDA) revealed meaningful relationships between environmental factors and agricultural
outcomes. Soil pH and nutrient levels were found to significantly influence fertilizer recommendations, while
temperature and humidity played a crucial role in disease occurrence. These observations confirm the importance of
using multi-dimensional data for accurate agricultural predictions.

Figure 1 illustrates the overall system context and data flow, highlighting the interaction between the central system
and external services such as weather APIs and generative Al modules. This integration enables real-time data
processing and enhances the adaptability of the system.

Image Validation/Chat
Query ™ Gemini Al API
_alidation Result/Response

Image Data Input <" a" __Location__

- -
Farmer/User *| Smart Farming Assistant L Openieatheritap API
Disease Result/Crop Advice | —1

e Forecast Data

o MNewsQuey
e " NewsAPl
Articles S

Fig. 1: System Context and API Integration

Figure 2 presents the feature importance analysis derived from the Random Forest model used for crop
recommendation. The results indicate that environmental factors such as rainfall and humidity have a strong influence
on crop prediction, while soil nutrients also contribute significantly. This demonstrates the model’s ability to effectively
capture the relationship between multiple agricultural parameters.

Feature Importance for Crop Recommendation (Random Forest)

Features

Relative Importance

Fig. 2: Feature Importance from Random Forest Model

Figure 3 shows the training and validation performance of the ResNet9 model used for plant disease detection. The
model achieves high accuracy with minimal overfitting, indicating strong generalization capability. The convergence of
training and validation curves suggests that the model is well-optimized for classification tasks.

Fig. 3: ResNet9 Training Performance Metrics
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Figure 4 demonstrates the disease analysis and recommendation interface, which provides actionable insights based on
model predictions. In addition to identifying plant diseases, the system offers treatment suggestions and preventive
measures. This enhances the practical usability of the system by bridging the gap between prediction and real-world
application.

Fig. 4: Disease Analysis and Treatment Interface
V. CONCLUSION

This paper presented an integrated Al-based agricultural system designed to enhance decision-making in modern
farming practices. By combining deep learning, machine learning, and generative Al, the proposed system provides a
comprehensive solution for plant disease detection, crop recommendation, and fertilizer prediction. The use of a
ResNet9-based model enables accurate identification of plant diseases, while KNN and Random Forest algorithms
effectively analyze soil and environmental data to recommend suitable crops and fertilizers [1], [10], [11].

The integration of multiple Al techniques into a unified framework addresses the limitations of existing systems that
operate in isolation. Furthermore, the inclusion of a generative Al-based module enhances usability by providing
context-aware recommendations in natural language, making the system accessible even to non-technical users.

Although the system demonstrates strong performance, certain limitations remain. The reliance on limited structured
datasets may affect generalization in diverse real-world conditions, and image-based detection may be influenced by
environmental noise. Future work can focus on incorporating larger and more diverse datasets, integrating loT-based
real-time monitoring systems, and improving model explainability to increase user trust and adoption [18].

REFERENCES

[1] A. M. P. Aishwarya and P. Reddy, “Ensemble of CNN models for classification of groundnut plant leaf disease
detection,” Smart Agricultural Technology, vol. 6, 2023, Art. no. 100362. Accessed: Jul. 27, 2025. [Online]. Available:
https://doi.org/10.1016/j.atech.2023.100362

[2] R. Khan, I. Rabbi, U. Farooq, J. Khan, and F. Alturise, “Detection and classification of fig plant leaf diseases using
convolution neural network,” Computers, Materials & Continua, 2025. Accessed: Jul. 27, 2025. [Online]. Available :
https://doi.org/10.32604/cme.2025.063303

[3] R. Deepa, M. P. Mathew, S. Baskar, and A. K. M., “L-Net: A lightweight CNN framework for sustainable multi
crop leaf disease detection and classification on edge devices,” Sustainable Food Technology, vol. 4, pp. 985-1003,
2026. Accessed: Jul. 27, 2025. [Online]. Available: https://doi.org/10.1039/d5fb00191a

[4] K. N. Rahman, S. C. Banik, R. Islam, and A. Al Fahim, “A real time monitoring system for accurate plant leaves
disease detection using deep learning,” Crop Design, vol. 4, 2025, Art. no. 100092. Accessed: Jul. 27, 2025. [Online]

. Available: https://doi.org/10.1016/j.cropd.2024.100092.

IJARETY © 2026 | AnISO 9001:2008 Certified Journal | 1063



https://doi.org/10.1016/j.atech.2023.100362
https://doi.org/10.1016/j.atech.2023.100362
https://doi.org/10.1016/j.atech.2023.100362
https://doi.org/10.1016/j.atech.2023.100362

International Journal of Advanced Research in Education and TechnologY(IJARETY)

| ISSN: 2394-2975 | www.ijaretv.in| | Impact Factor: 8.152| A Bi-Monthly, Double-Blind Peer Reviewed & Refereed Journal |

QIJARETY || Volume 13, Issue 2, March-April 2026 ||

DOI:10.15680/IJARETY.2026.1302080

[5] A. Arora and V. Gautam, “Plant leaves disease detection in complex background using automatic segmentation and
improved multi-scale feature fusion network,” Systems and Soft Computing, vol. 8, 2026, Art. no. 200434. Accessed:
Jul. 27,2025. [Online]. Available: https://doi.org/10.1016/j.sasc.2025.200434.

[6] K. R. Gavhale and U. Gawande, “An overview of the research on plant leaves disease detection using image
processing techniques,” IOSR Journal of Computer Engineering, vol. 16, no. 1, pp. 1016, 2014. Accessed: Jul. 27
2025.

[7] L. Gao, X. Zhao, X. Yue, Y. Yue, X. Wang, H. Wu, and X. Zhang, “A lightweight YOLOv8 model for apple leaf
disease detection,” Applied Sciences, vol. 14, 2024, Art. no. 6710. Accessed: Jul. 27, 2025. [Online]. Available:
https://doi.org/10.3390/app14156710
[8] M. J. Karim, M. O. F. Goni, M. Nahiduzzaman, M. Ahsan, J. Haider, and M. Kowalski, “Enhancing agriculture
through real-time grape leaf disease classification via an edge device with a lightweight CNN architecture and Grad-
CAM,” Scientific Reports, vol. 14, 2024, Art. no. 16022. Accessed: Jul. 27, 2025. [Online]. Available:
https://doi.org/10.1038/s41598-024-66989-9.

[9] T.-H. Kim, M. Shahroz, B. Alabdullah, N. Innab, J. Baili, M. Umer, F. Majeed, and 1. Ashraf, “ANFIS fuzzy
convolutional neural network model for leaf disease detection,” Frontiers in Plant Science, vol. 15, 2024, Art. No
1465960. Accessed: Jul. 27, 2025. [Online]. Available: https://doi.org/10.3389/fpls.2024.1465960.

[10] M. D. S. Sharafat, N. D. Kabya, R. I. Emu, M. U. Ahmed, J. C. Onik, M. A. Islam, and R. Khan, “An IoT-enabled
Al system for real-time crop prediction using soil and weather data in precision agriculture,” Smart Agricultural
Technology, vol. 12, 2025, Art. no. 101263. Accessed: Jul. 27, 2025. [Online]. Available :
https://doi.org/10.1016/j.atech.2025.101263
[11] M. Baishya and L. Dutta, “Tiny ML based crop recommendation system for precision agriculture 5.0,” Smart
Agricultural Technology, 2025. Accessed: Jul. 27, 2025. [Online]. Available
https://www.sciencedirect.com/science/article/pii/S2772375525004782
[12] E. I. R. Emara, A. M. Al-Saeed, and L. M. M. Hamed, “Al-driven decision support system enhances productivity,
water use efficiency, and soil sustainability of strategic crops in sandy soils,” 2025. Accessed: Jul. 27, 2025. [Online | .
Available: https://www.sciencedirect.com/science/article/pii/S037837742600079X
[13] Y.-C. N. Medagbe, O. V. Ocama, N. M. Kasoro, T. Tashev, and S. K. Kasereka, “Leveraging smart crop
recommendation systems and climate-resilient practices for sustainable agriculture in developing regions: A brief
review,” Procedia Computer Science, vol. 265, pp. 209-216, 2025. Accessed: Jul. 27, 2025. [Online]. Available
https://www.sciencedirect.com/science/article/pii/S1877050925022240
[14] M. S. B. Alam, V. Esichaikul, A. Lameesa, S. F. Ahmed, and A. H. Gandomi, “An approach for crop
recommendation with uncertainty quantification based on machine learning for sustainable agricultural decision-
making,” Results in Engineering, 2025. Accessed: Jul. 27, 2025. [Online]. Available
https://www.sciencedirect.com/science/article/pii/S2590123025015750
[15] M. S. Arefin, M. 1. S. Mahin, F. A. Mily, M. S. H. Sani, M. I. Rehan, and T. I. Sumon, “AGRO AI: A compact
solution for modernizing agriculture using NASA’s satellite data and artificial intelligence,” Applied Food Research,
vol. 6, 2026, Art. no. 101678. Accessed: Jul. 27, 2025. [Online]. Available
https://doi.org/10.1016/j.afres.2026.101678.

[16] D. F. Kandamali, W. M. Porter, E. Porter, A. McLemore, and G. C. Rains, “CottonBot: An Al-driven cotton
farming assistant and irrigation advisor using LLM-RAG and agentic Al tools,” Smart Agricultural Technology, 2025.
Accessed: Jul. 27, 2025. [Online]. Available: https://www.sciencedirect.com/science/article/pii/S2772375525008718
[17] A. Kwangsawad and A. Jattamart, “Overcoming customer innovation resistance to the sustainable adoption of
chatbot services: A community-enterprise perspective in Thailand,” Journal of Innovation & Knowledge, 2022.
Accessed: Jul. 27, 2025. [Online]. Available: https://www.sciencedirect.com/science/article/pii/S2444569X22000518
[18] M. U. Tariq, S. M. Saqib, T. Mazhar, M. A. Khan, T. Shahzad, and H. Hamam, “Edge-enabled smart agriculture
framework: Integrating IoT, lightweight deep learning, and agentic Al for context-aware farming,” Results in
Engineering, vol. 28, 2025, Art. no. 107342. Accessed: Jul. 27, 2025. [Online]. Availabl e:
https://doi.org/10.1016/j.rineng.2025.107342.

[19] A. Villafranca and M.-D. Cano, “A lightweight edge-DL intrusion detection system for IoT sustainable smart-
agriculture,” Internet of Things, vol. 34, 2025, Art. no. 101818. Accessed: Jul. 27, 2025. [Online]. Available
https://doi.org/10.1016/.i0t.2025.101818.

[20] J. M. Nufiez V., S. Lopez Florez, J. M. Corchado, and F. De la Prieta, “Edge AloT-based agricultural
recommendation platform to improve humus productivity in vermicomposting processes,” Pervasive and Mobile
Computing, vol. 112, 2025, Art. no. 102080. Accessed: Jul. 27, 2025. [Online]. Available:

https://doi.org/10.1016/j.pmcj.2025.102080.

IJARETY © 2026 | AnISO 9001:2008 Certified Journal | 1064



https://doi.org/10.1016/j.atech.2023.100362
https://doi.org/10.1016/j.atech.2023.100362
https://doi.org/10.1016/j.atech.2023.100362
https://doi.org/10.1016/j.atech.2023.100362
https://doi.org/10.1016/j.atech.2023.100362
https://doi.org/10.1016/j.atech.2023.100362
https://doi.org/10.1016/j.atech.2023.100362
https://doi.org/10.1016/j.atech.2023.100362
https://doi.org/10.1016/j.atech.2023.100362
https://doi.org/10.1016/j.atech.2023.100362
https://doi.org/10.1016/j.atech.2023.100362
https://doi.org/10.1016/j.atech.2023.100362
https://doi.org/10.1016/j.atech.2023.100362
https://doi.org/10.1016/j.atech.2023.100362
https://doi.org/10.1016/j.atech.2023.100362

International Journal of Advanced Research in
Education and Technology

ISSN: 2394-2975 Impact Factor: 8.152

www.ijarety.in & editor.ijarety@gmail.com


http://www.ijarety.in/
mailto:editor.ijarety@gmail.com

