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Abstract: This paper presents SmartFarm, a full-stack, Al-driven agriculture platform designed to
enhance precision farming and agrarian commerce. The system is developed using the Flask framework
and MongoDB, implementing a modular architecture for processing both image-based and tabular
agricultural data. Convolutional Neural Networks (CNNs) are employed for real-time plant disease
detection and soil classification, while Machine Learning models, specifically Random Forest
algorithms, are utilized for crop recommendation and soil health prediction based on multi-variate
inputs such as nitrogen (N), phosphorus (P), potassium (K), temperature, humidity, and pH. The
platform integrates an Ollama-based Large Language Model (Gemma) to enable conversational
intelligence, allowing farmers to interact with the system using natural language queries. Additional
integrations include Cloudinary for scalable image storage, and RESTful APIs for real-time weather
forecasting and market price analysis. The system also incorporates OAuth-based authentication and a
secure farmer-to-buyer marketplace. SmartFarm demonstrates a scalable, multilingual, and unified
solution aimed at digitizing agricultural workflows, improving decision-making, and enhancing
economic outcomes for farmers.

Keywords: Precision Agriculture, Deep Learning, Machine Learning, Flask, MongoDB, CNN, LLM,
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I. INTRODUCTION

A. Background:

Precision Agriculture has emerged as a critical approach to improving agricultural productivity through the integration
of Information Technology. Modern farming requires the analysis of multiple data sources, including soil nutrients
(N-P-K levels), environmental conditions, and plant health indicators. SmartFarm is designed as an Al-powered web
platform that consolidates these data streams into a unified system [1], [7]. By leveraging Convolutional Neural
Networks (CNNs) [4], [5] for image-based diagnostics and Machine Learning algorithms such as Random Forest for
predictive analytics, the platform transforms raw agricultural data into actionable insights in real time [6], [8].

B. Problem Statement:

Despite advancements in agricultural technology, small-scale farmers continue to face several challenges:

1) Diagnostic Inaccessibility: Farmers often lack immediate access to expert knowledge for identifying plant diseases
and soil types, leading to delayed intervention and reduced crop yield [1], [4].

Copyright to IJARSCT O 742

www.ijarsct.co.in

-'F. O DOI: 10.48175/IJARSCT-34097

| 2581-9429 |1
R\ 1JARSCT /3
& <




({ IJARSCT

xx International Journal of Advanced Research in Science, Communication and Technology
IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal FiEp 00}
ISSN: 2581-9429 Volume 6, Issue 14, April 2026 Impact Factor: 8.2

2) Market Information Asymmetry: Limited access to real-time weather updates and fluctuating market (Mandi) prices
results in inefficient decision-making and financial losses [1], [6].

3) Platform Fragmentation: Existing digital solutions are often isolated, focusing on single functionalities such as
disease detection or weather forecasting. There is a lack of an integrated, multilingual system combining diagnostics,
predictive analytics, conversational Al, and marketplace capabilities [1], [7].

C. Objectives and Contribution:

The primary objective of this research is to develop a scalable, multi-modal Al framework that delivers comprehensive
agricultural assistance by integrating advanced computational techniques with practical farming needs. The proposed
system incorporates automated diagnostics through the implementation of Deep Learning models for accurate plant
disease detection and soil classification [4], [5]. In addition, it leverages Machine Learning algorithms to perform
predictive analytics, enabling the recommendation of suitable crops based on environmental conditions and soil
parameters [6], [8]. To enhance decision-making, the framework integrates a Large Language Model (LLM)-based
chatbot along with real-time API services, providing farmers with instant access to weather updates and market insights
[7]. Furthermore, the system promotes economic enablement by offering a secure farmer-to-buyer marketplace,
supported by MongoDB for flexible data management and Cloudinary for efficient and scalable image storage.

D. Key Contributions:

The primary contributions of this research are summarized as follows:

1) Multi-Modal Al Integration: This work proposes a unified framework that integrates Deep Learning (CNN),
Machine Learning (Random Forest), and a Large Language Model (LLM) within a single platform [4], [5]. Unlike
existing systems that focus on isolated tasks, the proposed solution combines image-based diagnostics, predictive
analytics, and conversational intelligence [6], [8].

2) End-to-End Agricultural Pipeline: The system provides a complete workflow starting from plant disease detection
and soil classification to crop recommendation and marketplace interaction. This end-to-end pipeline bridges the gap
between data analysis and real-world agricultural decision-making [1].

3) Real-Time Data Integration: The platform incorporates real-time weather forecasting and market price analysis using
RESTful APIs, enabling dynamic and context-aware recommendations for farmers [3], [9].

4) Conversational Al for Accessibility: An LLM-based chatbot is integrated to allow farmers to interact with the system
using natural language queries, improving usability and accessibility, especially for non-technical users [7].

5) Integrated Agrarian Marketplace: The proposed system extends beyond analytics by providing a secure farmer-to-
buyer marketplace, enabling direct economic benefits and reducing dependency on intermediaries [1].

6) Scalable Full-Stack Architecture: The system is implemented using Flask, MongoDB, and Cloudinary, ensuring
scalability, modularity, and efficient handling of both structured and unstructured agricultural data.

The novelty of the proposed SmartFarm system lies in its unified integration of Deep Learning, Machine Learning, and
Large Language Models within a single platform. Unlike existing systems that focus on isolated functionalities, this
work combines image-based diagnostics, predictive analytics, real-time data integration, and an agrarian marketplace,
thereby providing a comprehensive end-to-end solution for precision agriculture.

II. LITERATURE SURVEY
The digital transformation of agriculture has led to significant advancements in the application of Machine Learning
(ML) and Deep Learning (DL) techniques. Existing research predominantly focuses on specific problem domains such
as plant disease detection, soil analysis, or crop recommendation. For example, several studies have effectively utilized
Convolutional Neural Networks (CNNs) for leaf disease classification using the PlantVillage dataset, achieving high
levels of accuracy in identifying plant pathologies [4], [5]. Similarly, crop recommendation systems based on

Copyright to IJARSCT O
www.ijarsct.co.in

743

-'F. O DOI: 10.48175/IJARSCT-34097

| 2581-9429 |1
R\ 1JARSCT /3
& <




({ IJARSCT

xx International Journal of Advanced Research in Science, Communication and Technology
IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal

ISSN: 2581-9429 Volume 6, Issue 14, April 2026 Impact Factor: 8.2

algorithms such as Random Forest have been widely developed, leveraging historical climatic and soil data to suggest
optimal crops [6], [8].

Despite these advancements, a critical analysis of existing literature and practical implementations reveals a fragmented
agricultural technology landscape [1], [7]. Most available solutions are designed to address individual challenges, such
as weather forecasting, disease diagnosis, or market price prediction, rather than providing a unified platform. This
forces farmers to rely on multiple, disconnected applications, reducing usability and efficiency. Additionally, there is a
noticeable lack of integration of conversational Al systems, particularly Large Language Models (LLMs), which could
offer contextual and localized agricultural guidance [7].

Moreover, current systems often fail to connect diagnostic insights with actionable economic outcomes, such as
facilitating direct crop sales or market interactions. In contrast, the proposed SmartFarm framework addresses these
limitations by integrating DL-based diagnostic models, ML-driven predictive analytics, and a secure E-commerce
marketplace into a single platform. The inclusion of an Ollama-based LLM and real-time Mandi price APIs further
enhances the system by enabling intelligent decision support [4]. This unified approach transforms traditional
agricultural tools into a comprehensive, end-to-end decision-support system, bridging the gap between data analysis
and practical agrarian workflow management.

III. PROPOSED SYSTEM ARCHITECHURE
The SmartFarm platform is designed as a decoupled, multi-tier architecture that integrates web technologies with
artificial intelligence to support precision agriculture. The system follows a client—server model, where the Flask-based
backend functions as a central orchestrator, managing user requests and routing them to dedicated Machine Learning
(ML) and Deep Learning (DL) modules. The architecture is structured into four primary layers. The Presentation Layer
is developed using HTML, CSS, Bootstrap, and JavaScript to provide a responsive and multilingual user interface. The
Business Logic Layer handles authentication, request processing, and integration with external APIs. The Intelligence
Layer incorporates advanced ML and DL models, including Convolutional Neural Networks (CNNs) for image-based
classification and Random Forest algorithms for predictive analytics. The Data Persistence Layer utilizes MongoDB for
flexible NoSQL data storage and Cloudinary for efficient and scalable image management.
When a user interacts with diagnostic modules such as Plant Disease Detection or Soil Classification, the system
executes a structured inference pipeline. Input images are first preprocessed through resizing and normalization before
being passed to trained models implemented in PyTorch or TensorFlow. These models load pre-trained weights (in .pth
or .h5 formats) to generate prediction probabilities, which are then mapped to meaningful diagnostic outputs and
presented to the user.
In addition to diagnostic capabilities, the system integrates RESTful APIs to fetch real-time data from weather and
market services, enabling dynamic farming recommendations and improved market awareness. The use of Cloudinary
for image storage and MongoDB for data management enhances system scalability and reduces latency. Overall, the
proposed architecture provides a robust, efficient, and scalable framework for delivering intelligent agricultural services
and addressing modern agrarian challenges.
Fig. 3.1 illustrates the overall architecture of the SmartFarm system. The user interacts with the system through a web-
based interface in the Presentation Layer. Requests are forwarded to the Flask-based backend, which acts as the central
controller in the Business Logic Layer. Based on the type of request, the backend routes data to the Intelligence Layer,
where Machine Learning and Deep Learning models perform inference. The results are then processed and stored in the
Data Persistence Layer using MongoDB for structured data and Cloudinary for image storage. Finally, the processed
output is returned to the user in real time, enabling efficient decision-making.
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(Fig. 1. Architectural framework of the SmartFarm multi-modal system.)
TABLE I. SMARTFARM TECHNOLOGY STACK COMPONENTS

Component Technology Used

IFrontend HTML, CSS, Bootstrap, JavaScript
IBackend Flask

IDatabase MongoDB

IDeep Learning TensorFlow / PyTorch

Machine Learning [Scikit-learn (Random Forest)

Image Storage Cloudinary
IAPIs 'Weather API, Market Price API
Chatbot Ollama (Gemma LLM)

IV. METHODOLOGY
The implementation of the SmartFarm system follows a structured approach encompassing data acquisition,
preprocessing, model training, and system integration. The methodology is organized into three primary phases: Data
Collection, Data Preprocessing and Feature Engineering, and Model Development.
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A) Data Collection and Sources:

The system utilizes multiple datasets to ensure robust and accurate predictions across different modules. For plant
disease detection, the widely used PlantVillage dataset is employed, containing a large number of labeled images
representing both healthy and diseased plant leaves across various crop species [4], [5]. Soil classification is performed
using a curated dataset comprising different soil types such as Alluvial, Black, Red, and Laterite soils, which is used to
train the Convolutional Neural Network (CNN) model [8]. For crop recommendation and soil health prediction, a
structured tabular dataset is used, consisting of key agricultural parameters including Nitrogen (N), Phosphorus (P),
Potassium (K), pH level, temperature, and humidity. These datasets enable the Machine Learning models to learn
relationships between environmental conditions and optimal crop selection [6].

The datasets were divided into training and testing sets using an 80:20 ratio to ensure proper evaluation of model
performance and generalization capability.

B) Data Preprocessing and Feature Engineering:

To enhance model performance and generalization, the collected data undergoes systematic preprocessing. Image data
is processed using augmentation techniques such as resizing to a standardized resolution (e.g., 224x224 pixels),
normalization of pixel values, and random transformations including rotation and flipping to reduce overfitting. For
tabular data, preprocessing includes handling missing values, feature scaling using StandardScaler, and encoding
categorical variables into numerical form using LabelEncoder. These steps ensure that the input data is well-structured
and suitable for training Machine Learning models, particularly the Random Forest algorithm.

C) Model Development and Training Pipeline:

The SmartFarm system adopts a hybrid modeling approach combining both Deep Learning and Machine Learning
techniques. The Deep Learning component utilizes Convolutional Neural Networks (CNNs), implemented using
PyTorch and TensorFlow, to extract spatial features from image data for accurate classification of plant diseases and
soil types [4], [5]. In parallel, the Machine Learning component employs the Random Forest algorithm, selected for its
effectiveness in handling non-linear relationships and heterogeneous agricultural data, to perform crop recommendation
and soil health prediction [6], [8]. Additionally, the system integrates a Large Language Model (LLM) using the
Ollama (Gemma) framework to enable natural language interaction [7]. This allows users to input unstructured queries
and receive context-aware agricultural guidance in real time, enhancing usability and accessibility.
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(Fig. 2. Operational workflow flowchart from user input to recommendation output.)

Training Configuration:

The CNN models were trained using the Adam optimizer with a learning rate of 0.001 and categorical cross-entropy
loss function. A batch size of 32 was used during training. The models were trained for 5 epochs (plant disease
detection) and 15 epochs (soil classification). For the Random Forest model, 100 decision trees were used with default
scikit-learn parameters.

D) Mathematical Formulation of Models:

1. Random Forest Algorithm:

Random Forest is an ensemble learning method that constructs multiple decision trees and combines their outputs for
improved accuracy and robustness.

The prediction is given by:

N
V= 4 2.1 EU“
i=1

Copyright to IJARSCT O
www.ijarsct.co.in

747

-'F. O DOI: 10.48175/IJARSCT-34097

| 2581-9429 |1
R\ 1JARSCT /3
2 55




Kf IJARSCT
4 \

[/
xx International Journal of Advanced Research in Science, Communication and Technology 1\

I JARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal
ISSN: 2581-9429 Volume 6, Issue 14, April 2026 Impact Factor: 8.2

performance. The soil classification model was trained for 15 epochs, resulting in improved learning of soil features
and achieving an accuracy of approximately 85-88%. The

T (x) = prediction of the

i decision tree

increased number of epochs allowed the model to better differentiate between various soil types

N = total number of trees

This approach reduces overfitting and improves generalization

2. Convolutional Neural Network (CNN)

CNNs extract spatial features using convolution operations:
y=f(W *x+Db)

Where:

W = convolution filter / kernel

x = input image b = bias

f = activation function (ReLU)

V. RESULTS AND DISCUSSION
The performance of the SmartFarm system was evaluated across its Machine Learning (ML) and Deep Learning (DL)
modules, focusing on accuracy and overall system effectiveness. The evaluation considers model behavior during
training as well as its applicability in real-world agricultural scenarios.

A) Model Performance Evaluation:

The Deep Learning models, particularly the Convolutional Neural Networks (CNNs), were used for plant disease
detection and soil classification. The plant disease detection model was trained for 5 epochs, where the initial accuracy
was approximately 82% in the first epoch. The model showed gradual improvement over subsequent epochs, achieving
an overall accuracy in the range of 82—85%. This indicates that the model is capable of identifying plant diseases,
although further training could enhance such as Alluvial, Black, and Red soils [4], [5].

For tabular data, the Random Forest algorithm was used for crop recommendation and soil health prediction. These
models performed comparatively well, achieving an accuracy of approximately 90-95% for crop recommendation and
around 89% for soil health prediction [6], [8]. The strong performance is attributed to the effectiveness of Random
Forest in handling structured agricultural data with multiple input parameters.

0 Training vs Testing Accuracy (Random Forest)

0.8

0.6

Accuracy

0.4 1

0.2

0.0-

Training Accuracy Testing Accuracy

(Fig. 3. Comparison of training and testing accuracy for the Random Forest model.)
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(Fig. 4. Analysis of feature importance for crop prediction based on multi-variate inputs.)
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(Fig. 7. Training loss and accuracy progression over successive training epochs.)

B) Comparative Analysis with Existing Methods:

To evaluate the effectiveness of the proposed SmartFarm system, a comparative analysis was conducted against
existing state-of-the-art approaches in precision agriculture. The comparison focuses on model performance, dataset
usage, and system capabilities. The results demonstrate that while standalone models in existing literature achieve high
accuracy in specific tasks, they lack integration and real-time applicability [3], [9]. In contrast, the proposed system
provides a unified framework that balances performance with practical usability

Analysis: The comparative results highlight that: The CNN-based models in the proposed system achieve slightly lower
accuracy compared to existing works due to limited training epochs and dataset constraints. However, their
performance remains competitive and suitable for real-world applications. The Random Forest models outperform
existing approaches, achieving higher accuracy in crop recommendation and soil health prediction due to effective
handling of structured agricultural data. Unlike existing systems that focus on single-task solutions, the proposed
SmartFarm framework provides a multi-functional, integrated platform, combining diagnostics, prediction, real-time
data, and marketplace capabilities. The inclusion of a chatbot and real-time APIs further enhances the system’s
practical utility, which is not addressed in most existing works.
TABLE II. COMPARATIVE ANALYSIS OF PROPOSED SYSTEM VS. EXISTING LITERATURE

Model / Task Dataset Existing  Work[Proposed IRemarks

|Accuracy System

IAccuracy

Plant Disease Detection|PlantVillage ~95% 82—85% Slightly lower due to limited
(CNN) training epochs
Soil Classification (CNN) [Custom Soil Dataset ~90% 85-88% Comparable performance
Crop RecommendationSoil & Climate Dataset [~85% 90-95% Improved due to feature
(Random Forest) optimization
Soil  Health  Prediction|Agricultural Dataset ~85% ~89% Stable and reliable predictions
(Random Forest)

Evaluation Metrics:
To evaluate the performance of the proposed models, standard classification metrics were used, including Accuracy,
Precision, Recall, and F1-Score. These metrics are defined as follows:
Accuracy= TP+TN
TP+TN +FP+FN
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Precision= TP
TP+ FP
Recall= TP
TP+ FN
F1-Score = Precision x Recall
Precision + Recall
Where TP, TN, FP, and FN represent True Positives, True Negatives, False Positives, and False Negatives, respectively
TABLE III. PERFORMANCE EVALUATION METRICS FOR AI MODULES

Model / Task |Accuracy IPrecision Recall F1-Score
IPlant Disease Detection (CNN) 82-85% 0.83 0.82 0.82
Soil Classification (CNN) 85-88% 0.86 0.85 0.85
Crop Recommendation (Random Forest) [90-95% 0.91 0.92 0.91
Soil Health Prediction (Random Forest)  [~89% 0.89 0.88 0.88

Plant Disease Detection (CNN) Soil Classification {CNN)

]
&

e 50
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40

85 < 30

20

o 1 0 1
Predicted label Predicted label

Crop Recommendation (RF) Soil Health Prediction (RF)

80
8 70
60
50 50
40 40
30
95 30
20
20
10

Predicted label Predicted label

True label
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(Fig. 8. Confusion matrices for (a) Plant Disease Detection, (b) Soil Classification, (¢) Crop Recommendation, and
(d) Soil Health Prediction.)
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(Fig. 9. Representative samples from the PlantVillage dataset used for CNN training and validation.)

C) System Performance and Analysis:

The results demonstrate that model performance is influenced by training parameters such as the number of epochs and
dataset quality. The plant disease detection model achieved moderate accuracy due to limited training epochs,
indicating that increasing the number of epochs and applying advanced augmentation techniques could further improve
results. The soil classification model showed better performance due to longer training, highlighting the importance of
sufficient training iterations in Deep Learning models. The Random Forest models provided stable and reliable
predictions, as they are well-suited for handling tabular agricultural datasets. The integration of these models into a
unified platform enhances usability by combining diagnostic, predictive, and real-time insights. Additionally, the
inclusion of weather and market APIs enables the system to provide dynamic recommendations, improving decision-
making for farmers.

D) Discussion:

The experimental results indicate that SmartFarm is an effective and scalable solution for precision agriculture. While
the current accuracy of the Deep Learning models is moderate, the system successfully demonstrates the feasibility
of integrating multiple Al techniques into a single platform. There is significant scope for improvement through
extended training, hyperparameter tuning, and the use of larger datasets. Despite these limitations, the system provides
valuable support to farmers by offering real-time insights, predictive recommendations, and marketplace integration.
Overall, SmartFarm bridges the gap between data-driven analysis and practical agricultural applications, making it a
promising solution for modern farming challenges.

VI. LIMITATION
Despite the effectiveness of the proposed SmartFarm system, certain limitations remain. The performance of the Deep
Learning models is constrained by the size and diversity of the training datasets, which may affect their ability to
generalize effectively to real-world agricultural scenarios. Additionally, the Convolutional Neural Network (CNN)
models achieved only moderate accuracy, primarily due to limited training epochs and the absence of advanced
techniques such as transfer learning. The current system also lacks integration with Internet of Things (IoT) devices, as
it relies on manually provided inputs rather than real-time sensor data, thereby limiting its capability for automated
field-level monitoring. Furthermore, the platform is dependent on continuous internet connectivity for accessing real-
time weather and market data through APIs, which may reduce usability in rural or low-connectivity regions. Finally,
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although the system is designed with scalability in mind, large-scale deployment may require further optimization in
terms of model inference time and backend infrastructure performance.

VII. CONCLUSION
This paper presented SmartFarm, a multi-modal Al-driven framework designed to support precision agriculture through
the integration of Machine Learning, Deep Learning, and web technologies. The system successfully combines image-
based diagnostics, predictive analytics, real-time data integration, and an agrarian marketplace into a unified platform.
The implementation of Convolutional Neural Networks (CNNs) for plant disease detection and soil classification, along
with Random Forest models for crop recommendation and soil health prediction, demonstrates the effectiveness of
hybrid Al approaches in addressing agricultural challenges. Although the Deep Learning models achieved moderate
accuracy due to limited training epochs, the results validate the feasibility of deploying such models for real-world
agricultural assistance. The Machine Learning models showed stable and reliable performance, particularly for
structured data analysis.
Furthermore, the integration of a Large Language Model (LLM)-based chatbot, real-time weather and market APIs,
and a secure farmer-to-buyer marketplace enhances the practical utility of the system. The platform not only assists
farmers in making data-driven decisions but also improves accessibility through a multilingual interface. Overall,
SmartFarm provides a scalable, efficient, and user-friendly solution that bridges the gap between advanced
Al technologies and practical farming needs. The proposed system contributes to the digital transformation of
agriculture by enabling informed decision-making, reducing dependency on fragmented tools, and promoting economic
empowerment among farmers.
For instance, a farmer can upload an image of a diseased plant leaf, receive instant diagnosis and treatment
recommendations, analyze soil conditions, obtain suitable crop suggestions, and access real-time market prices—all
within a single platform

VIII. FUTURE WORK

While the SmartFarm system demonstrates the effective integration of Artificial Intelligence with agricultural
applications, several enhancements can be incorporated to further improve its performance and scalability. One
potential direction is the expansion of the dataset and increasing the number of training epochs, which can significantly
enhance the accuracy of Deep Learning models for plant disease detection and soil classification. Additionally, the
implementation of advanced architectures such as transfer learning models (e.g., ResNet or EfficientNet) can improve
model efficiency and generalization [5]. The system can be extended to support Internet of Things (IoT) integration,
enabling real-time data collection from field sensors for parameters such as soil moisture, temperature, and humidity
[2], [7]. This would allow more precise and automated decision-making. Furthermore, the development of a dedicated
mobile application can improve accessibility for farmers, especially in rural areas with limited access to desktop
systems.

Another important enhancement involves the integration of satellite imagery and geospatial data for large-scale crop
monitoring and yield prediction. The chatbot component can also be improved by incorporating more advanced Large
Language Models and multilingual NLP capabilities to provide more accurate and context-aware responses. In
addition, future work may focus on strengthening the marketplace module by integrating secure payment gateways,
logistics support, and real-time demand-supply analytics. These improvements would transform SmartFarm into a
comprehensive digital ecosystem, further bridging the gap between technology and practical agricultural needs.
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