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Abstract- Agriculture is vital in various aspects including economic stability and food security, especially in areas
where paddy cultivation is the “predominant farming activity. To achieve high levels of productivity and viability
in farming, identification of paddy varieties and evaluation of the suitability of the soil are important. Traditionally,
identification and evaluation methods are labor intensive and time consuming and their results are uncertain due
to the possibility of errors. In this regard, the study proposes an innovative and intelligent system based on the use
of deep learning and machine learning to deal with the identification and evaluation problems. The innovative
system utilizes deep learning to deploy Convolution Neural Networks (CNN) to identify paddy crops and analyze
the conditions and characteristics of the crops. In the same way, paddy crops and the suitability of the soil are
evaluated and appropriate recommendations are made to the farmers. The innovative system integrates image
analysis and soil parameter evaluation to offer a comprehensive decision support system to farmers. A web-based
support system is designed to offer a user friendly support system to enable farmers to conduct real time
assessment of the crops and soil. The innovative system eliminates the need for manual evaluations and optimizes
the resources used and the time taken to identify potential farming problems. In the same way, the innovative
system designed to support management of agriculture in a sustainable way decreases the need for fertilizers and
supports informed decisions when farmers practice farming.

Keywords- Smart Agriculture, Paddy Identification, Soil Suitability Prediction, Deep Learning, Convolutional
Neural Network, Machine Learning, Image Processing, Precision Agriculture, Crop Monitoring, Sustainable
Farming.

I. Introduction

Artificial Intelligence (Al), deep learning, and precision agriculture have dramatically improved many
aspects of modern agriculture. Image analysis and data intelligence help to monitor crop health, detect crop
diseases, and assess soil conditions. Paddy is an essential global food crop. Its growth and yield are largely affected
by adequate crop management and soil conditions.

All traditional agricultural methods are based on the farmer's judgment and observations. These methods
are tedious and time-consuming. They often lead to the late detection of crop diseases and waste of fertilizers
among other things, resulting in low crop yield.

Traditional crop analysis also relied on manual and labor intensive methods. With the advancement of deep
learning, automated crop analysis using images has become an efficient method for agricultural monitoring. CNNs
have a high accuracy of detecting crop diseases and various growth stages and conditions of the plant using images
[1], [2]. The recent advancement of various machine learning methods and intelligent soil analysis frameworks
and sensor technologies allows for the analysis of various soil conditions, including moisture, pH, and nutrients
[3]1, [4]. This research proposes the development of a Smart Paddy Identification and Soil Suitability Prediction
system based on deep learning. The system is based on a CNN model to identify the various conditions of paddy
crops and also incorporates the analysis of soil conditions to provide recommendations for fertilizers along with
treatments. Image analysis is carried out to remove any artifacts and to enhance the quality of the images. The
system identifies the crop and provides recommendations based on the soil conditions. The proposed system is a
decision-making support system for the farmers.
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II. Literature Review

Al-based techniques have brought about increasing automation in agricultural monitoring and analysis systems.
In the early years, the analysis of agricultural data relied on the extraction of features in the data by the user and
the application of conventional machine learning algorithms, such as SVM, KNN, decision trees, and Random
Forest classifiers [5], [6]. While these methods strengthened the classification of crops, they were still subject to
varying challenges, such as working in different environments, and they relied on the user to engineer features.

The impact of deep learning on agriculture was primarily as an image analysis tool. With the help of
Convolutional Neural Networks (CNNs), the feature extraction process was automated, and crop disease detection
and classification of plants became much more accurate [7], [8]. It became apparent that CNN-based models were
able to detect paddy plant diseases such as blast, brown spots, and bacterial leaf blight, using images of the leaves
[9], [10]. In the same period, soil monitoring systems began incorporating loT-based systems, and real-time data
on soil moisture content, soil pH, temperature, and nutrients became available [11], [12]. Based on this data,
machine learning algorithms were implemented to recommend fertilizers and increase the level of soil fertility as
an implementation of precision agriculture.

The latest smart agriculture technologies utilize drones, satellites, the cloud, and sensors for extensive farming
[13], [14]. Most existing technologies do one of two things: detect crop diseases or analyze soil. Challenges for
large scale, continuous, real-time, adaptive decisions still exist. To overcome these challenges, the proposed
system integrates CNN paddy crop detection and intelligent soil suitability prediction into a single web-based
system to offer better decisions for supporting the establishes sustainable agriculture.

Table 1: Summary of Paddy Crop Detection and Soil Analysis Techniques

Technique | Application

Method/Model Key Findi
ethod/Mode Used Area ey Findings
Manual
Traditional Inspection | Crop Time-consuming
Methods and  Soil | Monitoring and less accurate
Testing
- SVM, Imp()ir.ozed
achine rediction
. KNN, Crop Disease P
Learning . . accuracy but
Random Classification .
Models requires feature
Forest .
extraction
Paddy Automatic ’
CNN-Based Deep . feature extraction
Models Leaming | D1s¢ase with high
Detection
accuracy
IoT-Based Soil Sensor- So%l N Real.—tin”.le .
. Based Suitability monitoring of soil
Monitoring .
Analysis Assessment parameters
Accurate crop
CNN d . . .
Integrated Al . M Smart identification and
Machine . .
Systems . Agriculture soil
Learning

recommendations
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Existing System

Current methods of monitoring paddy crops are more labor intensive and rely heavily on the experience
of the farmer. Farmers observe the crops and check the soil using lab tests. While these methods of monitoring
crops are commonplace, they are slow and do not allow for the best farming practices to be implemented to
diminish the use of resources and maximize crop yield. Farmers have to rely on their ability to observe when
plants are unhealthy or when the soil lacks nutrients.

Machine learning has allowed for the automation of soil monitoring and the detection of crop diseases. Many
algorithms have been used for crop classification and the prediction of crop diseases, such as Support Vector
Machines (SVM), K-Nearest Neighbors (KNN), Decision Trees, and Random Forest. These methods of prediction
and classification are dependent on the varying conditions of the environment and require feature extraction.

Deep learning, especially through Convolutional Neural Networks (CNNs), has changed the way crop
identification can learn features in an image, thus identifying crop types, with more accuracy. Despite this, existing
solutions are mostly targeted towards detecting crop diseases and/or assessing soil suitability. In addition, many
of these systems are unable to monitor in real-time and lack built-in decision support, extensibility, and ease in
deployment. Consequently, these systems are mostly ineffective in real world applications.

Table 2:Existing Aircraft Detection Approaches

Technique
Approach Advantages | Limitations
PP Used g
.. Manual . Time-
Traditional . Simple and .
. Observation ) consuming
Farming .. | widely
and Soil and less
Methods . adopted
Testing accurate
. SVM, Requires
Machine Improved q
. KNN, . . manual
Learning classification
Random feature
Models performance )
Forest extraction
. Requires
CNN-Based High
Deep . large
Crop . detection .
. Learning training
Detection accuracy
datasets
. . Hardware
IoT Soil | Sensor- Real-time d
o . an
Monitoring | Based Data | soil )
. o maintenance
Systems Collection | monitoring
costs
Lack
Crop . .
Independent . Effective for | integrated
Detection . g
Al .. | specific decision-
. or Soil .
Solutions . tasks making
Analysis
support

Iv. Proposed Methodology

To address some of the challenges, a paddy crop identification and soil suitability assessment system using CNN
and other machine learning techniques is proposed. This new system can identify the current status of paddy crop
and provide the best soil type and its soil conditions (moisture, pH, nutrients) via an image based automated
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assessment. The proposed system moves away from conventional farming methodologies and towards automated

systems that can provide analysis and real-time support.

An interactive web-application using Flask is built, allowing users to receive automated assessment based on the

upload of an image containing paddy crop, and provide a recommended course of action. The proposed system
also integrates the analysis of soil conditions and paddy crop image classification in order to provide best possible

advice.

The use of a modular design allows for the easy integration and deployment that is desired in the smart agriculture
field. Proposed productivity, resource, and sustainability improvements combined allow for the proposed system

to be an integrated crop and soil assessment system unlike anything currently existing.

4.1 Mathematical Model

1. The input paddy crop image is represented as:
The input image is represented as a matrix:

The input paddy crop image is represented as:

Ic RH=WxC

Where:

H = Height of image

W = Width of image

C = Number of color channels (RGB)

2. Feature Extraction (CNN Convolution)

The convolution operation is given by:
Fli,j)=3,. %, Ili-m,j-n)K(m,n)+b

F = Feature map

I = Input image

K = Convolution kernel (filter)
b = Bias term

3. Paddy Crop Classification

The crop class prediction is obtained using the Softmax function:

P(y - 5‘} = \".{.‘_‘; f-'_.-"
“ +j= -

Where:

P(y = i) = Probability of crop class i
z; = Output score of class i

N = Number of classes

4. Soil Suitability Score

The soil suitability score is calculated as:

g — M4+Pyg+N
. 3
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Where:

M = Soil moisture value
P<sub>H</sub> = Soil pH value

N = Nutrient score

5. Prediction Accuracy

The prediction accuracy is computed as:

TP+TN
TP+ITN+FP+FN

Accuracy =
Where:
TP = True Positives
TN = True Negatives
FP = False Positives

FN = False Negatives

6. Fertilizer Recommendation

The fertilizer recommendation function is expressed as:

R = f(M,Py,N)
Where:
R = Recommended fertilizer
M = Moisture level
P<sub>H</sub> = Soil pH value
N = Nutrient content

4.2 Step-wise Process

Use web interface to upload paddy crop images.

Gather soil data including moisture and pH as well as nutrient content.

Use image preprocessing methods.

Use CNN to extract image characteristics.

Use deep learning to classify the conditions of the paddy crop.

Use machine learning to evaluate the suitability of the soil.

Prepare recommendations for soil treatment and fertilization.

Use the Flask web application to show the prediction results.

Table 3: Proposed System Components

Techni

Component eclnique Function | Outcome
Used
I

Input Module g;?f; 4 and Accepts Raw  crop
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Soil Data | user input | and soil data
Collection
I
Preprocessing Image ig:rzves Clean
Module Enhancement g dataset
quality
Identifies
D dd C
CNN Model P pacdy P
Learning crop classification
condition
Evaluat
Soil Analysis | Machine V.a vates Soil
. soil oy
Module Learning e prediction
suitability
Suggests
Recommendation | Rule-Based fertilizers | Agricultural
Module Prediction and guidance
treatments

V.System Architecture

This section explains the architecture of the proposed system for identifying paddy crops and predicting the
suitability of soil. The focus is to help predict using deep and machine learning models. The architecture” is
modular in order to provide the flexibility to design each component while preserving the overall system
architecture. The focus in each component is prediction accuracy, flexibility of the architecture, and real-time
support for decision making. The architecture is built with six main components from the capturing of user inputs
to the visualization of the prediction and the generation of recommendations.

@ usertogin/
[ MRG Authentication

[ Paddyug:::dlmago ‘
+

Soil Parameter Input /
Sensors
(pH. Moisture, Nutrients)

(Resize, Clean,
Normalize)

. + ;
| Feature Extraction
using CNN
........ TR PR

Paddy Crop
Soil Analysis Module V/ Classification

Data Preprocessing {

:
:
(Machine Learning) (CNN Model) H

Analyzes Soil Parameters Detects Crop Condition /
Disease
1

+
Soil Suitability
m Prediction

(Suitable / Not Suitable)

F Fertilizer & Treatment
o Recommendation

(Best Fertilizer / Solution)

Result Display
@ | (Fiask Web Apptication)
Crop Condition, So Susability
Recommendstions

Fig 1: System Architecture of Military Aircraft Using Satellite Imagery
5.1 User Input Module

The User Input Module consists of a web interface where users can upload “images of crops and submit soil data
including the soil moisture content, ph value, and nutrient content either manually or through the use of a soil
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sensor. This is the primary module that captures the required data for the assessment and analysis of the crops and
soil.

Functions:

Accepts paddy crop images

Submits soil data (moisture, pH, and nutrients)
Captures data for analysis

Output:

Images of crops and soil data

5.2 Web Interface Module

The Web Interface Module is based on the Flask framework and manages the communication between the front
and back end. This module is designed to support the interaction of the users with the prediction system and is
designed to be user-friendly in terms of submitting images, soil data, prediction requests, and result displays.

Functions:

Handle user requests.

Manage communication between system components.
Display prediction results and recommendations.
Output:

User interaction and request management.

5.3 Authentication Module

The Authentication Module secures the system by controlling user sign up and sign in processes. Registered
users' details are stored in a database and a password encoding method is used to safeguard critical data. This
module maintains data confidentiality and deters illegal access to the system.

Functions:

User registration and login.

Credential verification.

Password encryption and secure access.

Output:

Authorized user access and enhanced data security.
5.4 Image and Soil Data Processing Module

The Image and Soil Data Processing Module makes the input data ready to undergo analysis. Image processing
techniques such as resizing, normalization, noise reduction, and augmentation are employed to enhance the quality
of images. Soil parameters data is checked and made ready for analysis. These operations improve consistency
and increase the accuracy of the predictions.

Functions:
Resize and normalize crop images.
Remove noise and perform image augmentation.

Validate and standardize soil parameter values.
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Output:
Clean and preprocessed image and soil datasets.
5.5 Paddy Crop Detection and Soil Analysis Module

The Paddy Crop Detection and Soil Analysis Module is the key module of the proposed system. Classification
of the paddy crops is through the use of Convolutional Neural Networks (CNN) which are capable of detecting
visual features of crops such as texture and color as well as determining crop diseases. The suitability of the soil
is determined by the analysis of the soil moisture content, pH and nutrients by the employed machine learning
techniques.

Functions:

Extract image features using CNN.

Identify paddy crop conditions.

Analyze soil moisture, pH, and nutrient content.

Predict soil suitability.

Output:

Crop classification results and soil suitability predictions.
5.6 Recommendation and Result Display Module

This module creates recommendations for fertilizer application and soil treatment, as well as reports describing
crop conditions. The results of crop condition detection, confidence score, and soil suitability are converted to a
web-based format for ease of understanding, thus allowing farmers to make better informed decisions.

Functions:
Generate fertilizer recommendations.
Provide soil treatment suggestions.
Display crop condition and prediction confidence.
Output:
Agricultural guidance and prediction reports.
5.7 Data Flow Description
The proposed system adopts a sequential data flow system, as shown below.
The user inputs the images of paddy crops and the parameters of soil through the web page.

The user inputs are processed in the back end of the system using Flask, which also manages the interaction
between other components of the system.

The system has an authentication element, which verifies the user credentials and enables them to log in and
access the system.

Preprocessing of the uploaded image is done through several operations, such as resizing, normalization and
elimination of noise, and the data of soil is validated and made uniform.

The crop is classified, and the relevant features are extracted using a CNN model.
The suitability of soil is determined using other machine learning techniques.

Based on the predictions, recommendations for fertilizer application are made, and suggestions for treatment of
soil are provided.
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The outputs of the system are made available on the web page in real time.

Thus, the system modules collaborate to provide accurate crop identification and intelligent prediction of soil
suitability.

5.8 Summary

The proposed architecture is designed to be modular, scalable, and highly efficient. The system is built using a
combination of web technologies, image processing methods, deep learning models, and soil analytical methods
to provide a solution to smart agriculture. The system is designed to be secure, provide accurate identification of
crops, and offer intelligent predictions of soil suitability while creating a friendly interaction for the user of the
system. The design of the system will increase the productivity of agriculture and use the available resources in a
more efficient way leading to the promotion of sustainable practices in farming.

VI. SYSTEM IMPLEMENTATION

The system developed for Smart Paddy Identification and Soil Suitability Prediction employs several
technologies ranging from deep learning to web-based technologies. The implemented system merges user
engagement and paddy crop classification, soil analysis, and fertilizer recommendation to provide accurate
prediction and real-time crop advisory services.

6.1 Development Environment

The system is built using Python because of the available support for machine learning and deep learning. The
image processing is also done in Python. The paddy crop detection model is built using Convolutional Neural
Networks (CNN) in the TensorFlow and Keras environments. The web application is built on the Flask framework,
which takes care of routing and activities on the server side. OpenCV is used for image processing, and SQLite
for secure and lightweight database management. The system is also supported by the NumPy, Pandas, and
Matplotlib libraries, which are used for data processing and visualization.

6.2 Authentication Implementation

The system is equipped with a safe authentication system that allows users to self-register and create log in
account services. The self-registration system records the users’ name, phone number, email, and password in a
safe and secure manner in the system's SQLite database. Passwords are protected in the database by using a
hashing technique. Input validation is done by regular expressions for all email and phone number fields. The
application has a session management technique to maintain user authentication in all sections of the application.

6.3 Web Application Implementation

Flask facilitated the development and organization of routing for numerous functions. Routing for the homepage
was created for easy navigation, as well as routing for sign up and sign in for user authentication. A routing system
for paddy crop detection was developed for image uploads. A routing system was created for a soil
recommendation prediction page. Flask allows for easy handling of HTTP requests, making communication
between the front end and back end seamless.

6.4 Image Processing Implementation

Users crop and upload images of paddy crops on the web page. The system captures the uploaded image for
detection and classification. OpenCV” is used to read and convert the image into a suitable format for analysis.
Preprocessing operations such as resizing, removal of noise, and enhancement of the image are performed to
increase accuracy of the prediction. The processed image is then sent to the CNN crop classification model.

6.5 Soil Data Processing Implementation

Soil parameters such as moisture content, pH, and nutrient levels are captured by the system. Soil data, captured
by the system, is validated, cleaned, and adjusted. Soil data is modified to improve the consistency and reliability
of the data.
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6.6 Paddy Crop Detection Model Implementation

The detection module is built on a CNN model. The model analyzes images and identifies the state of paddy
crops. The model can recognize visual features including color, patterns, textures, and symptoms of different
diseases. The model uses these visual features to determine the state and classify the crops. The CNN model is
designed to be resourceful and provide accurate classification for time-critical agricultural tasks.

6.7 Soil Suitability Prediction and Visualization

The soil analysis module characterizes soil by analyzing the moisture content, pH level, and nutrients to
determine the soil's suitability. The system provides “recommendations for fertilizer and soil treatment based on
the analysis. The results of the crop classification, the recommendations, and predictions are provided through the
web interface in a clear format. Results are represented in a graphical format to help the users understand the
recommendations.

6.8 Database Implementation

User details and application-related data are stored using SQLite. The database includes tables for user
registration, user authentication, crop prediction, and soil analysis. The database operations such as inserting,
retrieving, updating, and validating are performed through SQL queries in the integrated Flask application.

6.9 System Integration

All modules are combined to allow the system to work seamlessly. Data inputted by the user via the web interface
flows through the authentication module, the image preprocessing module, the CNN-based crop classification
module, the soil analysis module, and the recommendation module. The web application displays the final
predictions and recommendations in a timely manner. The architecture of the integrated system enables easy and
prompt use of the system in the smart agriculture domain.

Vii. Experimental Results And Analysis

The performance of the Smart Paddy Identification and Soil Suitability Prediction system is assessed
with paddy crop images and environmental condition varying soil parameter datasets. The key performance
indicators are paddy crop classification accuracy, prediction of soil suitability, response time, and the overall
reliability of the system. The system is built upon a CNN based deep learning model with a Flask web app for
crop analysis and an integrated recommendation generation system.

The dataset contains paddy crop images capturing various agricultural conditions and soil samples featuring
moisture content, pH, and nutrients among others. The system assesses the images and the soil data samples to
determine the crop conditions, evaluate the soil suitability, and offer fertilizer recommendations.

7.1 Performance Metrics

System performance is assessed based on classification metrics:

- Accuracy: Percentage of correct paddy crop classification.

- Precision: Proportion of classified crop samples against the total classified samples.
- Recall: Capability of the system to classify all crop conditions.

- F1-Score: Average of precision and recall.

Table 4: Performance Evaluation of Proposed System

Metric Value (%) | Description

Overall crop classification

Accuracy 96%
correctness

123



Tuijin Jishu/Journal of Propulsion Technology
ISSN: 1001-4055
Vol. 47 No. 3 (2026)

Precision 95%

Correct crop identification rate

Recall 94%

Detection of actual crop
conditions

F1-Score 94.5%

Balanced performance
measure

7.2 Detection Results Analysis

The system successfully classifies paddy crop conditions and evaluates soil suitability based on the input data.
The CNN crop image classification and the soil suitability assessment modules are functioning and recommending
fertilizers based on soil environmental conditions. The prediction system is exhibiting high performance across
the various crop and environmental conditions.

Table 5: Sample Detection Results

Input Sample | Actual Class E‘:(:Sicwd ?}/coc)uracy
Paddy Image 1 | Healthy Crop eresrl)thy 100%
e e ol
Paddy Image 4 | Healthy Crop I(-:I:(e)lrl)thy 100%
Paddy Image 5 E;Zi:: d Elresrl)thy 80%

7.3 Response Time Analysis

The system was assessed on its ability to perform in real time, and so the time taken by each of the processed

steps was measured.

Table 6: System Response Time

A
Operation 'Verage Observation
Time (ms)
Image .
. 20 ms Fast processing
Preprocessing
Effici
CNN Prediction 35 ms 1c'1er1t .
classification

Soil Analysis

15 ms

Quick evaluation
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Recommendation

Generation 10 ms Minimal delay

7.4 Comparative Analysis

Performance improvements of the proposed system relate to conventional crop monitoring and soil assessment
techniques.

Table 7: Comparison with Existing Systems

Parameter Traditional Proposed
Methods System
Moderate (70— )
Accuracy 85%) High (95%+)
Processing .
Slow Real-Time
Speed
Scalability Limited High
Full
Automation Low ully
Automated

7.5 Output /Visualization Results

% Smart Paddy Identification and Soil
Suitability Prediction

Al Powered Paddy Crop Detection and Fertility Recommendation System

Fig. 2: Home Page of Smart Paddy Identification and Soil Suitability Prediction System

The home page features easy access interfaces for both crop identification and soil prediction. The system is
designed to be user-friendly for both farmers and agricultural specialists, and facilitates the automation of the
analyses required for intelligent agricultural system monitoring and for making optimal decisions.

% Al Paddy Crop Detecti

Upload a paddy crop

Fig. 3: Paddy Crop Upload Page
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For the purpose of crop detection, users can upload images of paddy crops for automated analysis on the detection
page. The system utilizes deep learning for the detection of significant features of the crop in uploaded images,
along with the real-time classification of the condition of the crop.

B Prediction Result: Basmati

Fig. 4: Prediction Results Page

The results page summarizes the identified condition of the crops, the confidence of the predictions made, the
suitability of the soil, and the recommendations for fertilizers. The outputs have been processed and presented in
the format that is the most easily interpretable to aid optimal decision making. The recommendations provided
are designed to assist the users in increasing their productive outputs and in the efficient utilization of their
available resources.

VIII. Discussion

The Smart Paddy Identification and Soil Suitability Prediction system demonstrates the capability of accurately
and efficiently assessing the conditions of paddy crops and the suitability of soils. The use of Convolutional Neural
Networks (CNNs) for this system has proven to be highly effective in the classification of crops, especially when
compared to traditional manual classification techniques and other machine learning classification techniques.
The system is highly effective even in the analysis of images of paddy crops that have been captured under varying
conditions of the environment such as lighting, background, and quality of the images, as well as in the different
stages of growth of the crops.

The system performs well for accuracy, precision, recall, and F1-score, demonstrating the system’s capability to
identify crop conditions and reduce the errors caused during the classification process. The system is able to
deliver real-time predictions, thanks to the use of fast image preprocessing and feature extraction. This
characteristic makes the system highly applicable in the field of agriculture. The analysis of the response time
shows that the system is able to process images of crops and soil parameters with optimal speed, thus aiding in
timely recommendations and decisions.

The Flask-based web application allows for user interaction. Ease of use is further promoted by the system having
the ability for users to upload pictures of crops, analyze soil parameters, predict the conditions of crops, and
provide suggestions for fertilizers. Secure system use and protection of data are afforded by the authentication
module. The system is not without its limitations, however. The prediction of conditions of crops is less accurate
in the presence of poor lighting, extreme noise, and complicated crop variations. Additionally, the prediction of
the suitability of the soil is dependent on the soil parameters and the degree of their completeness. The system's
performance is also dependent on the user's hardware resources. The system, however, is a good, reliable, efficient,
and scalable tool for the intelligent monitoring of crops and the analysis of soil in its current state.

IX. Conclusion

The system described herein is an intelligent framework for the identification of smart paddy and the
prediction of soil suitability using deep learning. Integration of the framework and a Convolutional Neural
Network (CNN) model allows for real-time analysis of crops and generation of recommendations through the use
of a Flask-based web application. The framework has the ability to determine the condition of paddy crops,
complete an evaluation of soil's suitability, and recommend fertilizers and soil treatments. The expressive
modularity of the framework allows for ease of use and design. The system allows for quick, automated, and
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accurate monitoring of crops and assessment of soil, solving many of the obstacles presented by conventional
farming. The framework combines crop image analysis and soil parameter analysis to add productivity features
for precision agriculture.

Overall, the proposed solution is effective for smart agriculture. It adds intelligent decision support to enable
better crop management and sustainable agriculture.

The future of this system may include higher accuracy predictions thanks to deep learning and big data for
agriculture. This framework may add multiple crops, disease prediction, and weather prediction. Using IoT and
cloud computing may enhance the framework and allow large agriculture operations. The edge and mobile device
optimized model may support real time agriculture”. XAI may add trust and transparency to the system.
Automated irrigation, drones for monitoring, and real time alerts may enable precision agriculture. The future may
allow more intelligent systems for smart agriculture.
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