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Abstract

The agricultural economy of India's coastal regions, especially Andhra Pradesh, depends heavily on
coconut farming. Coconut farming, however, is extremely vulnerable to weather fluctuations, such as
erratic rainfall patterns, pest infestations, and plant diseases, which have a substantial impact on crop
output and farmers' earnings. Conventional agricultural methods frequently lack access to data-driven
insights and predictive analytics, relying instead on manual observation and experience-based decision-
making. The Al-Driven Coconut Farming Decision Support System (CFDSS) presented in this study uses
predictive modeling and cognitive analytics to assist farmers and agricultural stakeholders. In order to
produce region-specific insights at the district and mandal levels, the suggested approach combines
several agricultural datasets, such as rainfall records, coconut yield statistics, pest risk information, and
geographic boundary data. Rainfall prediction is done using a Long Short-Term Memory (LSTM) deep
learning model, and yield estimation and pest risk classification are done using a Random Forest
machine learning model. Python-based technologies including Streamlit, Pandas, NumPy, Plotly, and
TensorFlow are used in the system's implementation to enable an interactive dashboard with
visualization tools and Al-generated farming advisories. Furthermore, coconut plant problems are
identified and preventive measures are suggested by an image-based disease detection module. The
suggested method improves agricultural decision-making by offering precise predicted insights and
practical suggestions, according to experimental evaluation. The promise of intelligent decision support
systems in promoting precision agriculture and sustainable coconut farming is highlighted by the

integration of artificial intelligence, geospatial analytics, and interactive visualization.

Keywords

60
https://www.shimej.com/ijsesr/index



https://www.shimej.com/index.php/ijsesr/index
https://doi.org/10.63671/ijsesr.v2i1.89
https://www.shimej.com/ijsesr/index

International Journal of Science and Engineering Science Research
Volume 2 | Issue 1 | January-March 2026 | ISSN 3049-2793
Peer Reviewed (Referred Journal)
DOI: https://doi.org/10.63671/ijsesr.v2il1.89

Artificial Intelligence in Agriculture, Coconut Farming, Decision Support System, Rainfall Prediction,

Random Forest, LSTM, Precision Agriculture.

1. Introduction

For billions of people, agriculture provides food security, jobs, and financial stability, making it one of
the most important sectors of the world economy. Agriculture is especially important for maintaining
rural livelihoods and promoting national economic growth in developing nations like India. Coconut
cultivation is one of the most significant plantation crops grown in India because of its economic worth
and numerous uses in food, cosmetics, and industrial materials. Because coastal areas like Andhra
Pradesh have climate conditions that are ideal for growing coconuts, the crop plays a significant role in

the region's agricultural economy.

Despite its significance coconut farming faces several challenges that have a detrimental impact on
sustainability and output. Plant diseases, pest infestations, temperature swings, and variations in
rainfall all have a significant impact on coconut plantations. These problems have been made worse by
climate change, which has resulted in erratic rainfall patterns, protracted dry spells, and unanticipated
pest outbreaks. To manage their crops, farmers frequently rely on traditional knowledge and
experience-based decision-making, which might not be adequate to handle the growing complexity of
contemporary agricultural settings. Farmers' capacity to make prompt and well-informed decisions is
further hampered by the lack of integrated digital platforms that offer data-driven insights and

predictive analytics.

New possibilities for increasing agricultural output through intelligent decision support systems have
been made possible by recent developments in artificial intelligence (Al), machine learning (ML), and
data analytics. Large amounts of historical and current data may be analyzed by Al-powered agricultural
systems to find trends, anticipate possible hazards, and suggest the best farming methods. In precision
agriculture, technologies including computer vision techniques for plant disease identification, machine
learning algorithms for yield estimation, and deep learning models for weather prediction have shown

encouraging outcomes.

However, there are a number of issues with the majority of current agricultural decision support
systems. Many systems lack customization for particular crops or geographical areas and are built for
universal crop analysis. Furthermore, current platforms sometimes concentrate on a particular facet of
agriculture, like disease detection or weather forecasting, without combining several analytics modules
into a cohesive solution. Additionally, the actual applicability of these systems is diminished for farmers,
especially in developing regions, due to the lack of user-friendly visualization tools and customized

advice.

This study suggests an Al-Driven Coconut Farming Decision Support System (CFDSS) that combines

intelligent advice generation, machine learning models, predictive analytics, and geographic
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visualization into a single platform in order to overcome these constraints. In order to give region-
specific insights at the district and mandal levels, the proposed system examines historical agricultural
datasets that include rainfall patterns, coconut yield statistics, insect risk data, and geographic
information. Rainfall patterns are predicted using a Long Short-Term Memory (LSTM) deep learning
model, and yield analysis and pest risk assessment are conducted using a Random Forest machine
learning method. To help farmers identify coconut plant illnesses and suggest preventive actions, an
image-based disease detection module is also included.

An interactive dashboard that displays analytical results through charts, maps, and Al-generated alerts
is made possible by the system's implementation, which makes use of open-source technologies
including Python, Streamlit, Pandas, NumPy, Plotly, and TensorFlow. By combining predictive modeling
with interactive visualization, the proposed system aims to improve agricultural decision-making and
promote sustainable farming practices. The following is a summary of this study's primary

contributions:
1. The creation of an Al-powered decision support system tailored to the coconut industry.

2. Combining disease detection, yield analysis, pest risk assessment, and rainfall forecast on a single
platform.

3. The application of geospatial analytics for agricultural insights at the district and mandal levels.

4. Creating an interactive dashboard to create intelligent advisories and visualize agricultural

trends.

5. An illustration of how Al technologies might help with sustainable crop management and

precision agriculture.

This is how the rest of the paper is structured. The relevant research and literature review in agricultural
decision support systems are presented in Section II. The suggested technique and system framework
are explained in Section IIl. The system architecture and design are described in Section IV. The
technologies and implementation specifics are covered in Section V. The experimental findings and
system evaluation are presented in Section VI, which is followed by benefits, drawbacks, and potential
avenues for future study. The paper is finally concluded in Section VII.
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2. Literature Review

Crop monitoring, yield prediction, and resource management have all become much more efficient as a
result of the application of artificial intelligence (AI), machine learning (ML), and data analytics in
agriculture. Intelligent decision support systems that help farmers maximize agricultural productivity
through automated recommendations and predictive analytics have been the subject of several

research.

Decision Support Systems (DSS), which employed rule-based expert systems to assist farmers in crop
management, were among the first uses of intelligent systems in agriculture. Based on predetermined
agricultural knowledge bases, Jones et al. showed how rule-based DSS platforms may offer crop rotation,
fertilization, and irrigation recommendations. Nevertheless, these systems were not flexible enough to

handle the massive amounts of dynamic data produced by contemporary agricultural settings.

Researchers have investigated predictive models for agricultural yield estimation utilizing
environmental and meteorological data thanks to the development of machine learning techniques.
Using past agricultural records, Patel and Kumar used machine learning methods including Random
Forests, Decision Trees, and Support Vector Machines (SVM) to forecast crop productivity. According to
their findings, ensemble models like Random Forest were able to capture intricate nonlinear
interactions between variables like temperature, soil moisture, and rainfall, which led to higher forecast

accuracy.

Another essential element of precision agriculture is weather forecasting. Time-series forecasting of
temperature and rainfall patterns has made extensive use of deep learning models, especially Long
Short-Term Memory (LSTM) networks. Long-term temporal dependencies in sequential data can be
captured by LSTM models, which makes them useful for forecasting climatic factors that affect crop
development. When compared to conventional statistical models like ARIMA, studies by Brown et al.

showed that LSTM-based rainfall prediction models greatly increased forecasting accuracy.

Plant disease diagnosis by computer vision techniques is another important field of agricultural Al
research. In order to diagnose plant diseases from leaf photos, Mohanty et al. devised a deep learning
framework that uses Convolutional Neural Networks (CNNs). On sizable datasets of plant diseases, their
model's classification accuracy was over 99%. Similar strategies have been used in smart farming
systems, where farmers can upload crop photos for disease diagnostics through mobile applications.
However, while plantation crops like coconut receive relatively less attention, many of these systems

are primarily designed for common crops like rice, wheat, and maize.

Precision agriculture now relies heavily on geospatial technologies and Geographic Information
Systems (GIS) in addition to predictive analytics. Spatial analysis of agricultural circumstances, such as
soil characteristics, rainfall distribution, and crop yield across various locations, is made possible by
GIS-based systems. By giving farmers and agricultural officials location-specific insights, Smith et al.
claim that combining GIS with machine learning models can greatly improve decision-making. Despite

these benefits, many GIS-based agricultural systems are challenging to implement in small-scale farming
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settings and depend on pricey proprietary technologies.

Additionally, a number of researchers have investigated integrated agricultural advising systems that
integrate pest control, crop analytics, and weather forecasts. For instance, FAO-backed smart farming
platforms use crop models and meteorological data to offer farmers mobile-based consulting services.
Although these systems offer useful information, they frequently lack interactive visualization tools and

sophisticated forecasting capabilities that enable users to dynamically examine agricultural trends.

The development of intelligent agricultural systems has advanced significantly, but there are still a
number of issues with current solutions. Rather of offering a complete decision support platform,
several systems concentrate on single-domain applications, such disease detection or weather
forecasting. Furthermore, the majority of platforms currently in use are crop-agnostic, which means
they weren't created especially to handle the special qualities of plantation crops like coconut.
Additionally, these systems are less accessible to farmers due to the lack of region-specific data and

interactive dashboards that are easy to use.

The current study suggests an Al-driven Coconut Farming Decision Support System (CFDSS) that
combines several analytics modules—such as rainfall prediction, yield analysis, pest risk assessment,
disease detection, and geospatial visualization—into a single interactive platform in order to address
these issues. The suggested method, in contrast to many current systems, concentrates exclusively on
Andhra Pradesh's coconut industry and offers district and mandal-level localized information. The
suggested approach attempts to provide a thorough and useful solution for precision coconut farming

by fusing machine learning models, geospatial analytics, and visualization techniques.
3. Proposed Methodology

Using predictive analytics, machine learning models, and geographic visualization, the proposed Al-
Driven Coconut Farming Decision Support System (CFDSS) is intended to offer intelligent agricultural
advice. Data collection, preprocessing, predictive modeling, advise production, and visualization are all
included into the methodology. The technology can monitor agricultural conditions and provide coconut
producers with useful insights thanks to the overall workflow.

The following are the main elements of the methodology:
1. Gathering Agricultural Data
2. Feature engineering and data preprocessing
3. LSTM-Based Rainfall Prediction
4. Using Random Forest to Predict Coconut Yield and Pest Risk
5. Al-Powered Advisory Development
6. Image Classification for Disease Identification
7. Dashboard for Visualization and Decision Support

64
https://www.shimej.com/ijsesr/index



https://www.shimej.com/index.php/ijsesr/index
https://doi.org/10.63671/ijsesr.v2i1.89
https://www.shimej.com/ijsesr/index

International Journal of Science and Engineering Science Research
Volume 2 | Issue 1 | January-March 2026 | ISSN 3049-2793
Peer Reviewed (Referred Journal)
DOI: https://doi.org/10.63671/ijsesr.v2il.89

3 User Interface Layer
A
Farmer / Analyst < T
v
Data Sources Dashboard Module
[ ——— DataMana|
o]  DataRetrieval Ee0
=t + Data Collection + Rainfall Analysis + Advisory Engine + Al-Based
* Preprocessing [ * YieldAnalysis —+ Cost & Irrigation Recommendations
Yield & Cost Data 2 2 9 it
Excel & CSV * Storage + Geo-Spatial Mapping Disease Identification |

aManage: Ar e[| Advisory Engi
v v
Machine Learning & Data Library Layer

Drse:sslmages
Q o Pensofiow [l plotly [fl pandos  @numpy  § Streamit
Bex=

3.1 Gathering Agricultural Information

The availability of trustworthy and varied datasets is essential to an intelligent agricultural system's
efficacy. The suggested approach captures crop-related and environmental factors that impact coconut
cultivation by integrating several agricultural data sources.

The following datasets are utilized by the system:
« Historical Rainfall Data: Monthly rainfall records for Andhra Pradesh's mandals and districts.

¢ Coconut Yield Data: Historical production figures that show the productivity of coconuts in different

areas.
« Pest Risk Data: Records of pest incidents impacted by weather.

» Geospatial Data: District and mandal boundaries are represented by GeoJSON files.
*Coconut Disease Image Dataset: Pictures of diseased coconut leaves.

Together, these datasets enable the system to carry out geographical visualization and predictive

analysis for agricultural insights unique to a given location.
3.2 Feature engineering and data preprocessing

Missing numbers, uneven formatting, and redundant information are common in raw agricultural data.
Therefore, data preparation is required to guarantee proper model performance.

The following actions are part of the preprocessing stage:
e Using mean replacement or interpolation to deal with missing value
e Eliminating redundant records

e Making numerical attributes normal
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e Transforming numerical representations of categorical attributes
e Combining data at the mandal and district levels

Additionally, feature engineering is used to extract pertinent characteristics that affect the productivity

of coconuts.
o Key characteristics include:
e The amount of rainfall
e Trends in seasonal rainfall
o The frequency of pest occurrence
e Yield performance history

Predictive machine learning models then use the transformed dataset as input.
3.3 LSTM-Based Rainfall Prediction

Predicting rainfall is essential for developing crop management plans and irrigation schedules. The
suggested method uses a Long Short-Term Memory (LSTM) network, a kind of recurrent neural network

intended for time-series forecasting, because rainfall data is sequential in nature.
Long-term temporal dependencies in sequential data can be captured using LSTM networks.
Each LSTM cell consists of three gates:
e Forget Gate
e Input Gate
e Output GateThe LSTM model's mathematical formulation is as follows:
Forget Gate: f t = o(W_f [h_{t-1}, x_t] + b_f)
Input Gate: i_t = o(W_i-[h_(t-1), x_t] + b_i)
Cell State Update: C_t = f t*C_(t-1)+i_t*(C_t)"
Output Gate: o_t = o(W_o-[h_(t-1),x_t]+b_o)
Hidden State: h_t = o_t*tanhi®i{(C_t)
where x_ stands for the input rainfall data, h_ for the hidden state, and C_ for the cell memory state.

Farmers can anticipate water availability and adjust irrigation plans by using the trained LSTM model

to forecast rainfall patterns for future months.
3.4 Using Random Forest to Predict Coconut Yield and Pest Risk
The Random Forest algorithm, an ensemble learning technique that builds several decision trees during
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training, is used by the system to assess coconut yield trends and insect concerns.

By integrating the output of multiple decision trees and minimizing overfitting, Random Forest

increases prediction accuracy.
The final prediction for tasks involving regression and classification is made using:
y=(1/N) X {i=1}"{N} T_i(x)

Where T_i(x) represents the prediction of the i-th decision tree and N represents the total number of
trees in the forest.

Within the suggested system: Yield Prediction uses historical data and rainfall to estimate possible
coconut production. Regions are divided into risk categories by Pest Risk Prediction, including Low,
Medium, and High.

These forecasts enable farmers to take preventative action prior to insect outbreaks.

% Market Price Forecast
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3.5 Al-Powered Advisory Development

Analytical insights are transformed into practical suggestions for farmers by the Al advice engine. The

advising system makes use of a mix of

Decision logic based on rules

Predictions from the model

Best practices in agriculture

For instance:

The system suggests irrigation planning if anticipated rainfall is below threshold levels.

The system recommends preventive pest management methods if the risk of pests is deemed high.

The algorithm suggests fertilizer optimization techniques if yield forecasts show a possible reduction.
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The interactive dashboard is used to display dynamically created advisories.
3.6 Image Classification for Disease Identification

Coconut productivity is greatly impacted by plant diseases. The system has an image-based illness

detection module to help farmers identify diseases early.

The workflow for identifying diseases consists of:

1. Using the dashboard to upload images

2. Preprocessing images (normalization, resizing)

3. Convolutional layers for feature extraction

4. Using a machine learning model that has been trained for classification

The disease category is predicted by the program, which also offers suitable preventive advice.

By assisting farmers with early disease detection, this module lowers crop damage and increases yield
sustainability.

3.7 Decision Support and Visualization

Presenting analytical results via an interactive dashboard is the methodology's last step. Farmers can

more easily understand complex agricultural data with the use of visualization technologies.
The system consists of:

e Trend charts for rainfall Graphs of yield analysis Indicators of pest risk

e Regional agricultural circumstances depicted on geospatial maps

e Advisory suggestions produced by Al

Users can examine statistics according to state, district, mandal, month, and year using interactive
filtering tools.

4. System Architecture

A layered modular architecture is used in the design of the suggested Al-Driven Coconut Farming
Decision Support System (CFDSS) to provide scalability, maintainability, and effective data processing.
The architecture unifies intelligent advisory creation, geospatial visualization, predictive analytics, and

data collection into a single platform.

There are five main layers in the system architecture:
1. Layer of the User Interface
2. Layer of Application Processing

3. The Analytics and Al Layer
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4. Layer of Data Management
5. Automation and Utility Layer

Each system component can function independently while maintaining smooth connection with other

modules thanks to its layered design, which guarantees separation of responsibilities.
4.1 Layer of User Interface

The main point of contact between users and the decision support system is the User Interface (UI)
layer. This layer's primary goal is to give researchers, farmers, and agricultural officers an easy-to-use

interface for accessing analytical findings.

The Streamlit web application framework, which facilitates the quick creation of interactive dashboards,

is used to construct the interface. The Ul consists of various elements, including:
e The interface for authentication and login
e Panels for dashboard visualization
e Filters depending on location (State, District, Mandal)
e Time filters (year and month)
e Interactive graphs and charts Geospatial maps
e An advisory display produced by Al

These elements enable users to get localized suggestions for coconut farming and dynamically

investigate agricultural trends.
4.2 Layer of Application Processing

The system's central controller is the Application Processing Layer. This layer facilitates communication

between the interface and analytical modules, handles user requests, and processes input parameters.
Among its main duties are:

e Managing dashboard interface user input

Controlling navigation and session states

Starting the retrieval of data from storage modules

Launching models for predictive analytics
e Sending the visualization layer the processed results

Python-based backend scripts are used to create this layer, guaranteeing seamless connection with data

processing pipelines and machine learning models.

4.3 The Analytics and Al Layer
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The decision support system's intelligence core is located in the Al and Analytics Layer. From

agricultural datasets, it conducts predictive analysis and produces useful insights.
This layer has the following analytical components:

e Module for Predicting Rainfall : forecasts rainfall trends using historical time-series data and an

LSTM deep learning model.

e Module for Yield Prediction : uses historical production data and environmental parameters to

estimate coconut yield using a Random Forest regression model.

e Module for Pest Risk Analysis: classifies pest danger levels into low, medium, and high categories

using classification algorithms based on data of pest occurrence and climatic patterns.

e Module for Disease Detection : identifies illnesses of coconut plants from uploaded photos using

machine learning-based image classification techniques.

These analytical modules produce outputs that are sent to the display layer for user

interpretation.
4.4 Layer of Data Management

The system's agricultural datasets are stored, retrieved, and preprocessed by the Data Management

Layer. Data consistency and effective access for analytical processing are guaranteed by this layer.
Several datasets are integrated by the system, including:

Excel-formatted rainfall datasets

o Excel-formatted datasets of coconut yields

e Data on pest risk (in Excel or CSV format)

e Datasets for farmer registration

e (Geospatial files in GeoJSON format that depict district and mandal boundaries

Pandas and NumPy libraries are used to carry out data preprocessing tasks, allowing for effective data
cleaning, transformation, filtering, and aggregation.

Additionally, location-based querying is supported by the data layer, which enables the system to

extract pertinent data based on user-selected geographic filters.
4.5 Automation and Utility Layer

Supporting services that improve system deployment and usability are offered by the Utility and

Automation Layer.
This layer consists of:

e Initialization of the environment automatically
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e Dashboard launch scripts with just one click
e Mechanisms for detecting and recording errors
e Managing dependencies for necessary Python libraries

These tools make system deployment easier and enable effective program execution in educational or

demonstration settings.
4.6 Workflow System

The following is a summary of the suggested system's operating workflow:
1. The dashboard interface is accessed by the user.

2. In addition to temporal filters like month and year, the user chooses geographical filters like
state, district, and mandal.

3. The data management layer provides pertinent datasets to the application processing layer.
4. Predictive modelling and risk analysis are carried out by the Al and analytics layer.

5. Context-specific agricultural suggestions are produced by the advice engine.

6. The dashboard displays analytical findings via graphs, charts, and geospatial maps.

Farmers and other agricultural stakeholders may use this process to make data-driven choices about
crop monitoring, pest control, and irrigation scheduling.

Enter username & password —— Enter usermname & password
Home / Dashboard |

»| Select Location Filters

Valid User?

Yes
Y
| Home / Dashboard

T
v

| Select Location Filters
»(3) Generate AMsories

Analyze Rainfall, Yield & Pests |
v

v ( ]
Generate Al-Based Advisories | 1 Perform Disease Detection
T T
v Y
[ implement Advisories *[ Receive SMS Alerts

®
5. Implementation

Specifics of Implementation The suggested Al-Driven Coconut Farming Decision Support System

(CFDSS) uses modular development and open-source technology.

The solution creates an interactive platform for coconut farming decision support by combining

machine learning models, data analytics tools, and visualization frameworks. Python, which offers a
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wealth of tools for data analysis, machine learning, and web-based application development, is the main

programming language used in the system's development.

The dashboard interface, data processing modules, predictive analytics models, and visualization

components are some of the main parts of the total system.
5.1 Development Environment and Software Tools

o The following technologies are used in the system's implementation: Language for

Programming
e  Web Application Framework for Python 3.x
e Streamlit (for creating dashboards that are interactive) Libraries for Data Processing

e Pandas: data analysis and manipulation Numerical operations with NumPy Libraries for

Machine Learning
e TensorFlow: an implementation of deep learning models
e Scikit-learn: Random Forest Visualization Libraries and other machine learning techniques

e Plotly: interactive charts and graphs Plotly Geo: Frontend Improvements for Geospatial
Visualisation HTML

e (CSS]JavaScript These tools make it possible to quickly create a data-driven web application with

an easy-to-use interface that can carry out sophisticated analytics.
5.2 Implementation of the Dashboard Interface

The Streamlit framework, which enables the conversion of Python scripts into interactive web
applications, is used to construct the user dashboard. Users can access analytical modules and view
agricultural findings through the dashboard's centralised interface. The following functions are

included in the dashboard interface:
e State, district, mandal, month, and year selection sidebar filters
e Interactive graphs showing trends in yield and rainfall
e Indicators of pest risk analysis
e Agricultural circumstances visualised geographically

Advisory suggestions produced by Al Real-time engagement with agricultural datasets is made possible

via the Streamlit framework, which constantly refreshes visualisations based on user-selected filters.
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5.3 Integration and Data Processing

Excel and CSV formats are used to store agricultural datasets, making data access and mobility simple.
Rainfall records, coconut yield statistics, insect risk data, and farmer information are just a few of the

datasets that the system incorporates.

The Pandas package, which facilitates effective data manipulation methods like these, is used for data
preparation activities.

e Normalisation and data cleansing Managing values that are missing Filtering datasets according
to parameters chosen by the user

e Combining data at the mandal and district levels Predictive models rely on consistent and

dependable input data, which is guaranteed by the preprocessing pipeline.
5.4 Implementing Machine Learning Models

The suggested approach uses two main machine learning models. Model for Predicting Rainfall Rainfall
patterns are predicted using a Long Short-Term Memory (LSTM) neural network. Because LSTM models
can identify long-term relationships in sequential data, they are appropriate for time-series forecasting.

The rainfall dataset is separated into training and testing sets and is organised as a time-series sequence.

To forecast rainfall values for next months, the LSTM model is trained using historical rainfall data.
Coconut producers receive irrigation advice based on the anticipated rainfall levels.

Model for Predicting Yield and Pest Risk :

The Random Forest method is used by the system to classify pest danger and analyse yield. In order to
increase prediction accuracy, the Random Forest ensemble learning approach builds many decision
trees during training and combines their outputs. To predict possible agricultural hazards, the model
examines correlations between production records, insect incidences, and rainfall patterns. This

module's output categorises pest danger into groups like:
e Minimal Risk
e Moderate Risk

e Elevated Risk
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Farmers may use this knowledge to take precautions before insect outbreaks happen.
5.5 Implementation of the Disease Detection Module

Farmers may discover coconut plant illnesses with the use of the system's image-based disease

detection module. The module's process is as follows:
1. Using the dashboard interface, the user uploads a picture of a coconut leaf.
2. The image is preprocessed using normalisation and scaling.

3. Visual characteristics are extracted from the picture using a machine learning model that has

been trained.
4. The illness category is predicted by the model.
5. The user sees advice for prevention.

Early plant disease identification is made possible by this module, which lowers crop losses and boosts
output.

ML Model Config
Select Task

© Detection

Select Model Confidence

Image Config

Orag and drop file here

Browse files

D leaties 2

5.6 Visualisation in Geospatial

Plotly Geo and Geo]SON files that depict Andhra Pradesh's district and mandal borders are used to

execute geospatial analytics. The module for geospatial visualisation offers:
e Maps of agricultural analysis at the district level
e Distribution of yield and rainfall at the mandal level
e Riskindications using colour coding

o Hover-based interactive information presentation These maps make it simple for users to

recognise high-risk areas and comprehend spatial trends in agricultural data.
5.7 System Deployment and Automation

A batch script is used to establish an automatic starting mechanism that streamlines system operation.
The following tasks are carried out by this script:
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1. Turns on the virtual environment for Python
2. Ifnecessary, installs the necessary prerequisites
3. Automatically launches the Streamlit program

Because of its automation, the system may be set up in demonstration sets or academic settings with

ease and without complicated configuration.
VI. Findings and Conversation

Using historical agricultural datasets pertaining to rainfall patterns, coconut yield statistics, pest
incidence records, and geographical boundary information for Andhra Pradesh areas, the proposed Al-
Driven Coconut Farming Decision Support System (CFDSS) was deployed and assessed. To give coconut
growers and other agricultural stakeholders useful information, the system combines interactive
visualisation tools, machine learning models, and predictive analytics. The system's outcomes show how
well data visualisation and artificial intelligence approaches work together to help agricultural decision-

making.
6.1 Rainfall Forecast Outcomes

A Long Short-Term Memory (LSTM) neural network that was trained using historical rainfall data
gathered from several districts and mandals was used to create the rainfall prediction module. The
program produced forecasts for future months and effectively identified temporal patterns in rainfall
trends.

The dashboard's interactive charts were used to display the expected rainfall levels, enabling users to

compare rainfall patterns across various locations and see seasonal differences in rainfall.
Farmers may use the rainfall forecasts to better manage water supplies and plan irrigation schedules.

To avoid water stress in coconut farms, areas that are expected to have less rainfall should implement

irrigation techniques.

Cepby £
1l Statistical Trends (2026 Forecast)

Predicted Rainfall Pattern 2026 (mm) 2026 Dynamic Yield Estimation (Nuts]

A il

I3 Forecast ot Thisdata represents a pecictive madel for 2026, Yiids ane adjusted for seasonslcycies and an estimated $% annual growth trend,

6.2 Analysis of Coconut Yield
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The system displays productivity patterns across districts and mandals by analysing historical data on
coconut production. The system finds relationships between rainfall conditions and levels of coconut
production using the Random Forest model. With the use of the yield analysis dashboard's graphical

depictions of production trends over time, users can:
e Areas with high production
e Variations in seasonal production
e Long-term patterns in productivity

These insights aid farmers and agricultural planners in making well-informed choices about crop

management techniques, irrigation scheduling, and fertilizer use.
6.3 Prediction of Pest Risk

The Random Forest classification technique is used by the pest risk prediction module to evaluate the

probability of pest outbreaks based on past pest occurrence data and environmental factors.
Three levels of pest danger are classified under the system:

e Minimal Risk

e Moderate Risk

e Elevated Risk

Users may easily identify areas where pest infestations are more likely to develop thanks to the data,
which are presented through interactive maps and visual indications. Farmers may implement

preventative pest control techniques and lower crop losses by identifying pest danger early.
6.4 Results of Disease Detection

Users can contribute photos of coconut leaves to the disease detection module for automatic illness
detection. The submitted image is processed by the machine learning model, which uses visual
information collected from the image to forecast the illness category. After that, the system produces
suitable suggestions for illness treatment and prevention. Early plant disease diagnosis is crucial for
preserving crop health and enhancing production sustainability, and this feature helps with that.

6.5 Visualization in Geospatial

The incorporation of geospatial visualization is one of the system's main advantages. Interactive maps
that show agricultural analytics at the district and mandal levels are part of the dashboard. The

geographical maps offer:
e Rainfall dispersion patterns using colour coding

e Variations in regional yield
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e (lassification of pest danger by location

Users can comprehend the geographical links between agricultural productivity and environmental
variables thanks to these visualizations.

6.6 Al-Powered Advisory Development

The advising engine creates Al-driven suggestions for coconut producers by combining data from yield
analysis, insect risk assessment, and rainfall forecast. The following are some instances of produced

advisories:
e Suggestions for irrigation planning during periods of anticipated low rainfall
e Methods for controlling pests in areas with a high risk of pests
e Preventive actions for recognized plant diseases
e Seasonal trend-based crop management techniques

The advice system converts intricate analytical findings into straightforward suggestions that farmers

can comprehend and implement with ease.
6.7 Usability and System Performance

Using location-based filters for several districts and mandals, the system was evaluated in a number of
scenarios. The dashboard produced visual results with less delay and processed datasets correctly.
Important performance findings consist of:

o Effective data processing using NumPy and Pandas

e Plotly's seamless presentation of interactive visualisations

e Dashboard changes in real time based on filters chosen by the user

e Machine learning models that produce accurate categorisation results

The system's modular architecture guarantees scalability and permits the future integration of more
datasets or prediction models.

6.8 Discussion

The findings show that combining interactive dashboards with machine learning models greatly

improves agricultural decision-making.

The system offers thorough insights not possible with conventional farming methods by integrating

rainfall prediction, yield analytics, pest risk assessment, and disease detection into a single platform.

The system's usability is further enhanced by the use of geospatial visualisation, which presents
complicated agricultural data in an understandable and straightforward manner. These insights can

help farmers and agricultural officers minimise risks, maximise resource use, and make proactive
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decisions.

All things considered, the suggested Coconut Farming Decision Support System shows how artificial

intelligence technologies can advance sustainable farming methods and precision agriculture.
VII. Benefits of the Suggested System

When compared to conventional agricultural advisory techniques and current digital farming platforms,
the proposed Al-Driven Coconut Farming Decision Support System (CFDSS) has a number of
advantages. The system offers intelligent support for agricultural decision-making by combining

geospatial visualisation, machine learning models, and predictive analytics into a single platform.
7.1 Making Decisions Based on Data

The system uses analytical tools and machine learning models to turn unprocessed agricultural datasets
into insightful information. This enables agricultural officers and farmers to make data-driven decisions
instead of relying on gut feeling or human observation.

7.2 Combined Analytics for Agriculture

The suggested platform incorporates several analytics modules, in contrast to many current systems
that concentrate on a single facet of farming, such as:

e Forecasting rainfall

e Analysis of coconut yield

e Evaluation of pest risk

o Identification of diseases Geospatial visualization

An all-encompassing perspective of agricultural conditions is offered by this integrated approach.
7.3 Insights Particular to a Region

Users can examine regional agricultural trends thanks to the system's support for location-based
filtering at the state, district, and mandal levels. This guarantees that suggestions are customised to the

environmental circumstances in the area.
7.4 Early Detection of Risk

Early detection of possible agricultural hazards, such as pest outbreaks and unfavourable rainfall
patterns, is made possible by the integration of machine learning models. Farmers can reduce crop

losses and put preventive measures into place with early detection.
7.5 Interactive Graphics

The dashboard's interactive graphs, charts, and geospatial maps make it simple for users to understand
complicated agricultural data. Visualization increases comprehension and makes the system easier to
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use.
7.6 Economical Execution

The system is affordable and available to academic institutions and agricultural organizations because

it was created using open-source technologies like Python, Streamlit, Pandas, and TensorFlow.
8. Limitations

There are still certain restrictions even if the suggested method shows promise for intelligent

agricultural decision assistance.

8.1 Reliance on Past Information

Historical datasets are a major component of the prediction models. Model performance may be

impacted by missing or inconsistent historical data.
8.2 Limited Integration of Real-Time Data

Static datasets in CSV or Excel formats are used in the present implementation. There is currently no

integration between live agricultural monitoring systems and real-time meteorological data.
8.3 Generalization of the Model

When applied to other geographical areas or environmental variables, machine learning models built

on regional datasets can need to be retrained or adjusted.
8.4 Restricted Coverage of Crops

The technique was created especially for growing coconuts. It would need more datasets and model

development to expand the platform to accommodate different crops.
8.5 Limitations on Deployment

The present solution is primarily designed for academic demonstration and is developed as a local
dashboard application. Distributed data management and cloud infrastructure would be necessary for

large-scale implementation.
9. Prospects

The suggested method offers a solid basis for the creation of sophisticated smart agricultural systems.
Future research can incorporate a number of improvements to boost system scalability and

performance.

9.1 Integration of Real-Time Weather
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In order to give current rainfall forecasts and environmental monitoring, future iterations of the system

may incorporate real-time weather APIs.
9.2 loT-Powered Intelligent Agriculture

Predictive analytics accuracy may be increased by integrating Internet of Things (IoT) sensors to

monitor soil moisture, temperature, humidity, and nutrient levels in real-time.
9.3 Development of Mobile Applications

For farmers who mostly use cellphones to access digital services, creating a mobile version of the system

would improve accessibility.
9.4 Support for Multi-Crop Decisions

A more comprehensive precision agricultural platform may be made possible by expanding the system

to accommodate other crops including rice, bananas, and sugarcane.
9.5 Complex Deep Learning Models

Convolutional Neural Networks (CNNs) and Transformer-based models are examples of sophisticated
deep learning approaches that may be used in future research to enhance agricultural forecasts and
disease detection accuracy.

9.6 Deployment

The Cloud Large-scale deployment, enhanced data storage capabilities, and remote access for users in
various locations would all be made possible by moving the system to a cloud-based architecture.

10. Conclusion

This study introduced an Al-Driven Coconut Farming Decision Support System (CFDSS) that uses
interactive visualisation, predictive modelling, and intelligent data analytics to assist precision
agriculture. Rainfall unpredictability, pest infestations, and plant diseases are some of the
environmental factors that have a significant impact on coconut production, especially in coastal areas
like Andhra Pradesh. Farmers' capacity to adapt successfully to shifting agricultural conditions may be
hampered by traditional farming methods, which frequently rely on manual observation and
experience-based decision-making. In order to provide data-driven decision assistance, the suggested

solution combines artificial intelligence methods with agricultural data analytics.

The system integrates several analytical modules, such as image-based illness identification using
machine learning approaches, yield and pest risk assessments using Random Forest models, and rainfall
prediction using Long Short-Term Memory (LSTM) networks. These modules are included into an
interactive dashboard created using the Streamlit framework, allowing users to examine agricultural

patterns using geospatial maps, graphs, and charts. The system may produce region-specific insights at
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the district and mandal levels because to the integration of location-based filtering, which increases the

advice' applicability to coconut growers.

The results of the experiments show that the suggested system effectively evaluates agricultural
datasets and produces useful information for crop health monitoring, insect control, and irrigation
scheduling. Proactive decision-making is supported and agricultural data is made easier to understand
by combining machine learning models with visualisation tools. Additionally, the system's continued
affordability and accessibility for academic institutions and agricultural organisations are guaranteed
by the usage of open-source technology. All things considered, the suggested Coconut Farming Decision
Support System demonstrates the potential of data analytics and artificial intelligence in converting
conventional farming methods into precision farming systems. The technology helps to increase crop
output, lower agricultural hazards, and support sustainable farming practices by offering predictive

insights and intelligent advising recommendations.

Future improvements including cloud-based deployment, [oT-based agricultural monitoring, real-time
weather integration, and mobile application development can increase the system's capabilities and
facilitate widespread use in actual farming settings.
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