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Abstract—The evolving climatic condition and the existing
agricultural techniques such as grey soils have negative effects on
incorporation of sustainable agricultural systems in the world.
Timely and appropriate diagnosis of plant disease results in
the reduction of crop wastage and maximum production. The
comparative research design appeared in this work because
we used artificial intelligence to identify crop diseases and the
recommended type of fertilizers with the help of leaf images
and the content of soil nutrients. We collected the crop leafs
and surface analysis nitrogen, phosphorus and potassium in soil
and used deep and machine learning. process algorithms with
the data. Deep learning techniques used on. match diseases and
classify fertilizers convolutional. neural networks (CNNs) and
randomly forested.The performance indicators that we compared
the models based on include. as recovery, accurateness, recall and
F-measure. Findings indicated that CNNs detected diseases more
successfully than traditional approaches and Random Forest
made excellent suggestions of fertilizers. An online tool of identi-
fying real-time crop diseases based on a Flask-based application
was created with the focus on demonstratingthe significance of
Al-based decision support DSS (Systems) in enhancing crop
productivity and efficient resources distribution.

1. INTRODUCTION

One of the major risks worldwide is crop diseases, which
diminishes the yields, influences the food supply, and income
of farmers. Research indicates that fungus and bacteria will
increase as a result of climatic changes, change in temperature
and humidity[9].In other nations such as India where farming
is a major source of income, farmers continue to stick to tra-
ditional farming technologies, thus making it hard to diagnose
in time and low productivity[17].

Innovations in Al in the agriculture field have increased
dramatically like crop health monitoring and automated dis-
ease detectors. According to a study such as that by Mo-
hanty et al[7],machine-based deep learning models were
very accurate in diseases classification. On the same note,
Ferantinos[5]demonstrated that deep learning is more success-
ful than with the standard machine learning to identify the non-
uniform crops. Random Forests and Support Vector Machine
can also offer some useful results in detection of an illness
and in prediction of yield[10].

Integration of image data and soil data are more informative
and can be used to make better decisions. Research shows the
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necessity of the combination of the two because the nutrients
in soil (N, P, K, etc.) have a direct impact on the plant health
and its yield. Survival and adaptation to the changes in climate
require disease resistance and adaptative capability to support
the survival and growth of plants [15][16].

An example of ensemble machine learning (e.g. Randdom
Forest, majority voting) has been shown to be effective
in agriculture, frequently outperforming individual models.
These overlapping algorithms such as ANN, SVM and oth-
ers are used to enhance better prediction which is more
reliable[12][13]. The next generation development is to ad-
dress web based as well as mobile based in order to transform
complex models into tools that are easy to use. These sys-
tems enable farmers to diagnose disease, administer fertilizer
choices and treatment suggestions in interactive dashboards in
real-time in the absence of any technical skills they may have
had[18][19].

A. Motivation

There are several main reasons for developing a Crop
Disease Detection and Fertilizer Recommendation System:

- Farmers are losing crops from late detection of fungal
or bacterial diseases that spread quickly in the right
environment. [6].

- Farmers rely heavily on manual methods of inspec-
tion and traditional methods of control; therefore, they
may misidentify disease and apply incorrect control
measures.[3].

- Many rural areas have little availability of agricultural
expertise and extension services to assist farmers in
obtaining timely and accurate information. [5].

- Many farmers are not aware of their soil nutrient levels
so they improperly apply fertilizers or use too much/too
little fertilizer, reducing crop yield, and degrading their
soils. [9].

- There are currently no integrated decision-support sys-
tems that provide both plant disease detection and fertil-
izer recommendations in one place. [8].

- Farmers have been slow to adopt artificial intelligence
(AI) tools in day-to-day farming because of the complex-
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ity of the tool, lack of access to tools, and low levels of
digital literacy among farmers. [7].

B. Objectives

The Crop Disease Detection and Fertilizer Recommendation
System was proposed with various main goals:

1) Designing a crop health-analysis system that relies on
data-driven decisions for farmers by providing accurate
recommendations based on deep learning technology
combined with machine learning technology.

2) Creating an automatic detection system built with analy-
sis of leaf photos through CNN to determine the disease
from the image of the leaf. It can also automatically
classify the image to save time and give high accuracy
versus a manual system for identifying disease.

3) Creating a Random Forest (RF) model to develop a
fertilizer recommendation system based on the amount
of N, P, K in the soil. This will help maintain a
balance in soil nutrient content and provide healthy crops
throughout all stages of growth.

4) Unifying (all disease detection and fertilizer recommen-
dation) to form a complete yield-management system.
This unification provides the farmer with full assistance
for managing their crop: visually identifying the crop’s
disecase and allowing the farmer to determine which
fertilizer to use.

II. RELATED WORK

Researchers have attempted to implementing different tech-
niques in detecting plant diseases, managing crops, minimising
productivity losses related to such diseases, and increasing the
effectiveness of precision agriculture techniques.

A. Plant Disease Identification via Deep Learning

The experiments conducted by Pawar and Patil [1] on CNNs
proved that they are a great way to automatically detect plant
diseases under the conditions in India. CNNs have been shown
to perform much more accurately than other traditional image
processing algorithms. Kumar and Ghosh [2] also built a
smartphone app able to identify diseases based on images
captured in real-time, demonstrating that Al can be practically
used by farmers while they are working in their fields.

Researcher Sladojevic et al. [4] introduced a neural network
model to divide leaf images as having different diseases, and
they found that their model performed very well across many
different diseases affecting different plants. Ferentinos [5] did
further testing of models to diagnose plant disorders, found
that CNN-based models performed much better than classical
machine learning approaches when using images as input.

Singh et al. [6] showed improved accuracy of deep CNNs
for detecting tomato leaf diseases in different environments.
Mohanty et al. [7] undertook a large-scale experiment using
the PlantVillage dataset and found that deep learning models
work well when classifying diseases for each of the crop
species tested. Brahimi et al. [8] conducted experiments on
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classification of tomato diseases using deep learning ap-
proaches and obtained very good results with respect to also
being able to see which parts of a leaf were affected by a
disease. The research conducted by Kamilaris and Prenafeta-
Boldu’ [10] was a detailed analysis of the various deep learning
applications that have been implemented in agriculture, and
showed that convolutional neural network (CNN) models
outperformed traditional techniques for crop disease identi-
fication.

B. Use of Traditional Machine Learning for Crop Evaluation

Many researchers have used traditional machine learning
methods before the introduction of deep learning to identify
the occurrence of diseases on plants. One of the examples
provided by the Tata Institute of Fundamental Research [3]
was using classical machine-learning methods such as Sup-
port Vector Machines and Decision Trees for predicting the
occurrence of crop diseases.

Traditional classifiers like K-Nearest Neighbors, Random
Forest, and Support Vector Machines have been used exten-
sively using handcrafted features from images; however, they
achieved moderate-to-good accuracy (less than 80%) in classi-
fying plant diseases [4], [6]. Some studies have found Random
Forest models to be helpful for various decisions made within
agriculture, including providing fertilizer recommendations,
and evaluating the nutrients contained in soil because they
have been previously verified to be robust and interpretable
decision-making tools [5], [6].

C. Agricultural Decision Support Systems

Today’s research has made a major move to include Al
models in just-in-time, real-time, decision support systems for
use by farmers. The Food and Agricultural Organization (FAO)
agricultural report [9] noted that early detection of disease
and the use of Al-generated recommendations to improve crop
yields and eliminate financial losses from disease were critical
in supporting crop yield production.

There are several systems that integrate image-based detec-
tion of disease together with soil nutrient analysis to provide
full crop management capabilities. Such systems provide farm-
ers with not only the capability to diagnose and treat disease,
but also offer fertilizer reccommendations via the web or mobile
media access through Al tools to help their crops be more
productive [2], [7], [9].

The results of this work demonstrate the importance of
integrating deep learning for disease detection with traditional
ML models for soil nutrient management; however, the vast
majority of systems available today focus either on disease
detection or fertilizer recommendations as separate tools.
Therefore, this work proposes a new model that combines
these two important functions into one unified application.

III. PROBLEM STATEMENT

Agricultural productivity is hampered due to the challenges
of plant pests and diseases as well as improper use of fertilizers
for small and mid-sized producers. Crop health problems
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many times go undetected until large affected areas become
evident and crop damage has already occurred. Conventional
ways to diagnose plant pests and diseases are typically time-
consuming, subjective, and untrustworthy as they rely on the
manual inspection of crops by farmers and the expertise of
agricultural experts. There are several key challenges this
project addresses:

- Late Disease Detection: Crop diseases are usually only
detected after damage has become apparent on a large
percentage of leaves and/or stems. Farmers normally rely
on their own experience or reports from agricultural
technicians, leading to delays that reduce the effectiveness
of control measures and increase production losses.

- Reliance on Manual Diagnosis: The traditional way
that diseases are diagnosed by farmers is using visual
inspection by agriculture experts or by sending plant
samples to a laboratory. Many farmers in rural and remote
locations cannot easily access such services, leading to
misdiagnosis and ineffective pesticide application.

- Inappropriate Fertilizer Use: Because farmers often
apply fertilizer according to generic recommendations
rather than soil testing, crops may be under- or over-
fertilized for nitrogen, phosphorus, and potassium, re-
sulting in lower yields, degraded soils, and wasted input
expenses.

- Lack of Integrated Management Systems: Current
solutions available to farmers address either disease di-
agnosis or fertilizer reccommendations separately. Farmers
are required to use multiple tools, making effective crop
management decisions difficult without a unified system.

- Limited Access to Data-Driven Tools: Most crop pro-
duction decisions made by farmers are based on expe-
rience rather than scientific analysis. Intelligent systems
that can process real-time crop images and soil data are
not readily available for timely decision-making.

- Difficulty Understanding Al Solutions:Difficulty Un-
derstanding Al Solutions: Although a number of machine
learning systems achieve very high rates of accuracy, due
to their complexity, they often cannot easily be interpreted
by farmers or utilized as intended because of the absence
of effective interfaces and intuitive recommendations.

- Limited Use in Real-World Applications:Many of the
systems developed for plant disease detection remain at
either prototype or research levels with no meaningful
application or testing in the field and therefore lack true
impact as a result within the agricultural sector.

- No Support for Preventative Actions:If a farmer can-
not quickly identify a problem, all that he/she can do
is perform a corrective action after a crop has been
damaged, which increases input costs and decreases total
production. Early identification of a problem and proper
fertilizer recommendations are essential to preventing
crop losses.
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IV. PROPOSED PLANT DISEASE DETECTION AND
FERTILIZER RECOMMENDATION SYSTEM

A. Overall System Design

The overall system architecture consists of four layers:

1) Data Collection — Collects leaf images and soil nutrient
information for raw input data to the system.

2) Data Pre-processing and Image Processing — Deals
with preparing the data for model training (correcting
quality issues of the collected image data by resizing,
normalizing, augmenting and cleaning up of the soil
nutrient data).

3) Various Models — Applies CNN to classify images of
diseased leaves and applies Random Forest to recom-
mend fertilizer.

4) UI and Application Layer — Provides access to the
system via an interactive web application powered by
the Flask framework which allows the user to upload
pictures of their leaves, input NPK values, and receive
live predictions and recommendations for treatment.

B. Proposed System Modules
The proposed system is composed of five main modules:

1) Soil/Image Data Pre-processing — Cleans image files,
fills in missing soil data, normalizes inputs and applies
augmentation techniques to all inputs to allow for im-
provement in the quality of data.

2) Leaf Disease Classification using CNN — Uses CNNs
to classify leaves into separate categories of Healthy,
Early Blight, Late Blight, Leafspot, Rust and Mildew.

3) Fertilizer Recommendation using Random Forest —
Uses Random Forest to classify soils based upon NPK
values and determine specific fertilizers to be used for
various Crops.

4) Model Performance Evaluation and Analysis Module
— Outlines performance metrics and models based on
their accuracy, precision, recall, F-measures, and Con-
fusion Matrix.

5) Treatment Suggestion and Recommendation Module
— Provides actionable and corrective treatment Sugges-
tions along with the report on Disease Detection.

6) Flask-based Interactive Web Application Module —
This is a user interface that allows the user to upload
photos and input soil data to see Predictions and recom-
mendations in Real-time.

V. WORKING

The system for detecting plant diseases and recommending
fertilizers accepts two different kinds of inputs: photos of
plant leaves to diagnose disease and numeric values of soil
N, P, K content to determine related fertilizer. Once both
datasets are collected, leaf images are preprocessed to remove
corrupted or poor-quality samples. Each leaf image with
standard dimension and normalized for ensure consistent pixel
distributions. Data augmentation techniques such as rotating
images, flipping, and brightness adjustment are implemented

Vol 26 Issue 06, June 2026

Page 1500 of 1503



ISSN No: 2250-3676

International Journal of Engineering Science and Advanced Technology (IJESAT)

for generate additional difference in the training dataset. For
the fertilizer module, numeric soil data is cleaned and scaled
so that nitrogen, phosphorus, and potassium contribute equally
to model training.

In the second phase, a convolutional neural network (CNN)
is trained to classify plant leaves into disease categories:
healthy, early blight, late blight, leaf spot, and rust. Simulta-
neously, a Random Forest model is trained on NPK values
to recommend the appropriate fertilizer. Both models are
evaluated using accuracy, precision, recall, F-measure and
confusion matrix analysis.

The trained models are then integrated into an interactive
web application built on Flask. Users can upload leaf images to
receive disease identification, and enter soil nutrient values to
receive fertilizer recommendations. The application processes
each input in real-time and provides results along with appro-
priate treatment options through a user-friendly interface.

SYSTEM ARCHITECTURE: CROP DISEASE DETECTION & FERTILIZER RECOMMENDATION PLATFORM
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Fig. 1: System Architecture Diagram

A. System Architecture Diagram

The system architecture diagram captures the complete
operational flow of the System. It illustrates how input data in
the form of leaf images and soil NPK values passes through
preprocessing and dataset splitting, then into the core Al model
layer comprising the CNN disease model and the soil fertilizer
model. The final layer delivers combined results including
disease identification, fertilizer suggestions, and treatment
recommendations to the user.

VI. DATASET DESCRIPTION
A. Image Dataset

This is an image dataset made up of leaf images from
different crops such as potatoes and tomatoes. Each image
is representative of the health condition of the specific plant,
and the dataset is divided into 6 classes: Healthy, Early Blight,
Late Blight, Leaf Spot, Rust, and Mildew. This dataset is for
train and test the disease detection model.

B. Soil Nutrient Dataset

This dataset contains numerical attributes related to soil,
specifically the amounts of NPK. These attributes serve as in-
put for the fertilizer recommendation model, enabling analysis
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of soil nutrient content and generation of appropriate fertilizer
recommendations for specific crops.

C. Crop Information Dataset

This dataset contains labels for different types of crops
associated with their corresponding NPK values and diseased
plant images. This information allows the system to generate
fertilizer recommendations for specific crops and provide
disease treatment suggestions.

D. Dataset Split

Image and soil nutrient data has been divided into a ratio of
70% to 30% for both the image data and the soil nutrient data,
ensuring proper evaluation of both the CNN disease detec-
tion model and the Random Forest fertilizer recommendation
model.

TABLE I: Dataset Statistics

Classes
6 disease categories

Dataset Type
Crop Disease Dataset

Samples
2,500+ leaf images

VII. DATA PREPROCESSING
A. Cleaning of Image Data
- Deleting damaged or otherwise unusable leaf images
- Creating a consistent file naming convention based on
disease classification
B. Image Processing
- All leaf images resized to 256 X 256 pixels
- Pixel values normalized to the 0 to 1 range
C. Data Augmentation
- Rotation, flipping, zooming, and brightness adjustment
applied to increase dataset variety and improve CNN
generalizability
D. Soil Data Preparation
- Missing or inconsistent NPK values handled and outlier
records removed
E. Feature Engineering
- Nitrogen, Phosphorus, and Potassium values transformed
using min-max normalization
- Crop type labels encoded to determine the proper fertil-
izer for each crop type
VIII. MACHINE LEARNING MODELS
A. Disease Classification Model
- Convolutional Neural Network (CNN)

B. Fertilizer Recommendation Model

- Random Forest

C. Baseline Models

- Decision Tree
- Logistic Regression
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IX. TRAINING STRATEGY

- Cross—Entropy Loss - CNN Disease Classification

- Split Data - Training and Testing, Validation

- Performance Metrics: Accuracy, Precision, Recall and F-
measure

- Confusion Matrix Analysis of Both Disease Detection
and Fertilizer Prediction Models

X. END-TO-END WORKFLOW DIAGRAM

The workflow shows how the entire crop disease and
fertilizer recommendation systems operate from start to finish.
It describes how a user uploads an image of a leaf and enters
the nutrient data into the system using a web interface. Pre-
processing steps include resizing, normalizing and augmenting
the leaf images for input into the CNN model. The Random
Forest model requires scaling and cleansing to prepare for
receiving its inputs (nutrient content). After each model gen-
erates its predictions, the two sets of outputs are combined
and provided to the user as information on the leaf’s potential
discase, what treatment should be applied, and how much
fertilizer needs to be applied based on soil content.

Crop Disease Detection and Fertilizer Recommendation System

User Interface Output

p—
WWcation (Flask UI) /
E’r’lter NPK Valués U];)Ioad Leaf !magé )

_ /

/ Preprocessing Layer J

Soil Data Preprocessiﬁg Image Preprocessing
Scaling & Cleaning Resize, Normalize, Augment

\ -
|

\’ Al Models Layer l

Random Forest Model y CNN Model
random_forest.pkl _ plant_disease_model.pth

e ——

\ \
\ Prediction Layer l

Fertilizer Recommendation

Disease Prediction

\ Output Layer \

Show Fertilizer Suggestion ( Show Disease Result + Treatment

Fig. 2: End-to-End Workflow

This workflow diagram illustrates the overall approach used
in the study from data collection through Al model predictions
and ultimately presenting the combined model outputs back to
the user via the interactive web-based application.

XI. EVALUATION METRICS

The efficiency of system is analyzed using the following
metrics:
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Accuracy

- Precision

- Recall

- F-measure

- Confusion Matrix

Accuracy is defined as:

A B TP + TN
ccuracy = ( 1)

TP + TN + FP + FN
XII. DISCUSSION

Experimental results show that the plant disease detection
and fertilizer recommendation system is effective in making.
agricultural decisions, using image-based deep learning and
machine learning in processing soil nutrient data. Comparative
results show that the CNN-based disease detection model
accurately classifies leaf diseases, while the Random Forest
algorithm reliably recommends fertilizers matched to soil
nutrient requirements. Considering both crop images and soil
conditions together produces more accurate and practical
agricultural decision-making than considering either source of
information alone.

Data Preparation and expansion were key for reliability
of the disease detection system. standardization, adjusting
size and expansion with rotation and flipping allowed the
CNN to learn from a different set of disease examples by
overfitting. Preprocessing the NPK values with normalization
and appropriate encoding improved the stability and reliability
of the fertilizer recommendation model. The combination
of imagebased and numerical features enhanced the overall
predictive. capability of integrated system.

The modular design of the application architecture, along
with the implementation of the web interface utilizing Flask,
produces a system capable of supporting a diverse range
of applications quickly and easily, while providing a single
point of entry that allows users to obtain disease diagnosis
information, fertilizer application or treatment recommenda-
tions, and how to treat affected crops based on previous
experience/knowledge, therefore providing accurate and timely
information to farmers, agricultural majors, and extension
personnel related to improving crop health and productivity.

XIII. LIMITATIONS

- Disease detection can be adversely affected by the accu-
racy. affected by the low-quality, or dark images in the
input dataset.

- The fertilizer recommendation model is the one that is
based on the sole recommendation alone NPK values,
and therefore the other valuable soil properties like the
pH and moisture content are left out, which also influence
plant growth.

- There is no field testing that has been conducted on a
large scale. of statistics or in various areas and types of
crops which restricts capability of ascertaining generaliz-
ability of the system.
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XIV. CONCLUSION AND FUTURE WORK

This initiative has seen to it that artificial intelligence
systems can be effectively used in agriculture for detection of
Plant diseases as well are recommended to prescribe the right
fertilizers. Developed system uses a CNN to categorise leaf
diseases and Random Forest model to give recommendations
on fertilizer. according to the NPK levels of soils. Observations
based on experiment prove that the CNN precisely determines
diseases and that the Random. Forest has been reliable in
prescribing the fertilizers that can be used in the measured
soil conditions. In this way, the worth of this strategy is
shown hybridization of machine and computer vision. to help
in making agricultural decisions using data.

The future study will increase the amount of images used in
the study. take field pictures of different weather and light to
improve model generalizability. Additional soil characteristics
including pH, moisture, organic carbon and micronutrients
will be added to the model of fertilizer recommendations to
give more detailed recommendations. Opportunities also exist
to create the estimation of disease severity with the help of
computer vision. and to incorporate weather information to
promptly notify about disease outbreaks. Possible improve-
ments are the mobile implementation, the multilingual nature
and the comprehensive in-field experimental tests to. enhance
usability and real-world adoption by farmers.

APPENDIX
ALGORITHMIC OVERVIEW OF THE PROPOSED SYSTEM

An algorithmic perspective of the process taken by the Crop
Disease Detection And Fertilizer Recommendation System
will be discussed in this appendix. Validation, cleaning and
standardising of both leaf image and soil NPK values will
occur as an initial step in acquiring an input data set. The
images of the leaves will be resised and normalised, followed
by the classification of the images using convolutional neural
networks (CNN) to identify whether they are diseased, and the
numerical values of NPK nutrients will require scaling and be
ready to be used to recommend a fertiliser.

The processed Input is inputted into a trained model
with CNN (name = plant_disease_model.pth) utilized in
predicting the disease, and the Random Forest (name =
random_forest.pkl) utilized in predicting fertilizer recommen-
dations. The model(s) output does not only consist of the
predicted characteristics of the plant disease but also the
recommended fertilizer considering the N, P and K (NPK).

Predicted output will be validated before coming up with
any verified performance metrics and delivered by way of a
simple system interface. Web-Based Solution will enable farm-
ers to detect the diseases of their crops in real-time, as well as
offering them fertilizer advice and treatment recommendations
to help them enhance agricultural decision making.
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