www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 4 April 2025 | ISSN: 2320-2882

IJCRT.ORG ISSN : 2320-2882

INTERNATIONAL JOURNAL OF CREATIVE

éﬁ? RESEARCH THOUGHTS (1JCRT)

D’

An International Open Access, Peer-reviewed, Refereed Journal

AGRISENSE — THE CROP ADVISOR

1 Dr. T.K Sivakumar,? Achyuth Kayala,®Bhuvanesh Bhimineni

! Assistant Professor ,2UG Student,>UG Student
Computing Technology SRM Institute of Science and Technology, Kattankulathur, Chennai

ABSTRACT — Agriculture forms the foundation of numerous nations, including India, sustaining
millions by overcoming challenges like climate shifts and outbreaks of plant ailments. Innovative research
has led to the creation of a web-based platform offering real-time guidance on optimal crop choices,
considering points such as soil health, temperature, humidity, ph levels.This platform brings together
advanced machine learning and deep learning techniques to address critical areas of precision agriculture. It
comprises five key modules: Crop Recommendation, Yield Prediction, Plant Disease Detection, Smart
Farming Guidance, and Weather Forecasting .The Crop Recommendation module suggests the most suitable
crops for cultivation based on parameters such as soil type, pH, nutrient content, and regional agro-climatic
conditions. This promotes sustainable crop planning and resource optimization. The Yield Prediction engine
uses historical yield data, meteorological records, and agricultural inputs to forecast potential productivity,
aiding in economic planning and supply chain management. Through the Plant Disease Detection module,
farmers can identify diseases early by uploading images of affected crops, whichare analyzed using
convolutional neural networks to suggest accurate diagnoses and treatments. The Smart Farming Guidance
system delivers dynamic recommendations for irrigation scheduling, nutrient management, and pest control
tailored to current crop conditions. Additionally, the Weather Forecasting component offers hyper-local
predictions, enabling timely interventions to mitigate climate-related risks. Collectively, AgriSense stands
as a holistic advisory platform that empowers farmers, enhances crop productivity, and contributes to the
advancement of smart and sustainable agriculture globally.

Keywords— crop recommendation, machine learning, plant disease identification, random forest, weather-
forecast ,fertilizer recommendation.

. INTRODUCTION

The adoption of machine learning and artificial intelligence (Al) has significantly transformed numerous
industries, with agriculture being one of the primary beneficiaries. Among the various applications of these
technologies in the agricultural sector, intelligent crop recommendations and plant disease identification
have emerged as crucial innovations. In recent times, advancements in machine learning and data science
have revolutionized traditional farming methods, leading to the advancement of crop recommendation
systems.

This system utilize predictive models to provide customized recommendations to farmers, helping them
choose crops best suited for their soil composition and environmental conditions. Additionally, image
classification techniques are employed to detect crop diseases efficiently. This paper introduces a
comprehensive Crop Recommendation System built using Python, incorporating various machine learning
algorithms to perform classification tasks.

The system is designed to aid farmers in selecting the most suitable crops by examining essential factors
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like soil characteristics , weather patterns, and geographical attributes. Users can input critical data,
including soil nutrient levels (nitrogen, phosphorus, and potassium), rainfall trends, and location details. By
utilizing a vast dataset and multiple classification models, the system predicts the optimal crops for a given
region.

Advanced forecasting systems now integrate real-time meteorological data, historical climate patterns,
satellite imagery, and sensor networks to offer precise predictions. These models provide accurate insights
into temperature shifts, rainfall trends, and potential extreme weather events. By anticipating weather
changes, farmers can better schedule planting, irrigation, and harvesting, ultimately reducing risks and
enhancing crop resilience.

Modern agricultural systems are now capable of delivering tailored fertilizer advice by analyzing detailed
soil health metrics and crop-specific nutrient needs. Crop yield prediction has been revolutionized through
the incorporation of high-resolution satellite imagery, drone technology, and ground-based sensors. Now we
will be adding these aspects in our project.

. RELATED WORKS

The advent of smart farming technologies has revolutionized agricultural practices, introducing innovative
methods to enhance crop yield, optimize resource utilization, and efficiently manage plant diseases. This
transformation has paved the way for advanced research in smart crop recommendation systems and plant
disease detection. In this discussion, we will explore the fundamental concepts and latest developments in
these areas, Offering a thorough insight into the domain.

In recent years, the integration of machine learning techniques in agriculture has significantly improved
decision-making processes, particularly in crop yield prediction and fertilizer recommendations. Several
research studies have explored various methodologies to enhance agricultural productivity through data-driven
approaches.

Bondre and Mahagaonkar (2019) introduced machine learning-driven system for predicting crop yields and
recommending fertilizers. Their research showcased the effectiveness of algorithms like Decision Trees and
Random Forest can analyze soil and climate parameters to optimize fertilizer usage and increase crop yield
efficiency. Similarly, Gosai et al. proposed a crop recommendation model leveraging machine learning,
where soil properties, Weather conditions and historical yield data were utilized to recommend suitable
crops. The study highlighted the significance of data preprocessing and feature selection.

Rajak et al. explored techniques to optimize crop yield through machinelearning.Their findings incorporated
multiple algorithms and compared their performance to discern the most effective method for yield
prediction. In another study, Anguraj et al. (2021) examined soil analysis using machine learning to
recommend suitable crops. Their findings highlighted the significance of soil nutrient composition and pH
levels in determining optimal crop selection.

Kulkarni et al. proposed an innovative approach leveraging Long Short-Term Memory (LSTM) networks
along with an expectation-maximization technique for crop recommendation in Maharashtra. Their research
demonstrated how deep learning methods can enhance predictive accuracy compared to traditional machine
learning models. Lastly, Senapaty et al. developed a decision support system utilizing machine learning
classification algorithms helping farmers choose the most appropriate crops based on soil and environmental
factors.

The selection of machine learning in farming has brought significant progressions in trim expectation and
management. This area investigates different machine learning algorithms that have been viably connected
to figure edit yields and identify the most reasonable crops for development. These innovations play a
vital part in progressing agricultural productivity and advancing maintainable cultivating hones.
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2.1 Limitations of existing system

Previous studies on precision agriculture & intelligent crop recommendation systems have primarily
concentrated on traditional machine learning approaches, without extensively exploring complexities on
eventuality of advanced ensemble literacy ways and the numerous being styles do not completely incorporate
recent developments similar as mounding, ensemble of ensembles, and allied ensemble literacy.
Additionally, there’s a noticeable gap in comprehensive analyses of robust ensemble tacks within the
context of crop recommendation. Most reviews predominantly focus on conventional machine learning
models, limiting their scope in addressing novel ensemble strategies. Specifically, they lack discussions on
leveraging techniques like stacking, ensemble of ensembles, and affiliated erudition to dive the installation,
high-dimensional exceptions fraternized with agrarian data analytics.

2.2 Problems addressed by proposed review

Limited Utilization of Advanced Learning Methods — Traditional machine learning models, while effective,
may not fully modelling the intricate connections between soil composition, climate variables, and crop
yield. The review highlights the role of utilizing various multiple algorithms and selecting the most accurate
one.

Lack of Dynamic and Adaptive Approaches — Many existing crop recommendation systems do not incorporate
adaptive ensemble learning techniques that can adjust to changing environmental conditions and regional
variations. This review provides insights into how dynamic models can enhance precision agriculture.

Limited Focus on Real-World Implementation and Scalability — Many studies propose models that excel in
controlled settings but struggle to adapt to real-world scenarios agricultural settings. This review examines
how various learning techniques can contribute to scalable and practical solutions for farmers.

By addressing these challenges, the proposed review contributes to the advancement of intelligent crop
recommendation systems, ensuring more accurate, scalable, and adaptable solutions for modern farming
practices.

Now let us dive into the process how we have selected the most accurate one among the seven algorithms.

3. PROPOSED SYSTEM

The proposed framework follows a structured, multi- stage approach to ensure accurate crop recommendation
based on key agricultural parameters. The methodology is divided into six essential phases, each contributing
to the overall efficiency and reliability of the system.

Training Dataset
Collection of Datasets Feature Extraction

Algorithm (Decision Tree,Naive Bayses, Support Vector
System Machine,Logistic Regression,Random Forest XGBoost)

Recommended Crop

Fig-3 Block diagram of proposed system
Algorithm for proffered work
The steps indulged in SVM Algorithm are as follows:
Step 1: Originally training dataset is labeled.
Step2: Break down the markers grounded on input parameters.

Step 3: The crops are prognosticated grounded on classification
Step 4: The model is sampled harnessed on testing data.
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e Step 5: Model is assessed exploiting the rendition criteria alike as rigor, exactitude.

3.1 Dataset Collection

The Dataset comprises key agricultural params, including nitrogen, Phosphorus (P), Potassium (K), soil PH,
humid, temperature, and rain. These factors play a pivot role in arbitrating the optimal conditions for crop
growth, directly influencing plant health, development, return. In the environment of crop
recommendation, analysing this parameter are essential for guiding cultivators in selecting the most suitable
crops, optimizing soil operation, and ensuring sustainable agricultural practices.

N P K temperature humidity ] rainfall

90 42 43 20.879744 82.002744 6.502985 202.935536
85 58 41 21.770462 80.319644 7.038096 226.655537
60 55 44 23.004459 82320763 7.840207 263.964248
74 35 40 26491096 80.158363 6.980401 242.864034
78 42 42 20.130175 81.604873 7.628473 262.717340

Fig-3.1 sample dataset
The dataset, sourced from Kaggle, contains instances derived from historical agricultural data. It includes
information on 11 different crops, covering a diverse range of grains, legumes, fruits, and cash crops. The
dataset features crops such as paddy, Maize, Chickpea, Kidney beans etc. Sample dataset is being shown in
fig- 3.1.

3.2 Data Preprocessing

To ensure the dataset is suitable for machine learning algorithms, it undergoes a structured preprocessing
phase. Initially the irrelevant columns that do not chip into the vaticination, alike as row identifiers, are
removed to enhance model efficiency. Since most machine learning models require numerical input, any
non-numeric attributes in the dataset must be converted accordingly.

One essential technique used for this transformation is Label Encoding, where categorical variables are
assigned unique numerical values. In our dataset, the target label is a non-numeric column, and it is converted
into numerical form using the Fit _Transform Method from the pandas library. This step ensures that the
dataset is in a format that machine learning algorithms can effectively process.

Additionally, preprocessing is crucial for handling raw, inconsistent, and incomplete data collected from
various sources. The dataset may contain missing values, redundant information, or inconsistencies that can
negatively impact model performance. Therefore, in this stage, data cleaning techniques are applied to filter
out redundant entries, handle missing values, and standardize the dataset for accurate and reliable predictions.

3.3 Split the dataset
To effectively train and evaluate the machine learning model, the dataset is disjointed into Training and
Testing sets. This division ensures that the model learns patterns from one portion of the data and is later
validated on unseen data to assess its performance.

import train_test_split
= train_test_split(features,target,test_size = 0.2,random_state =2)

Fig-3.3 Splitting dataset

The Train-Test split is operated by using the Train_Test_Split function from scikit-learn, where the DataSet
is disjointed into 80% Training data and 20% Testing data. The random state parameter is set to ensure
reproducibility of results. Additionally, categorical target labels are converted into numerical values using
Label Encoding, enabling machine learning models to process them effectively. Sample pic is being shown
here on fig-3.3. The dataset split ensures that the Model generalizes well to newest data, minimizing
overfitting & improving prediction accuracy.
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3.4 Model Evaluation and result discussion

In this study, we will analyse the performance of seven different machine learning algorithms for crop
recommendation. Each model was evaluated based on accuracy, precision, recall to determine its
effectiveness in predicting the most suitable crop. After a thorough comparison, we selected the algorithm
with the highest precision and best overall performance. This chosen model demonstrated superior reliability
in classifying crop types based on soil nutrients, weather conditions, and other key parameters. The
evaluation process confirms that our approach provides an efficient and data-driven solution for smart
agricultural recommendations.

4 METHODOLOGY

Unsupervised machine learning earning centers on preparing models utilizing information that is not one or
the other labeled nor categorized, permitting the calculation to distinguish designs without human mediation.
The proposed system for crop recommendation utilizes a machine learning-based approach to provide
optimized agricultural suggestions based on soil nutrients and environmental conditions. The methodology
follows a structured workflow involving data preprocessing, model selection, training, evaluation, and
deployment. Here are the algorithms explained one by one.

a)Support Vector Machine

Support Vector Machines (SVM) are supervised learning techniques widely utilized for classification,
regression, and anomaly detection In my implementation, | utilized a Support Vector Machine (SVM)
classifier from the sklearn library, specifically the SVC model with the gamma parameter set to ‘auto’. This
classifier is designed to find the optimal hyperplane that separates data points of different classes in the
feature space. After training the model on the Xtrain and Ytrain datasets, it was used to predict outcomes on
the test set (Xtest).However, the accuracy of the model was significantly lower, around 0.1068, which
suggests that the classifier struggled to correctly categorize the majority of the test samples & may require
parameter tuning or additional preprocessing to enhance their performance.

b) Decision Tree Classifier

In my implementation using Decision Tree Classifier from sklearn tree, | utilized entropy as the criterion for
splitting, set a maximum depth of 5 to control overfitting, and ensured reproducibility with random_state=2.
After fitting the model to training data (Xtrain,Ytrain), predictions were made on test data (Xtest), achieving
an accuracy score of x*100%. This accuracy was calculated using metrics.accuracy_score and stored in the
acc list. Additionally, classification performance was evaluated using classification_report. Furthermore,
cross-validation was conducted to validate the model's performance across different subsets of the data,
yielding an array of scores: [0.936, 0.909, 0.918, 0.870, 0.936]. This approach helps in assessing the
robustness of the model by averaging performance metrics across multiple data splits.

c)Naive Bayes
In my code, | employed the Naive Bayes classification algorithm, which follows a probabilistic approach
rooted in Bayes’ Theorem. Rather than using a hierarchical, rule- based structure like decision trees, this
method calculates the likelihood of different outcomes based on feature values.

The GaussianNB model from sklearn was trained using a labeled dataset (Xtrain, Ytrain), enabling it to learn
the underlying distribution of each feature assuming a Gaussian (normal) distribution.After training, the
model predicted the class labels on the test set (Xtest) and achieved a high accuracy of 0.9909, indicating
that the majority of its predictions matched the actual labels in Ytest. The classification report highlighted
impressive precision, recall, and F1-scores across all classes, reflecting the model's balanced performance.

IJCRT25A4711 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org ] 0567


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 4 April 2025 | ISSN: 2320-2882

d) Logistic Regression

The logistic regression model was trained using the LogisticRegression class from the
sklearn.linear_model module with a random state set to 2 for reproducibility. After fitting the model on the
training data (Xtrain and Ytrain), predictions were made on the test data (Xtest), achieving an accuracy of
95.23%.To assess its performance comprehensively, various metrics such as precision, recall, and F1-score
were evaluated using classification_report from sklearn.metrics. This report provides detailed insights into
how well the model performed across different classes in the test set.In real-world scenarios, this model
would be validated against unseen data to ensure its generalizability and effectiveness beyond the training
set. The array [0.95, 0.9659, 0.9477, 0.9659, 0.9432] represents the accuracy scores from cross-validation,
demonstrating consistent performance across multiple folds.

e) K-Nearest Neighbours(KNN)

The K-Nearest Neighbours (KNN) algorithm helps determine the most suitable crop for a given set of
conditions by analyzing past data, including soil properties, climate, and weather patterns. It predicts the best
crop by identifying historical data points with similar characteristics and recommending crops that have
previously thrived under those conditions. KNN operates by measuring the distance between a new data
point—representing a specific plot of land with its attributes—and all existing data points in the dataset. It
then selects the ‘k’ nearest neighbours and uses their information to suggest the most appropriate crop. Due
to its simplicity and ease of implementation, KNN is widely used in agriculture, making it a practical tool
for both farmers and agricultural researchers.

fyRandom Forest

In this part of the code, | implemented the Random Forest Classifier, a powerful ensemble learning technique
based on constructing multiple decision trees during training and outputting the class that is the mode of the
classes predicted by individual trees. | used the RandomForestClassifier from the sklearn.ensemble module,
configuring it with 20 estimators and a fixed random state to ensure reproducibility. The cross-validation
scores—([0.9954, 1.0, 0.9954, 0.9954, 0.9863]—also support the model’s consistency and reliability across
different data splits.

The high accuracy can be attributed to the core strengths of Random Forests: they are resilient to overfitting,
handle both categorical and numerical features well, and reduce variance by averaging multiple decision
trees.

Accuracy is a commonly utilized metric for evaluating the viability of a machine learning demonstrate. It is
calculated as the extent of accurately anticipated occasions out of the add up to occurrences in the dataset.
Scientifically, it is spoken to as

Accuracy = Number of Adjust Predictions

Total Number of Forecasts

Although accuracy is a straightforward and natural degree, it may not continuously be the most dependable,
especially when managing with imbalanced datasets. For occasion, if 95% of the information has a place to
a single lesson, a show that continuously predicts the larger part course will accomplish tall exactness but
fall flat to appropriately classify the minority lesson.
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To overcome such confinements, extra measurements like accuracy, review, and F1-score are regularly
utilized to give a more well- rounded assessment of demonstrate execution.

Accuracy Comparison
10 97.50% 99.09% 99.09% 99.55%

SVM Decision TreeLogistic Regression ~ KNN
Algorithm

Fig-4.1 Accuracy bar for crop_reccom

» The bar chart above represents the accuracy comparison of various machine learning algorithms for crop
recommendation. Each algorithm's accuracy is displayed as a percentage, highlighting its performance in
predicting the most suitable crop based on given conditions.

» The Random Forest (RF) algorithm attained the peak accuracy (99.55%) leveraging ensemble learning
approach, which integrates multiple decision trees to improve predictive performance and minimize
overfitting. By selecting random subsets of data and features for training each tree, RF ensures robustness
and generalizability, making it highly effective for crop recommendation. Additionally, it handles non-linear
relationships well, which is crucial for agricultural data that involves multiple influencing factors like soil
type, climate, and weather conditions.

» On the other hand, the Support Vector Machine (SVM) recorded the low accuracy (10.68%), likely
leveraging sensitivity to high-dimensional and imbalanced Data. SVM is highly dependent on the selection
of the kernel function, and if the dataset is complex with overlapping classes, it may struggle to find an
optimal decision boundary. Additionally, if the dataset is not well-scaled or has noisy features, SVM's
performance can significantly drop, leading to poor classification results.

However, Support Vector Machine (SVM) indicating that it might not be well-suited for this particular
dataset or problem. The findings suggest that ensemble-based models like random forest and Xgboost are
more effectiveness.

Naive Bayes XGBoost

Accuracy of RandomForest Model for Each Crop

s & 8 & & 8 % § ¢

bl
m

rust

]

Fig-4.2 Accuracy of Random forest on all crops

The given graph demonstrates the accuracy of the Random Forest model across different crops. It shows
that the model maintains consistently high performance for most crops, achieving near-perfect accuracy in
many cases. However, slight drops in accuracy are observed for certain crops, such as mung bean and rice,
indicating potential challenges in distinguishing these crops due to overlapping feature characteristics or data
limitations.

Despite these variations, Random Forest remains a highly reliable and versatile model, as it outperforms many
other machine learning algorithms in terms of stability and generalization. This highlights its effectiveness
in handling diverse agricultural datasets and making precise crop recommendations across multiple
conditions.
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FERTILIZER RECOMMENDATION

The fertilizer recommendation system analyses multiple environmental parameters, including temperature,
humidity, moisture, soil type, and crop type, to determine the most suitable fertilizer for optimal yield. Based
on the example given inputs—temperature of 28°C, humidity at 54%, moisture at 47%, and sandy soil with
barley as the selected crop—the system has suggested a fertilizer composition of 10-26-26.

Input Parameters.

« Fertilizer Recommendation
System

—
—

e

# About the Model

Fig-4.3-sample Result of fertilizer recommendation

This recommendation indicates a balanced supply of nutrients tailored to the soil and crop requirements. The
high phosphorus (P) content (26) supports root development and enhances crop resilience, while the
adequate potassium (K) (26) contributes to improved grain quality and disease resistance. The nitrogen (N)
level at 10 ensures moderate vegetative growth without excessive foliage, making it an ideal choice for
barley in sandy soil conditions.

The Fertilizer Recommendation Module is designed to provide tailored fertilizer advice based on critical
agricultural parameters. This module processes input variables including temperature, humidity, soil
moisture levels, soil type, and crop type, in conjunction with nutrient levels (Nitrogen, Potassium, and
Phosphorous) to predict the optimal fertilizer. By analyzing these factors, the system aims to assist farmers
in making informed decisions regarding fertilizer application, promoting efficient resource utilization and
potentially enhancing crop yield.

This study incorporates a Fertilizer Recommendation Module that leverages a data-driven approach to
optimize fertilizer usage. The module utilizes a dataset comprising various agricultural attributes such as
temperature, humidity, and soil composition, alongside nutrient concentrations and corresponding fertilizer
recommendations. Machine learning techniques are employed to model the complex relationships within
this data.

The implementation of this module can potentially lead to several benefits, including reduced fertilizer
waste, minimized environmental impact through decreased nutrient runoff, and improved crop health and
productivity. The system's ability to provide specific recommendations contributes to more sustainable and
efficient farming practices.

WEATHER FORECAST

The weather forecast system is a web-based application that provides real-time weather information for a
specified location. The system utilizes the OpenWeatherMap API to fetch meteorological data, including
factors like temp ,moisture , windy speed, and weather conditions. The frontend is designed using HTML,
CSS, and JavaScript, offering a user-friendly interface where users can input their location and retrieve
weather details dynamically. The application processes the API response, converting temperature values
from Kelvin to Celsius and displaying appropriate weather icons based on the retrieved conditions. Error
handling is incorporated to manage invalid location entries, ensuring a smooth user experience.
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The primary advantages of this system include real-time weather updates, ease of accessibility, and an
intuitive design, making it a reliable tool for users to stay informed about weather conditions in their area.

WEATHER FORECAST
CHENNAI

Few Clouds

85% =2 3.55Km/H
Humidity 5™ Wwind Speed

Fig-4.3 Weather Forecast

The weather forecast system provides real-time meteorological updates based on user-inputted locations. It
fetches data from the OpenWeatherMap API, including temp, humid, wind speed, and weather conditions,
ensuring users receive accurate and timely information. Since weather parameters fluctuate continuously,
slight variations in temperature and other metrics may be observed. The system processes API responses
efficiently, converting temperature readings into a more user-friendly format while displaying relevant
weather icons. With an intuitive interface built using html, css, and JavaScript, it ensures seamless navigation
and accessibility. Additionally, error handling mechanisms are implemented to manage incorrect location
inputs, enhancing user experience. This application serves as a reliable tool for individuals seeking quick and
convenient weather insights.

CROP YIELD PREDICITON

The crop yield prediction system leverages machine learning to estimate agricultural productivity based on
key environmental and soil parameters. This system consists couple of main components: a training module
and a deployment module. In the training phase, historical data on factors such as soil nutrients, weather
conditions, temperature, humidity, and rainfall are processed and used to train predictive models. Various
algorithms, including regression and ensemble methods, are evaluated to determine the most accurate model
for yield estimation. Sample picture is shown in below fig-4.4

CROP YIELD PREDICTION

N

@

82.002

PREDICTION

Fig-4.4 Sample of yield prediction
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Once trained, the optimized model is indulged on web-based application using Django, allowing users to
input real-time data and receive yield predictions instantly. This deployment ensures accessibility and ease
of use for farmers and agricultural analysts. The primary advantages of this system include data-driven
decision-making, improved crop management, and optimized resource allocation, helping farmers maximize
yield while minimizing losses due to environmental uncertainties.

CROP YIELD: POMEGRANATE

Prediction: 69.57754245700337%

Fig-4.5 sample result of yield prediction

The crop yield prediction system provides an intuitive and user-friendly interface for displaying results. As
shown in the sample output, the system predicts the expected yield percentage for a specific crop based on
the input parameters. In this example, the predicted yield for pomegranate is approximately 69.58%,
indicating the expected productivity under the given environmental and soil conditions.Plant-Disease
Detection

In this research, a Convolutional Neural Network (CNN) was employed to identify plant diseases from a
dataset containing images of various plant species. The dataset, comprising 38 distinct categories, was
partitioned into a validation set using function. Each image was resized to 128x128 pixels to meet the
model’s input specifications, and class names were inferred directly from the dataset’s directory structure.

A pre-trained CNN model, loaded from a saved .keras file, was utilized for predictions. To mitigate
overfitting, a dropout layer was integrated into the architecture, randomly deactivating a fraction of input
units during each update in the training process. For evaluation and visualization, an image of a potato plant
exhibiting early blight was processed. The image was read using OpenCV, converted from BGR to RGB,
and resized to fit the model’s requirements before being passed through the trained network.

The model produced a probability distribution across all possible classes, with the highest probability class
determined using np.argmax. The identified disease class was displayed alongside the input image, validating
the model’s capability to accurately detect plant diseases. This study highlights the efficiency of CNN-based
automated plant disease identification, which can facilitate early diagnosis and effective disease
management, leading to improved agricultural productivity.

Fig-4.6 presents an example of a diseased plant image used for classification, showcasing visible symptoms
such as spots, discoloration, and other disease markers. These features enable the model to learn
distinguishing characteristics, enhancing its ability to classify plant diseases accurately. Such advancements
in Al-driven plant health monitoring contribute to smarter farming techniques and healthier crop yields.
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Model predicts this as Potato___Early_blight

Fig-4.6 sample of plant disease detection

5.CONCLUSION & FUTURE SCOPE

In conclusion, this project presents AgriSense — Crop Advisor, a robust and modular agricultural decision-
support system that integrates crop recommendation, yield prediction, weather forecasting, smart farming
guidance, and plant disease detection. By leveraging machine learning algorithms and real-time
environmental data, the system delivers actionable insights to assist farmers in making data- informed
decisions, enhancing productivity, and mitigating risks posed by climatic uncertainties and crop diseases.
The modular architecture ensures adaptability across diverse agricultural scenarios while maintaining
efficiency and scalability.

To improve alignment with current research, the system's methodology and findings draw upon and extend
existing literature in precision agriculture, particularly in the areas of image-based disease detection and
environmental-aware crop selection. Future work will involve deeper benchmarking against established
models to further validate performance.

A significant enhancement will be the incorporation of a feedback loop, allowing farmers to contribute real-
world observations and outcomes. This user-driven input will help refine the system's recommendations over
time, increasing both accuracy and relevance. Additionally, expanding the dataset with continuously updated
crop samples, disease cases, and localized agro-climatic data will strengthen the system’s predictive
capabilities.

Advanced imaging methods such as multispectral and hyperspectral analysis are being considered to offer
more granular detection of plant stress and early disease symptoms. The use of reinforcement learning could
further optimize long-term strategies for crop management by adapting to evolving field conditions and
resource constraints.

Furthermore, introducing a profit-oriented recommendation system will support farmers in making
economically viable crop choices by estimating input costs and potential market returns. A crop growth
schedule manager could serve as a digital assistant for new or small-scale farmers, providing stage-wise
farming guidance including irrigation, fertilization, and pest management.

Lastly, the development of a collaborative platform where farmers, agronomists, and researchers can
exchange insights, report new disease patterns, and share localized data will foster a community-driven
approach to agricultural innovation. This participatory model not only improves system learning but also
democratizes access to smart farming technologies.
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