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Abstract

Agriculture plays a crucial role in influencing the economy of any country, as it is the major source of food, raw materials and employment
to the majority of the population. In India, agriculture contributes a major portion to the country’s gross domestic product (GDP) and
hence it is crucial to enhance the agricultural yield using the latest tools and technologies. Agricultural yield depends on factors such as
plant diseases, fertilisers used, improper crop choices and inaccurate yield prediction techniques. Information Technology (IT) is growing
rapidly and is utilised in every walk of human life. Recent advances in artificial intelligence (Al) and machine learning (ML) have enabled
data-driven solutions to address these challenges in agriculture. Hence, this work targets to design and develop a system that identifies
the infected plants, detects the type of disease and performs crop recommendation. The crop recommendation system uses the support
vector classifier (SVC) as the core algorithm. The convolutional neural networks (CNNs) that are trained and tested with the Plant Village
dataset, have given higher performance in identifying the disease types of plants, compared to K-nearest neighbours (KNN), Logistic
Regression and Decision Trees. This recommendation system determines the nitrogen, phosphorus and potassium (NPK) contents, the pH
value and the moisture percentage levels of the given soil and recommends appropriate crops for farmers. Soils from different regions
have been considered for experimentation. The decision tree algorithm has been utilised for crop yield prediction by processing climatic
and historical agricultural data. Remarkable precision has been achieved with the operations. The proposed system resolves the
challenges by utilising an integrated software platform that delivers timely and relevant information to farmers, thereby improving
agricultural productivity and performance. The integrated software platform provides farmers with timely and actionable insights,
supporting informed decision-making and improved agricultural productivity.

Keywords: convolutional neural network; crop recommendation; decision tree algorithm; disease detection; machine learning; yield
prediction

classifier (SVC), gives appropriate recommendations when used on
such data. This method helps in better planning and increasing
yields. Decision tree-based algorithms analyse crop, soil and
environmental data to predict yields. The results from this algorithm
ensure accuracy and support farmers in making decisions by giving
better estimates.

Introduction

As agriculture acts as a vital economic structure of India, the country
stands second highest in the production. India experiences varying
climatic conditions, possesses diverse soil types and as a result,
farmers need to handle complex agricultural ecosystems. Current
prevalent methods for disease detection, which involve visual
examination and laboratory testing, have been slow-paced, prone
to misinterpretation and labour-intensive. This has resulted in
incorrect pesticide choices, the trigger to pathogen resilience and
damage to crops (1). The manual assessment done using mobile
images has been proven unreliable. Convolution neural networks

If an integrated system is developed with the features of
crop recommendation, yield prediction and disease detection, it
can aid farmers in enhancing sustainability and their yield can
increase without hindrances.

Some of the existing systems address crop recommendation

(CNN), when used, help in quicker processing, as well as provide
accurate results, in turn helping the farmers to diagnose the disease
before there is no damage. The productivity of crops depends clearly
on soil health. When the soil is tested appropriately, crops that
match the soil conditions can be chosen, resulting in nutrient-rich
crops. The significant soil parameters include nitrogen, phosphorus
and potassium (NPK) values, the pH value and moisture
measurements. The machine learning (ML) model, support vector

and some others work on disease detection. An integrated system
addressing all these with the usage of real-time internet of things
(IoT), ML models, that is easily accessible to farmers, is lacking. Some
existing systems are limited by crop variety, scalability and ease of
use, where there is a gap observed in providing a userfriendly
platform that could support holistic decision-making. This work,
titled AgriGuru, aims to bridge this gap with an all-in-one solution
personalised to farmers’ needs.
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The previous decade has seen substantial advancements in
ML and deep learning (DL) approaches in forecasting crop yields
and detecting plant diseases. The identification of patterns within
the available agricultural data by these Al and DL models has
brought in improvements in farm productivity and management of
crops with sustainability. Support vector machines (SVM), K-nearest
neighbours (KNN) and artificial neural networks (ANN) have been
identified as leading ML models for the agricultural challenges
discussed, based on the performance of these models in the
literature survey. Previous research papers demonstrates how
SVM, neural networks, decision tree, Naive Bayes and random
forest models successfully identify crop pests, while random forest
delivers the best predictive results among these approaches. The
field of ML for agricultural disease prediction shows continuing
growth potential because it provides important solutions for the
industry (2, 3).

Plant health anomalies are identified through the visual
symptoms with the help of images of the various parts of a plant,
like leaves, stems and root systems. These can be classified on the
specific types of disease through the mathematical approaches
with pattern matching and statistical functionalities.

An end-to-end ML and DL technique was proposed for plant
disease detection and crop selection. The study demonstrates how
SVM, random forest and Naive Bayes computation techniques
perform when predicting crop yields using structured data.
However, it faces issues when processing unstructured data.
Disease detection and soil-based crop recommendation systems
benefit significantly from applications of DL methods, where CNNs
and RNNs stand out as the preferred analytical approaches. Hybrid
systems composed of ML and DL models result in enhanced system
performance. The goal of this study involves speeding up localised
sustainable agricultural modelling systems, which enhance both
forecasting precision and agricultural protocol effectiveness (4).

The work, proposed by early researchers, makes use of
methods to predict crop yields, by integrating farm data and the
data from experts. Although significant environmental factors such
as rainfall, temperature and soil conditions have been used with
neural networks, the accuracy of prediction has been limited and
the reasons spotted are the temporal gaps in observing the data.
Hence, the authors have suggested new data collection timelines to
increase the model performance (5).

The authors employ ML algorithms on satellite imagery
data to study agricultural output patterns, while making predictions
using harvest prognosis. This research implements K-means
clustering together with Mask R-CNN to track vegetation, but K-
means demonstrates superior accuracy rates for change detection.
Researchers employ ML models such as random forest and linear
regression to make crop yield predictions and random forest
demonstrates superior precision levels. The combination of time
series models, including autoregressive integrating moving average
(ARIMA) and long short-term memory (LSTM), produces improved
modelling accuracy. Vegetation mapping through Python
demonstrates superior outcomes in crop monitoring when
compared to Matlab-based approaches (6).

A Sine Cosine Algorithm Weighted Regularized Extreme
Learning Machine (SCA-WRELM) was proposed, which brings
together ELM with regularisation methods and weighting functions
alongside SCA optimisation for enhanced rice crop yield prediction.
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The framework exists to support yield forecasting accuracy in rice-
producing South Asian regions because precise agricultural plans
are required. This research uses SCA optimisation on Weighted
Regularized ELM (WRELM) parameters to achieve improved
prediction accuracy, which will deliver a dependable system for
managing rice yields in dominant regions (7).

The authors proposed an application of machine learning
algorithms for plant disease prediction, which is examined
alongside the increasing popularity of Al in agricultural research
This research explores supervised, unsupervised and reinforcement
learning model types, which are proven to be suitable for
agricultural challenges (8).

Early researchers demonstrated how the research in the field
of crop disease detection has progressed from using early models,
like the adoption of CNNs, superseded previous agricultural
applications of ANN and k-NN, because these earlier models had
fitting challenges and processing problems. Early disease detection
models achieved strong test results yet performed poorly with big
datasets and generalisations. Research demonstrates that CNNSs,
specifically ResNet, established themselves as powerful solutions
because of their distinctive approach to data processing, higher
accuracy and better handling of large, noisy data. Models like VGG16
and EfficientNetModels were used for specific crop detection, but
their effectiveness was restricted by limited input data and a
restricted focus scope. Acceptable crop disease detection results
come from the combination of CNNs, most prominently ResNet, for
generalised crop disease detection (9).

The authors developed multiple crop disease identification
models with upgraded classification technologies to enhance the
accuracy results. The models Unified Matrix-Based CNN (UMB CNN)
and leaf wetness sensor (LWS) demonstrate effectiveness for wheat
and rice crops simultaneously. However, they face limitations in
their ability to scale across different agricultural systems.
EfficientNet V2 performs disease detection tasks with both better
accuracy and reduced computational complexity across various
diseases. The Dilated Multiple Scaled AlexNet, Ensemble Nonlinear
SVM, augmented CNN and related models require large training
datasets yet employ image segmentation techniques to boost their
performance capability. The failure to implement feature selection
technology prevents real-time deployment (10).

The work presents the RoBERTa-BiLSTM hybrid model that
will help in overcoming long dependencies, lexical diversities and
dataset imbalances while analysing sentiment. The model makes
use of RoBERTa for word embedding generation and BiLSTM for
contextual semantics extraction from text. Experimental results
show superior performance to the baseline models, which
obtained an accuracy of 92.36 % on the IMDb dataset and showed
strong results on the Twitter datasets. Future work includes diverse
datasets and fine-tuning hyperparameters to obtain enhanced
performance (11).

Previous researchers have applied DL techniques for wheat
disease verification. This work uses hyper neural network-based
learning (HNNL) methodology and CNN for improving disease
detection in wheat crops. These have shown better diagnosis of the
diseases with these techniques. The HNNL has helped in detection
by extracting the vital component features required for the same
with the deep learning algorithms that are pretrained models. The
fundamental features are extracted during the initial training
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processes. Standard CNN systems have proven to be excellent in
the classification of disease detection. The study has used 1500
images, which include 11 disease categories and one control
sample. Classification accuracy of 96.46 % has seen when these
techniques are applied. The dataset also has repetition of images
seen with varying perspectives, whole-angle observations, which
have helped improve the reliability of disease detection. Compared
to other methods, HNNL has shown significant improvement.
However, 1500 images may not be sufficient to represent all
variations of wheat diseases (12).

The authors proposed research that connects loT
instrumentation to ML frameworks to develop such systems. The
system evaluates soil quality by examining nitrogen (N),
phosphorus (P) and potassium (K) content, as well as pH values. It
also considered environmental factors such as humidity
measurements and temperature records. The processing methods
utilised here, enhance decision trees and random forests within the
system. Models analyse records in combination with current
information to uncover relationships between variables. Live
operational measurements emerge from environmental sensors,
which feed directly into the system. The system uses current farm
measurements to generate instructions tailored to individual
conditions. Precision farming decisions improve because of soil
analysis optimisation. Machine learning models such as decision
trees and random forests may not generalise well to different
geographical regions without retraining. Also, large-scale real-time
data processing can increase computational complexity (13).

Early researchers have shown that in agriculture, soil
nutrient management can be improved, as well as crop
recommendations can be done better with the integration of loT
and ML. Traditional methods of suggestions given on manual soil
analysis and deciding on crops have been proven inefficient, as they
are labour-intensive as well as rely on subjective assessments. The
usage of loT devices that include sensors for moisture, pH and
nutrients provides real-time data on soil conditions. The ML
algorithms, like random forest, logistic regression and neural
networks, process this data for recommending crops. These have
enabled timely decisions, enhanced resource utilisation, improved
crop yields and promoted sustainable agriculture (14).

The authors have proposed an advanced system to
monitor the crops while identifying any health issues in real-time.
Crop diseases present an ongoing threat to agricultural production.
The worldwide food supply system remains endangered because
of unsuccessful crop production. At present, crops fail to perform as
expected because diseases affect both production rates and farm
revenue. Traditional disease diagnosis through inspections
demonstrates both prolonged duration and substantial
dependency on human judgment skills that produce errors.
Environmental changes detected through IoT technology sensors
enable measurement of environmental conditions. The system
measures  environmental factors  through temperature
measurements and soil moisture monitoring and humidity checks.
The system uses sensors to monitor soil moisture together with
temperature measurements to identify diseases at their earliest
stages. The analysis conducted by ML algorithms searches through
large datasets to detect distinctive patterns and symptoms that
human analysts miss. The random forest classifier method achieves
higher prediction success rates by finding problems early. Through
electronic systems, farmers gain access to essential data points that

allow them to enhance their farming operations. Correct pesticide
applications and water management practices under controlled
farming settings allow farmers to observe crop diseases in
developing stages (15).

Early researchers review the various approaches of ML that
suit prediction systems using classification. They suggest exploring
new crop diseases as soon as they are seen and sharing the same
with farmers or others involved in agricultural work. The next step
has ben to explore more on symptoms, the type of disease,
spreading methods and other risky crops. Further, authors have
explored how different ML algorithms can be applied to these. The
authors also reported, as an outcome of their review, that a
combination of ML algorithms has shown better results in
comparison to the ones used alone (16).

Previous researchers analyse soil-water-air inputs to select
the best crops, determine soil health status and fertiliser needs.
They offer fertilisation advice based on soil testing results. They
make use of previous agricultural data and precipitation records for
decision-making. The system successfully identifies the crops to be
grown for an upcoming season with an accuracy of 85.55 %. The
model analyses soil nutrients to benefit sustainable agriculture and
produce better harvests and higheryields. This technology prevents
crop losses and reduces wastage of valuable resources to improve
farming operations, make every day processes run better. Through
ML-based models, farmers find the best crops for their needs to
support higher income and resource conservation. The paper refers
to soil, weather and water as key factors to achieve effective
agricultural planning (17).

The effect of soil nutrients like N, P, K, pH, temperature,
rainfall, etc., on agricultural production were discussed. The work
also recommends the use of modern methods based on
information technology in place of traditional farming techniques.
They have shown the usage of the KNN algorithm for the prediction
of crops and fertilisers, addressing soil and climatic conditions.
Accurate results are ensured using data pre-processing, feature
extraction and classification steps. This approach has been claimed
to empower farmers in enhancing their yield, reducing costs and
promoting sustainable agriculture (18).

Early researchers have applied Naive Bayes classifiers for
predicting and recommending the crops suitable for the soil,
weather conditions and rainfall. Data sets seen in farmers.gov,
APMC, IMD, etc., are pre-processed and categorised for training and
testing. Rainfall prediction has been done with the SYM model and
the feature selection is done with the correlation matrices. A crop
prediction accuracy of 97 % has been achieved by the model. The
main objective of this work is to aid farmers with a better profit
through maximising crop yield by suggesting the most appropriate
crops for their soil and climatic conditions prevailing. The authors
have listed an Android app and a website for broader accessibility in
their future work (19).

The integration of loT, ML and weather APIs to enhance
crop prediction and aid farmers in better crop selection were
explored. A prototype has been developed which uses loT sensors
and APIs collects physical (N, P, K, pH) and virtual (temperature,
humidity, precipitation, wind) data, communicating via the
message queuing telemetry transport (MQTT) protocol. The
random forest algorithm, achieving 99 % accuracy, was applied to
an 80-20 trainingtesting  dataset.  Predictions and
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recommendations were generated using cloud-based tools like
Jupyter and Anvil. Field tests validated the model's effectiveness for
both swampy and solid soils. Future improvements include
extending weather forecasts to crop life cycles, adding more crops
from local data and allowing user-contributed crop data (20).

The different methodologies used for accelerating crop
yield are discussed by the authors. Various Al techniques, especially
ML algorithms and big data analytics used for precision agriculture
are also discussed. The usage of various crop recommender
systems using KNN, ensemble-based models, neural networks, etc.
have been demonstrated (21).

The authors have come up with precision farming method
using loT and a new method named Crop Yield Prediction
Algorithm (CYPA). To forecast annual crop yields, the integration of
data of various kinds, like chemical, climate, meteorological and
agricultural yields, with CYPA was used by policymakers. The
authors wanted to aid farmers and decision makers with a decision
support tool to analyse meteorological data specific to regjons,
predicting agricultural yields. The optimisation of CYPA was
implemented by including active learning implementation, which
reduced the requirements of labelled data for training. Fresh
samples were used for labelling in this active learning, which in turn
supported CYPA with field environments like pest outbreaks or
unpredictable weather conditions (22).

The authors discuss their observation that the agricultural
productivity and crop quality are significantly reduced by plant
diseases. Identification of leaf diseases, when done early and
accurately large-scale crop losses can be prevented. Traditional
disease detection methods were not always accessible, as they
were time-consuming, demanded expert inspection, which was
very expensive. Hence, the automatic leaf disease detection using
image processing and ML methods is recommended to overcome
these challenges. These techniques analyse leaf images and
identify the patterns of diseases accurately. The authors aim to
extract the hybrid features from leaf images and apply the
supervised ML algorithms like SYM, random forest, KNN and ANN to
classify the diseases. Datasets or images shot by a camera of both
healthy and diseased leaves are considered, which have different
lighting conditions and varying backgrounds. The leaf images that
are labelled are used by the classifier for training and to predict the
classes of diseases of new images (23).

As an outcome of the literature survey the summarised
information is that the set objectives of crop recommendation, crop
disease detection and yield prediction and in comparison, to the
standalone models, integrated frameworks exhibit a superior
performance. The work done earlier focus on any the above three in
isolation which is a limitation of their practical applicability in the
real-world decision making. The decision of the hybridisation done
in Agriguru instead of the usage of single ML or DL algorithm, results
in robust predictions. The multimodal approach of using plant
images, soil parameters and climatic conditions benefits the system
as heterogenous data sources are used. The limitations observed
are the dataset greatly influences the performance as they are
specific to certain regions, soil, type of crops etc. The usage of DL
models increases accuracy at the cost of computational complexity
making deployment in real-time a challenge. Infrastructure
limitations and power consumption may become a challenge in
areas in which agriculture is practised. The black-box nature of DL
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algorithmsi.e., the opaqueness observed in the inner working of the
deep neural network justifying their outputs, reduces trust in the
end users who may prefer a decision-making system which is
transparent.

This work implements agricultural-based research that
integrates ML algorithms, DL techniques and loT capabilities. These
loT sensors such as soil moisture, temperature, humidity, pH and
NPK sensors, help in sensing the current crop parameters and use
this data for disease detection of different plants. The ML
algorithms, like random forest and SVM, are fed with required
inputs like NPK levels, moisture levels and pH readings and
combined with temperature and humidity data, which are
processed and used to assess the soil. The CNN model is trained
with leaf images and is used to detect diseases accurately. The
system gives precise yield predictions with the usage of the decision
tree algorithm, which makes use of previous crop yields,
environment metrics and indicators of soil health.

Materials and Methods
Methodology

The crop recommendation system starts with the collection of
sensor data related to soil moisture, temperature, humidity, pH
levels and NPK sensors (Fig. 1). Soils from different regions - Raichur,
Tumkur and Bangalore have been used for experimentation to
check for real-time data. This data is to be cleaned, normalised and
formatted, which are the various tasks in the pre-processing stage of
a ML model. The crop recommendation system then analyses the
data from the pre-processed stage and generates the output. These
recommendations are then displayed to the user through the
application.

SENSOR DATA

Soil moisture, temperature,

humidity, pH, NPK sensors

r
'8 y

DATA PRE-PROCESSING

Clean, normalise and format data

4
' o

RECOMMENDATION MODE

Machine learning model

OUTPUT GENERATION

Displays recommendations to the

user

WEBSITE / PLATFORM

Fig. 1. Crop recommendation.
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Accurate predictions and reliable decisions are possible
with the integration of historical yield statistics, weather patterns
and plant images. A single smart framework includes these three
agricultural capabilities that support sustainable farming
operations. This aids farmers in planning their tasks as transparent
actions, with clear information provided to them through the
refined operationsin the application.

The plant disease detection system here involves various
steps. As seen in Fig. 2, it starts with the uploading of the image of the
plant. This image is then resized, normalised and enhanced as part
of pre-processing. This pre-processed image is then sent for analysis
by a DL model that has been designed for disease detection. The
results are displayed to the user through the application.

7~ \

USER UPLOADS IMAGE

User takes or uploads a picture
of the plant

r

IMAGE PRE-PROCESSING

Resize, normalise and enhance the image

DISEASE DETECTION MODEL

Deep learning model

OUTPUT GENERATION

WEBSITE / PLATFORM

Displays disease detection results to user

YIELD PREDICTION

y

INPUT PARAMETERS

* Year

* Area (Country)

* Crop Item (e.g. Maize)
« Pesticides (tonnes)

« Average Rainfall (mm/yar)
« Average Temperature

('C
MACHINE LEARNING
MODEL

DECISION TREE

¢

PREDICTED
CROP YIELD

Fig. 2. Plant disease detection.

The vyield prediction system starts by acquiring essential
input variables like year, country, crop type, pesticide usage,
average rainfall and temperature (Fig. 3). These are critical
parameters that influence crop production. The system processes
the gathered data through a decision tree algorithm to analyse
patterns based on historical facts and environmental elements. It
then generates estimated crop harvest amounts to support farmers
in their planning and decision-making processes.

The selection of ML models has been based on data
characteristics, predictive performance, computational efficiency
and practical deployment constraints in agriculture. The SVC has
been used because it performs well on structured data, can model
complex relationships and gives accurate results. For disease
detection CNN has been chosen as this can automatically learn
important features while processing images. For yield prediction a
decision tree model has been chosen as this works with less
computing power even with complicated models.

Fig. 3. Crop yield prediction.

The hyperparameters in SVC are set and the justification for
the same are also briefed. The kernel is set as radial basis function
(RBF) as this supports in capturing nonlinear relationships between
soil nutrients (N, P, K), temperature etc. The balance between
minimising classification errors and maximising the decision
boundary margin is done by the regularisation parameter C which
is set as 10 balances margin maximisation and misclassification. It is
observed that lower values underfit, higher values overfit. To avoid
overly complex decision boundaries and ensure moderate
influence of data points, the gammavalue is set to 0.01.

The hyperparameters in CNN based disease detection
model has been set with the following hyperparameter details. The
number of hidden layers used is 2 and filter size used is 3 x 3 with
rectified linear unit activation function, adaptive moment estimation
optimiser and adaptive learning. The model has been trained with
30epochs.

As the depth is an important parameter in decision trees,
maximum depth has been set to 10 as this avoids trees that are
overly deep avoiding memorising of noise. To ensure meaningful
splits, the minimum samples split is set as 5 and the minimum
samples leaf has been set as 2 to improve generalisation. The
criterion has been set as squared error as it works well for continuous
yield prediction.

Real-time environmental and soil data consisting of NPK
values, pH levels and temperature information are gathered
through loT sensors during the initial phase. The first stage involves
data cleaning, which removes noisy and inconsistent information
from the input before proceeding to the next step of data
preparation. The data preparation step applies normalisation
combined with augmentation to achieve stable and performant
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data conditions for subsequent analysis. A testing set, along with a
training set, gets established from prepared data, which builds
strong ML models. Such models require five essential input
parameters, which include nutrient levels together with humidity
levels and soil moisture, temperature data and images regarding
diseases.

The next step of the system operates a three-part functionality
model.

e Soil and climatic factors serve as input for the crop
recommendation to determine the optimal crop selection.

o The disease detection system implements CNNs to analyse plant
leafimages so it can detect plant infections at their earliest stage.

o The yield prediction module that uses decision trees and makes
estimates of the yield, which is dependent on the environmental
factors as well as the cultivation parameters (Fig. 4).

DATA
COLLECTION AND
STORAGE

¥
DATA CLEANING

!

DATA
PREPROCESSING

I
MODEL BUILDING

|
Y N

TRAINING SET TESTING SET

INPUT PARAMETERS
NPK « HUMIDITY
PH * TEM PIOISTURE
TEMPERATURE « DISEASE PLANT
SOIL MOISTURE IMAGE

x
CROP DISEASE YIELD
RECOMMENDATION DETECTION PREDICTION
RECOMMENDED PREDICTED
CROP YIELD
PREDICTED
DISEASE

Fig. 4. Integrated crop recommendation and plant disease detection
system.

The models have been trained and tested using the Kaggle
datasets crop recommendation for recommendation of crops and
the PlantVillage dataset for disease detection. In addition to the
above, the field testing has also been done using soils from three
different regions in Karnataka-Raichur, Tumkur and Bangalore.
Sensor data have been collected in real time and the parameters
suchas N, P, K, pH, moisture etc. are used for testing the model. For
disease detection, the model has been tested with real time images
of leaves collected from local botanical garden.

As seen in this Fig. 4, a single framework is used to suggest
precise agricultural decisions on the proper selection of the crop, as
well as give timely warnings on diseases. The Flask platform is used
to deploy such a system, which offers scalable features and
provides ease of use, scalable and reaktime functionality that
targets ecological sustainability and better production.
Implementation
Input modules (sensors used)

1. Soil moisture sensor:

Measures soil moisture levels that help in determining the need for
irrigation. This also aids in optimal usage of water influencing better
crop health.

2. Ultrasonic sensor

Detects obstacles using ultrasonic waves. This facilitates safe
navigation for automated systems such as robotic irrigation.

3. NPK sensor

This sensor helps in measuring the N, P and K levels in soil. This
supports in determining soil fertility and in turn, in recommending
suitable fertilisers.

4. pH sensor

Measures the acidity or alkalinity of the soil. Essential for
determining the suitability of soil for different crops.

5. Temperature and humidity sensor (DHT11/DHT22). This
monitors atmospheric conditions, including temperature and
humidity. This helps in climate-based crop recommendations.

Control units
1. Arduino

This processes data from all sensors. Controls motors and makes
real-time decisions based on inputs.

2. ESP32

This manages the web interface for remote monitoring and control,

as well as integrates GPS for tracking the location of the system.
This also controls servos for various mechanisms like irrigation and

spraying.
Output Modules
1. LEDdisplay /LCD screen

This shows real-time sensor readings (NPK values, pH, moisture,
temperature, humidity). This also displays crop recommendations
based on collected data.

2. Cloud data storage (AWS IoT /firebase)

This storage sends sensor data to the cloud for remote monitoring
and analysis, as well as stores historical data to track soil health
trends overtime.

3. Automated irrigation system

This has a feature that allows turning on/off water pumps based on
soil moisture levels. This also ensures efficient water usage.

4. Mobile/Web interface

Users can remotely monitor soil conditions and crop
recommendations. This provides alerts and notifications for
irrigation and fertilisation needs.

Here, Fig. 5 provides sensor details, which are crucial in data
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collection for the ML models. The sensor data serves as the input,
influencing the overall model performance and accuracy. The loT
model is shown in Fig. 6. The effectiveness of each algorithm
depends on how well it interprets and processes this sensor data,
contributing to the variations in accuracy are observed in the
Table 1 below.

An loT is designed for smart agriculture and consists of an
NPK sensor, pH sensor, soil moisture sensor, temperature and
humidity sensor and LED display.

The sensors are used to provide data on the real-time soil
and environment, which can be processed and displayed on the
screen. In view of better crop management, this data is transferred
to the AWS cloud for storage and further analysis, resulting in
efficient monitoring and better decision-making,

Real time challenges such as computational cost, internet
dependency, latency, or performance in low-connectivity rural
environments can be evaluated with field deployment which is
included as a part of future work.

The datasets used are the ones stated below
1. PlantVillage dataset

https://www.kaggle.com/datasets/abdallahalidev/plantvillage-
dataset?resource=download

2. Crop recommendation dataset

https://www.kaggle.com/datasets/atharvaingle/crop-
recommendation-dataset

Results and Discussion
Crop recommendation system

The dataset used for crop recommendation considers data
preprocessing, exploratory data analysis (EDA) and appropriate ML
models for classifying and recommending crops. A comprehensive
analysis was conducted to evaluate model accuracy and
performance.

ol
40
A
(i
bl

Fig. 6. Internet of things (IoT) model.
Dataset overview
o Thedataset consists of 2200 entries with 8 columns:
N, P, and K (macronutrients in soil)
Temperature, humidity, pH, rainfall (Environmental conditions)

Label (crop type)
o No missing values are found and the dataset appears clean.

o Thetraining testing split has been 80 % and 20 % respectively.
Model performance and accuracy

The crop recommendation system was evaluated using various ML
models, achieving the following accuracies.

Overall, ensemble models (Naive Bayes, decision tree and bagging)
performed exceptionally well.

ARDUINO UNO ESP32

NPK Sensor

Soil moisture sensor

DHT11 (Temperature and Humidity)

pH sensor

Fig. 5. Internet of things (loT) sensors used for collecting soil and environmental parameters.
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Table 1 presents the accuracy comparisons of various ML
models. Among them, random forest achieved the highest
accuracy at 99.09 %, followed closely by bagging (98.86 %), decision
tree (98.63 %) and Naive Bayes (98.54 %). Models like gradient
boosting (98.18 %) and support vector machine (96.81 %) also
demonstrated strong performance. However, AdaBoost exhibited
significantly poor accuracy at 14.09 %, indicating its inefficacy for
this task. AdaBoost has a much lower accuracy rate (14.09 %) than
other models as it is more sensitive to noisy and misclassified
samples. However, AdaBoost sequentially emphasises incorrectly
classified instances, which increases the effect of noise and outliers.
This is different from ensemble methods like random forest, which
reduce variance through parallel learning, These factors together
make it perform worse.

The model's performance was also tested for values
collected in real-time from soils of three different regions.

Table 1. Accuracy comparison of different models

Model Accuracy (%)
Logistic regression 96.36

Naive Bayes 98.54

Support vector machine 96.81
K-nearest neighbours 95.90

Decision tree 98.63

Random forest 99.09

Bagging 98.86
AdaBoost 14.09 (poor performance)

98.18
92.95

Gradient boosting

Extra trees

Plant disease prediction using convolutional neural networks
Dataset overview

The work utilises the PlantVillage dataset from Kaggle, which
contains a vast collection of labelled images depicting healthy and
diseased plantleaves. The training testing split has been 80 % and
20 % respectively.

Model architecture
Convolutional neural network

The work implements a CNN model designed to extract features
from leaf images and classify them into respective disease
categories. The CNN based disease detection model has the
following architectural details. The number of hidden layers used is
2 and filter size used is 3 x 3 with rectified linear unit activation
function, adaptive moment estimation optimiser and adaptive
learning. The model has been trained with 30 epochs.

Model performance and accuracy

While the specific accuracy metrics of the model are not detailed in
the provided information, similar studies have demonstrated high
accuracy in plant disease detection using CNNSs. For instance:

e Early prediction of plant diseases using CNN and generative
adversarial networks (GANSs): This study achieved a classification
accuracy of 97 % using a CNN model and improved to 98 % by
incorporating GANs for data augmentation.

e The model’s performance was also tested using real images of
leaves during disease detection.

o Deep learning-based model for plant lesion segmentation: This
research reported an average accuracy of 92 % in lesion
segmentation and up to 99.04 % in lesion subtype recognition for
certain plants.

These studies indicate that CNN-based models can achieve high
accuracy in plant disease detection tasks.

Data augmentation

As mentioned above, for plant disease prediction, CNN has given a
classification accuracy of 97 %, without applying data
augmentation. When data augmentation was incorporated using
GANS, the accuracy improved to 98 %.

Model optimisation

Incorporating advanced techniques such as squeeze-and-
excitation blocks and residual skip connections can further
enhance the model's ability to detect and classify plant diseases
accurately. The integration of CNNs in plant disease prediction
offers a promising approach to accurately identify and classify
various plant diseases. By leveraging comprehensive datasets and
advanced DL techniques, such models can significantly aid in early
disease detection, thereby contributing to improved crop
managementand yield.

Crop yield prediction using a decision tree
Dataset overview

The yield prediction model operates on structured agricultural
data, which contains historical environmental factors such as year,
country, crop types, like coffee, cotton, jute, maize, mango etc.,
together with pesticide usage and metrics of average annual rainfall
(in mm) and average temperature (°C). The data points provide
critical knowledge for creating models that study different factors
affecting crop yields.

Model architecture
Decision tree algorithm

As the decision tree can analyse the numerical data effectively as
well as the categorical data, it has been considered as the base
model for this work. As this method considers the feature
thresholds that are identified for branching when the dataset is
segmented, it is easier to visualise and interpret the dataset.

Input parameters
Year: The year of cultivation.

Area: The geographic region or country. Average rainfall: Annual
rainfall (mm/year).

Average temperature: Mean temperature (°C).
Model output

The model presents its analysis through predicted crop yield,
establishing agricultural productivity predictions based on
historical data and climatic patterns. This prediction assists farmers
and agricultural planners in resource allocation and risk
assessment.

Model performance and accuracy

Decision tree models demonstrate reliable performance for yield
forecasting, according to current industry understanding. While
exact metrics for this specific application are not provided, previous
field research works dealing with similar data have reported
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successful results consistent with the performance of this work. The
proposed work applies machine leaming techniques for
agricultural yield prediction demonstrating 85-90 % prediction
accuracy. Decision trees matched random forests in terms of yield
prediction during the study, while using fewer computational
resources than other regression models. The screenshots of the
user interface designed to help farmers know the crop
recommendation system and disease detection system (Fig. 7-14).

Conclusion

® Discover the Future of Farming with AgriGuru

Welcome to AgriGuru

Explore Our Services

Modern technologies such as precision agriculture and smart
farming systems help advance agricultural production and
contribute to India’s economic development. The proposed system
integrates plant disease detection, crop recommendation and crop
yield prediction using convolutional neural networks, support
vector classifier and decision tree algorithms. The deployment of
loT sensors enables reaktime data acquisition on nitrogen,
phosphorous and potassium (NPK) values, soil moisture,
temperature and humidity, which enhances the precision of all the
forecasted outcomes.

Fig. 7. Home page.

= e e e a—s=

Welcome to AgriGuru L

Join Yoday « Stan Your

Fig. 8. Register and login.

Smart Crop Prediction

XOBONS b

About Our Project

Smart yield Prediction

Dased 0n curment $o sing Al we detect polential diseases

Disease Detection

g be eipHng you take act

Fig. 9. Our services.
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Home  About  Crop Recommendation  Yield Predicion  Disease Detection

Grow Smarter, Not Harder ¥ — Your Crop Recommendation Awaits!

& Crop Recommendation System

Input Details

Nilrogen Phosphorus Potassum

Humidty (%)

Ramfall (mm)

Fig. 10. Crop recommendation system.

Home About Crop Recommendation Yield Prediction Disease Detection

Choose File

Plant Disease Detection

Upload an image of the plant leaf to detect any potential diseases. Supported formats: PNG, JPG, JPEG.

Select an Image:

@ Predict Disease

No file chosen

Fig. 11. Plant disease detection.

s e

Prediction Result

The Model Predicts:
Potato___ Early_blight

C Try Ancther image

'ﬁm

Fig. 12. Plant disease detection results.
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Home  About  Crop Recommendation  Yield Prediction  Disease Detection M

D af 1
Before!

, Crop Yield Prediction Per Country @

Input All Features Here

Average Rainfall (mmvyear)

1485

Averago Temperature (*C)

Unlock The Power Of Precision Predict Your Crop's Yield Like Never

11

16

Fig. 13. Crop yield prediction.

Home About Crop Recommendation Yield Predchon Drsease Detection

Predict Your Crop's Yield Like Never

Average Terpershre ('C)

Predict Yield

Predicted Yield:

Fig. 14. Crop yield prediction-Results.

With the help of this system, farmers can detect diseases well in
advance, while receiving specific crop recommendations and
accurate yield forecasts to guide better choices and resource
utilization. The easy-to-use interfaces on web and mobile platforms
help different groups of farmers to quickly adapt to this system. The
future work may include a system that amalgamates features that
combine disease prediction capabilities with wholesale market
price forecasts for enhanced sustainability of agriculture. Also, the
future work orients towards removal of dataset bias, a greater
number of real-time leaf images for training and testing of disease
detection model and real-time field deployment to evaluate the
challenges such as cost and usability.
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