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ABSTRACT

Modern agricultural approaches now include precision farming as a crucial element, with smart
agriculture devices providing essential data on crop disease, soil nutrient levels, and
recommended fertilizer applications.This research presents a convolutional neural network
(CNN) based smart agriculture system for nutrient analysis and crop suggestion based on soil
photographs of five different types of soil: cinder, black, peat, yellow, and laterite. The suggested
system consists of a nutrient analysis and crop recommendation model based on CNN, an image-
capturing device, and a user interface. In order to accurately predict the best crop and fertilizer
for a given soil type, the system uses an image-capturing device to take soil images. The CNN-
based model is then used to process the images. This model is trained on a large dataset of soil
images along with associated crop types, nutrient content, and recommended fertilizers. Farmers
can interact with the system through the user interface to receive crop recommendations, nutrient
analyses, and fertilizer recommendations based on the images of the soil that were collected.
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L. INTRODUCTION

Smartfarmingisamodernapproachtoagriculturethatutilizesadvancedtechnologytoincreaseyields,r
educe costs, and improve the overall efficiency of farming operations. One aspect of smart
farmingis the use of soil detection and crop recommendation using Convolutional Neural
Networks (CNNs)[1].This involves using image recognition algorithms to analyze images of
soil ~and crops and using  thisdatato = makerecommendationsonwhatcropsto
plant,howtocareforthem,and whento harvest.Byusing these advanced techniques, farmers can
make more informed decisions and optimize theirfarmingpractices
tomaximizeyieldsandreducewaste.

Smart agriculture systems have been gaining traction in recent years due to the need to
optimize cropproduction, reduce crop losses, and improve overall farm efficiency. One key
technology used in smartagriculture is Convolutional Neural Networks (CNNs), which can
analyze images of crops and soil to extractvaluable information for farmers. This report will
explore how CNNs can be wused in smart agriculture toanalyzesoilimages
forcroprecommendation, nutrientsandsoiltype, rainfall, temperature,andcropillness.
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By assisting farmers in making knowledgeable decisions about which crops to plant and how
much fertilizer to use, the suggested approach can boost productivity and cut down on resource
waste. Because of the system's adaptability, modern farming practices can be adopted in a
variety of agricultural contexts, increasing their production and efficiency. About 6000 photos
from the Kaggle soil image dataset were used. The Gaussian difference approach is used for
image preparation.

The model receives data from the soil pictures. The proposed approach addressed the problem of
class imbalance by using picture augmentation to obtain high accuracy. The InceptionV3 deep
learning classification model analysis for our project's automated dirt picture detection. To
demonstrate the resilience and dependability of the suggested strategy, a number of additional
performance-related parameters have been provided.

Smart agriculture systems using CNNs provide more accurate and detailed information about

soil type, nutrient content, and crop health. Traditional farming practices rely on manual testing
and analysis of soil samples, which can be time-consuming, labor-intensive, and often provide
limited information. In contrast, smart agriculture systems using CNNs can analyze soil images
and other data to provide farmers with accurate and detailed information about soil composition,
nutrient content, and crop health. Farmers can use this information to make better-informed
decisions on pest control, soil management, and crop selection. [2] Smart agriculture systems
using CNNs can provide real-time weather forecasts and make recommendations for irrigation
and crop management practices. Conventional methods rely on subjective observations of
weather patterns and crop health to make decisions about irrigation, fertilizer application, and
pest control. This can lead to suboptimal crop yields, low-quality crops, and higher costs due to
inefficient use of resources.

In contrast, smart agriculture systems using CNNs can analyze rainfall and temperature patterns

to provide farmers with real-time weather forecasts and make recommendations for irrigation
and crop management practices.By doing this, farmers may maximize crop yields and minimize
losses brought on by unfavourable weather.Smart agriculture systems using CNNs can detect
signs of crop illness and provide early warning to farmers, which can help them take preventive
measures before the illness spreads to other crops. Traditional farming practices rely on visual
observations to detect signs of crop illness, which can be difficult and time-consuming. In
contrast, smart agriculture systems using CNNs can analyze crop images to detect signs of illness
and provide early warning to farmers.

This can help farmers take preventive measures before the illness spreads to other crops and

reduce losses due to crop illness. Smart agriculture systems using CNNs can promote
sustainable farming practices by optimizing resource use and reducing environmental impact.
Conventional farming practices may rely on excessive use of water, fertilizer, and pesticides,
which can lead to environmental degradation and reduce the land’s long-term productivity. In
contrast, smart agriculture systems using CNNs can provide farmers with real-time
recommendations for resource management, which can help optimize resource use and reduce
environmental impact. Smart agriculture systems using CNNs offer many advantages over
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conventional farming practices for crop recommendation, soil analysis, and weather
forecasting. [3]

These systems can provide farmers with accurate and detailed information about soil type,
nutrient content, and crop health, and make recommendations for crop selection, soil
management, and pest control. Additionally, they can provide real-time weather forecasts and
detect signs of crop illness, promoting sustainable farming practices and optimizing resource
use. Farmers may ensure the long-term productivity of their land by optimizing crop yields,
minimizing losses, and promoting sustainable farming practices through the use of CNN-based
smart agricultural systems.

Objectives

The primary goals of the project are:
e To develop a smart agriculture system that uses CNN to analyze soil images and provide
accurate recommendations for crop selection, soil management, and pest control.
e To provide farmers with real-time information about soil composition, nutrient content,
and crop health using the CNN model. [5]
e To develop a web application that allows farmers to access and visualize the
recommendations provided by the CNN model.

e To detect signs of crop illness and provide early warning to farmers using the CNN
model [6].

II. METHODOLOGY
In this study, Convolutional Neural Network has been employed to enhance the capability of
Smart Agricultural practices, which include the following:
a) SoillmageAnalysis for CropRecommendation
CNNs can analyze images of soil samples to identify the type of soil, its nutrients, and its
properties.Subsequently,thisdatacanbeutilizedtosuggestthemostsuitablecropstocultivateinthatpa
rticularsoil. Forexample, if the soil is rich in nitrogen and phosphorus, the CNN might
recommend planting corn or wheat,while if the soil is alkaline, the CNN might recommend
planting crops that prefer high pH, such as beets orasparagus. Additionally, the CNN can take
into account other factors such as temperature, rainfall,
andsunlighttofurtheroptimizecroprecommendations.

b) NutrientandSoilTypeAnalysis
Inadditiontocroprecommendation,CNNscanalsoanalyzesoilimagestodeterminethenutrientconte
ntandtype of soil. This information can help farmers make informed decisions about soil
management practices,such as selecting the appropriate fertilizer or amending the soil to
improve its nutrient content. The CNN canalsomonitorchangesinsoilnutrientlevelsovertimeand
adjustrecommendationsaccordingly.

¢) RainfallandTemperatureAnalysis

CNNscanbetrainedtoanalyzesatelliteimagestodeterminerainfallpatternsandtemperaturesinaparti
culararea. This information can help farmers optimize irrigation and crop management
practices based on currentweather conditions. For example, if the CNN detects a prolonged
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period of dry weather, it might recommendadjustingirrigationpracticesorplantingdrought-
resistantcrops.

d) CroplllnessDetection

CNNs are able to recognize symptoms of stress or sickness by analyzing photographs of crops.
Farmers can use this information to identify crop illnesses early on and take the necessary
precautions to stop the disease from spreading. For example,the CNN might detect early signs
of leaf wilting, which could indicate a fungal infection. The farmer
couldthentakestepstotreattheinfectionbeforeitspreads tootherplants.

The architecture of the CNN used is discussed in following section.
InceptionV3Architecture:
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The figurel shows the inception architecture:

e The Inception V3, an advanced Convolutional Neural Network (CNN) model, is
employed for
imageclassification.ItisanimprovediterationoftheoriginallnceptionV Imodel,alsoknown
asGooglLeNet,whichwas createdbyaGoogleteamin2014.

e InceptionV3hasachievedgoodclassificationperformance
inseveralbiomedicalapplications.HencewetriedusingInceptionV3architecture
inourmodel.

e Inception V3 is a convolution neural network that is 48 layers deep, a bit higher than
the previousinceptionmodels. The efficiencyofthismodelistrulyremarkable.

e Eachlayerconsistsofconvolutionfilters, avgpool,
andsomelayerscontainmaxpoolandeverylayerisfollowedbyacontacttocombinethe

outputsofallthefilters.

e Thesearefollowedbyfullyconnectedlayersanda softmaxlayer.
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A web application is a piece of software that operates on a web server and is accessible to users
via a web browser on the internet. Web applications can be used for a wide range of purposes,
including e-
commerce,socialnetworking,contentmanagement,anddataanalysis.Forsoilanalysis,awebapplicatio
n [7]couldbedesignedto  allowuserstouploadimagesofsoilsamplesandgetback  resultsonthe
soilproperties.Here'sa generaloverview ofhow sucha webapplicationcouldwork:

e Theuser accessesthewebapplicationusing awebbrowser.

e Theuserispresentedwithaformthatallowsthemtouploadanimageoftheir soilsample.

e Theuseruploadstheimage,

andthewebapplicationprocessestheimagetoextractinformationaboutthe soilproperties.
Thewebapplicationpresentstheuserwiththeresultsoftheanalysis,whichcouldincludeinformationab
outsoiltype,nutrientcontent,pHlevels,andotherrelevantproperties [8]

Tools Used

1. Google colab
Google Colab is a cloud-based Jupyter notebook environment provided by Google, allowing
users to write and execute Python code seamlessly in a web browser. It offers free access to
powerful computing resources and facilitates collaborative coding and data analysis. [9]
2. Tensor flow
TensorFlow is a powerful open-source machine learning framework developed byGoogle. It
provides a comprehensive ecosystem for building and deploying deeplearning models,
enabling efficient computation on both CPUs and GPUs.
3. Keras
Keras is a popular deep learning library written in Python that provides a user-friendly interface
for creating and training neural networks. It allows for efficient prototyping and supports both
CPU and GPU computations.
4. PyCharm
PyCharm is a powerful integrated development environment (IDE) specificallydesigned for
Python programming. It offers a wide range of features such as intelligent code completion,
debugging tools, and support for version control systems. [10]

5. Language: Python

6. Jupyter Notebook
Using the interactive web application Jupyter Notebook, users may create and share
documents with live code, equations, graphics, and narrative text. It is extensively utilized
for activities related to scientific computing, machine learning, data analysis, and
visualization.
7. Flask
Flask is a popular Python web framework known for its simplicity and flexibility.It allows
developers to quickly build web applications with minimal boilerplate code and offers
powerful tools for routing, templating, and handling HTTP requests. [11]

III.  RESULTS AND DISCUSSION

The results are presented in three parts, starting with the Architecture results of Inception V3,
followed by performance parameters and finally the screenshots of web App designed.
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Summary of Inception V3
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Fig2: Summary of Inception V3
The Inception V3 model is trained using a batch size of 8 and 20 epochs, as shown in figure 2.
We obtained a validation accuracy of 97.6% with a validation loss of 0.0001 and a training
accuracy of 93.7% with a loss of 0.2081.

Train accuracy

train _—‘.___-_-_-__J__,________.-—-..___..-—-——-——-
T ¥ T w e - * -
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Fig 3:

Train accuracy
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The graph in Figure 3 above illustrates the relationship between accuracy and epochs. The Y-
axis shows training accuracy, and the X-axis shows the number of epochs.
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Fig 4: Train Loss

The graph in Figure 4 above illustrates the relationship between loss and epochs. The Y-axis
shows  training loss, and the X-axis shows the number of epochs.
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Fig 5: Validation accuracy
The graph in Figure 5 above illustrates the relationship between loss and epochs. The X-axis
shows the number of epochs, while the Y-axis shows the correctness of the validation.
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Soil Classification

%

uw

-

=2 - 250

%

(F5]

= Z00

£

L]

E
£ - 150
e

=

—

3 - 100

et

0

(=™

B = S0

i

= o 1 6 1

o

-0

Laterite Soil  Peat Soil Yellow Soil

Prediction

Fig 6: Relationshipbetweentrueand predicted class

Black Soil  Cinder Soil

The link between true and anticipated class is seen in the above matrix. Predicted classes are
shown on the X-axis, and true classes are shown on the Y-axis.

Web Page:
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Fig 6: Login page
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Uplead Your Image :
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Choose Flle | No file chasen

Crop Recommendation for Yellow Soil
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Nellow soil nitrogen Rice ropical climateBihar Fungal diseases  |Nirogen
[T phospnomuse com T Unarknana Bacterial diseases [Phosphorus
potassium  (wheat Ornssa Viral disease Fotassium
| \calcium su'éabean:s [Tamil Nadu :nsecl‘ﬁesldiseaseédmpds'i )
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| Balanced ferilizer
[ Logout |

Fig 7: Crop recommendation for yellow soil

Upload Your Image :

Choose File | No file chosen
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Crop Recommendation for Peat Soil
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potassium [cranberries cold winter |Asia nutrients deficiencies synthetic fertilizer
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Logout
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Upload Your image :

Fig 8: Crop recommendation for peat soil
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Fig 9: Crop recommendation for Laterite soil
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Fig 10: Crop recommendation for cinder soil

178



JOURNAL OF BASIC SCIENCE AND ENGINEERING

Upload Your Image : };Cl}opie Ellg No file chosen

Your Prediction : Black Soil

Crop Recommendation for Black soil
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amot | [
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Fig 11: Crop recommendation for Black soil

The figure 7,8,9,10 and 11 shows the crop recommendation for the particular soil
type,weather,region,illness and fertilizer details.

IV.  CONCLUSION AND FUTURE SCOPE

Inception V3 has been deployed for predicting soil composition, nutrient content, and crop
health. Farmers who use smart agricultural solutions on their farms can reduce water
consumption by up to 85% and energy consumption by up to 50%. They also claim a 40%
increase in crop output at a 40% decrease in fertilizer and chemical treatment costs, as well as a
60% decrease in losses due to human error. Web App can be conveniently used for to access and
visualize the recommendations.

The implementation of CNN can be optimized and customized for better computation efficiency
and low latency. Also, information database provided to the farmers can be expanded to
accommodate disease prediction and better agricultural practices.
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