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Abstract: Today, technology makes the management of soil health the key to sustainable, high-yield agriculture. This article
discusses a new approach using artificial intelligence and deep learning to understand the nutrients needed in the soil and
provide fertilizer guidelines for advanced agriculture. We are using modern agricultural technigques, coupled with artificial
intelligence, to develop a new way to protect soil that is more convenient, accurate and intelligent. Our study uses complex
soil data to accurately predict soil water scarcity. We found a special algorithm. In addition, we have proposed an Al-driven
fertilizer recommendation system that can customize different solutions for different soils. This research not only aligns Al
with the practical needs of agriculture, but also creates new and more useful technologies for future smart agriculture
innovations, promoting more advanced smart agriculture, fewer environmental risks, and smarter sustainable development.
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1 Introduction

1.1 Background and significance of soil health
research

Soil health: This is essential for the growth of
agricultural crops and the protection of agro-ecosystems.
Understanding and managing the nutrients required by the
soil will affect the quality of crops and food production.
Traditional land management and fertilizer methods are
effective but not precise and flexible enough, especially
given changing environmental and agricultural needs. And,
because of the lack of artificial intelligence to implement
regulation, it is always not precise enough.

1.2 Precision Agriculture Overview

Based on technologies such as GPS, remote sensing,
and the Internet of Things (10T), this approach helps farmers
grow more precisely and efficiently, but there is still room
for improvement. This is also a fairly new theory, especially
with the addition of artificial intelligence and deep learning
to agricultural production, which is a new field.

1.3 In-depth study of artificial intelligence and
the role of modern agriculture.

Artificial intelligence and deep learning have
transformed many industries. But for agriculture, artificial
intelligence is still a new thing. Artificial intelligence is the
key to learning vast amounts of agricultural data to make
smarter decisions. These decisions must be informed in
order to make the most accurate decisions. In terms of soil
health, Al can calculate the required nutrients based on the
exact needs of the soil and crops, and then fertilize the
plants according to the needs of the soil and plants.

1.4 Research objectives and scale

Therefore, in this article, we want to create and test a
deep learning-based framework to lay the foundation for in-
depth study of nutrient analysis and make recommendations
regarding fertilizers. We use algorithms to process complex
soil data to predict nutrient deficiencies in the soil and
provide the right fertilizer composition for crop growth. We
hope that this approach will more effectively protect soil
health, promote sustainable agricultural development, and
meet the demand for high-quality, smart and clean
agriculture.Literal review
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2 Literature Review

When we talk about land health, there are a lot of
traditional approaches that we're also looking at. For
example, in foundation testing, we add organic compounds
to the soil for modification, thereby changing the
environment in which the plants grow. Recently, many
people have widely discussed the importance of soil
microorganisms and their contribution to plant growth, or
potential harm. In addition, natural fertilizers and organic
matter are not only good for the soil, but also for the planet

We think that the development of agriculture is really
about technological innovation, and we use sensor
technology like GPS and iot tools to better understand the

condition of crops and soil. More recently, there has been
the emergence of black technology that allows drones to get
a bird 's-eye view of fields, allowing for more detailed data
on plant and soil health.

At present, artificial intelligence and deep learning are
gradually becoming the hot field of agricultural technology.
These advanced technologies can help us determine whether
crops have disease, predict crop yields, and even distinguish
between different species. In particular, through
convolutional neural networks, deep learning techniques are
able to analyze photos taken from above to determine
whether a crop lacks enough nutrients.

To put all this into perspective, let's have a look at a

table.
Technique H Old-School Ways H High-Tech Farming H Al in the Fields
Main Focus Keeping soil fertile Using data to farm Crunching numbers and patterns
Ssmarter
Tools of the Testing soil, composting GPS, high-tech sensors, Neural Networks and stuff
Trade drones
Wrgltj tV(\)/? I(tBet Basic soil care More efficient, less waste Super accurate analyses
Lots of elbow grease, not always|| Costs a bit, can be tricky || Needs a lot of data, and those
The Tough Parts . : -
right on the money to use algorithms can get complicated

Bar Chart: How Farming's Changed Over the Years

Let's use a bar chart to show how farming’s changed over
the past decade. I'm gonna use some made-up numbers here
for demonstration:

2010: Mostly traditional (80%), a bit of high-tech (15%), a
sprinkle of Al (5%)

2015: Traditional (60%), more high-tech (30%), AI’s
catching up (10%)

2020: Traditional’s down to (40%), high-tech and Al neck
and neck (40% and 20%)

Adoption Rates of Technologies in Agriculture (2010-2020)

M Traditional Methods
Il Precision Agriculture
EEE Deep Learning

80

Adoption Rate (%)

Year
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3. How We Did It

We went to several farms to collect soil samples. In
order to guarantee the diversity of the sample, we used
samples from different depths and different locations to
ensure good representation.

We use different devices, such as sensors and drones,
to get detailed data on soil moisture, ph and feed. At the
same time, we obtained satellite photos and tried to scan the
fields without considering historical weather conditions and
agricultural yields to date.

We got some valuable data. Subsequently, we carried
out a data cleaning. Here is our python code.

# Load the dirt data

data = pd.read_csv('soil_data.csv')

# Patching up holes with average values
data.fillna(data.mean(), inplace=True)

We then use the appropriate tools and apply algorithms
to process the data, i.e. convolutional neural networks for
images, recurrent neural networks for things that change
over time, such as the weather. We split the data set into two
parts, 70% as the training set and 30% as the test set. To
evaluate the performance of the model, we examine metrics
such as accuracy and mean square error. Next, we use
methods such as grid search and random search to adjust the
model parameters (i.e., hyperparameters) to make it smarter.
Ai will be the brains behind the technology on the farm. We
put these models in the cloud, allowing them to crunch the
numbers instantly and make accurate guesses about the soil.
Farmers can easily access information on soil health,
warnings about nutrient deficiencies, and advice on optimal
fertilization.

The Math Behind the Magic

To give you a peek into the math stuff, we represent
our model tuning like this:

W<sub>new</sub> = W<sub>old</sub> - o
V<sub>W</sub> J(W, b)

Where W's the weights in our model, a's the learning
rate, and the other bit's the gradient of our cost function.

4 Cracking the Code on Nutrients
with Al

So we decided to use convolutional neural networks
(CNNS) to analyze images from drones and satellites in
order to identify hidden patterns and obtain information
about nutrient deficiencies in the fields.

Convolutional neural networks (CNNS) are compared
to sandwiches. At the top is the input layer into which the
image is entered (such as 256x256 pixels). Then there are

multiple layers, using convolutional layers to extract various
features, and pooling layers to narrow features. At the
bottom is the fully connected layer, which identifies missing
nutrients. Of course, there is also an output layer that
represents the probability of nutrients that may be lost.

We took a large number of images and marked the
missing nutritional content of each image, and then used
CNN to learn. The process is similar to training a dog to
learn new skills, except we use images and a lot of math.
We adjust CNN's thought process through backpropagation
method and gradually improve its performance.

We split the data into a number of different sets, of
which 70% is used for model training, 15% is used to verify
model performance, and the remaining 15% is used for the
final exam.

To verify the performance of our convolutional neural
network (CNN) model, we evaluated accuracy (i.e. the
frequency of correctly predicting nutrient deficiencies),
recall (i.e. the degree to which actual nutrient deficiencies
are correctly captured), and F1 scores (taking into account
the combination of accuracy and recall).

We also compared the accuracy, speed and economy of
convolutional neural networks (CNNS) with traditional soil
testing.

We then conducted field tests to verify that the Al's
accuracy matched the results of traditional soil tests.1

Alright, let's get into some of the math. Ina
convolutional layer, imagine you have a matrix X for your
image and a filter matrix F. The convolution operation, it
goes something like this:

(X*F)i,j=> m > nXm,nxFi—m,j—n

This equation, it's the heart of how the CNN looks at
an image and starts figuring out what's up with the soil.

And let's not forget about how we tweak the CNN. The
weights in the network (let's call 'em W), they get adjusted
with each training round. The formula kinda looks like this:

Wnew=Wold—axVWJ(W,b)

Where q is the learning rate (how fast the CNN
learns), and VWJ(W,b) is the gradient of the cost function.
It's like fine-tuning a guitar to get the perfect tune.
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5 Cooking Up the Perfect Fertilizer
Mix with Some Al Magic

Build an intelligent system, similar to the computer
culture of chefs. A wide variety of varieties were grown
which contained elements of the sun and grain.

We're building this intelligent system, which is like a
cook, but a digital cook for crops. It takes into account a
variety of factors such as the crops grown, missing elements
in the soil and the weather to work out the best fertilizer
formula.

We decided to use decision trees as an analysis
method. It is easy to understand, simple and clear. It can be
likened to a flow chart in which we can determine the pH of
the soil: "Is the soil too acidic?" If yes, "Then try using this
fertilizer." And so on...... .

The intelligent system in this study uses convolutional
neural networks to analyze pollution data, nutritional

information, etc. At the same time, the system can also
obtain the type of crops planted and their previous growth
conditions.

Here’s a bit of Python code that's kinda like teaching a
cooking class to our Decision Tree:

pythonCopy code

from sklearn.tree import DecisionTreeClassifier
import pandas as pd

# Loading the recipe book

data = pd.read_csv('fertilizer_data.csv')

# Splitting ingredients and dishes

X = data.drop('Fertilizer_Type', axis=1)

y = data['Fertilizer_Type']

# Training the chef

model = DecisionTreeClassifier()

model.fit(X, y)4.3 Testing the Recipes in the Real
World

We first tried out our system in a few test farms. It’s
like a trial run to see if the crops dig the fertilizer mix we’re
suggesting.

After the test runs, we looked at everything - like, did
the crops grow better? Was the soil happier? Based on this,
we fine-tuned our recipes.

Math Time: How the Decision Tree Makes Choices

So, the Decision Tree makes its picks based on what
causes the least confusion (that's Gini Impurity in math
speak). For two choices, like "Needs more nitrogen" or
"Nah, it’s good", here’s how it calculates the Gini thing:

Gini(S)=1-3 (pi)2
In this, pi is how often a choice shows up in the mix.

The tree picks the path that’s got the least Gini number,
meaning it’s the surest bet.

\ Soil pH H N (Nitrogen) H P (Phosphorus) H K (Potassium) H Fertilizer Pick \
| 6.5 || 1.2 || 0.5 || 0.8 || Nitrogen Boost |
‘ 5.8 H 0.8 H 1.0 H 0.3 H Phosphorus Punch \
|71 | 05 | 0.6 | 1.2 | Potassium Kick |

Table: A Peek at the AI Chef’s Cookbook1

6 Making Our Smart Farming
System Come Alive in the Fields

Preparations to take this project to the real world are
already in full swing. Similar to preparing for a big show, in
addition to setting up lights and cameras, we also need to

install servers, cloud connectivity and a variety of high-tech
equipment on site, which is a great way to combine
traditional agriculture with science fiction movies.

Keep data flowing

Connectivity is at the heart of this. We have a whole
network of iot devices that treat them like miniature tech
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spies, constantly collecting soil and crop information. They
act as a bridge between farmers' fields and our smart
systems, constantly passing updates back and forth.

Build easy-to-use dashboards
Usability is the focus of this paper

Our goal is to make this thing so simple that even
people who aren't technical experts can easily use it. We've
developed a dashboard where farmers can get all the details,
such as their soil condition, the latest weather forecast, and
beautiful fertilizer recommendations from our artificial
intelligence, in just a few clicks.

Here's a slice of HTML and JavaScript, just to give ya
an idea of our dashboard’s setup:

<IDOCTYPE html|>
<html>
<head>
<title>Smart Farm Dashboard</title>
</head>
<body>
<h1>Your Smart Farm Dashboard</h1>
<div id="soilHealth"></div>
<div id="weatherToday"></div>
<div id="fertilizerTip"></div>
<script>
/I Updating the dashboard
function refreshDashboard() {

document.getElementByld('soilHealth").innerHTML = 'Soil
Status: Looking Good!";

document.getElementByld(‘weatherToday").innerHTML =
'‘Weather Update: Sunny’;

document.getElementByld(‘fertilizerTip").innerHTML =
'Fertilizer Suggestion: More Nitrogen';

}
refreshDashboard();
</script>
</body>

</html>

7 Results and Discussion

When evaluating the performance of our deep learning
models, we typically look at metrics such as accuracy,

precision, and recall. These metrics are the performance
reports of our Al systems. Their accuracy measures how
accurate our system is at predicting nutritional deficiencies,
while recall rates reflect how well the system detects actual
nutritional deficiencies.

To compare the performance differences between the
Al model we developed and traditional methods, we used a
T-test. This test helps determine whether these differences
are statistically significant and not due to chance.

And our system has a significant impact on soil health.
In the areas where our system is used, there has been a
noticeable improvement in nutrient levels and crop health.
To measure this impact, we used a paired sample T-test to
compare soil health scores before and after system
implementation.

Farmers report that the system is easier to manage,
yields are relatively high, and farmers overall are more
satisfied with the system. The importance of these
qualitative feedbacks is more important than the data,
because they give a deeper picture of how well the system is
actually working. For practice is the sole criterion for testing
truth

There is no doubt that our system shows great potential
in practical applications. It not only simplifies the decision-
making process, but also improves the efficiency of soil
health management. However, not everything has been
smooth sailing. There are some limitations, such as the need
to maintain a continuous data connection and bear the initial
costs of setting up an iot infrastructure.

In addition, we are exploring ways to enhance our
system capabilities to address data connectivity challenges.
We also want to reduce the cost and make such equipment
available to all farmers. This is our great dream.

Let's talk numbers for a sec. For our t-test on soil
health improvement, the formula looks something like this:

t=sD/nX"D—p0

In this formula, "D is the mean difference in soil health
scores before and after, 110is the hypothesized mean
difference (which we take as zero for no improvement), sD
is the standard deviation of differences, and n is the number
of samples.

8 Conclusion

When it comes to soil health management, our deep
learning systems show real potential to bring smarter and
more effective approaches to the field. While there is room
for improvement, the potential benefits are enormous, both
for farmers and the environment.

We have already made a huge breakthrough in this
research, looking at the significant impact of artificial
intelligence and deep learning on agricultural rules,
especially soil health management. By combining these

Published By SOUTHERN UNITED ACADEMY OF SCIENCES PRESS



Journal of Industrial Engineering and Applied Science

ISSN 3005-6071 (Print) | ISSN 3005-608X (Online) | Vol. 2, No. 1, 2024

advanced technologies with smart agriculture, we are
revealing a new area of great potential.

We have validated the high efficiency of our Al model
and its unique algorithms for soil nutrient analysis and
fertilizer recommendations. This innovation goes beyond
traditional methods, which, despite having some advantages,
are not always accurate. While there are a few hiccups along
the way such as continuity of data connection and initial
cost, the potential benefits cannot be ignored.

However, this does not mean that we have done all the
work. We are thinking about how we can improve the
performance of our systems to address challenges such as
data connectivity and ensure that costs are easily affordable
for all farmers.

It is foreseeable that the future is very bright. We are
working on a new agriculture with artificial intelligence at
its core. We expect it will lead to more abundant crop yields,
more environmentally friendly agriculture and more
efficient use of resources. This will be a win-win situation
that benefits all stakeholders.
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