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Abstract- Fertility of the ground shapes how well farms
produce, plus affects long-term care of landscapes.
Checking it the old way means gathering many samples
out in fields, sending them off for testing - slow work,
expensive too. Now tools like digital soil models, satellite
imagery, smart algorithms, and geographic software help
sketch out dirt traits across wide regions without boots
on every acre. Starting with how dirt behaves, this
method ties together seven things: the ground itself,
weather patterns, living stuff around it, hills and valleys,
what rock layers lie beneath, how old everything is, plus
where exactly it sits on Earth. Instead of just listing them,
it looks at rain levels, heat changes, how people use land,
plant health signs, height above sea level, steepness of
terrain, underground materials, and exact map points.
These details help spot links between earth makeup and
surroundings. Not every factor acts alone; each shifts
influence depending on location. Patterns emerge when
data connects across regions. Prediction grows clearer by
combining these pieces carefully. Location shapes
outcomes more than expected. Relationships form based
on real-world overlaps seen over time. What happens
above affects below in measurable ways. Hidden trends
appear through consistent measurement. Mapping
becomes possible once connections settle into place. Out
of fields come patterns when models like Random Forest
dig into soil traits - Nitrogen, Phosphorus, Potassium,
alongside Organic Carbon and pH. Where elevation data
meets weather records, clarity forms through layers
stacked in GIS software. From space shots to ground
truth, mapping life beneath boots begins with pixels
shaped by climate archives and terrain shapes. Out in the
fields, knowing where soil thrives comes down to smart
mapping - this method nails those details fast. Instead of
guessing, machines learn patterns from landscape clues
like rainfall, terrain, and parent material, turning data
into clear pictures of fertile ground. Farmers might spot
weak spots before planting, simply by reading these
color-coded layouts. Even planners find value when
shaping long-term land strategies without digging
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endless test pits. Accuracy climbs once algorithms join
classic soil science, swapping old guesswork for sharper
forecasts. Decisions about crops gain clarity because each
zone tells its own story through numbers turned visible.
Less walking across acres collecting samples means more
time acting on solid insights.

LINTRODUCTION
1.1 Introduction

Healthy dirt matters a lot when growing food and
protecting nature. Because it holds key stuff plants
need, along with the right environment to thrive.
Things like nitrogen, phosphorus, potassium, organic
carbon, plus how acidic or basic the soil is shape
harvest results and ground quality. When tests show
what the earth lacks, those who farm or support
agriculture can adjust their methods wisely.

Most times, testing soil means digging up chunks
manually, shipping them away for analysis. Right
answers come back - that part works - but waiting eats
time, spending adds up, handling big zones turns
messy. Spot-to-spot differences pop up fast: heat
swings, crops close by, slopes rising or falling, choices
farmers made years ago. Meter after meter, ground
changes like shifting puzzle pieces. Regular methods?
They lag behind when watching large stretches
nonstop matters.

Mapping has changed lately. Tools like satellites,
space sensors, and smart software build clearer
pictures of soil. Clues from nearby areas and position
on Earth guide these guesses. One solid way stands out
- SCORPAN. Seven factors shape its results. Ground
cover matters. So does climate. Plants play a role. The
slope of land shifts outcomes. Bedrock type counts
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too. Age of materials adds detail. Location ties it all
together.

Nowhere else does soil fertility link so clearly to
climate patterns like rain and heat along with plant
health signs, height above sea level, tilt of terrain, rock
types, and position on Earth. When computers learn
these connections through smart programs, they sketch
out reliable pictures showing how rich the dirt is across
wide areas. From farmland choices to smarter feeding
of crops, those images guide decisions while helping
care for the earth long term.

A new approach to studying soil health takes shape
here, built on the SCORPAN framework. Instead of
relying only on fieldwork, it pulls together information
from maps made by computers, pictures taken from
space, weather records - then feeds them into smart
number-crunching tools. These tools? They include
methods like Random Forest along with Support
Vector Machine, chosen for how well they spot
patterns hidden in messy real-world data. Efficiency
becomes possible at wide scales because people spend
less time digging and measuring everywhere by hand.

1.2 Study Background

Farming shapes economies and feeds nations,
particularly in places like India. With more people to
feed, smarter growing methods become necessary -
alongside careful handling of earth beneath crops.
Healthy soil means better harvests, a steady path
toward lasting farms. Yet tilling land nonstop,
misusing nutrients, losing topsoil, and shifting weather
patterns slowly weaken farmland across wide areas.

Out in the fields, old ways of checking dirt often mean
long hours walking plots and shipping samples off to
labs. Because of that, costs pile up while delays slow
everything down. Spotting nutrient patterns over wide
regions? Not really possible with those techniques. So
newer tools have stepped in - offering faster insights
with sharper detail across broader land stretches.

Soil maps built with digital tools mix location data,
nature clues, and smart algorithms to guess what lies
beneath. Because it links landscape features with
position-based models, researchers often turn to the
SCORPAN setup when forecasting dirt types. Smarter
guesses happen once computer systems learn hidden

IJIRT 204440

patterns connecting ground traits to surroundings -
thanks to machine training tricks.

From fields to forecasts, a new approach combines
SCORPAN with machine learning to map soil fertility
more accurately. Instead of guesswork, those working
in farming or policy rely on clearer data patterns
behind the land's productivity.

1.3 Problem Statement

Costs add up fast when checking soil health the usual
way. Gathering samples by hand takes effort, then labs
need days to process them. Big farms struggle because
testing every zone feels impossible. Weather shapes
dirt differently from one spot to another. Hills change
how nutrients settle across fields. Plants nearby shift
what minerals stay put. Farming choices affect ground
quality too. Each region ends up unique.

Out here, old soil maps just do not match what grows
today. They miss fine details across fields that modern
farming depends on. Because of this gap, farmers
struggle to apply nutrients where they truly matter. A
smart tool could fill the void - learning from land
patterns, weather traces, and terrain clues. Such a
system would update insights without constant human
checks. It runs quiet in the background, feeding
decisions with fresh logic.

A fresh look at soil health begins with SCORPAN,
weaving together mapping tools, satellite data, space-
age learning methods - precision grows where these
meet. Location shapes nutrients; satellites track
patterns; smart algorithms connect the dots. Maps
emerge, sharp and grounded in layered insights. Each
piece feeds into a clearer picture of what lies beneath.

1.4 Study Goals
The main objectives of this study are:
To analyze soil fertility using the SCORPAN model.

Start by gathering location-based and ecological data.
Then clean each set before combining them. After that,
adjust formats so they match up properly. Next remove
any duplicates found during review. Finally organize
everything into a single structured format.

Pick a method that learns patterns in dirt data. Use it to
guess how rich the soil might be. Train steps come
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before real guesses happen. Numbers guide every part
of the process.

To generate digital soil fertility maps using GIS tools.
Farming choices get better when dirt tests are right.
1.5 Scope of the Study

Looking into how well we can guess key parts of soil
health - like nitrogen levels, phosphorus, potassium,
organic carbon, plus acidity - using landscape features
and location-based inputs. Instead of just one source,
it pulls together map layers, pictures from space, land
shape details, weather patterns, feeding them all into
smart number-crunching models that learn from
examples.

A single tool could handle exact farming tasks, judge
which crops fit best, suggest feeding plans for soil, yet
manage fields responsibly too. Later work might take
the approach into different areas tied to nature or
growing food.

II.LITERATURE REVIEW
2.1 Introduction

Looking at soil health matters a lot when growing
crops since what's in the ground shapes how well
plants develop. Old ways of checking dirt usually
involve going out to fields plus sending samples to
labs - slow, expensive work needing many hands.
Instead of sticking to those approaches, scientists
turned to tools like digital mapping, satellite data,
computer models, along with spatial software to get
quicker results.

Starting with patterns found in nature, the SCORPAN
method helps scientists estimate soil traits using
surroundings like rain, plants, hills, rock types, and
position on Earth. Because it links land features to
what lies beneath, experts often pair this approach with
smart computing tools. With those combos, detailed
pictures of farm-friendly ground conditions emerge
more clearly. From place to place, results shift - yet
consistency grows when data guides the way.

Looking back at earlier studies shows how soil health
has been studied using maps made by computers.
Tools that capture Earth's surface from above help
gather details about land conditions. Information
systems handling geography play a role in organizing
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such data across regions. Models built on
environmental factors predict where certain soils
appear. Learning machines process patterns without
being told each rule ahead of time.

2.2 Digital Soil Mapping

Out in the open fields, digital tools help sketch soil
details based on land patterns and surroundings.
Instead of just digging holes, experts mix real-world
samples with satellite views, computer mapping
systems, along with number-crunching methods to fill
in the gaps across wide regions.

Most studies confirm DSM cuts down survey expenses
along with effort over time. Instead of relying on
guesswork, scientists plug in things like rain levels,
plant growth signs, heat patterns, height above sea
level, and land tilt. With GIS software running behind
the scenes, layered landscape data gets turned into
color-coded soil health visuals. These digital maps
make hidden trends suddenly visible across wide
regions.

One reason researchers favor digital soil mapping? It
captures nutrient patterns more accurately than older
map types. Because it shows detail across landscapes,
farmers apply inputs where needed most. Some
models even adjust for terrain shifts over time. While
traditional methods rely on broad estimates, these
systems learn from real data points. Wherever
conditions change fast, updates happen without new
field surveys.

2.3 SCORPAN Model

Soil traits often tie back to surroundings - scientists
lean on a framework built from classic ideas but
updated for modern mapping. This approach links
earth characteristics to landscape clues, pulling
together climate, organisms, relief, parent material,
age, plus human influence and space

e Soil (S)

e Climate (C)

e  Organisms (O)

e Relief (R)

e Parent Material (P)
o Age(A)

Spatial Position (N)
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Soil traits link to surroundings through the SCORPAN
model. Rain and heat shape how wet the ground gets
plus what nutrients stick around. Living cover shows
up in plant data that hint at ecosystem behavior. Highs
and lows across landforms steer where dirt washes
away or water slips through.

Soil patterns show up more clearly when science teams
mix SCORPAN clues with digital mapping tricks.
Outcomes get sharper not because of fancy gear but
thanks to smart pairings - geographic data meets
number-crunching models. Some labs lean on these
combos to track carbon bits tucked in dirt, others
watch how salt spreads across fields. When code learns
from landscape hints, guesses about earth’s makeup
land closer to truth. Machines spot trends people might
miss, especially where farms stretch wide and soils
shift quietly.

2.4 Mapping Land with Remote Tools

Down in distant fields, high above them satellites peer
through shifting air. Views stretch broad across terrain,
capturing shifts in dirt and growth patterns slowly
unfolding. Rather than only boots-on-the-ground
inspections, growers lean on orbital images snapped at
intervals. A reading known as NDVI appears
frequently while assessing leaf color and ground
health. Hints hidden in shades help specialists guess
what soil may ask for ahead.

Over here, tools that work with maps rely on GIS
programs to manage positioning data. Land rising or
falling from peaks to dips appears clearly through
DEMs. Slopes come into view with these versions, not
only flat layouts but angles too. Facing matters - when
terrain leans, plants respond by growing differently.
Soil gathers on angled spots, its quality shaped by the
form below.

Out in the fields, maps meet sky-eye photos to speed
up dirt checks. Together, those views catch shifts on
farms while they happen. As plants grow, the tools
shift too - right when needed.

2.5 Machine Learning Predicts Soil Fertility

These days, soil specialists find themselves using
machine learning quite a bit, mainly because it reveals
trends buried deep within huge amounts of
information. When results must hit close to reality
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despite unclear starting points, Random Forest tends to
take the lead. Scientists skip old-school techniques
alone, reaching for SVM whenever clearer dividing
lines between groups matter. Untangling complex
features becomes simpler once Decision Trees lay
them out piece by piece, one layer at a time. Hidden
patterns in dirt spark new thinking when networks act
like minds. Step by step, tiny fixes sharpen predictions
thanks to boosting methods. One method dances
differently than the next, still every path leads toward
sharper vision of earth's state. Piece by piece, clarity
grows - each number lending weight to smarter views
below ground.

For many, Random Forest is the top pick - handles
large datasets smoothly while still making solid
predictions. When it comes to classifying or
forecasting soil characteristics, Support Vector
Machine often takes the lead instead.

A while back, researchers spotted that machines outdo
traditional math in figuring out dirt makeup. With
strong precision, these tools handle several terrain
hints together. The outcomes turn clear since the
programs adjust to tangled trends. Rather than fixed
equations, they pick up on hidden structures within
information flows.

2.6 Research Gap

Back then, research often stuck to old-school dirt
checks, ignoring broader landscape shifts. One after
another, these setups failed at guessing conditions
across wide areas, falling short when farms needed
big-picture insights.

Even with many machine learning methods around,
better results come when SCORPAN data works
together with GIS, remote sensing, and modern
algorithms. Systems that link these pieces stay rare.
Accuracy in predicting soil fertility often lags behind.
Mixing tools carefully brings closer estimates.
Progress depends on how well different sources join
up. Standalone models fall short too often. Stronger
predictions emerge only through combination.

A fresh look at the problem begins here - by building
a soil health model rooted in SCORPAN principles.
Instead of guesswork, it pulls together landscape data,
space-based pictures, geographic info systems,
alongside smart number-crunching tricks. Maps come
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out sharper, showing exactly where dirt thrives or
struggles. Because farming needs better clues, this
approach feeds clearer answers into planting choices.
Land lasts longer when decisions rest on such details.

2.7 Summary

Looking back at earlier work, scientists have explored
ways to study soil health using digital tools. Instead of
traditional methods alone, they combined landscape
data with smart computing tricks. Some focused on
how dirt changes across regions by using satellite
views along with ground facts. Others built models
based on climate, rock type, and land shape to guess
what lies beneath. Computers learned patterns from
real-world samples, making guesses about nutrients
more reliable. These attempts showed that mixing
nature clues with number-crunching systems sharpens
forecasts. Accuracy climbed when programs
considered sunlight, slope, rain, and plant cover
together. One thing became clear - machines can help
farmers choose better paths without guessing blindly.

Looking at past studies, models built on SCORPAN
principles work well when paired with GIS and
machine learning - especially for checking soil health
and creating maps. Because of this, the new system
takes shape, aiming to boost how accurately we predict
soil quality by leaning into smarter computing
methods.

III.PROBLEM STATEMENT AND OBJECTIVES
3.1 Introduction

Healthy soil plays a key role in how well farms
produce food over time. Knowing what nutrients are
present allows growers to boost harvests while using
fertilizers wisely and protecting land quality. Most lab-
based tests rely heavily on people collecting samples
by hand and sending them off for processing. Even
though findings from such approaches tend to be
trustworthy, the whole process often takes too long,
demands hard work, and costs quite a bit.

Across farming zones, changes in climate, plants,
shape of the land, along with how people manage
fields, constantly shift soil traits. Old-school ways fall
short when it comes to showing exactly where
nutrients sit across wide stretches. Because of that,
smarter number-crunching tools have become
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essential - helping sharpen guesses about fertile spots
and draw better maps.

Soil maps grow sharper when SCORPAN teams up
with satellite data, smart algorithms, and mapping
tools. Here unfolds the challenge at hand, why this
blend matters, what it aims to reach, along with what
might come out of it.

3.2 Problem Statement

Out in the fields, testing soil health usually means
gathering samples by hand and sending them to labs.
Cost adds up fast, plus it takes weeks just to get results.
Covering vast farming areas becomes a real challenge
with these slow techniques. Without quick, precise
data on dirt quality, growers struggle to boost yields or
handle nutrients well.

Out here, old soil maps often fail to show current
nutrient levels across landscapes. Instead of clear
detail, they leave gaps where data should be. Take
nitrogen - its presence shifts with rainfall, plant cover,
or how steep the ground is. Even phosphorus changes
when forests give way to farms. On higher ground,
potassium might drop off, while lower areas hold more
moisture and organic matter. Slope direction plays a
role too, affecting how sunlight hits the surface. Over
time, farming methods reshape what’s beneath our
feet. Where trees once stood, now fields stretch - and
carbon stores change. pH balances tilt one way or
another based on these combined forces. Each factor
nudges the soil into new states.

Out in the fields, standard models often miss how
surroundings shape soil traits. Meanwhile, hand-
driven approaches fall short when instant updates are
needed for modern farm practices.

Therefore, there is a need for an intelligent soil fertility
analysis system capable of:

Predicting soil fertility using environmental and
spatial datasets.

Generating accurate digital soil fertility maps.
Reducing the dependency on extensive field surveys.

Farming smarter through exact methods helps protect
resources. Yet careful growing keeps land healthy
longer.
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Starting with geography, the setup combines
SCORPAN alongside GIS tools to map land conditions
more accurately. Instead of relying on isolated
methods, remote sensing feeds live data into the
workflow. Machine learning steps in to detect patterns
across large areas. Together, they streamline how soil
health gets assessed. This way, results come faster
without losing detail.

3.3 Why the new system is needed

Farms grow better when earth holds good stuff plants
need. Wrong ways of adding feed, without knowing
what dirt already has, can hurt land, lower harvests,
leave scars on nature.

The proposed system is required because:

Most standard ways to test dirt take too long, cost a lot.
Time drags while expenses pile up without warning.

Farming at big sizes needs tools that work nonstop,
also grow with demand.

Farmers need accurate fertility maps for crop planning.

Environmental factors influencing soil properties must
be analyzed effectively.

Farming with accuracy depends on mapping where
nutrients sit in the soil. Each spot tells a different story
about what lies beneath.

Out of nowhere, patterns in nature help forecast dirt
quality through smart software that learns from
landscape clues. Not only does this method rely on
location details, it ties together climate hints with
terrain  shapes using number-crunching tricks.
Sometimes hidden links show up when data points
meet clever math behind the scenes. Behind each
guess lies a mix of sun exposure facts, rain records,
and ground slopes trained by digital brains. From
elevation shifts to plant traces, pieces fit without
needing lab-heavy steps every time.

3.4 Study Goals
The major objectives of this dissertation are:

To analyze soil fertility parameters using the
SCORPAN model.

To gather climate, terrain, and weather information
first. After that comes cleaning each data piece
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thoroughly. Then organize it using location markers
carefully. Before sorting patterns emerge slowly
afterward.

To integrate GIS and Remote Sensing techniques for
Digital Soil Mapping.

To apply Machine Learning algorithms for soil fertility
prediction.

To generate accurate digital soil fertility maps.

One way to check how well the model works is by
testing its forecasts. Testing shows whether predictions
stay close to real outcomes. A closer match means
better performance. Results give clues about reliability
over time. Accuracy matters most when future
behavior must be guessed.

To support precision agriculture and sustainable land
management.

3.5 Proposed Solution

Soil fertility forecasts begin here, relying on
SCORPAN to guide predictions alongside digital
maps. Rainfall data shows up early, joined by
temperature when pulled from GIS sources. A
vegetation signal enters next, since remote sensing
captures it across wide areas. Elevation tags along,
followed by slope - both lifted from layered terrain
models. Geology slips in quietly, its patterns revealed
through satellite scans. Location stamps each point
precisely, because space matters just as much as
substance.

Out of the blue, patterns in dirt health get spotted using
tools like Random Forest and Support Vector Machine.
These models, once taught, sketch out where nutrients
sit across land. Starting fresh each time, they link
nature's clues to what the soil holds. From there, maps
quietly take shape - showing richness hidden below.

Fertile spots show up clear on these maps, while less
productive zones stand apart - guiding where farming
works best plus how fertilizers get used. Fields gain
insight through contrast rather than guesswork,
shaping decisions without extra steps.

3.6 Expected Outcomes

Outcomes should come from the work described here.
One result might show up early, another later. Each
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step leads somewhere measurable. Findings will
appear through careful effort. Results are tied to
methods used. Progress tracks with data collected.
What emerges connects to goals set at the start

Accurate prediction of soil fertility parameters.
Digital soil fertility maps for agricultural regions.
Improved agricultural decision-making.

Fewer expenses, faster results when checking soil.
Testing takes less time while spending drops too.

Better ways to handle fertilizer help crops grow
stronger. Using less waste means more growth from
each plant.

Support for sustainable farming practices.

Farmers might find help through this setup when
checking how well their land is doing. Soil checks
could get easier for those studying crop growth, thanks
to better data flow. Government groups may track field
conditions more smoothly now, simply because
updates arrive faster.

3.7 Summary

Looking back, this part pointed out big issues with old
ways of checking soil health. Instead of just listing
flaws, it made clear why smart tools are needed next.
Goals came into view slowly through examples, not
bullet points. A new method showed up quietly
between lines rather than arriving with fanfare. Results
that might happen stayed close to real-world use
without promising miracles.

Following section introduces the suggested
SCORPAN-driven method for assessing soil fertility,
along with its full structure. Built on spatial data flows,
it connects environmental factors through layered
processing steps. Each component fits within a broader
framework designed to reflect natural patterns. Instead
of isolated inputs, relationships between variables
shape outcomes. Framework relies on geographic
context to guide interpretation. Rather than fixed rules,
adaptive logic helps refine results over time.

IV.PROPOSED SYSTEM

4.1 Introduction
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Healthy soil matters a lot for growing food, since
what's in the ground shapes how well plants grow, how
much comes in harvests, when done right it supports
long-term farming too. Knowing exactly what the soil
holds lets growers choose the right plant types, add
needed nutrients wisely, adjust how they care for fields
more effectively. Old-school ways to check dirt quality
usually rely on visits to farms plus tests in science
rooms down the road. While those lab results tend to
be spot-on, they often drain budgets, take weeks to
finish, struggle to cover vast stretches of farmland
smoothly.

Nowadays, tools like GIS, remote sensing, and
machine learning help make digital soil maps more
accurate. Because of these improvements, scientists
can estimate soil traits across large areas. One common
method uses the SCORPAN approach - this links
landscape features to soil data. Instead of guessing, it
relies on measurable surroundings to show patterns.
Over time, this framework became a go-to option for
many mapping projects. Environmental clues such as
climate, terrain, and rock type play key roles. Each
factor adds context that shapes how soils form in
different places.

Starting off, the setup ties together SCORPAN along
with GIS, remote sensing tools, and machine learning
methods to study how fertile soils are while creating
detailed digital maps. Instead of separate steps, climate
data joins forces with plant health indicators, land
shape details, rock composition records, and actual dirt
samples to guess where nutrients sit underground.
Once fed into models, smart computing patterns take
hold - boosting guesses about what lies beneath while
making sense of complex earth conditions
automatically.

A fresh look at farming starts with knowing what’s
underfoot - soil data that guides smarter choices in
crop care. Instead of guesswork, growers get clear
insights into land health. This approach fits well with
careful resource use, helping farms run without
wasting inputs. Clearer signals from the ground mean
adjustments happen before problems grow. Decisions
shift based on real conditions, not averages or trends
from distant regions.

4.2 Proposed System Overview
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Soil fertility predictions come from a setup built
around environmental clues paired with smart
algorithms. Information flows in through satellites,
weather archives, land shape maps, along with actual
dirt test results. Once gathered, it gets shaped into one
view by geographic software that links pieces together.

Soil health patterns emerge when SCORPAN links
them to landscape features. Because models learn from
data, they spot trends hidden in terrain details. As
predictions form, maps take shape - each pixel a clue.
Environmental inputs feed these systems, guiding
estimates without guesswork. Digital outputs reflect
real-world conditions through layered analysis.

The overall workflow of the system includes:
Data Collection

Data Preprocessing

SCORPAN Variable Extraction

Feature Selection

Machine Learning Model Training

Soil Fertility Prediction

Digital Soil Map Generation

Performance Evaluation

A fresh method delivers precise results while growing
easily across big farming zones. Instead of guessing, it
adapts without losing detail. Accuracy holds steady
even when stretching into wide fields.

4.3 SCORPAN Model

Soil maps get built using patterns found in nature - one
method uses something called SCORPAN. This
approach guesses what's underfoot by looking at
surroundings and location clues. Think of it like
piecing together dirt traits using landscape hints,
climate signs, organisms nearby, parent material, age
factors, plus position across landforms. Each piece
adds context. Scientists plug these details into a
formula that links ground facts to space-based data.
That setup turns observations into predictions. The
math behind it follows a specific structure. You might
see it written out this way:

S=f{(s,c,0,1,p,a,n)+e
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Where:

S = Soil property to be predicted
s = Existing soil properties

¢ = Climate variables

o = Organisms and vegetation

r = Relief or terrain factors

p = Parent material

a = Age or time factor

n = Spatial location

e = Residual error

Soil doesn’t form by chance - climate, organisms,
relief, parent material, age, plus space shape how it
develops. Each of these factors plays a quiet role in
where nutrients end up.

Soil (s)

Texture, along with how much organic material is
present, helps shape what goes into the analysis -
nutrient amounts matter too. Starting points come from
what's already in the ground, not guesses or averages.
Each detail pulls directly from real conditions found
before anything else happens.

Climate (c)

When it rains, how hot or damp the air feels can
change how wet the ground stays. These conditions
shape whether nutrients move well through dirt. Life
in the soil responds strongly to shifts in weather
patterns. Moisture levels dip or rise depending on local
climate traits.

Organisms (0)

From space pictures, scientists pull out signs of plant
life like NDVI. Living plants slow down how fast dead
stuff breaks apart, also change how nutrients move
around.

Relief (1)

Hills rise and fall, shaping how water flows across the
land. Steepness of ground changes where dirt gets
washed away. Sun-facing directions alter drying
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patterns after rain. These features together guide
runoff paths below.

Parent Material (p)

From tiny rocks to big stones, what breaks down
shapes how gritty or smooth dirt feels. Minerals inside
earth layers shift depending on the original rock type
slowly crumbling over time.

Age (a)

Soil takes time to form - how long it lasts shapes what
grows inside. Lengthy buildup lets minerals settle
slowly beneath the surface. Given enough years, earth
transforms through quiet shifts below. What appears
still is always changing underfoot.

Spatial Position (n)

Out here, where the land shifts underfoot, location
shapes what lies beneath. Soil changes follow the lay
of the ground, guided by position. Where one patch
ends, another begins - not by chance, but by place.
Distance matters, yet direction tells its own story.
Across slopes and flats alike, earth answers to

geography.

Putting these factors together makes guesses about soil
health more on point.

4.4 System Architecture

A setup built from multiple parts handles gathering
information, working through it, making forecasts,
then showing results. Each piece plays a role without
taking over the whole system.

4.4.1 Data Collection Module

From various origins, data pools come together here
for examining soil nutrition. Gathering happens across
separate points, feeding into assessments of earth's
growing strength.

Soil Sample Data

The soil dataset contains:
Nitrogen content
Phosphorus content

Potassium content
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Organic Carbon

Soil pH

Climatic Data

Climatic variables include:
Rainfall

Temperature

Humidity

Remote Sensing Data
Satellite imagery is used for:
Vegetation analysis

Land use mapping

NDVI extraction

Terrain Data

Digital Elevation Models show land height
Elevation

Slope

Aspect

Footprints on the land come together through digital
maps. Locations stack into layers when software
pieces them out across screens.

4.4.2 Data Preprocessing Module

Data preprocessing improves data quality before
machine learning analysis.

The preprocessing operations include:
Removal of missing values

Noise reduction

Data normalization

Feature scaling

Spatial layer alignment

Out in space, snapshots from satellites get cleaned up
so details about nature can show through. Layer by
layer, maps shaped inside computer systems line up
neatly for measuring spaces.
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4.4.3 Scorpan Variable Extraction Module

Environmental variables related to the SCORPAN
framework are extracted from datasets.

Features pulled out look like this:
Rainfall

Temperature

NDVI

Elevation

Slope

Soil texture

Spatial coordinates

Getting useful details out of data makes models work
better, boosting how well they predict outcomes.

4.4.4 Machine Learning Module

Soil fertility patterns often reveal themselves through
environmental data when examined by machine
learning tools. Not every connection is obvious at first
glance - yet these systems detect subtle links others
might miss. Where traditional methods fall short,
computational models pick up on hidden trends. One
variable shifts, another follows, and the algorithm
maps what ties them together. Instead of guessing,
researchers let pattern-finding software highlight how
factors interact across landscapes.

The major algorithms used are:
Random Forest

One way to predict outcomes is by combining many
decision trees, which is how Random Forest works.
Built on group effort, it often lands close to the right
answer while working well with big amounts of data.

Support Vector Machine

When it comes to sorting data or predicting values,
SVM steps in. Between different levels of soil fertility,
it finds the best dividing lines.

Decision Tree

Soil fertility gets sorted by Decision Tree methods
when nature's factors come into play. Environmental
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traits shape how these models group the land’s
productivity level. A tree-like path splits choices using
weather, terrain, and moisture clues. Each branch
reflects real-world patterns found in earth data.
Fertility ranks emerge after following rules drawn
from surroundings.

Splitting the data happens first - training set here,
testing there - to build then check how well the model
works. One part teaches it patterns, while the other
measures performance later on.

4.4.5 Prediction Module

Soil nutrients come into clearer view when the system
taps into pre-trained algorithms. These digital tools
have already learned patterns from past data. Instead
of guessing, they project values like nitrogen levels.
Phosphorus shows up in the results too. Organic matter
gets measured through similar logic. Each output
reflects what the model saw during its earlier practice
rounds

Nitrogen

Phosphorus

Potassium

Organic Carbon

pH

Into these groups fall the forecast numbers:
High fertility

Medium fertility

Low fertility

Beyond just sorting, it points to farmland missing key
nourishment.

4.4.6 GIS Mapping Module

A map comes out when the system plots location data.
Outputs appear as visual layouts built from geographic
info.

The generated outputs include:
Soil fertility maps

Nutrient distribution maps
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Land suitability maps

Picture where crops grow best by showing dirt details
across land. This view guides farm choices using color
and shape clues instead of guesswork.

4.5 How the Proposed System Operates

Step one kicks off things. After that comes what
happens next. This leads into the part where something
else takes place. Following along, another piece shows
up. Then there is the stage involving a different move.
What follows dives into yet another angle. Finally, it
wraps around to how everything ties together

Data Acquisition Begins

From soil surveys come environmental data, along
with images captured by satellites. Climatic records
feed into the mix, while information flows in through
GIS systems too. Each source adds its part, forming a
fuller picture over time.

Data Preprocessing

Once gathered, the information gets tidied up before
shifting into shapes that work well for study. Step by
step, rough details are smoothed out so they fit neatly
into review methods.

Feature Extraction Step Three

Out in the wild, SCORPAN bits come straight from
landscape data, then shaped up ready for models to
learn.

Machine Learning Training Step Four

From old records of earth conditions plus climate
patterns, computers learn through practice. Training
happens by feeding past ground details along with
weather traits.

Soil Fertility Prediction Step Five

Fertility levels across various sites get predicted by the
trained model. It uses past data patterns without
guessing outcomes. Different spots show varying
results based on input details. Predictions come from
learned examples rather than assumptions.

Map Generation Step Six
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Fertility maps take shape when predictions appear
through GIS displays. These visuals emerge as
forecasts link with geographic data layers.

Performance Evaluation Step Seven

How well predictions match reality gets checked
through numbers that show performance.

4.6 Benefits of the New Setup

A fresh approach beats old ways of checking dirt. It
works faster than how things are usually done. Better
results come out when using this method instead of
typical ones. Old techniques fall short in comparison
without even trying hard.

Reduces manual soil testing effort

Spending less means keeping more. Time slips away
slower when steps are fewer. Money stays put when
effort shrinks

Supports large-scale soil analysis
Provides accurate fertility prediction
Generates digital fertility maps
Improves fertilizer management
Supports precision agriculture
Reduces environmental impact

Farming checks move faster when tools grow as needs
change. Speed meets space without breaking steps
along the way.

4.7 How the system can be used

Farming areas might benefit, alongside monitoring of
natural ecosystems. Where crops grow, tools like this
could help track changes over time. Soil conditions,
water levels - these details may see clearer insights.
Even forests or wetlands might reveal patterns once
hidden. With careful use, outcomes in these spaces
could shift meaningfully.

Precision Agriculture

Crop growers adjust feeding routines when earth
nutrients shift. Fields respond differently once ground
quality changes occur.

Crop Suitability Analysis
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Farmers can pick better plants when they know what
grows well in their ground.

Fertilizer Recommendation

Fertility maps made this way help keep fertilizer use
in check.

Land Management

Government agencies can use fertility maps for
sustainable land planning.

Environmental Monitoring

Soil health checks happen automatically through
constant tracking. Nutrient loss gets spotted early
thanks to ongoing scans. Monitoring runs nonstop,
catching erosion before it spreads too far.

4.8 Summary

This chapter unpacked the SCORPAN-driven method
for analyzing soil fertility, step by step. Built on layers
of data, it combines machine learning with remote
sensing through a GIS framework. Prediction happens
where satellite views meet smart algorithms, mapping
nutrients across landscapes. Each piece fits into the
next, turning environmental variables into clear soil
insights.

Starting off, a look at how it's built, its parts, the way
it runs, and what makes it better was shared. Accuracy
meets adaptability here - this setup handles soil health
checks well, fitting right into smart crop methods
along with eco-conscious growing practices.

What comes next walks through how the data was
cleaned, shaped, and fed into models. One step at a
time, features were pulled out while algorithms
learned patterns tied to soil health.

CHAPTER 5
V. METHODOLOGY
5.1 Introduction

How it works becomes clear when looking at how soil
fertility gets measured through the SCORPAN
approach. Built into the design is a mix of GIS tools,
satellite imagery, together with algorithms that learn
patterns over time. Data layers feed into the process -
weather records appear alongside land shape details,
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plant health signs also soil point samples join in.
Prediction steps follow after these inputs combine
within spatial frameworks meant to map ground
conditions digitally.

Starting off, data gets gathered through field surveys
plus remote sensing tools. After that, raw inputs go
through cleaning steps so errors drop out before
analysis. Variables tied to SCORPAN show up next -
these come from environmental layers shaped by
landscape traits. Instead of rushing ahead, models
learn patterns using those features with supervised
algorithms running tests quietly behind the scenes.
Predictions about soil fertility appear once training
finishes and performance checks pass minimum
thresholds. Maps form later, built from output grids
showing nutrient levels across space. Accuracy
matters here because decisions on farms depend
heavily on what these visuals reveal. Efficiency also
counts since delays can disrupt planting cycles or
resource planning down the line.

5.2 Overall Methodology

First up comes the setup phase. After that step finishes,
it moves into data collection. Once gathering ends,
processing begins immediately. Following
computations, analysis takes place. Right after review
wraps up, conclusions are drawn. Then finally results
get shared out

Data Collection

Data Preprocessing

SCORPAN Variable Extraction
Training Machine Learning Models
Soil Fertility Prediction

Digital Soil Map Generation
Performance Evaluation

From step one, precision climbs steadily while
mapping nutrient spread across land areas. Where gaps
fade, clearer patterns emerge through each phase that
follows afterward.

5.3 Data Collection

Starting off, data on surroundings and earth layers
comes together from various spots. Then samples of
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land and nature get pulled in through separate
channels. From there, ground details plus ecological
bits gather step by step. Next up, info about dirt and
environment flows in piece by piece. Early on, records
of terrain and natural conditions link across origins.

Soil Sample Data

Among the details found in the soil data are key
measures of fertility, including

Nitrogen (N)
Phosphorus (P)
Potassium (K)
Organic Carbon
Soil pH

What we aim to predict depends on these numbers.
Prediction targets come directly from such figures.

Climatic Data

Climatic variables influencing soil fertility include:
Rainfall

Temperature

Humidity

Remote Sensing Data

Satellite imagery is used for:

Vegetation analysis

Land use mapping

NDVI extraction

Terrain Data

Digital Elevation Models show land height
Elevation

Slope

Aspect

These environmental datasets are integrated using GIS
tools.

5.4 Data Preprocessing
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Before analysis begins, raw data gets cleaned to boost
accuracy. Messy entries slow down results, so tidying
up helps everything run smoother. Information that is
clear leads to better outcomes later on. Consistent
formatting makes patterns easier to spot. Quality
checks early prevent problems down the line.

The preprocessing operations include:
Removal of missing values

Data cleaning

Noise reduction

Normalization

GIS layer alignment

Pictures from space along with digital map data get
adjusted so they work well together when fed into
learning systems. Each piece is cleaned up first,
making sure sizes match before anything runs through
models trained to spot patterns across landscapes seen
from above.

5.5 SCORPAN Variable Extraction

Soil traits get estimated by the SCORPAN framework
through landscape factors. This setup works like a
formula shown here:

S=f{(s,c,0,1,p,a,n)+e

Where:

s = Soil properties

¢ = Climate factors

o = Organisms and vegetation
r = Relief or terrain

p = Parent material

a=Age factor

n = Spatial position

Out in the fields, rainfall shows up alongside
temperature. Temperature links to NDVI through
natural patterns. Elevation plays a role just like slope
does. Soil texture matters as much as where things sit
on the map. Spatial coordinates tie into how models
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learn. Models take these pieces one by one. Each
feature feeds into calculations without extra noise.

5.6 Training Machine Learning Models

Soil fertility links to environmental factors through
machine learning methods. These patterns emerge by
studying data without clear rules at first glance.
Computers learn from examples instead of step-by-
step programming here. Changes in terrain, climate, or
vegetation tie back to nutrient levels indirectly. Models
adjust themselves based on what they observe over
time. Information shapes predictions about land
quality gradually. Nothing is hardcoded; everything
evolves from experience.

Random Forest

Out of many decision trees, one method builds
stronger predictions. Accuracy climbs when results
come together through averaging. Large amounts of
data? That won’t slow things down much. Each tree
works on a piece, then votes matter more than any
single path.

Support Vector Machine

Working well for sorting data, SVM handles both
classification and regression tasks. Through finding
the best dividing lines, it separates different fertility
groups clearly.

Decision Tree

Soil fertility levels get sorted by Decision Tree
methods when environmental factors mix with soil
traits. Sometimes these models rely on moisture
alongside pH values instead of just temperature plus
nutrient content.

Splitting the data helps build the model on one part
while checking its performance on another. A chunk
goes to training, the rest supports validation - each
piece has a role. One portion shapes learning,
meanwhile the other measures outcomes. Feeding
examples to the algorithm happens first, then results
get reviewed separately. Development takes most of
the set, whereas testing uses what's left.

5.7 Soil Fertility Prediction
The trained machine learning models predict soil
fertility parameters such as:
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Nitrogen

Phosphorus

Potassium

Organic Carbon

Soil pH

Among those outcomes, predictions get split into:
High fertility

Medium fertility

Low fertility

Predictions like these spot areas low in nutrients,
helping farmers plan better. By showing where soil
lacks key elements, they guide smarter farming
decisions.

5.8 Digital Soil Map Generation

Fertility of soil, shown through digital maps, comes
from predictions made using GIS tools. These visuals
appear after processing data within geographic
software systems.

Outputs come out looking like this: what shows up
includes these kinds of results

Nutrient distribution maps
Fertility classification maps
Spatial variability maps

Farms spread wide under skies where colors paint the
ground based on nutrient levels. Where crops grow,
shades shift to show what the earth holds beneath boots
and tractors.

5.9 Performance Evaluation

How well the machine learning models work gets
checked through numbers like

Accuracy
Precision
Recall

Root Mean Square Error (RMSE)
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How well the system works shows up in these
measurements. What it can handle over time comes
through in the numbers recorded.

5.10 Summary

Here comes how researchers looked at soil fertility
through the SCORPAN lens. Gathering information
kicked things off, followed by cleaning up that raw
material. From there, bits tied to SCORPAN factors
got pulled out carefully. Once those pieces were ready,
machines started spotting patterns on their own.
Predictions about dirt quality emerged from these
pattern hunts. Out came full-color maps showing what
the land can support, drawn entirely from data trails.
Following section outlines what the system needs
along with how it was built. Details unfold piece by
piece without rushing ahead.
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6.1 Introduction

Hardware needs, software specs, dev tools, plus how
the Soil Fertility Analysis System runs using
SCORPAN fill this section. Starting with raw data,
things move into cleaning steps before models learn
patterns. Once trained, those models judge soil health,
then turn results into digital maps. Each stage connects
- data flows without breaks from input to visual output.
Tools used sit alongside methods chosen, shaping how
tasks unfold behind the scenes. No gaps appear
between setup and final predictions being drawn out
visually. What you get reflects what was fed in, just
clearer, mapped, usable.

A fresh approach pulls together map tech, satellite
images, space-based sensing, alongside smart pattern
detection to study dirt health fast. Code written in
Python works hand in hand with mapping software to
handle numbers and show results clearly.

Duts extraction from APl

ML Model

SollgridiSDA
API

Fig 1 System Architecture

6.2 Hardware Requirements
Below you will find what kind of physical equipment
is needed to run the suggested setup

Intel Core i5 or Higher 8 GB RAM Minimum 256 GB
SSD HD Display 64 Bit OS Internet Access Needed

Faster handling of big environmental data becomes
possible when using more powerful machines.

IJIRT 204440

Running the setup on upgraded hardware opens that
door.

6.3 Software Requirements

Below you’ll find the list of software tools plus tech
picked for the job. Running things relies on specific
programs chosen carefully. Each piece fits how tasks
need to move forward. What gets built stands on these
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selected digital helpers. No extra picks - just what
works where it matters most

Python Programming Language. Jupyter Notebook
Development Environment. QGIS ArcGIS GIS
Processing Mapping. Google Earth Engine Satellite
Data Processing. Scikit Learn Machine Learning
Library. Pandas Data Handling. NumPy Numerical
Computation. Matplotlib Data Visualization. Rasterio
Raster Data Processing.

From satellites to sensors, they handle environmental
data review while feeding patterns into learning
models. Machines then sketch soil maps using what
was learned earlier that week. Numbers shift through
layers until shapes appear on screens by afternoon
light.

6.4 Dataset Description

A fresh setup pulls in details about nature and earth,
gathered separately from multiple spots. Each piece
fits together after coming through distinct channels.

Soil Dataset

The soil dataset contains:
Nitrogen (N)

Phosphorus (P)

Potassium (K)

Organic Carbon

Soil pH

Climatic Dataset

Climatic variables include:
Rainfall

Temperature

Humidity

Satellite Imagery

Satellite images are used for:
NDVI extraction
Vegetation analysis

Land use mapping
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Terrain Dataset

Terrain parameters include:
Elevation

Slope

Aspect

Through GIS tools, these datasets come together to
support mapping work.

6.5 System Implementation
The implementation process of the proposed system
consists of multiple stages.

6.5.1 Data Collection

Environmental and soil datasets are collected from:
Soil survey databases

Satellite imagery repositories

Climatic databases

GIS datasets

Stored digitally, the gathered data sits ready for review.
Later it gets pulled for closer look.

6.5.2 Data Preprocessing

Fixing errors early makes information more reliable.
Cleaning up messy details helps avoid confusion later
on.

The preprocessing operations include:
Handling missing values

Data normalization

Noise removal

GIS layer alignment

Satellite images are corrected and processed before
feature extraction.

6.5.3 Feature Extraction
Environmental variables related to the SCORPAN
framework are extracted from datasets.

The Scorporan Model

S=f(s,c,0,1,p,a,n)+e
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Features pulled out look like this:
Rainfall

Temperature

NDVI

Elevation

Slope

Soil texture

Spatial coordinates

Inputs into machine learning models come from these
traits. Some of them feed data while others shape
predictions behind the scenes. Each plays a role even
if not obvious at first glance. Their presence shifts how
systems respond during training runs.

6.5.4 Machine Learning Implementation

Python tools like Scikit-Learn bring Machine Learning
methods to life. While coding, these libraries shape
how models learn patterns.

Among those applied are
Random Forest

Support Vector Machine (SVM)
Decision Tree

Splitting the data happens first - training part shapes
the model. After that, predictions get checked using
what's left - the test portion. One piece teaches
patterns; meanwhile the other measures how well
those lessons stick.

6.5.5 Soil Fertility Prediction
Soil nutrients get estimated by these learning systems
like:

Nitrogen
Phosphorus
Potassium
Organic Carbon
pH

Some guesses get sorted like this:
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High fertility
Medium fertility
Low fertility

Farming gains accuracy when sorting methods guide
how nutrients are applied. Instead of blanket
spreading, targeted feeding adjusts to crop needs.

6.5.6 Digital Soil Map Generation

Out in the fields, data flows into systems that sketch
out soil health in colors and shapes. Where
measurements land, patterns begin to form through
layers of calculation. These visuals emerge not by
guesswork but from computed hints buried in samples.
Instead of paper charts, screens now show where
nutrients gather or fade across acres. Behind each map,
a chain of signals turns readings into readable
landscapes.

Maps come out showing: one after another
Maps showing where nutrients sit in soil
Fertility classification maps

Spatial variability maps

Looking at these maps helps see how rich the ground
is where crops grow. A clearer picture appears when
colors show differences across farmland areas.

6.6 Benefits of the New System
The implemented system provides several advantages:

Reduces manual soil analysis effort

Working faster cuts down hours spent on tasks. Money
adds up when processes run smooth. Efficiency shows
in fewer resources used each day

Supports large-scale soil analysis
Provides accurate fertility prediction
Generates digital fertility maps
Supports sustainable farming practices

Farming choices get sharper when the system steps in.
Instead of guessing, fertilizer use lines up with what
crops truly need.

6.7 Summary
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This part looked at what machines were needed, which
programs got used, the collections of data involved,
also how everything came together through the
SCORPAN framework for analysing soil fertility.

Results come first in the following section, then a look
at how well the system worked. What follows dives
into details about its behaviour during testing.
Conversation around outcomes appears after data
review.

VII.RESULTS AND DISCUSSION

7.1 Introduction

This section shows how the new Soil Fertility Analysis
System performed when tested, based on the
SCORPAN framework. Built with GIS tools, satellite
data, machine learning methods work together to
estimate soil health and produce detailed digital maps
showing nutrient levels across landscapes.

Out there, machine learning outcomes get broken
down piece by piece - checking how sharp the guesses
really are. Picture this: soil fertility charts come alive
with colors spreading out, showing where nutrients sit
and just how rich the land is from one farm zone to
another.

7.2 Experimental Setup
A new setup came together through Python, mixing in
GIS and Machine Learning pieces. For digging into
patterns and making forecasts, it pulled from
environmental records, soil tests, weather details, plus
images shot from space.

Tools and Technologies Used

Python for programming and model development.
Jupyter Notebook as development environment. QGIS
and ArcGIS for spatial analysis and mapping. Scikit
Learn for machine learning algorithms. Pandas and
NumPy handling data processing. Matplotlib used in
visualization.

From collected soil and environmental data, training
began on the machine learning models - later followed
by testing phases. Each phase relied heavily on
structured inputs, shaping how predictions formed
through repeated cycles.

7.3 Data Analysis
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From the gathered data, patterns emerged when
looking at how nature's conditions linked to soil health
measures. Though each sample varied, connections
appeared between earth traits and growing strength.
Where weather shifted, ground quality often followed.
Not every factor matched perfectly, yet trends showed
up clearly. Through careful review, signs pointed to
strong ties between surroundings and land richness.

The analysis included:
Soil nutrient distribution
Climatic factor analysis
Vegetation index analysis
Terrain parameter analysis

Heavy rains shape how rich the soil turns out, while
heat levels tweak it too. Up high, the ground changes
again because altitude plays a role. When land tilts
sharply, that alters things just as much. Plants
spreading across the surface add their own mark. Each
of these pieces fits into what the earth can grow.

The dataset was divided into:
Training Dataset — 80%

Out of every five parts, one goes to checking how
things work. That chunk helps spot mistakes later on

Performance of the model became clearer because of
this split.

7.4 Machine Learning Results

A mix of machine learning methods got tested on
predicting soil fertility. Some models stepped forward
with clearer results than others. Prediction accuracy
shifted depending on the algorithm used. Each
approach handled data patterns a bit differently.
Outcomes depended heavily on how well the inputs
matched real-world conditions.

7.4.1 Random Forest Results

Out of many tree models, predictions grew stronger
through combined results. Instead of relying on one
path, diverse splits across data kept errors in check.
Large sets of habitat measurements? They found
stability inside this method. Even with messy inputs,
repeated sampling trimmed the risk of false patterns.
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Accuracy stayed firm because randomness balanced
each guess.

Advantages observed:

High prediction accuracy

Better handling of nonlinear relationships
Improved classification performance

Ahead of the pack, the Random Forest model handled
tasks more effectively than its peers. Despite simpler
designs elsewhere, it held up well under testing
conditions. Where others struggled slightly, this
approach stayed consistent. Not every method kept
pace equally - this one adapted without extra tweaks.
Through varied trials, results leaned in its favor each
time.

7.4.2 Support Vector Machine Results

Classification of soil fertility levels worked well using
Support Vector Machine. Efficient outcomes emerged
when applying SVM techniques to sort the categories.
Results came out clear after running the model on field
data. The method handled distinctions between groups
without much trouble. Patterns in the measurements
were picked up reliably through this approach.

Soil fertility got sorted by the system into:
High Fertility

Medium Fertility

Low Fertility

With medium-sized data, SVM handled curved
patterns cleanly. Though it struggled on larger sets, its
precision held up when inputs stayed modest in scale.

7.4.3 Decision Tree Results

Starting off differently each time helps clarity grow
when sorting soil data through tree-based logic.
Branching steps lay out choices plainly so anyone can
follow how dirt types get labeled right away.

A software process built branching choices shaped like
trees using rules from data patterns

Rainfall
Elevation

Vegetation Index
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Soil Nutrient Values

Even so, the Decision Tree worked more quickly and
made results simpler to grasp compared to Random
Forest. Still, its accuracy dipped just a bit below that
of the ensemble method.

7.5 Soil Fertility Prediction Outcomes
The proposed system successfully predicted important
soil fertility parameters including:

Nitrogen (N)

Phosphorus (P)

Potassium (K)

Organic Carbon

Soil pH

Fertility groups split up the forecasted outcomes.
Fertility Classification

Fertility Level High Fertility Suitable for high crop
productivity Medium Fertility Moderate nutrient
availability Low  Fertility Requires fertilizer
improvement

Fertility maps made it possible to spot farmland
lacking nutrients. Regions low in soil nutrition stood
out clearly through these visuals.

7.6 Digital Soil Fertility Maps

Out of the analysis came digital maps showing soil
fertility, created using GIS tools. These visuals
emerged from predicted data patterns fed into
geographic systems. Each map took shape through
layers built by software spotting trends across
landscapes. Predictions guided where colors shifted on
screen, reflecting nutrient levels underground. From
start to finish, technology shaped how results turned
into images people could study.

Maps come out showing these details
Nitrogen distribution maps
Phosphorus distribution maps
Potassium distribution maps

Soil pH maps

Overall fertility classification maps
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Looking at these maps makes it easier to see where
nutrients sit across land, guiding decisions on farm
layouts. While color patterns reveal uneven spread,
farmers adjust planting based on what shows up
clearly.

Fertility charts come with help built in
Precision agriculture

Fertilizer recommendation

Crop suitability analysis

Sustainable land management

7.7 Performance Evaluation

Machine learning models got tested through numbers
that show how well they work. Outcomes came down
to measurable scores picked to track accuracy.
Numbers shaped the final picture after running each
test case. Each result pointed toward reliability based
on repeated trials.

Evaluation Metrics

Right on target shows how often guesses match reality.
What sticks true tells if results stay consistent. Sorting
strength reveals how well items get grouped. Off by
how much counts the distance from exact values.

What stands out is how Random Forest topped the
others in guessing right. This happened because it
combines many small models working together
instead of relying on just one.

Machine learning meets geography when SCORPAN
data joins forces with digital mapping tools. Soil
forecasts gain accuracy through these combined
inputs. Instead of working alone, each piece supports
the others in clear ways. Patterns emerge where once
there was guesswork. Digital systems learn from
terrain clues tied to real ground traits. Predictions shift
closer to reality with every update. Location shapes
outcome more than expected. Variables interact
beyond simple connections. Results reflect complex
natural behavior. Performance climbs without forced
adjustments.

7.8 Discussion

Out of nowhere, climate patterns shape how rich the
soil turns out. Not far behind, what grows on land
adjusts nutrient levels too. Elevation shifts twist the
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data in noticeable ways. Hidden in plain sight, location
details sharpen forecasts more than expected.

Out of nowhere, the SCORPAN-inspired setup cut
down the need for hands-on soil checks while handling
wide-area nutrient assessment without slowing down.
Instead of relying on old methods, learning models
spotted patterns linking landscape factors to dirt
chemistry with surprising clarity.

The generated digital soil fertility maps provide
valuable support for:

Precision agriculture
Fertilizer management
Agricultural planning
Sustainable farming

Soil fertility forecasts get sharper when GIS meets
remote sensing through machine learning tricks.
Spatial insights grow clearer thanks to this mix of tech
tools working behind the scenes. Patterns emerge
where old methods once missed clues hiding in plain
sight across fields.

7.9 Benefits of the New System
The proposed system offers several advantages:

Reduces manual soil analysis effort

Working faster cuts down hours spent. Money stays
put when systems run smooth. Efficiency hides in
small shifts, not big leaps

Provides accurate fertility prediction

Supports large-scale soil analysis

Generates digital fertility maps

Improves agricultural productivity

Supports sustainable land management

Farming today needs tools that grow with demand -
this one keeps pace without extra effort. It works well
right away, yet adjusts easily when tasks get bigger.

7.10 Summary

This chapter showed how the new Soil Fertility
Analysis System worked, built on the SCORPAN
method. Results came from tests that used machine
learning to guess key parts of soil health. Instead of
traditional ways, smart models filled in gaps across
farmland areas. Digital maps then displayed these
guesses clearly. The process proved accurate when
checked against real samples.
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Improved accuracy showed up in the findings, along Fig : Model Accuracy Comparison
with smoother handling of space-related data. What Test Accuracy: 0.9767441860465116

comes next is wrapped up in the following section,
where final thoughts appear alongside possible paths

Classification Report:

precision  recall fl-score support
ahead for the system.
1.00 1.00 8.98 8.99 86
8.99 8.95 8.97 8
0.95 0.96 0.97 2 8.94 1.08 8.97
Pl
§ 0.50 atfcurae:y,-' .98
g macro avg
weighted avg
0.85 - . .
0.80 : : Fig : Accuracy Results
Random Forest Gradient Boosting
Model

Resultant web pages:

1.Home Page: This is the home page of the project website
Soil FertilityAnalysis

optimizing
agricultural
sustainability

Fig: Home Page
2.REGISTRATION PAGE: In this page user can register with their credentials such as n

TERRPNTYS

ame, email, password.

e,

Create Account

N

iStock’

Credit: fotokostic

CREATE ACCOUNT

Fig: Register Page
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3.LOGIN PAGE: In this page, user can login with their registered credentials.

Welcome User

N

iStock

SIGN IN Credit: fotokostic

Fig: Login Page
PREDICTION PAGE: Here user can select specific location and get prediction.

Soil Fertility Prediction

Search

Fig: Prediction Page
RESULT PAGE: Here, the soil fertility analysis result will be displayed.

Q Key Insigh ommendations
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Fig: Result Page

VIII.CONCLUSION AND FUTURE SCOPE
8.1 Conclusion

Looking at dirt health helps farmers grow more food
while taking care of the land. Old ways of checking
soil take too long, cost a lot, leave gaps when applied
across wide farming areas. Because of this, smarter
tools like map software, satellite data, computer
pattern spotting now step in to speed up how we
understand ground conditions.

A new method for analyzing soil health was built
around the SCORPAN concept, one that pulls together
landscape traits, plant cover, weather patterns,
underlying rock type, and location data. Instead of
relying on traditional models, it taps into smart
algorithms that learn from examples. Because soils
form under different conditions, linking those
conditions to nutrient levels makes predictions more
reliable. Through this setup, connections between
earth makeup and nature's influences become clearer
than before.

From soil tests to weather records, plus satellite views
and land shape data - all gathered and shaped with
mapping software. Instead of grouping methods, smart
pattern recognition systems like Random Forest,
SVM, and Decision Trees worked on guessing soil
health. Because of those guesses, color-coded maps
came alive, revealing where nutrients sit and how rich
the ground really is.

Surprisingly accurate predictions came out for key soil
traits - Nitrogen, Phosphorus, plus Potassium, along
with Organic Carbon and pH levels. Out of all methods
tested, Random Forest stood apart; its strength grew
from combining many models, which helped manage
vast sets of ecological data more effectively.

These digital maps of soil nutrients offer helpful
details for:

Precision agriculture
Fertilizer management
Crop suitability analysis

Sustainable land management
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Agricultural planning

One way this setup helps? It cuts down on hands-on
soil testing. Less work by hand means lower costs,
along with quicker results. Farms spread out over wide
areas gain better oversight too. Tying together
SCORPAN factors and digital mapping tools changes
how predictions are made. Soil health guesses get
sharper when satellite data joins machine learning
models. Location-based insights grow more accurate
because of it.

A fresh look at farming tools shows this soil check
method works well across different farm sizes while
staying smart in its approach. Instead of guessing, it
uses clear data paths that adapt as conditions shift
through seasons. The design grows easily when more
land needs testing, yet stays sharp in how it handles
information. Through careful tracking, it supports both
crop health and earth care without extra steps. Each
part connects smoothly so results stay useful day after
day.

8.2 Future Scope

Even so, the model handled soil nutrient levels well,
yet tweaks could still shape later studies. While
accuracy was reached, fresh directions might follow
down the road. True, results came close, however extra
steps may matter ahead. The method worked fairly
well, though next phases could shift focus somehow. It
did predict right, but changes here and there might help
later attempts.

Looking ahead, what comes next for this project takes
shape like this

Deep Learning Integration

Picture analysis gets smarter when machines learn
patterns on their own. Instead of handpicking details,
systems spot shapes and textures automatically. These
models dig into pixels much like a person notices
rooftops or rivers. One type builds layers that mimic
brain cells working together. Another kind slides
across images, catching edges and curves step by step.
Accuracy climbs when the method adapts through trial
and error. Satellite views become clearer without
constant human input.
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Real-Time Soil Monitoring

Out in the fields, sensors link up with farming tools to
track how wet the ground is, what the air feels like,
then pass along details about food levels in the dirt.
Connection happens on its own, quietly feeding live
updates into the setup without extra steps.

Mobile and web apps

A farmer might open their phone to find updated soil
details, once the platform shifts toward mobile
formats. Access becomes simpler when app-based
tools deliver tailored advice on fertilizers instead of
paperwork. With internet support, insights pop up fast
- no need for long waits or complex steps. Moving
online means updates happen smoothly, almost
without notice. Guidance appears just in time, right
where it is needed most.

High-Resolution Satellite Data

Precise images from satellites might boost how we
map soil nutrients across wide areas. Clearer details
come through when space-based photos capture
smaller ground features.

Crop Recommendation System

Starting fresh might mean matching crops to dirt
quality along with weather patterns. One way forward
involves looking at land nutrients together with
climate clues. Picture picking plants that fit both earth
health plus temperature trends. Sometimes it works by
linking soil strength and rainfall habits. Think beyond
basics - what grows well ties into ground richness
combined with sun exposure.

Fertilizer Recommendation Module

A smart system might recommend how much fertilizer
to use once it knows what nutrients the soil already
has. Prediction of ground quality helps decide exact
amounts needed. This kind of tool learns patterns, then
gives tailored advice. When soil data changes,
suggestions update too. Accuracy grows over time
with repeated use.

Cloud-Based Agricultural Monitoring

Out in the fields, cloud computing links with GIS web
tools to handle wide-ranging farm tracking along with
digital soil checks. When data flows through these
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networks, oversight of crops scales up smoothly across
regions. Soil details appear online, updated fast thanks
to remote processing power behind the scenes. This
mix helps manage farmland using live maps tied to
weather patterns and ground sensors. Each piece feeds
into a system watching how land performs over time.

Connecting With Artificial Intelligence

Farming choices might get smarter when machines
learn to forecast outcomes - this shift could gently
support greener practices over time. A quiet step
toward balance, where technology quietly aligns with
soil and seasons.

A fresh start for studying farms with care comes
through this design, opening paths in exact crop
methods while linking soil data made by computers
plus checks on nature's shifts - each step tied to clever
growing tools that work on their own.
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