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Abstract

Land Use and Land Cover (LULC) dynamics have a major impact on
environmental sustainability, resource management, and urban development.
Effective decision-making depends on correct forecasting of these changes.
This research predicts LULC changes with the Random Forest (RF) machine
learning technique using satellite-derived data from the Na-tional Remote
Sensing Centre (NRSC) for the years from 2005 to 2023. The dataset includes
various LULC categories such as built-up land, agricultural lands, plantation/
orchards, forests, wetlands, grasslands, wastelands, and water bodies. This
study focuses on an area of Ta-milnadu, India, covered by NRSC’s LULC
datasets from 2005 to 2023. The Random Forest model was first trained on
data for the years from 2005 to 2017 to predict LULC for the next consecutive
years 2018-2023, with validated against actual LULC values for Tamilnadu,
In-dia from the year 2018 to 2023, achieving high accuracy with a correlation
coefficient (R =0.97 in later years) and decreasing Mean Absolute Error. Based
on the complete historical da-taset from 2005 to 2023, the trained model is
then applied to predict LULC changes for the years from 2024 to 2028. The
results indicate a significant increase in urban development of 0.001 hectare
annually and a consistent decrease in double/triple cropping areas of approxi-
mately 1.5 hectare between 2024 and 2028, stable but slightly declining forest
cover, and wa-ter body spread oscillations. The steady increase in built-up land
underscores the importance of controlled urban expansion and the decline in
double/triple cropping areas calls for policies that support sustainable farming
practices. With forest cover slightly declining, policymakers should strengthen
conservation initiatives, afforestation efforts, and enforce stricter land-use
regulations to prevent degradation. The oscillating spread of water bodies
highlights the need for improved watershed management strategies.
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Introduction

Environmental and socio-economic growth are
greatly influenced by changes in land use and land
cover (LULC). Among other factors, population
increase, urban expansion, deforestation, climate
change, and agricultural intensification influence
LULC changes. While land use re-lates to human
activities and changes on the land, such as
agriculture, forestry, and urbaniza-tion, land cover
reflects the physical and biological traits of the
ground surface."? Rapid ur-banization in many
developing countries, for example, transforms
agricultural and forested areas into built-up zones,
therefore affecting biodiversity, water supplies, and
climate adapta-tion measures.*% Researches shows
that sustainable land management and disaster
risk reduction depend on correct LULC forecasts.®’
Changes in Land Use and Land Cover (LULC) greatly
influence environmental management, urban planning,
and sustainable development.

LULC changes have well-documented effects on
natural resources as well. Spatial LULC dy-namics,
for example, are directly related to groundwater
recharge as well as levels. Research in the Hat Yai
Basin demonstrates how tools like QGIS-based
MOLUSCE software provide critical insights for
sustainable water resource management.® Similarly,
the impact of LULC on soil properties and carbon
sequestration has been evaluated in the upper
Himalayan region, underlining the interplay between
land cover variations and ecosystem carbon
storage.®'? Additionally, sustainable land resource
use amidst changing LULC patterns highlights the
need for tailored strategies in diverse geographical
contexts.'"1?

Much research shows how policies influence LULC
alterations. Land regulation policies have played a
critical role in restricting agricultural land conversion
to construction land. By em-ploying advanced
remote sensing data (30 m resolution) and analytical
methods, the study provides valuable insights
for enhancing farmland protection programs and
ecological land planning to address growing
construction land demands in the Beijing Tianjin
Hebei region. This findings contribute to informed
policymaking for sustainable land management in
regions experiencing rapid urbanization.’®'* In a
similar context, comparative analyses of classification
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algorithms in detecting LULC changes have revealed
the utility of advanced techniques like machine
learning in improving classification accuracy and
understanding climatic impacts of land trans-
formations.'16

One-third of the population of India lives in cities."”
To look for work and create their life in cities, people
from the Tamil Nadu state and other neighboring
states, as well as millions of North Indian states,
have moved from rural Urbanization in India rose
from 27.7% to 31.1%, a 3.3% increase between 2001
and 2011."8'° Urbanization causes Indian cities to
suffer un-clean health conditions and environmental
degradation.?® Among the fifteen main states men-
tioned by India, Tamil Nadu came first in urbanization.
Based on the 2001 census, the state has reached
the highest degree of urbanization at 43.86% in
the nation.?' Approximately 27 million people call
the metropolitan city of Tamil Nadu home.? Tamil
Nadu's urbanization pattern is scattered with towns
in practically every district.2 Rapid urbanization in
Tamil Nadu creates several problems, including
deforestation, water shortage, floods, pollution, and
other environmental damage.?

Remote sensing and GIS tools enable researchers to
assess changes and guide sustainable management
strategies effectively.?>2¢ The evolution of Geographic
Information Systems (GIS) and remote sensing has
significantly improved LULC research. Satellite
pictures from sources such as Landsat, Sentinel,
and MODIS offer multi-temporal data sets, allowing
schol-ars to categorize land cover kinds and study
temporal changes.?”-*

By combining satellite-based LULC data from the
National Remote Sensing Centre (NRSC) with
machine learning techniques, this research enhances
understanding of LULC trends in Tamil Nadu, a state
known for its diverse geographical and land-use
characteristics.

Though machine learning (ML) techniques have
demonstrated better performance in capturing
complex patterns in large datasets, traditional
statistical models have been extensively used for
LULC classification. LULC studies make extensive
use of algorithms, including Random Forest (RF),
Artificial Neural Networks (ANN), Support Vector
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Machines (SVM), and Con-volutional Neural Networks
(CNN).3'32 Particularly the RF algorithm has become
more well-known for its strength in managing high
dimensional data, lowering overfitting, and generating
precise forecasts.3334

Urban planning, resource management, and
environmental sustainability are all significantly
impacted by changes in land use and land cover
(LULC). Over the past few decades, Tamil Nadu,
an area in India that is rapidly becoming more
urbanized, has seen significant changes in land use.
Uses CA Markov models and remote sensing and to
analyze urban growth and LULC changes over 140
years in the Coastal Districts of Northern Tamil Nadu.
This study highlights the impact of urbanization on
coastal ecosystems.® Examines LULC data from
2005 to 2016, focusing on urbanization, agricultural
decline, and forest cover reduction in Tamilnadu.
This study emphasizes the need for sustainable land
management.?® Using Random Forest algorithms,
a study maps LULC changes over two decades,
analyzing vegetation and land surface temperature
impacts in Tamilnadu.?” Employing QGIS MOLUSCE
plugin and MLP-ANN models, this research forecasts
LULC changes for 2025 and 2030 at Bhavani
Basin in Tamilnadu, showing significant increases
in cropland and built-up areas.® The study uses
geospatial techniques to monitor LULC changes,
revealing shifts in agricultural and urban areas over
several years in Salem District.*®

There aren't many predictive models that use
sophisticated Al-driven techniques to evaluate LULC
changes over several years in Tamilnadu, despite the
fact that many studies concentrate on retrospective
LULC analysis and short-term projections of some
areas in Tamilnadu. These papers emphasize
the increasing need for including sophisticated
computational methods for precise LULC prediction
in Tamilnadu.

This paper aims to examine the LULC changes
using machine learning for spatial analysis, therefore
guaranteeing that data-driven insights direct land
development policies.

An indepth analysis of Tamil Nadu, a state in
southern India renowned for its diverse land use and
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geography, Random Forest (RF) machine learning
model is used in this study to forecast future land
cover changes for the years 2024 to 2028 by analyzing
historical LULC trends using NRSC satellite data
from 2005 to 2023. The findings of this research will
aid in sustain-able land management, environmental
conservation, and urban planning across Tamil Nadu.
The correlation coefficient evaluates the performance
of the model.

Materials and Methods

Study Area

This study was carried out in Tamil Nadu, research
was conducted in Tamil Nadu, a southern Indian state
with a seashore bordered by one dimension and a
variety of landforms including hilly terrain, marshes,
and forests.*%4! This paper offers a thorough exami-
nation of Tamil Nadu, a southern Indian state famous
for its varied topographical and land use traits.
Geographically located between latitudes 8°04' N
and 13°35' N and longitudes 76°14' E and 80°21'
E, Tamil Nadu covers 130.06 lakh hectare.*> Andhra
Pradesh and Telangana border it to the north;
Karnataka to the northwest, Kerala to the west; the
Bay of Bengal to the east; the Indi-an Ocean to the
south.®

Data Collection

The dataset is obtained from the National Remote
Sensing Centre (NRSC) is used in this study. and
covers the period from 2005 to 2023.4 Among the
many land use and land cover (LULC) categories
included are built-up areas, agricultural land (Kharif,
Rabi, Zaid crops, double/triple annual crops, current
fallow), plantations, various kinds of woodlands
(evergreen, semi-evergreen, deciduous, degraded),
wetlands, grasslands, wastelands, and water bodies
(maximum and minimum spread).

Satellite photos, GIS-based land use maps, and
supplementary data from government reports and
research papers provide the basis for the data
gathering.*® The analysis emphasizes a terri-tory
covered by NRSC's LULC datasets spanning 2005
to 2023. The dataset includes several different land
cover kinds, as shown in the Table 1.
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Table 1: Different Land Cover Kinds

Built-Up Areas

Urban and rural settlements encompassing residential, commercial,

and industrial areas that have experienced notable growth throughout time.

Agricultural Land

It encompasses a variety of cropping pat-terns, including Kharif (monsoon

crops like rice and maize), Rabi (winter crops like wheat and mustard), and
Zaid (summer crops like watermelon and cucumber). Addi-tionally, double/
triple annual cropping sys-tems indicate regions with intensive farming

practices.
Plantations and
orchards
Woodland categories

The area is cultivated with tree plantations such as rubber, coconut, tea,
coffee, and orchards producing fruits like mango, apple, and citrus varieties.
Evergreen/Semi-Evergreen woodlands. Forests with dense canopy cover

are found in areas receiving high rainfall
Deciduous woodlands. Found in moderate to dry climate zones, trees that

shed leaves annually.

Degraded woodlands. These are places where human encroachment,
overgrazing, or deforestation have caused forests to decline.

Wetlands and
water bodies

Mangroves, swamps, and littoral Biodiversi-ty and climate control depend on
coastal and interior wetland areas. And inland wetland regions are crucial for

biodiversity and cli-mate regulation.
Water bodies (maximum All of which show changes in water avail-ability, this category includes

and minimum spread)
Grasslands and
wastelands

seasonal and perennial lakes, reservoirs, and rivers.
Grasslands. Often utilized for grazing and ecological preservation, open land
ruled by natural or cultivated grasses.

Wastelands. Wastelands are deteriorated lands that are unfit for farming,
including rocky, sandy, or barren places with scarce vegetation.

Preprocessing of Data

Data cleaning was done first to eliminate duplicate
and missing records and to handle missing data
using interpolation techniques like forward-fill and
linear interpolation. Moving average techniques were
used to smooth the variability in satellite derived
data in order to improve the visualization of LULC
patterns.

Random Forest Regression

Operating as an ensemble of decision trees, A
method of machine learning is random forest
regression. A many tree trained on several dataset
components, their forecasts aggregated to generate
a final output, decision tree regression was extended
by Random Forest Regression. Using the "wisdom
of crowds" method, this strategy increases genera-
lization and decreases overfitting. Every tree in the
forest was constructed from a random choice of data
points and features, hence guaranteeing variation
in the model. Averaging the outputs of all trees
produces the last prediction; hence Random Forest
Regression was very accurate and robust for

forecasting continuous numerical values, such land
use and land cover changes over time.

Random Forest Prediction (Final Output)

Each tree in the forest made a prediction y, and
equation (1) used to find the final prediction was the
average of all tree outputs.

Vimal = 7201 5, (1)

Where T = Number of decision trees in the forest
and Vi = Prediction from each tree.

Predicting continuous values is done using a non-
parametric supervised learning technique called
Decision Tree Regression. Atevery stage, itrecursively
divides the dataset into smaller areas, hence reducing
the Mean Squared Error (MSE). The last forecast is
based on the average of the target valuesin every area.

Equation (2) gives the mean value of the target
variable y as
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= _ 19N

¥ =52z Vi -(2)
yi= Target value for each data point, N = Total number
of data points

Equation (3) measures the Mean Squared Error (MSE)
gives the variance within a region before and after
splitting
_ 1N —

MSE = <X (i — )2 .(3)
Yi = Actual target value, y = Mean of target values
in the region. To evaluate a potential split, equation
(4) computes the weighted MSE as

N e Nri
MSEqpji = ~o* MSEje + =2 MSE i ()

N Ny = Number of data points in left and right
nodes, MSE ,, MSE_, = MSE of left and right child
nodes

Rolling Prediction Approach Using Random
Forest Regression.

Predicting land use and land cover (LULC) changes in
Tamilnadu, India, throughout the years from 2018 to
2028, this paper used Random Forest Regression's
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recursive rolling prediction technique. Initially trained
on historical data from 200502017 in Tamilnadu, India,
the model forecasts LULC for 2018 in Tamilnadu, India.
The dataset is then filled with the projected LULC
values for the year 2018, and the model is retrained to
forecast LULC for the year 2020 in Tamilnadu, India.
Ensuring a progressive estimation of future land
cover changes, this iterative procedure carries on
using both real historical data and prior forecasts.
Figure 1 shows a schematic depiction of the methodo-
logical framework applied in this investigation.

To check if the suggested Random Forest model
is correct, we calculate prediction accuracy, mean
absolute error (MAE), and correlation coefficient (R),
accuracy percentage for the years where we have
real data, like 2018, 2020, 2021, 2022, and 2023. This
validation ensures reliability before making long-
term predictions for 2024—2028. Before projecting
long-term for 2024—2028, this validation guarantees
dependability. Interpretation is helped by visualiza-
tions such projected LULC distributions, pie charts,
and bar charts for actual vs. expected values. While
reducing independent annual estimation errors, this
stepwise prediction technique offers a systematic
way to examine future LULC changes.

| Data Collection I

4 3

3

T 1

LULC 2005 | | LuLC2006 I |

LULC 2018 | |

LULC 2020 I | LULC 2023

] |

Data Preprocessing (Cleaning, Handling Missing Values, Stand-
ardizationl

Training Set

l

Random Forest Regres-

sion Model

|

Predicted 2018, 2020,

L

Test Set

Accuracy Assessment Ac-

2021, 2022, 2023

tual Vs Predicted

Random Forest Regres-
sion Model

Predict Future 2024,
2025, 2026, 2027, 2028

Fig. 1: Methodology for Predicting Land Use and Land Cover in Tamilnadu, India.
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Mean Absolute Error

Ignoring direction, equation (5) gives the Mean
Absolute Error (MAE) measures the average size of
discrepancies between projected and actual values.
It offers a clear way to gauge how near predictions
are to actual observations. A lesser MAE indicates
a more accurate model.

1
MAE = n ?=1|Y;1ctual,i - predicted.i| (5)

Where, n = Total number of observations , Y__ ..
= Predicted land cover value for the i-th observation
and Y = Actual land cover value for the i-th

actual,i

observation.

Accuracy

Regarding land use and land cover forecasting, The
accuracy provided by equation (6) is the percentage
of valid model predictions for the actual data. It
provides a broad evaluation of how well the model
reflects the observed LULC trends. A high accuracy
% shows that the projections of the model closely
match the real land cover changes, hence enabling
it to estimate future trends. On the other hand, low
accuracy indicates notable forecast mistakes that
call for model changes.

_ X|¥ actual =Y predicted|
Accuracy = (1 — Tmp;)x 100 ..(6)
Where Y = Actual land cover values and

actual

Ypredicted= land cover values

Predicted

Kappa Coefficient

The Kappa coefficient is a statistical measure

of agreement between the predicted land cover

classes and the actual observed data in the context

of land use and land cover (LULC) prediction; it also

considers the agreement that could arise by chance.

Unlike simple accuracy, which only considers the

proportion of correct predictions, equation (8) gives

the Kappa coefficient provides a more rigorous

evaluation of model performance, particularly in

cases where class distributions are imbalanced.

k=2 % 100 A7)

1-P,

Where

+ P, =Observed agreement (i.e., the proportion
of correctly predicted land cover types)

+ P, =Expected agreement by chance (calculated

based on the distribution of predictions and
actual values)

A high Kappa value shows a substantial agreement
between the expected and actual classifications,
signifying that the model performs well beyond
random chance. On the other hand, a low or negative
Kappa score indicates that the predictions of the
model are not consistently better than random
guessing, and improvements are needed to enhance
classification quality.

Producer's Accuracy

Producer's Accuracy is calculated using Equation (8),
which measures the classifier's ability to accurately
identify instances in the real (ground truth) data belon-
ging to a certain class. It computes the proportion
of accurately forecasted cases for a particular class
relative to the total number of cases of that class in
the actual data.

"Producer's Accuracy= True Positives for Class /Total
Actual Instances for Class x100 ..(8)

Where

*  True Positives for Class: The number of data
points that belong to a specific class and are
correctly predicted as that class.

»  Total Actual Instances for Class: The actual
number of data points belonging to that class—
the ground truth.

User's Accuracy (for data)

User's Accuracy, as defined by Equation (9), is the
capacity of the classifier to accurately forecast a
particular class when it designates that class to a data
point. ltcomputes the proportion of correct predictions for
a particular class relative to the total number of cases
forecasted as that class.

User's Accuracy=True Positives for Class /Total
Predicted Instances for Class" x100 ..(9)

Where

*  True Positives for Class: The amount of data
points accurately forecasted to fit a certain
class.

»  Total Predicted Instances for Class: The total
amount of data points the classifier predicted
would belong to that class.
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Implementation Using Python

Python was used for all data processing, model
training, and visualization in this work. Data processing
was done using Pandas, visualisation using Matp-
lotlib and Seaborn, and machine learning-based
forecasts using Scikit Learn. Python scripts stream-
lined the whole process from data preparation to
accuracy assessment, hence guaranteeing consis-
tency and reproducibility.

In order for machine learning algorithms to process
LULC datasets efficiently, categorical labels like
"Forest," "Urban," "Agriculture," or "Water Bodies"
must be transformed into numerical values.
Categorizing numerical values (for example, "Forest"
— 0 and "Urban" — 1)

The class distributions in LULC datasets are
frequently unbalanced, with some land categories
(like urban areas) having an overrepresentation
and others (like wetlands or forests) having an
underrepresentation. Assign higher weighing to
minority classes like forest and wetland to reduce
bias toward majority land categories in LULC models

Results

Empirical Analysis of Land Use and Land Cover
Comparing actual and projected Land Use and Land
Cover (LULC) values for various land in Tamilnadu,
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India, for the years 2018, 2020, 2021, 2022, and
2023 is shown in Fig. 2

With projected values in most cases nearly matching
actual values, the model efficiently reflects LULC
distribution across several categories. The minor
differences imply that the Random Forest Regression
model is consistent in forecasting significant LULC
changes.

Model Performance Evaluation

The performance of the Random Forest Regression
model was assessed using an empirical analysis of
Land Use and Land Cover (LULC) data of Tamilnadu,
India, from 2018 to 2023. Predictions' correctness
was confirmed by means of the Correlation
Coefficient (R), Mean Absolute Error (MAE), and
correctness. Table 2 summarizes the predictive
accuracy of the Random Forest model.

The model's performance, assessed using the
Mean Absolute Error (MAE), Correlation Coefficient
(R), and Accuracy (%), shows notable increases
in prediction dependability. While the declining
MAE implies improved accuracy, a greater R-value
shows a significant correlation between actual
and anticipated values. The rising accuracy rate
emphasizes the model's increasing capacity to
capture LULC trends.

Table 2: Random Forest model’s predictive accuracy

Year Correlation Mean Absolute Accuracy Kappa Producer's User's
Coefficient (R) Error (MAE) (%) Coefficient Accuracy (%) Accuracy (%)

2018 0.75 3.220 62.858 0.667 64.52 70.24

2020 0.96 1.864 78.502 0.833 87.32 96.41

2021 0.969 1.286 85.172 0.823 65.77 82.33

2022  0.986 1.201 86.144 0.919 81.5 98.32

2023  0.979 1.039 88.018 0.893 83.69 87.23

The accuracy for the year 2018 was relatively low
and improved in later years by Rolling Forecast
Method. Regularly revising the forecast as new data
becomes available, the Rolling Forecast Method
is a continuous forecasting technique that uses
historical data to project fu-ture performance over
a given period. User accuracy, producer accuracy,
and the kappa coef-ficient calculated on referenced

data were used to examine the accuracy of the
identified LULC. The Kappa statistics shows that
the strong agreement between the predicted LULC
and the actual data of Tamilnadu, India, from 2018
to 2023. Producer’s Accuracy (PA) shows that LULC
categories (e.g., urban areas, wetland, forest) are
correctly classified and User’s Accuracy shows
reliability of predicted LULC for each class.
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Fig. 2: Comparing actual and predicted LULC values for different land categories in Tamilnadu,
India, for the years 2018, 2020, 2021, 2022, and 2023.
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The consistent improvement across these measures
verifies the strength of the Python-based machine
learning approach. The reduction in Mean Square
Error and rise in Accuracy percentage indicate
effective data preprocessing and model optimization.

These results validate the Random Forest model's
reliability for LULC forecasting. Further enhanc-
ements, such as incorporating additional spatial
and temporal data, could further im-prove prediction
accuracy. The approach ensures a strong foundation
for future land use analysis.

Future LULC Predictions in the years from 2024
to 2028

The future Land Use and Land Cover (LULC)
forecasts in Tamilnadu, India, for the years from 2024
to 2028 have been generated by means of a Python-
based machine learning ap-proach combining
historical LULC patterns with advanced predictive
modeling techniques. These forecasts provide critical
insights into expected land cover transformations,
aiding urban planning, environmental management,
and sustainable land use strategies. Table 2 below
pre-sents the predicted LULC values for different

land categories of Tamilnadu, India, from the year
2024 to 2028.

These projections highlight possible changes in
agricultural land, urban expansion, forest cover,
and water bodies in Tamilnadu, India, supporting
decision making for sustainable development and
conservation efforts.

Future LULC Distribution

Pie charts for each projected year from 2024 to
2028 have been produced to help one see these
LULC variations over time. Figure 3 shows the
percentage contribution of every LULC category,
hence enabling a better knowledge of land cover
changes and possible future trends in Tamilnadu,
India. These visualizations assist in spotting
patterns and trends in land cover changes, which
are vital for environmentalists, urban planners, and
legislators in making educated choices. Predictive
accuracy can be improved by further modifications,
including remote sensing data, socio-economic
considerations, and climatic variables, therefore
offering more in-depth knowledge of future land use
possibilities.

Table 2: predicted LULC values (in hectares) for different land categories in Tamilnadu,
India, from the years 2024 to 2028

LULC Category (L ha) 2024 2025 2026 2027 2028
Built-up 6.13 6.13 6.131 6.132 6.133
Kharif Crop 11.734 11.677 11.677 11.67 11.635
Rabi Crop 17.87 18.079 18.224 18.334 18.45
Zaid Crop 0.982 0.98 0.989 0.993 0.987
Double/Triple/Annual Crop 34.21 34.11 33.98 33.863 33.805
Current Fallow 15.623 15.62 15.61 15.61 15.59
Plantation/Orchard 10.08 10.071 10.076 10.081 10.079
Evergreen/Semi-Evergreen woodland 5.516 5.516 5.516 5.516 5.516
Deciduous woodland 15.389 15.385 15.38 15.38 15.39
Degraded woodland 1.307 1.305 1.303 1.303 1.303
Littoral/Swamp/ Man-groves 0.082 0.082 0.082 0.082 0.082
Grassland 0.649 0.648 0.646 0.645 0.64
Wasteland 4.043 4.038 4.037 4.039 4.045
Waterbodies max spread 5.256 5.271 5.266 5.264 5.278
Waterbodies min spread 1.186 1.15 1.13 1.121 1.119
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Predicted LULC Distribution for 2024
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Predicted LULC Distribution for 2027
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Fig. 3: Predicted LULC Distribution in Tamilnadu, India for the years
2024, 2025, 2026, 2027 & 2028

Discussion

The LULC shift two-decade study in Tamil Nadu
reveals notable urban area growth and fallow
landscape monotonicity as well as a considerable drop
in farmland and plantation agriculture landforms. Most
of these changes result from individuals migrating
from the rural areas to the towns in Tamil Nadu,
particularly Chennai, Coimbatore, Trichy, and Madurai,
seeking employment by abandoning their own
estates, hence making agricultural lands barren and
comparable owing to high demand. Urbanfringes are
sold and mapped, therefore generating settlements
that cause urbanization.* When compared to earlier
studies. Liping et.al," found the trends in Tamil Nadu

are in line with patterns of urbanization and land
abandonment seen in China and Nepal, where land
use is being reshaped by population increases,
urbanization, agricultural expansion, and climate
change. Effective land resource management and
planning depend on monitoring and forecasting
these shifts. Rapid urban expansion sometimes
turns agricultural land and woods into built regions,
consequently upsetting ecological balance and food
supply. Sustainable land management policies so
rely on exact projections of LULC trends. As remote
sensing and machine learning techniques have
advanced, predictive modeling has been a helpful
tool for analyzing LULC trends. This paper aims
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to predict future LULC changes by ap-plying the
RF model using historical LULC patterns in Tamil
Nadu from the year 2005 to 2023. Classification
accuracy is evaluated using Producer’s Accuracy,
User’s Accuracy and Kappa coefficient, Comprising
first forecasting LULC from the year 2018 to 2023
and verify-ing it against actual data, and second
projecting LULC from the year 2024 to 2028 across
Tamilnadu. GIS tools allow spatial data processing,
hence allowing high accuracy display and modeling
of LULC changes. This paper investigates how well
the Random Forest (RF) classifies land cover in the
Tamilnadu. By including satellite-based LULC data
from the National Remote Sensing Centre (NRSC),
this work serves to enhance land-use planning and
environ-mental protection initiatives.

Conclusion

The findings show notable urban development, a
steady drop in double/triple cropping areas, stable
but slightly declining forest cover, and water body
spread oscillations. A Random Forest Regression
model for forecasting Land Use and Land Cover
(LULC) changes in Tamil Nadu, India, was trained
and validated using satellite data from the National
Remote Sensing Centre (NRSC) between 2005
and 2023, therefore attaining great accuracy with
a correlation coefficient (R > 0.97) and lowering
Mean Absolute Error (MAE). Results indicated
signifi-cant urban development, a decline in
double/triple cropping areas, slightly diminishing
forest cover, and fluctuating water body spread,
reflecting the impacts of urbanization, agricultural
practices, and environmental shifts in Tamilnadu.
Strict governmental policies should be fol-lowed
to minimize the consequences of landform change
since it is beyond control in poor countries to convert
agricultural or forest land into impermeable layers.
Some initiatives, like the Conversion of Cropland
to Forest Program (CCFP), can be implemented in
line with this one; farmers who take part in these
programs may get subsidies. These programs can
benefit communities that are moving to urban areas
for a variety of reasons and gaining more ecosys-tem
values. These findings provide crucial insights for
environmentalists, urban planners, and policymakers,
supporting sustainable land management and
climate adaptation strategies in Tamil Nadu. Future
research should incorporate climate factors (rainfall,
temperature) and socioeconomic data (population
growth, economic development) to better capture

human-driven LULC changes and improve predictive
accuracy. Also, using deep learning techniques like
CNN, LSTM, and ensemble learning, along with
advanced GIS spatial analysis and heatmap visuals,
can improve predictions and spot areas at high
risk for urban growth or de-forestation, helping
make better decisions for sustainable land use and
protecting the environment.
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