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Abstract

Constraints perceived in different socioeconomic situations reinforce land use patterns and land cover (LULC) at
different levels. However, the statistical information regarding the LULC variations encounters enormous
significance for the execution and modelling of appropriate environmental variations and resource management
with the available remote sensed data from diverse satellite images and advanced computing technologies;
information is generally retrieved from the image classification approaches. However, a broader quantitative
analysis of various classification approaches is crucial to choosing an effectual classifier model to acquire
appropriate land use regions. We concentrate on the Karavetti region and its related fields in this study. We use a
Non-Linear Recurrent Convolutional Neural Network (NLR-CNN) to analyze the data statistically. Well-known
techniques such as Support Vector Machine (SVM), Random Forest (RF), and Decision Tree (DT), among others
are used to evaluate the model performance. High-resolution images and the data points supplied are also used to
assess the accuracy of the categorization and prediction. A confusion matrix is generated where the land cover
regions show superior classification accuracy with the fusion model. Also, the NDVI facts and additional metrics
like loss, error rate and kappa coefficients are analyzed. Therefore, the outcomes show that the anticipated is
considered more robust with better performance to enhance the classification accuracy with the specific land cover
regions.
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1. Introduction

Because of its ability to capture biotic and abiotic variables that closely resemble biological conditions on the
ground, land use and land cover monitoring (LULC) is paramount [1]. In addition, LULC provides information
about the earth's surface. A more accurate understanding of the relationships between human activities and the
physical environment is made possible through the precise LULC mapping, which improves environmental change
assessment. However, despite LULC products' accessibility and quantity, they have serious errors. For instance, it
is reported that datasets like FROM-GLC, MCD12Q1, GLC2000, and GlobeLand30 have overall accuracy rates of
64.9%, 78.8%, 77.9%, and 80.3%, respectively [2]. As a result, it still needs to be completed to evaluate and
integrate different land-use and land-cover (LULC) outputs, especially in the context of hydrological,
climatological and ecological studies, including climate change research [3]. In research on precipitation, the
accuracy of land-cover data is critical, with results being considerably affected when accuracy falls below 80%
and further degrading as accuracy lowers. Unfortunately, most datasets are insufficiently accurate for general and
class-specific regional climate modelling requirements. Studies have also shown that the accuracy of these data in
Karavetti is significantly worse than in other areas [4], thus failing to meet the stringent criteria for optimal use of
this region. This limitation hinders further development of studies on desertification monitoring, ecosystem
services assessment, and regional climate simulations [5]. To address this problem, highly accurate land cover
datasets must be created. It combines existing land use, land cover, and auxiliary datasets to produce realistic
climate simulations [6]. To overcome these restrictions, this research aims to put forth a technique for ensemble
learning in the classification of land use and land cover (LULC), an area with complex topography characteristics
[7]. In addition to Landsat 8 OLI imagery, several geographic datasets are used to produce a set of highly accurate
land cover data, including extended vegetation index (EVI), net primary productivity (NPP), leaf area index (LAI),
FROM-GLC, MCD12Q1, ESA-LC, and a digital elevation model (DEM) [8]. Northwest province was selected
and divided into three sub-regions due to its complicated topography and climate to demonstrate the applicability
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of the proposed strategy. Different ensemble learning strategies were then developed for each subregion [9]. The
settings of the machine learning algorithms were determined, training samples were collected, and the
classification accuracy of each land use and land cover (LULC) classification enabled by ensemble learning was
evaluated [10]. Various classification methods, including K-nearest neighbour (KNN), decision trees (DTSs),
random forests (RF), support vector machines (SVM), artificial neural networks (ANN), and extreme learning
machines, are widely used in remote sensing [11]. Various machine learning methods have significant advantages
in identifying specific land use and land cover types (LULC) due to the complex nature of remote sensing data
from multiple sources. A single classifier cannot significantly improve the accuracy of all LULC classes [12]. As a
result, finding the best classification methods is still a challenge. For instance, it was discovered that the accuracy
of SVM in categorizing irrigated plants in a given LULC classification within a specific area was 92%. In contrast,
it was only 72% for oak woods [13] — [15].

The remote sensing image analysis branch is paying much attention to classifier ensembles, often known as
multiple classifier systems. They may use the benefits of several classifiers while minimizing their drawbacks to
achieve high classification accuracy. Various combinatorial methods have been developed, often used to combine
different classes. For example, in a study, an ensemble learning classification model was built by combining C4.5,
support vector machines (SVMs), decision trees (DTs), and artificial neural networks (ANNs). Compared to other
simple classifiers, their model had a better overall accuracy (OA) of 88.12% and a kappa value of 0.88. In another
study, the author showed how ensemble technology increased the stability and classification abilities of individual
ANNSs. To categorize land use and land cover (LULC) in the wetlands of Karavetti, they used two ensemble
techniques based on ANNs. The main contributions of this study are the development of a novel ensemble learning
method and the incorporation of topographic parameters in the categorization of land cover in Karavetti. In
addition, we have developed a novel land cover product that solves the problem of low accuracy of land cover
categorization in climate simulation of Karavetti by using a two-stage classification approach. Other industries,
such as spatial planning and hydrological modelling, could also use this product. The study results will improve
our knowledge of the atmosphere-land interaction in arid regions. The accuracy of LULC classification is closely
related to the classification method chosen and the remote sensing data used. With the improvement of processing
power and remote sensing technologies, machine learning has moved up the list of methods for LULC
classification.

Additionally, the characteristics of the research area and the kind of associated material impact the performance of
classification algorithms. Therefore, to maximize the effectiveness of multiclassifier ensemble learning, it is
crucial to consider both the machine learning method and the properties of the feature data. Machine learning
algorithms are ultimately more efficient and successful than traditional classification approaches since they are not
based on standard assumptions or statistical traits. However, selecting the appropriate classification algorithm for a
particular sector is still vital. To compute the effects of driving forces based on environmental changes, analyze the
connection between the environment and humans, and assess both positive and negative variation, LULC regional
mapping is required. Geographic Information Systems (GIS) and Remote sensing are recognized as powerful tools
that aid in the collection of LULC data because they are accurate, cost-effective, real-time, and offer a high degree
of geographical coverage. Because it is readily available and has a higher resolution, remote sensing data is
frequently used in LULC research. However, the need for a classifier or classification system makes improving
forecast accuracy using crucial indicators challenging. The significant research contributions are:

1) An analysis is done with the real-time data gathered from Karavetti using modern Machine Learning
approaches;

2) Here, classification is done with the novel Non-Linear Recurrent Convolutional Neural Network (NLR-CNN),
where SVM, DT and RF act as the baseline classifiers;

3) The anticipated model is evaluated and compared with other approaches, establishing a better trade-off.

The work is structured as follows: section 2 provides a broader analysis of various prevailing approaches. The
methodology is demonstrated in section 3, with investigational outcomes in section 4. The summary is provided in
section 5 with ideas for future research.

2. Related works

The geography research most thoroughly examined is the LU/LC change categorization. Different categorization
methods are utilized to embed on the planet's surface. Since it helps characterize different LU/LC types using
satellite imagery, the topic of LU/LC change categorization has been investigated for decades [16]. To categorize
LU/LC variation, researchers used supervised, unsupervised, metric, quasi, object-oriented, per-pixel, template,
and complex learners [17] — [18].
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Land usage and land cover are distinguished on indigenous land maps. Each is distinguished from the others by
the thorough description. According to the Food and Agriculture Organisation of the United Nations (FAO) [19],
Land use refers to the human activities, structures, and resources used to create, modify, or maintain a particular
land cover category. Land cover refers to the physical cover of the earth's surface [20]. The definition states that
land use and cover are closely related, so their classification is unavoidable. However, these two concepts are
frequently used in error by one another [21]. As a result, current research has seen the "land use and land cover"
(LULC) categorization as a more detailed term incorporating this connection. Depending on the best purposes,
different categorizations exist for LULC; one of the most well-known interpretations comes from the FAO and
offers an LCLU which allows for different knowledge levels to be compensated by starting with organized general
categories and then further methodically developing land into more comprehensive sub-classes [22]. This
specification also assures a high level of mappability by integrating consumer land use features. Most studies that
categorize land cover or land use focus on several plant cover or land use subcategories [23]. These classifications
are at a higher level of organization depending on the intended use, differentiating apparent land coverings or
concentrating on specific land cover subtopics. Examples of software LULC classification approaches available in
the literature include wetland classification, urban land-use classification, farm categorization, forest
categorization, and other vegetation maps. In [24], mapping the land uses to the ground surface using aerial film
was the first instance where satellite data was used for the LULC classification.

Years later, soon after the launch of the Landsat programme and the deployment of the Environmental Protection
Technologies research plane with a multispectral scanner (MSS), investigations using remote-sensing imaging
data to classify the LULC advanced to a new level. In actuality, the Landsat project and (private) data
dissemination introduced new issues of inter-different datasets, land mapping and monitoring on a temporal basis,
and ecology uses of satellite data to the area of LULC [25]. The author describes some of the early attempts on
these issues. Studies on LULC identification and its extra challenges are continuously and rapidly changing (Al)
due to significant improvements in computer power and memory capacity and the advent of Al [26]. Furthermore,
data quality and remote sensing technology advances allow researchers to extract information from large amounts
of data [27]. Hyperspectral images were later adopted by the Earth Observation community as processing
capabilities and digitization advances reduced their complexity and time requirements. However, an increasing
number of professionals are becoming interested in LULC identification due to the immense potential of such data
and the quick improvements in computing technology [28].

The incredible successes of deep learning since the Net Large Scale Visual Recognition Challenge (ILSVRC) have
inspired satellite scientists to utilize comparable methods on remotely sensed data [29]. The author explores the
present state of deep learning techniques for hyperspectral categorization while concentrating on the challenges of
multispectral imaging technology. Additionally, the author describes machine learning architectures for
categorizing s and evaluates them using widely-used samples. This review examines the new research utilizing
deep learning algorithms for panchromatic and spectroscopic image classification [30]. The primary objective is to
produce a study that is interesting to read and explains how to evaluate the present state of deep learning in the
LULC classification of remote sensing data, emphasizing spectroscopic and panchromatic images. This paper aims
to provide readers with a place to find the approaches and datasets needed to address the field's challenges.

3. Methodology

The proposed NLR-CNN is explained in detail in the following section. The shallow subnetwork for feature
extraction and the deep subnetwork for feature fusion are separate subnetworks that form this end-to-end network.

3.1. Feature representation

A shallow feature extraction subnetwork that can extract spatial features from multisequence data band by band is
part of the proposed NLR-CNN. This method treats the multispectral images as a single set of multisequence data.
Consequently, images with different band configurations (four or eight bands) can be trained without changing the
structural parameters of the network. A tensor of size B X H x W x (M + 1) is used to describe the
multisequence data, where B is the batch size, H is the height of the data, W is its width, and M + 1 is the total
number of data samples. The characters xi identify Each data sample (i = 1,2,...,M + 1). The multisequence
data are collected using the following techniques. As shown in Eq.(1), the original image (H/S x W/S x M) is
first scaled down to the size of the image (H x W x 1) at scale S. The data is then processed into a
multisequence image. The input data, denoted as multisequence data x;, is then created by combining the upscaled
(Hx W x M)and (H x W x 1) as explained in Eq. (2).
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A subnetwork with a convolutional neural network (CNN) as the basic structure is chosen to extract flat features.
The image contains more spectral information. However, spatial-spectral features can be seen in the provided
images. To extract spatial features from the given images, this sub-grid is used. Creating the sub-grid with the
same parameters and structure significantly reduces the non-adaptive situation, and the grid parameters are
minimized. Moreover, since the flat subnetwork is used for feature extraction band by band, the convolutional
layers are processed sequentially. The usefulness of residual learning in feature extraction from images has been
proven. Therefore, the shallow subnetwork for feature extraction contains the residual block. The residual block in
Fig 1 consists of a skip connection and two convolutional layers. A ReLU activation function follows each
convolutional layer. The operating principle of the residual block can be described as follows:

yi = h(x;) + R(x;, By) (3)

Xi+1 = F(y;) 4

In this study, the input and output of each residual block, represented as x; and x;, 1, respectively, are processed by
the residual function R(.) in conjunction with the activation function F(y;) and the identity mapping function
h(x;). The parameters of the residual block are shared to maximize accuracy and reduce the number of operations
(NOPs). The feature map f; (where i ranges from 1 to M + 1) is generated by the shallow feature extraction
network @, which extracts features from the multisequence data x;.

fi= @(x) =i=12,..,M+1 ®)

All convolutional layers in this network use 3 = 3 convolution kernels, and no normalization layers are present.
The activation function used in this network is the parametric ReLU [31].

3.2. Feature fusion

The feature maps for all bands are acquired after the initial extraction of shallow features, coupled with the spatial
images and the spectral data from multispectral (MS) images. These feature maps are directly combined in several
deep learning-based techniques to capture spectral and spatial properties. Given the high correlation and
complementary information that these feature maps give, it is crucial to understand the interactions between them.
Several recurrent neural networks (RNN), such as Long Short Memory (LSTM), Gated Recurrent Unit (GRU),
ConvGRU and NLR-CNN, have been developed to efficiently capture the correlation between the spectral and
spatial features of different bands. NLR-CNN stands out among these methods because it is particularly suitable
for processing two-dimensional multisequence data. This study processes the two-dimensional multisequence data
of all bands considered feature maps using a deep feature fusion subnetwork built on the NLR-CNN model. The
NLR-CNN model allows interactions within and between different views, which facilitates the detection of local
and global correlations across many bands. The proposed deep feature fusion subnetwork also keeps the spatial
resolution of the input and output constant. Fig 1 shows a schematic design of the NLR-CNN model. Each feature
map, represented by the letters f; (where i = 1,2,...,M + 1), has an update gate (Z;) and a reset gate (RI)
attached to it. A logic gate called the update gate (z;) chooses the update activation (h;).

zi= 0 (W, xfi+ U, xhj_q) (6)

In this case, the activation function (o) is employed. The update gate incorporates the weight matrices (W,) and
(U,), respectively. W, represents the current input layer's connection to the hidden layer, while U, represents the
previous hidden layer's connections to the existing hidden layer. h;_; represents the output activation from the
previously hidden layer, symbolically representing the convolution operation. The candidate activation (h;) is
either taken into account or disregarded when calculating the prior activation h; with the reset gate (r), denoted as

(*).
rp=0 (W, *fj+U.*hj_q) (7
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The weight matrix W, represents the input layer, and the hidden layer is represented by U, which corresponds to

the links between the input layer and the current hidden layer. The candidate activation, h;, is expressed by the
function [f;, hj_1].

h; = tanh(W;, * f; + Uy, * (r; — h; — 1)) (8)

In this study, the weights for the input, hidden, and previously hidden layers to the present hidden layer are called
W, and Uy, respectively. The hidden state of the cell's output activation h; is determined by attempting to receive a
specific expression [h;_;, h;] using the Hadamard operator. The NLR-CNN model’s convolution kernel is of size
3.

hj=1—-z)*h_,+z+ R 9)

The deep feature fusion subnetworks use the formulas outlined in Eq. (7) to Eq. (9) to process all band feature
maps denoted by f, resulting in the output feature fusion represented by f. The resulting resolution is partially
adjusted to the desired level by global average pooling [32] and referred to as A. A convolutional layer with 1 = 1
convoluted kernel produces the sharpening result.

f=f/M+1 (10)

The feature fusion findings are subsequently transformed into a high-resolution image using this convolutional
layer, which functions as a decoder.

)

( soyssep
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Figure 1: Proposed architecture

3.3. Ensemble Machine learning approaches

This section provides an overview of the theoretical basis for the ensemble learning techniques used for
classification in the current research. Please refer to the cited sources if you want to learn more about the
theoretical basis of an algorithm. An example of an ensemble learning technique is the SVM developed by Vapnik
(1990s). SVM was first used to detect pattern recognition tasks, particularly the detection of handwritten numerals.
SVM has several advantages: low training sample requirements, noise tolerance, adaptability to high-dimensional
data and high stability. It is also well-known for producing accurate results when modelling complex non-linear
decision boundaries. SVM is a supervised learning technique in various remote sensing applications. Random
Forest (RF) is a classification method combining different classifications and regression trees through a bagging
process. This method eliminates generalization errors and enhances classification accuracy, making it an effective
multi-sourced remote sensing classification (MRS) method. Due to its high level of precision, RF has been widely
used in LULC classification. Please refer to the relevant literature for a comprehensive explanation of RF. The
Iterative Dichotomiser 3 technique has been updated to create the decision tree algorithm C4.5. It is intended to
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classify data from many remote sensing picture sources precisely. A robust logical framework, simple rules, and
effective noise suppression are all hallmarks of C4.5. Please refer to the supplied for more information on C4.5.
The concept of ensemble learning uses the additive influence of advantageous qualities to improve classification
and predict performance. This strategy involves simultaneously training many machine learning algorithms.
Ensemble learning does this by addressing the issue of overfitting that could develop when depending on a single
classifier in situations with little data. This method also makes the most of the benefits that each classifier has to
offer.

3.4. Dataset

The LULC classification at the regional level is often based on the wide availability and comprehensive coverage
of Landsat satellite-image data. As most phenological changes are observed, the use of the images from the
Geological Survey was selected for this investigation. The time frame chosen for LULC categorization was from
April to August. The ESG (Enhanced Vegetable Index), NDBI (Normalized Difference Building Index), and
MNDWI (Enhanced Normalised Water Index) were generated from Landsat bands, respectively. The composite
spectral index from Landsat 8 was also used. In addition, the current study included information from four more
LULC information sources.

3.5. Spatial analysis

Consistency analysis and geographical attribute extraction were the primary approaches in this study. A distinct
spatial data mining inference rule was developed to distinguish between land use and land cover groups (LULCs),
relying on grid consistency. To aid in the zoning shape of LULC categorizations, (0.25 km?) was initially
generated using the ArcGIS version 10.2; four LULC products were then extracted, as well as a plant type and
additional data by extracting multiple value points from feature points. The resulting net data consisted of 13
distinct attribute information types, which were then aggregated with net feature points, net data, and spatial
consistency levels for vegetation type maps using a grid comparison approach for categorization systems.

4. Numerical results and analysis

The primary criterion for assessing the performance of machine learning algorithms is classification performance.
A confusion matrix was employed to calculate multiple evaluation metrics, including OA, PPA, UA, and Kappa,
to determine the classification capability of various algorithms and ensembled learning approaches. The formulae
used to estimate these metrics were as follows:

Field surveys and visual examinations are considered the most effective sample selection techniques to achieve
high accuracy for land-cover classification. To meet the requirements of this study, sampling points were selected
from across Karavetti.

r
1
i=1
X::
UA; = — (12)
Xui
X::

i+

N Yo Xii — 2o Kig = Xy)
Nz — ir=1(Xi+ + X+i)

Kappa = (14)

Here, N represents the number of training samples; r is the row count of the confusion matrix; X;; is the number of
samples of rows i and i, i is the diagonal intersection, and X,; and X;, are the marginal totals of the rows r and i
respectively. OA and Kappa are the most commonly used metrics to assess classification accuracy. However, they
may not provide independent samples for calculation purposes. Therefore, it is necessary to use the same test set to
evaluate the accuracy of each map under each circumstance. Paired Z-score testing was conducted to determine if
the differences in classification accuracy between different ensemble learning methods were statistically
significant at the 5% level. A Z-score above 1.96 was considered statistically significant. Google Earth and on-site
field photography were used to identify the precise land cover type at each sampling location.

4.1. Parameter learning
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The cost (C) and weight (y) parameters influence the RBF kernel of the SVM. On training and validation samples,
the ideal combination of C (2-2, 2—1, 20, 21, 22, 23, 24, 25, 26, 27) and y (2-5, 2—4, 2-3, 2-2, 21, 20, 21, 22,
23, 24) was investigated. The number of Ntree and Mtry are essential for RF classification. The Mtry value should
be set to the inverse of the input variable and the Ntree value to the multiple of 500 to maximise the classification
impact. Therefore, this study evaluated a range of Mtry values between 1 and 16 and Ntree values between 500
and 5000 (with 500 intervals). The number of Hidden Layer Nodes, adjusted from 1 to 50 in this experiment,
significantly affects the accuracy of various machine learning algorithms for determining PA and UA of different
LULC species. The Sigmoid activation function is employed to modify the neurons receiving input information to
achieve non-linear prediction. As an alternative, C4.5's simplicity does away with the requirement for parameter
sets.

4.2. Discussion

The objective of the present study was to create a set of ensemble learning models for LULC classification in the
region of Karavetti and its sub-regions. The classification methods employed in this study were SVM, RF, and
C4.5. The comparison of the OA and Kappa values was used to evaluate the efficacy of each ensemble technique.
Table 1 lists the findings for OA and Kappa. Notably, this region showed the most significant improvement in the
LULC classification accuracy, with OA and Kappa values rising by roughly > 7% and 8.5%, respectively. The
sub-regions with the next-highest improvements had OAs that increased by > 6 and 5.5% and Kappas that
increased by > 6.7 and 6%, respectively. In the southern region, there was the most significant improvement in
overall accuracy, with increased OA values by more than five percentage points and Kappa values by six
percentage points. As a result, it was determined that ensemble learning classification using a variety of single
classifier combinations could significantly enhance LULC classification accuracies in three sub-regions and
wetland regions. Furthermore, the ensemble strategy employing algorithms like SVM, RF and C4.5 resulted in
significantly higher overall accuracy and Kappa values than any other ensemble approach using only three
methods. In particular, all three regions saw an increase in OA values ranging from 2-2.5 percentage points, 2-3
percentage points, and in Kappa values ranging from 3-5 percentage points, 3-6 percentage points. In contrast, the
Northern region's OA values increased by less than 1.00 percentage points, up to 0.80 percentage points, and the
Kappa values increased by less than 0.48 percentage points. It is crucial to remember that choosing the correct
number and kind of classifiers is essential for achieving the most significant classification performance.

The prevalence and number of classifiers play a significant role in ensemble learning. According to the
significance tests, there is a strong correlation between the Z scores of the various ensemble learning combinations
used across the Karavetti region and its subregions. The study revealed significant differences between northern
and southern areas based on whether three learning algorithms were used. The differences between the regions
were statistically significant when the Z scores exceeded or exceeded 1.96, and the p —values were below or
greater than 5%. However, there was no significant difference between the north and south parts. The ensemble
learning strategy was the most effective for the sub-regions. In particular, the overall accuracy of Southern and
Northern was significantly higher than the Karavetti region when compared to ensemble learning classification
with an increase of 7%, respectively. Consequently, when the geographical division of Karavetti was made based
on topographical conditions, the misinterpretation of plant types due to variations in topographical features or
highly varying surface vegetation was significantly reduced in LULC classification across the heterogeneous states
of Karaivetti.

Table 1: OA and Kappa coefficient

Entire region Northern region Central Region Southern region
Methods
OA Kappa OA Kappa OA Kappa OA Kappa
k-NN 88 85 94 94 79 75 93 91
SVM 86 83 91 90 91 90 91 90
RF 86 84 92 92 91 88 93 91
ANN 85 82 93 88 90 87 93 89
C4.5 87 83 90 92 91 88 91 91
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Table 2 OA and Kappa coefficient for Ensemble analysis

Entire region Northern region Central Region Southern region
Methods

OA Kappa OA Kappa OA Kappa OA Kappa
SVM, RF, ANN 91 88 96 96 94 94 96 96
SVM, RF, C4.5, ANN 88 86 95 95 94 93 96 97
SVM, C4.5, ANN 90 89 95 95 94 93 96 96
RF, C4.5, ANN 91 89 95 95 94 92 96 96
SVM, RF, C4.5, 93 91 96 95 96 96 97 96
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4.3. Ensemble effects on classification

In the region of Karavetti, ensemble learning techniques were employed to significantly improve the accuracy of
land use and LULC categories compared with ML classification. Fig 2 to Fig 3 illustrates the improvements in the
accuracy of various land classes. Wetlands in these regions experienced significant improvements in their
accuracy, ranging from 4% to 25%, while urban, industrial and mining environments experienced improvements
from 5% to 15%. Like urban regions, industrial and mining areas witnessed improvements of 15% and 12%, while
others showed gains of 13% and 20%, respectively. Urban areas also saw 12% and 13% increases in PA and UA.
The impact of Northern regions on the growth of primary productivity (PA) and urban areas (UA) to various sub-
regions was comparable to that of the Karavetti region for different land cover types. Notably, the improvement
for plantation varied from 9% to 20% for PA and from 9% to 14% for UA. Similar improvements were made in
urban regions, 16% and 12%, respectively. The improvements were 22% and 19% for paddy fields, 18% and 19%
for industrial and mining sectors, and 12% and 14% for cold. This region experienced the most significant growth
in PA and UA among the sub-regions, with gains ranging from 6% to 24% for PA and 6.5% to 18% for UA. The
ensemble learning approach outperformed individual classifiers in the classification accuracy of Paddy Fields
(18%), Mining and Industrial (21%), Permanent Wetlands (15%), and Paddy Fields (16%), Industrial and Mining
(14%), and Permanent Wetlands (18%), and cold (21%), with the most significant improvements in Southern (PA
and UA, 6% and 6%).
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Figure 3b OA and Kappa coefficient of Northern Karavetti

Figure 3d OA and Kappa coefficient of Southern Karavetti
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Table 2 compares the POA and Kappa of Karavetti and its sub-region. Compared to the entire region, sub-region
ensemble learning produced noticeable trends in improving land types. At first, paddy fields, dry land, permanent
wetlands, and shrublands all showed considerable gains, with average increases in PA and UA of 7.5%, 7.2%,
11%, and 7%, respectively. The difficulty of correctly identifying the same vegetation types in Karavetti was
overcome by ensemble learning at the sub-regional level. This method decreased surface spectral variation within
a given vegetation type, thus enhancing classification accuracy. This outcome may have been affected by
differences in spectral characteristics among different geographical locations. Furthermore, the study revealed that,
within a single or two specific zones, evergreen, deciduous, broadleaf forest, grassland, cropland, natural
vegetation mosaic, rural environment, urban environment, industrial and mining environment all had positive
contributions. In contrast to the other two sub-regions, however, the classification of grasslands significantly
improved in the northern region. However, none of the sub-regions showed much improvement in cold and water
conditions; some even exhibited negative correlations. It may result from these land cover kinds' distinctive traits,
which can be determined without ensemble learning approaches. The minor drop in accuracy can result from
spectral signatures being over-fitted for particular terrain classifications. A lack of training data may have also
constrained the effectiveness of ensemble learning under these complex topographic settings.

5. Conclusion

This study developed a group learning approach for LULC classification in the northwest region of Karavetti,
Ariyalur. Combining three machine learning algorithms, the goal was to investigate various ensemble learning
strategies. Three distinct sub-regions were identified based on the research area's geographical and climatic
characteristics. The study and analysis of the ensemble learning strategies yielded three main conclusions. Firstly,
the suggested ensemble-based learning strategy significantly increased LULC classification accuracy compared to
single machine learning methods. The most significant effect was seen in the subregion of Karavetti, where the
OA and Kappa values increased from 6% to 7%. Subsequently, Southern Karavetti was the next sub-region to
experience an increase in OA and Kappa, with values growing from 5 to 5.5%. The ensemble learning approach
with NLR-CNN was employed to achieve higher classification accuracy, necessitating the correct classification of
various forest types. Furthermore, the study focused on improving LULC classification in different sub-regions.
The most potent learning approaches were used to identify the most accurate ensembles for each sub-region,
ranging from 96.5% to 97%. SVM, RF, and C4.5 were the most commonly used algorithms. This study highlights
the importance of considering the complex topographical characteristics of Karavetti when determining the
accuracy of land cover classification. The ensemble learning technique, which yielded the highest accuracy of
96.5%, was specifically selected for its use of SVM, RF and C4.5. A new product was also developed based on a
two-tiered classification method and a new ensemble learning approach. This work addresses the low accuracy of
land-cover classifications for climate simulations in Karavetti and offers potential applications in areas such as
wetland mapping, spatial planning and hydrologic modelling.
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