
An Image Pre-Processing And Classification Application And The Experimentation Analysis Of The  

Agriculture Change Detection For The Different LULC Classes Using Remote Sensing  

Time Series Images.  Section A-Research Paper 

 

Eur. Chem. Bull. 2023, 12(Special Issue 10), 367 - 381  367 

AN IMAGE PRE-PROCESSING AND CLASSIFICATION 

APPLICATION AND THE EXPERIMENTATION ANALYSIS OF 

THE AGRICULTURE CHANGE DETECTION FOR THE 

DIFFERENT LULC CLASSES USING REMOTE SENSING TIME 

SERIES IMAGES. 
 

Mr. Hareesh B1*, Mr. Vasudeva2 
 

Abstract: 

Detecting changes in land use and land cover (LULC) using remote sensing data is an essential source of 

information for many decision support systems like land conservation, sustainable development, water resource 

management, etc. All these systems are well resourced with the help of extracted and analysed data produced 

from land use and land cover change detection. This study aims to determine land use and land cover changes 

in the western Ghat basins. The proposed study is to find the change in agriculture patterns over the years using 

various segmentation and LULC classification techniques. The remote sensing data which is to be used for the 

classification required to be pre-processed. The study elaborates the analysis of different image pre-processing, 

segmentation and classification algorithms to analyse the dominance of the commercial plantation crops over 

the food-related crop culture.  
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1 INTRODUCTION 

1.1 Background of the work 

The change in land use on agricultural land can be 

precisely measured using remote sensing 

techniques. High-resolution remote sensing images 

may be processed to assess different land use 

categories utilizing powerful image processing 

tools and algorithms following recent 

advancements in remote sensing applications. 

 

Remote sensing (RS) can be characterized in a 

variety of ways, but in its most basic form, as well 

as with current advancements in the area, it can be 

described as a process of acquiring images for 

various processing approaches employing high-

definition onboard sensors [1]. The 

electromagnetic energy acquired by these sensors is 

in the form of reflected energies from the earth at 

various wavelengths (EM). These energy 

properties are also influenced by the object's 

radiation, temperature, and emissivity. The 

recorded remote sensing image is measured with a 

mathematical form ranging from 0-255 and is 

represented in pixels. Objects with different 

wavelengths follow a pattern in the form of a 

spectral signature, which indicates the range of 

values for a class of comparable objects. The 

correct interpretation of this pattern will lead to the 

correct identification of the object. 

 

The recent developments in the field of digital 

imaging have transformed classic digital imaging 

applications such as algorithmic analysis into more 

societal activities. Using advances in imaging 

technologies, competitive and competent remote 

sensing organizations have made major 

contributions to this market, despite geographical 

limits [2]. Object identification from the 

hyperspectral image is now made simple because 

of sophisticated imaging algorithms and 

technologies, especially in the field of LULC. The 

majority of RS research applications in the past 

were focused on urban development due to the 

availability of low-frequency images, but with the 

availability of various brands of high-frequency 

images in the last decade, the scope has expanded 

to include remote villages to plan vegetation, 

change detection, and thus better crop selection [3]. 

 

As a result of new airborne satellites which 

are providing a global view and often repeating 

data, LULC change detection can be easily and 

effectively measured. In the last two decades, 

globalization and rapid economic growth have 

resulted in significant land use, which has benefited 

the country's economy while also causing massive 

changes in environmental issues such as forest 

degradation, urbanization, and changes in 

traditional crop production, to name a few. Each of 

these negative consequences resulted in a 

significant shift in global environmental standards. 

The monitoring of these changes in the 

aforementioned domain is a critical necessity of 

this decade to plan, assist, and sustain globally 

balanced environmental circumstances [4]. 

 

The research area is situated between the Western 

Ghats reservoir in the Subramanya forest area, 

Sullia Taluk, Dakshina Kannada district of 

Karnataka, India, and the Arabian Sea in the 

Mangalore region, which is the epic hotspot of 

urbanization. 

 

Traditional rice fields in the region were gradually 

converted to areca nut plantations in the late 1980s 

and early 1990s. To begin with, the requirement for 

cash crops has shifted agricultural practices. 

Second, due to urbanization and changes in 

economic policies, there are concerns about a 

skilled labor shortage. 

 

Because of the growth in crop and government 

policy, the areca nut plantation in this region 

endured high operational costs, yellow leaf illness, 

and a massive price drop in the years 2000-10. 

Farmer's interests changed to rubber plantations 

and other plantation crops due to good markets and 

ease of maintenance. The cycle has now been 

reversed, with the rubber market value plummeting 

and farmers adjusting their planting patterns yet 

again. These unique practices resulted in a slew of 

environmental and societal problems in the area. 

 

As to provide a solution to farmers they do not have 

access to a proper forecasting system or there is no 

such accurate and handy system available to know 

the acres of plantation of various crops or relevant 

information to cultivate any particular crop. In this 

thesis, remote sensing applications are used to 

solve the problem. The graph-theoretical 

procedures were used to conduct a thorough 

experimentation review for various algorithmic 

analyses. 

 

1.2 Agriculture Change Detection Analysis  

Detecting changes in land use and land cover 

(LULC) using remote sensing data is an essential 

source of information for many decision support 

systems. Land conservation, sustainable 

development, and water resource management will 

benefit from data produced from land use and land 

cover change detection. The goal of this study is to 
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determine changes in land use and land cover in the 

Markanja village of Sullia Taluk of Dakshina 

District, which is located in the western ghat basin. 

 

Graph-based image processing techniques along 

with other necessary methodologies were applied 

to the image data set taken in different intervals to 

examine the change detection. The 2013 and 2018 

Landsat 7, 8, and Google images were used for the 

experimentation. The software Matlab, QGIS, and 

IDRISI were used to detect land-use changes [5]. 

Five land cover classes (water body, bushland, 

grassland, forestland, cultivated, and residential 

land) were used for the categorization. The 

accuracy assessment was tested individually using 

the kappa coefficient after the preprocessing and 

segmentation. According to the findings, areca nut 

and rubber plantations in the basin have expanded 

by 15.61 percent and 8.05 percent, respectively, 

over the last 20 years. To preserve the basin from 

unwanted LULC change, good land management 

methods, integrated watershed management, and 

active engagement of the local people should be 

promoted. 

 

1.3 Data Acquisition Specification  

Table 1.1 gives the specification of the image data 

products being used in this study. The major 

experimentation process uses Landsat 8 data. For 

the validation of the classification and to test the 

older land classes subsequently, Landsat 7,5 and 

LISS III remote sensing data were used, The verify 

the created labels and ground truth information in 

some parts of the study Landsat images were 

acquired through Google earth pro. The satellite 

data were procured from the National Remote 

Sensing Centre (NRSC), Hyderabad, India. The 

Landsat data are freely acquired from USGS 

websites. The Google earth pro is used to acquire 

Google earth images [6]. 

 

Table 1.1: Details of the data products used 

Sl. No. Satellite and Data Type Date of Acquisition Spectral Bands Spatial Resolution 

1 Landsat 8 16-12-2013 8 30m 

2 Landsat 8 10-03-2018 8 30m 

3 Google Earth Image 01-02-2013 3 15m 

4 Google Earth Image 01-10-2018 3 15m 

5 Landsat 7 20-12-2020 6 30m 

6 Landsat 5 23-01-1993 6 30m 

7 Landsat 5 02-01-1995 6 30m 

8 Landsat 5 18-03-2001 6 30m 

9 LISS III 23-01-2013 4 24m 

10 LISS III 14-01-2018 4 24m 

 

Study Area:  

Markanja Village, SulliaTaluk, Dakshina Kannada, 

Karnataka, India 12.5654° N, 75.5055° E as the test 

area. 

 

1.4 Problem Statement 

In the Dakshina Kannada District of Karnataka, 

India, land use has been highly exploited lawlessly 

and extended beyond the mark to a wider extent in 

various fields, such as agriculture, vegetation, 

industrialization, and other reasons. This could be 

due to issues with the economy, government 

administration, or urbanization. The agricultural 

field's land use has gradually shifted from 

conventional paddy farming to areca nut 

plantations, and now to rubber plantations, 

pineapple plantations, and other plantations. This 

gradual adoption of new farming practices leads to 

a slew of concerns, including an inconvenient wet 

season, a shift in work culture, labor scarcity, and 

inconsistencies in commercial issues such as price 

volatility and other environmental consequences. 

 

There is no information available from any 

government agency about the amount of which a 

particular agricultural product or land class is 

grown in this region. The study helps in analysing 

the changes in land use structure, as well as their 

consequences and benefits. By examining the data, 

proper and effective methodologies can be adopted 

to address this issue as shown  in Figure 1.1.

 



An Image Pre-Processing And Classification Application And The Experimentation Analysis Of The  

Agriculture Change Detection For The Different LULC Classes Using Remote Sensing  

Time Series Images.  Section A-Research Paper 

 

Eur. Chem. Bull. 2023, 12(Special Issue 10), 367 - 381  370 

 
Figure 1.1 Flow of Methodology 

 

2. LITERATURE SURVEY 

The spatial interconnections visible in images were 

not taken into consideration in various image 

categorization efforts. This chapter intuitively 

believes that incorporating spatial relations can 

increase image categorization accuracy. The gSpan 

graph mining framework for the image as well as a 

weighting method provides differentiable spatial 

relations in the image. The common shapes can be 

used to generate vector features and processed 

using usual image mining approaches. The 

efficiency of the weighed system above the non-

weighted scheme was the scope for the analysis. 

 

S. S. Sawant and M. Prabukumar [22] elaborated 

various image segmentation techniques for land use 

analysis provided extensive knowledge on the 

different graph-based classification and 

segmentation approaches. In the beginning, the 

author abstracted the concept and extent of 

segmentation and stated that it is the partition of 

image data into associated relevant pieces or areas. 

For several image analysis methodologies, 

segmentation is a crucial step. 

 

The necessity and superiority of the partitioning of 

the image and its output is a key determinant of how 

well these image analysis algorithms function. As 

we know that image data can be partitioned in a 

variety of techniques, depending on a variety of 

factors.  

Important aspects of the dividing of images for land 

categorizations are discussed several times in this 

article. The said aspects objects in the earth which 

is diverse in its spatial characteristics. The author 

tries to find different land-use classed. More 

importantly, the emphasis is on finding the kinds of 

crops, settlements, etc.   

 

The conclusive remark in the literature for the 

vegetation classification brings a very important 

aspect for the study of this thesis. As the primary 

experimentation for the problem statement 

experienced that similar vegetation area has 

different spectral properties. One of the most 

challenging parts of vegetation mapping is to map 

the vegetation area with similar vegetation types 

and similar spectral properties. The author finds it 

difficult to achieve this by using either classic 

unsupervised or supervised classification methods. 

 

The whole section is narrated with a wide variety 

of classification algorithms, each produces 

differentiable results based on the different context 

of segmentation. Sometimes the combination of the 

above said approaches may give better results. The 

P. Mhangara, W. Mapurisa, and N. Mudau [35] 

used a hybrid method to map land classes in the 

metropolitan area of Atlanta with the help of 

Landsat 7 ETM+ images rendered greater benefits. 

However, it is to be more cautious while applying 
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because such a hybrid model was implemented for 

the specific region and specific data set.  

 

The authors have also given a glimpse of the key 

technologies that can be used nowadays using 

advanced imagery and tools to fuse multispectral 

and multiple band fusion techniques to extract the 

land cover.  

 

M. Vidal and J. M. Amigo [4] explored the hyper 

spectral imagery comes with dozens of spectral 

bands and the sensors used here are better suited for 

vegetation mapping especially plant species 

classification as compared to multispectral image 

classification. Different satellite versions come 

with different band numbers and the combination 

of this helps in the evaluation of change detection. 

 

L. Hu, C. Qi, and Q. Wang [17] discussed the 

highest accuracy was recorded for UAV satellites 

and the lowest for Pleiades satellites. As already 

discussed in several articles, the selection of data 

and algorithms is solely depending on the context 

of the algorithm and also the ROI. The proposed 

work uses Landsat imagery because it is available 

in open source.  

 

The authors reviewed many applications, such as 

global-scale high-resolution demographic 

databases, national security, human health, and 

energy which require accurate identification. To 

address these issues, this paper proposes a feature 

that may effectively distinguish between distinct 

categories. 

 

The important method proposed in this study 

combines semi and super-pixel tessellation with a 

semi-supervised classification based on a 

majorization-minimization strategy that is efficient 

and non-pipelined. The super pixel representation 

is a fundamental reason for good categorization. 

The future work proposed here will focus on 

extending this approach to temporal data as well as 

on integrating the feature extraction, selection, and 

classification into a single scheme to improve the 

correlation between super pixels and model 

training.  

 

The Western Ghats in India cover around 1500 Km 

and fall within the longitude and latitude of 80 - 120 

N from to south from around Tampti to 

Kanyakumari. It almost covers six states like 

Gujarath, Maharashtra, Goa, Karnataka, Kerala, 

Tamilnadu, and few other parts of the union 

territory.   

 

In its reach, the dense forest spans bio-resources 

ranging from extremely useful timber–non-timber 

categories, medicinal plants, food categories, and 

plantations, among others. As is customary, 

humans expansionist tendencies substantially 

triggered land use categories of their own in these 

areas. The area makes use of the Western Ghats' 

development of rubber plantations over areca nut 

plantations. 

 

C Sudhakar Reddy∗, CSJha, and VK Dadhwal [26] 

deliberate the application of remote sensing in land 

use analysis of forest land, and the discussion of 

change of land use goes as follows. 

 

The Western Ghats have a natural forest cover that 

offers several environmental benefits. Monsoon 

influence, and hence agriculture activities in the 

higher and lower belts of the Western Ghat, were 

significantly connected.  

 

The study illustrates the distortion of forest covers 

according to the analysis, global forest loss 

increased by 35% between 1920 and 2013. As this 

land use classification shows, the most significant 

change in land use was from forest areas to some 

agricultural plantations and others. For the change 

detection of the above type, the authors used the 

time series temporal data obtained from Landsat-

MMS, IRS 1A LISS-1, IRS P6 AWiFS, and 

Resources at-2 AwiFS satellite.  

 

The article also formulates the compound interest 

to compute the yearly change in the forest. Six 

classes and landscape indices were quantified for 

the change study. FRAGSTATS software is used to 

calculate the quantization and patch index. The 

accuracy of the classification is determined by 

comparing the high-resolution images taken from 

the Indian remote sensing web portal and Google 

Earth images obtained from the source site.  

 

T. V. Ramachandra and Setturu Bharath [27] wrote 

on the critical issue of the Western Ghat region's 

biodiversity hotspot. The author of this paper 

highlighted the regional land-use change and its 

relative disadvantages. 

 

The author here presented CO2 emission statistics 

in this region and its mitigation in global warming. 

He also narrated the change o Dagoberto Pulido 

Dagoberto Pulido f ecosystem in this region. The 

objective of this article is not part of our problem 

discussion, even though the paper gives various 

statistics of the land-use change in this region, 

which was much helped for our work. The 
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materials and methodology used here helped to 

choose the Landsat 8 OLI image data set for the 

final data analysis, along with the Google earth pro 

product for the land class verification. The analysis 

of the land-use change of the study area from 80 N 

to 21o N latitudes and 73o E to 77o E longitudes was 

experimented by using the following image 

segmentation steps.  

1. Collection of Data from Landsat Satellite 

2. ROI Extraction by referring the field 

verification using Google Earth 

3. Data pre-processing is carried out by using 3 

steps, at first Geometric corrections are carried 

out and followed with the radiometric 

corrections and elevation estimation. 

4. False color is generated and stacked over 

topographic data 

5. Developing trained sets 

6. Land use classification and accuracy 

assessment. 

7. Modeling and prediction of biomass carbon 

budgeting 

8. Forest Fragmentation analysis 

 

3. Methodology 

3.1 Image Fusion 

Numerous approaches for merging satellite photos 

have been proposed in the literature. Image fusion 

approaches are divided into two categories first one 

is the transform domain fusion method, where input 

images were altered using various transformation 

cubic or linear methods and then fused. The 

generated fused output should be scaled to the 

original image state. This process is conducted by 

applying inverse transformation techniques. The 

numeric factors for the fusion are yielded with the 

pixel-based [23]. 

 

Another category of fusion approach is by using the 

spatial feature, where input images are directly 

processed without transformation as in the 

transformation domain. Also in this approach, a 

cost function is used to assess the weights of an 

input image and its related pixels. The popular list 

of spatial-based approaches is averaging, broveys, 

PCA, and HIS. 

 

The alternative spatial fusion approach is the fusion 

of high-frequency images with up-sampled MS 

images by using a high pass filtering-based 

approach. However, the possibility of distortion in 

the spatial domain may make it difficult to employ 

in spatially based categories. Furthermore, the 

detrimental impact of distortion will make the 

classification procedure more challenging.  

 

This challenging task can be handled using 

different transform domain techniques such as the 

Laplacian, curvelet etc. The said techniques along 

with other algorithms discussed outperform 

existing spatial fusion approaches in terms of the 

combined image spatial and spectral effectiveness. 

 

 

Transform domain techniques to image fusion can 

handle spatial distortion. Other spatial domain 

fusion approaches, including Laplacian pyramid 

procedures, curvelet transformations, and so on, 

have indeed been proposed. These methods 

outperform existing spatial fusion approaches in 

terms of the spatial and spectral efficiency of the 

fused image. 

 

The fusion approach needs a good collection of 

image bands in the image repository and needs to 

be labelled properly. The extracted Landsat 5, 7, 8 

band properties are studied with different 

combinations. The results of band combinations 

after the fusion are reviewed extensively to avoid 

any deregistration mistakes in image fusion.  The 

rigorous discussion of image fusion techniques in 

the literature review section helped to screen out 

some useful image fusion algorithms, which is 

discussed in the below section [35]. 

 

• IHS transform-based image fusion 

The RGB color space organized in the extracted RS 

images is not sufficient for the possible fusion of 

different bands since the color channel and its 

connections are not clearly shown. Separate 

channels with distinct color attributes, such as 

intensity (I), hue (H), and saturation (S), can be 

viewed using IHS (S).  The pixel values of RGB are 

determined by the intensity and two vector values 

vector 1 and vector 2. 

 

• Brovey Transform (BT) 

To sharpen MS images the overall expectation of 

any fusion technique is used to grid the possible 

geographical area for future classification 

assessments. All fusion algorithms mentioned in 

the literature process the pixel intensities and other 

characteristics in a variety of processing methods. 

In brovey method, a ratio P is used to multiply each 

MS image, and the same is divided by the sum of 

MS images.  

 

Rnew = R (R + G + B) × P AN (1)  

Gnew = G (R + G + B) × P AN (2) 

Bnew = B (R + G + B) × P AN (3) 
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• Wavelet transform image fusion (WT) 

The resulting fusion image analysis says that this 

particular fusion technique exhibits good 

performance as well as efficiency for different 

classification applications. The defined fusion rule 

bundles the images into the transform domain and 

then transformed them back to the spatial domain 

with a resultant fused image.  The geo-referenced 

two input images with the coordinate values having 

I1(x, y) and I2(x, y) are merged with the said rule 

to conceive the resultant image I(x, y), however, to 

avoid the distortions the resultant image is 

reconstructed by using inverse wavelet transform 

technique w-1.  

 

• Principal component analysis (PCA) based image 

fusion,  

PCA works by mathematically transforming a 

linear set of, mostly an interconnected value results 

into a disjoint set of the variable using orthogonal 

transformations. 

 

The transforming technique causes a data set 

definition that is both compact and optimal for 

future processing. As much variation as possible is 

accounted for by the first principal factor. The path 

with the greatest variance is assumed to be the first 

principle variable. The second principal portion 

must be in an orthogonal subspace to the first 

variable. The third subspace portion indicates the 

path of the subspace's largest variance, which is 

perpendicular to the first two, and so on. 

 

3.2.1 Image Fusion: Results  

Since the NIR band is least affected by atmospheric 

effects, it is used as the high-resolution band in the 

change detection process. The NIR band is 

involved in the change detection process causing 

minute faults in the fusion. The TIR band images 

are resampled to a resolution of 15 meters per pixel 

and further merged to construct a particular spectral 

identity. The importance of the coupling to 

construct an RGB value for the different bands, 

which provides a general human interpretable view 

of the image to the user. Quartz and Sulphate 

indices are produced by combining OLI bands 2, 3, 

and 4 into one RGB image and fusing it with a NIR 

RGB image, while Carbonate and Mafic indices are 

produced by fusing TIRS bands 10 and 11. 

 

Level 5 of the Wavelet transform decomposition 

was selected. The mean of both images was chosen 

as an approximation and data. The Wavelet 

transform image fusion generated the best results 

with these settings. Figure 3.1 shows merged 

images generated with the IHS, Brovey, PCA, and 

Wavelet transforms. 

 

 
Figure 3.1: Fused images of  i) PCA Fusion  ii) IHS Fusion iii) Wavelet Transform iv) Brovey Transform 
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In comparison, the HPCC found that IHS has a 

substantially higher resolution than the other three 

approaches when comparing VNIR and fused 

images for resolution compatibility. As an outcome 

of this, some 90-meter pixels were divided into 

smaller 15-meter pixels with distinct DNs., while in 

the case of the IHS transform, the lack of spectral 

information dominated the spatial data, resulting in 

the lower pixels both having the same DN, most 

pixels seemed to stay at 90 meters. 

 

Table 3.1 NIR and TIRS 10, 11, 2 band fusion objective assessments, best findings in bold 

 
 

Table 3.2 Objective evaluations of NIR and OLT 2, 3, 4 band fusion, best results are in bold 

 
 

The spectral compatibility of fused pictures was 

tested using the CC, the RMSE, and ERGAS. The 

results are shown in table 3.1 and table 3.2. As can 

be observed in the table above, the results of the 

Brovey, Wavelet, and PCA transform techniques 

were encouraging, however, the HIS transform 

technique had relatively bad results, with a lower 

CC and much greater RMSE and ERGAS 

 

3.3 Image Segmentation for agriculture crop 

clustering   

For the two high-resolution RS images, different 

segmentation techniques were applied as seen in 

Figures 3.3 and 3.4. The segmentation results were 

seen in vague interpretation because of various 

parameters. The main concern is the spatial and 

spectral frequency of the input image. However, the 

analysis of the results shows that the graph cut 

algorithm generates identifiable changes in land 

use over the period 2013 and 18 as seen in table 3.3. 

It displays the results of the prior segmentation 

methods and suggests a graph-cut approach. Each 

segmentation method's PRI, GCA, and VoI 

parameters are computed. Region-based 

segmentation approaches include watershed and 

the proposed graph technique. The quad tree 

approach begins at the top of the image's tree, 

which represents the entire image. It breaks into 

four small squares if it is discovered to be non-

uniform (not homogenous) (the splitting process) 

 

 
Figure 3.2: Original Image, Segmented Binary Image and Segmented Color Image 
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Table 3.3: Results of Segmentation Using a Region-Based Method and a Boundary-Based Method. 

 
 

For the two high-resolution RS images, figure 3.2 

displays the results of the segmentation methods 

and suggests a graph-cut approach. The PRI, GCA, 

and VoI parameters are computed for each 

segmentation as shown in table 3.3. Region-based 

segmentation approaches include watershed and 

the proposed graph technique. The quadtree 

approach begins at the top of the image's tree, 

which represents the entire image. It breaks into 

four small squares if it is discovered to be non-

uniform (not homogenous) (the splitting process). 

 

 
Figure 3.3: Original Image Canny Edge Detection, Sobel Edge Detection, Watershed and Graph Cut 

implementation on 2013 Marakanja region. 
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These four small squares, on the other hand, are 

combined as numerous connected components if 

they are homogeneous (the merging process). This 

operation is repeated until there are no more splits 

or merges possible. Using a pyramid or quadtree 

structure, the multi-resolution technique splits the 

image at several scales. The watershed method 

treats an image's gradient magnitude as a 

topographic surface.  

 

 
Figure 3.4: Original Image, Canny Edge Detection, Sobel Edge Detection, Watershed, and Graph Cut 

Implementation on 2018 Marakanja region. 

 

Watershed lines, which represent region borders, 

correspond to pixels with the maximum gradient 

magnitude intensities. Mode discovery in an 

underlying probability density is revealed by a 

group of data samples, is characterized as the mean 

shift approach. Boundary-based segmentation 

methods include the Canny and Sobel operators. 

 

Table 3.3 illustrates that, when the quality of the 

data from the assessment parameters is taken into 

account, the proposed graph-cut approach produces 

the best results. When compared to the other 

segmentation methods, this method's PRI value is 

the highest. This is because this method takes into 

account the spectrum, form, and texture of the 

image, and the segmented region is similar to the 

previous. As seen in Table 3.3, the results of 

region-based segmentation approaches outperform 

those of boundary-based segmentation approaches. 

 

4. AGRICULTURE LAND CLASSIFICATION 

METHODS 

4.1 Classification Overview  

In this section, the prospects of several 

classification algorithms were addressed to 

accomplish the second objective. The competitive 

algorithms were used   In the successive phase. 

The trained classification approaches were 

employed to create an automated system for change 

detection by describing diverse vegetation species 

and their temporal changes. 

 

Based on spectral reflectance, image classification 

techniques are used to categorize the pixels in 

satellite data for identifying distinct earth features 
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such as barren land, forests, roads, settlements, 

water bodies, and rocks. This method is commonly 

used to create the LULC (Land Use Land Cover 

Map). 

 

The unsupervised and supervised image 

classification techniques are discussed here. The 

remote sensing images were processed by 

using  Qgis and Idrisi image classification tools. 

 

A more accurate and extensively used type is 

supervised classification. To carry out this 

classification, first, collect data to select land cover 

classes (training sites) using a visual digitizing 

approach with the assistance of the user. Check to 

see if the software using is correctly classifying all 

of the satellite data. 

 

High-resolution images will be used to acquire data 

on the Training site location. This is regarded as a 

representative of a specific type of land cover. The 

decision is taken based on the area covered in the 

class's whole range of variability. 

 

The software helped precisely to classify the 

image. To identify a close match, the system 

determines the spectral signature of the pixels 

within the training region. Statistics are used to 

define the information, which includes the mean 

and variance of each class to link to all of the inputs. 

 

Another form of classification used to classify 

satellite data is unsupervised classification. It's a 

computer-assisted classification method that's 

related to object-based picture categorization in 

certain ways. It consists of the K-means and Iso 

cluster algorithms It is decided on the number of 

classes and pixels that will be categorized 

according to their spectral value. The K-means 

clustering algorithm is used in this work under an 

unsupervised classification procedure. 

Samples are assigned throughout each iteration 

based on the attribute distances between the cells in 

the cluster. After each iteration, the process is 

repeated, and each pixel is assigned to the attribute 

space's nearest mean. 

 

An unsupervised classification method can be used 

to map satellite data for a variety of purposes, 

including land use and land cover mapping, among 

others. 

 

4.3.2 Maximum Likelihood Classifier (MLC) 

Approaches for pattern identification and remote 

sensing have seen an increase in investment, 

according to MLC [6]. It is the most used 

supervised classification approach and is included 

in practically every application for remote sensing 

and picture analysis. The chance that a pixel 

belongs to a certain class is defined by the 

maximum likelihood decision rule's general 

formulation. The Bayes rule states that classes have 

equal goals, and this classifier is based on it. 

 

MLC plots LULC groups as centroids in feature 

space using the training-sample-based standard 

deviation of certain multispectral images. 

Likelihood curves determine the boundaries of 

these centroids. The likelihood degree after several 

that the decent sample values for each provided 

class are distributed normally. The Landsat pre-

processed image for the classification is shown in 

Figure 4.4. 

 

 
Figure 4.4: Landsat-8 images for 2013 and 2018 time duration 
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This demonstrates an increase in the Hughes effect. 

Classification accuracy climbs initially as the 

number of features (or measurement difficulty) 

rises, however, when more features are introduced, 

it reaches a halt and begins to dwindle. It is well 

accepted that data with a larger dimensionality 

(more measurements) has higher class spectrum 

reparability, but when the dimensionality is too 

high, it affects and reduces the accuracy of the 

estimation of the statistics. In some circumstances, 

despite the aforementioned enough training 

samples must be provided to give logical 

estimations of the mean vectors and correlation 

matrix to be created for each spectrum class of data, 

these results in inferior classification accuracy. To 

avoid (N) the correlation coefficient being unique 

in a multidimensional space, at least (N+1) 

observations are necessary. 

 

4.3.2.1 Experimentation Results and Discussion 

The Landsat 8 images from the years 2013 and 

2018 are taken as seen in figure 4.4. The MLC 

classifier is applied by discriminating five major 

classes rubber plantation, areca, forest, and shrubs. 

The resultant figure 4.5 demonstrates the extent of 

rubber plantation which is seen in red color. It is 

seen that there are few acres of rubber plantation 

along with an equal share with the areca nut 

plantation.  

But when we analyze the 2018 classification in 

figure 4.6 there is a huge change of crops. Mostly 

shrubs(primary forests, or cashew plantations, or 

banks of forests are converted into rubber 

plantation. From the ground truth information, 

there are few cases where the yellow leaf affected 

areca nut plantation also converted into rubber 

plantation 

 
Figure 4.5: Maximum likelihood classifier 2013 results 

 

 
Figure 4.6 : Maximum likelihood classifier 2018 results 
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Despite having considerable established 

weaknesses in particular situations, found that the 

MLC obtained a better classification result as seen 

in table 4.1 even for data that did not have a 

standard distribution. To begin with, the classifier's 

basic assumption is violated if the image data's 

histogram/frequency distribution does not 

guarantee a normal distribution, and the results are 

poor or misleading. Second, the cost of classifying 

each pixel is an issue. 

 

Table 4.1: Land-cover Data extracted from MLC 

 
 

The square of the number of implemented feature 

channels increases the cost of computation. The 

approach works well for data with high definition 

and/or dimensionality, which seems to improve 

within-class variation; nevertheless, for data with 

poor image resolution and/or a small number of 

frequency bands. However, data with spatial 

precision and/or dimensional space, which seems to 

enhance within-class variance, performs poorly. 

The likelihood of class overlap in feature space 

increases as the amount of feature space inhabited 

by each class grows. Finally, the mean vector and 

variance-covariance matrix assessments are 

affected by the connection between the range of 

features and the sampling technique. 
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