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Abstract: Remote sensing offers a unique environmental monitoring capability that covers 
extensive geographical areas, while capturing information on the Earth’s atmosphere, land and 
oceans. The images taken are in form of pixel and process of changing it into digital images is 
known as Image classification. It is an effective technique to automatically discriminate classes of 
images with some known information. The Land Use Land Cover (LULC) describe the vegetation, 
water, natural surface, and cultural features on land surface. This study focuses on mapping and 
monitoring of LULC pattern of Virajpet Taluk, Kodagu District.  The LANDSAT-8 of 2017 and 
2020 data were used to extract LC map features. Random Forest is considered for classification as 
it is flexible for classification. From the result analysis, it is observed that OCA for the 
multispectral data is 51% and for fused data is 63%. Fused image gives the better classification 
results of LULU features than the Multispectral image. Random forest proved that is suitable for 
classification and produces a great accuracy most of the time.  
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Introduction  
Remote sensing is process of detecting and monitoring the physical characteristics of an area by 
measuring its reflected and emitted radiation from a distance. The remotely sensed image is 
collected, which help researchers to use in different application such as LULC. Remote sensing 
systems particularly those deployed on satellites provides a repetitive view of the Earth that is 
invaluable to monitoring the Earth system and the effect of human activities on Earth. LC refers 
to the surface cover on the ground such as vegetation, urban infrastructure, water, bare soil etc. 
and it is the physical material at the surface of the earth. Land use is the description of how people 
utilize the land for the socio-economic activities. LULC changes have become a vital issue that 
requires immediate attention due to global environmental change.   

In recent years, image fusion has been explored and grabbed more attention because of the 
improvement in the airborne sensor which provides the both higher spatial resolution of the pan 
data and lower spatial resolution of multispectral data [5]. Some of researchers have used fused 
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image (FS) to increase the accuracy of classification. Image fusion is the technique which is used 
to extract the important feature information from the input image and convert it into single image 
which contains more information than any input image [4]. The fused image is suitable for 
computer processing and visual interpretation.   

The author has made an attempt to merge the multispectral information from Landsat 5 
images to the aerial images of the same year and month with small difference in the acquisition 
time of Geek cities. Unsuperviseda Pixel-based method and ISODATA technique is used for 
classification and experiment result showed built surfaces are about 20% underestimated, while 
the open surfaces are about 6% over-estimated. In case of the original MS images, the estimate of 
built surfaces is approximately 31% over-estimated, while the open surfaces are about 9% 
underestimated. Hence, FS image showed the result that is much closer to reality [2].   

The researcher has demonstrated the spatial and temporal adaptive reflectance fusion 
model (STARFM), Bayesian maximum entropy (BME) and modified quantile–quantile 
adjustment (MQQA)- BME, algorithms and its performance for the image merging and fusing. 
The outcomes of comparison show that in the blue band, MQQA–BME algorithm have obtained 
higher predictionthan STARFM. MQQA-BME and BME has higher performance rate and 
MQQA-BME is suitable and can be implemented for application such as air quality monitoring 
and assessment related to epidemiology [6].   

The frequency domain method named Spatial Frequency Discrete Wavelet Transform 
(SFDWT) was implemented by author for image fusion. This technique is applied on the Pléiades 
Satellite images having 1:4 resolution. The outcome of SFDWT show the better performance than 
original DWT [1]. The Gram–Schmidt transform and weighted median filter method was used on 
GF-3 and Sentinel- 2A for image fusion and random forest (RF) technique is applied for land 
classification. The classification result showed that the accurate map can be obtained by using 
WMFGS fused images [3]. Hence, RF is used widely in classification and regression problems. It 
can build decision trees on different samples and takes their majority vote for classification and 
average in cases of regression and a large number of trees can make the algorithm too slow and 
ineffective for real-time predictions.  

This paper aims to study the LU/LC dynamics of Virajpet taluk using google earth images 
and LANDSAT-8 by Random Forest technique. The main objective of this paper is to examine the 
performance of the Random Forest classifier on LULC classification and determine the changes 
in land. The article is organized as follows: Section I consist of introduction to Land Use/Land 
cover and data fusion, Section II covers the Materials and Methodology, Result Analysis is done 
in Section III and Section IV concludes the final work done on the research paper.  
 

STUDY AREA  
The study area considered for in present work is Virajpet Taluk. It is situated in Kodagu district, 
Karnataka, India. Its geographical coordinates are 12.19' 50'' North, 75.80' 40'' East.  It has an 
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average elevation of 909 meters (2982 feet).  The location of study area is shown in Fig 1. and 
Table 1 gives the specification of image data products used in this work.    

 
Fig 1. Study area: Virajpet, Kodagu, Karnataka, India. 

Table 1. Details of the data products used  

 

Proposed Methodology  

Pre-Processing  

Geo-referencing:   
Process of assigning the coordination points to the digital image obtained from Landsat 8 to the 
geographical coordination system of the earth. Fig 4. shows the Landsat 8 satellite image of 
Virajpete Taluk.   

Sub-setting of image:   
The image downloaded from the satellite will cover a larger area than the required study area. 
Hence the larger image has to be divided into a small area called a subset. The ERDAS software 
is used for experimentation.   

 
Fig 4. LANDSAT-8 Image of Virajpet 

Random Forest Algorithm  
The RF is basically a supervised learning algorithm. It is used for both regression and classification 
tasks. In this work, it is intended for classification because it’s more intuitive and easier to 
understand. Random forest is foremost used algorithms because of its simplicity and stability. It 
provides higher accuracy through cross validation. While building subsets of data for trees, the 
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word “random” comes into the picture. A subset of samples is made by randomly selecting x 
number of features (columns) and y number of examples (rows) from the dataset of n features and 
m examples. RF builds multiple decision trees and merges them together to get a more accurate 
and stable prediction. The RF algorithm establishes the outcome from the predictions of the 
decision trees. It predicts by taking the average or mean of the output from various trees. Increasing 
the number of trees increases the precision of outcome.  

   

 

 

 
Fig 2. Methodology of Analysis LULC using Random Forest Classifier. 

Accuracy assessment  
RF technique is applied on fused and Multispectral data to classify LULC features such as forest, 
agriculture, built up, waste land, wet land, waterbodies and grassland. By increasing training 
samples, the overall classification accuracy (OCA) was evaluated. After conducting experiment of 
RF classification on Multispectral and fused data, then comparing the results of Multispectral and 
fused data. The confusion matrix and overall classification accuracy were used for assessment.  
Result Analysis   
LANDSAT-8 Multispectral Image Analysis Using Random Forest Classifier  

 
Fig 3. Original satellite image of Virajpet region 
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Multispectral image (MS) is a collection of a few image layers of the same scene, each of them 
acquired at a particular band. Multispectral imaging captures image data within specific 
wavelength ranges across the EM spectrum. The wavelengths may be separated by filters or 
detected via the use of instruments that are sensitive to particular wavelengths, including light 
from frequencies beyond the visible light range, i.e., infrared and ultra-violet.   
Table 4. Confusion Matrix for Multispectral Image with different training sets  
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Legend: 1= Agriculture, 2= Built up, 3= Forest, 4=Grass land, 5= Waste land, 6= water Bodies, 
7= Wet land, RT= Row Total, CT= Column Total  

Table 4 demonstrates the confusion matrix for the RF classifier for multispectral images 
with 100, 200, 300, 400 and 500 training samples. The Row Total and Column total shows the 
Correctly Classified Pixels. Except Diagonal elements the other elements are misclassified.   

4.1.1. Comparison of Overall Classification Accuracy v/s Training Samples   

 
Fig 4. Comparison of overall classification accuracy v/s training samples 

Fig 4. shows comparison of OCA v/s training samples OCA is the proportion of all reference 
pixels, which are correctly classified. For training set 100 obtained OCA is 40%. Similarly for 
training set 200, the obtained OCA is 41%. For the training set of 300, the obtained OCA is 46%. 
For the training sets of 400 and 500, the obtained OCA is 47% and 51% respectively. This 
comparison of overall classification accuracy v/s training samples was obtained for LANDSAT 8 
Multispectral image. As the training sets were increased, the overall classification accuracy also 
increased.  

LANDSAT-8 Fused Image Analysis Using Random Forest Classifier  

 
Fig 5.  Original Fused Image of Virajpet 

The image fusion process entails gathering crucial information from multiple images, and their 
inclusion into fewer images, usually a single one. This resultant image is more comprehensive and 
precise compared to any individual source image, containing all essential information.  The goal 
of image fusion is to obtain a fused image that contains most significant information in all input 
images which were captured by different sensors from the same scene. In particular, the fusion 
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process should improve the contrast and keep the integrity of significant features from input 
images.  

Table 5: Confusion Matrix for Fused Image with different training sets  

 

 

 

 

Table 5 depicts the confusion matrix for the RF technique for fused images obtained for 
different training samples of 100, 200, 300, 400 and 500. The table illustrates the misclassified 
and correctly classified points. The diagonal components show the correct classified points for 
different sizes of training samples.   
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4.2.1. Comparison of Overall Classification Accuracy v/s Training Samples   

 
Fig 6. Comparison of overall classification accuracy v/s training samples 

The comparison of Fused overall classification accuracy v/s training samples is done as shown in 
Fig 6. The Random Forest algorithm is applied on different datasets of LANDSAT-8. For training 
set 100 obtained OCA is 40%. Similarly for training set 200, the obtained OCA is 45%. For the 
training set of 300, the obtained OCA is 47%. For the training sets of 400 and 500, the obtained 
OCA is 55% and 63% respectively. This comparison of overall classification accuracy v/s training 
samples was obtained for LANDSAT 8 Fused image. As the training sets were increased, the 
overall classification accuracy also increased.  

The RF algorithm is applied on different datasets of LANDSAT-8. For training set 100 
obtained OCA is 40%. Similarly for training set 200, the obtained OCA is 45%. For the training 
set of 300, the obtained OCA is 47%. For the training sets of 400 and 500, the obtained OCA is 
55% and 63% respectively. This comparison of overall classification accuracy v/s training samples 
was obtained for LANDSAT 8 Fused image. As the training sets were increased, the overall 
classification accuracy also increased.  

4.2.2. Comparison of OCA v/s Training sample of Multispectral image & fused image for 
random forest classifier  
 

 

 

Fig 7. Comparison of OCA v/s Training Sample of Multispectral Image and Fused image for 
Random Forest classifier 
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Fig 7.  illustrates the Comparison of OCA v/s Training Sample of Multispectral Image and Fused 
image for decision tree classifier. From the graph it is inferred that multispectral data has higher 
overall classification accuracy compare to Fused data. For 100-training set multispectral data has 
OCA of 40% while fused data have OCA of 40% and difference is 0%. For 200-training set 
multispectral data has OCA of 41% while fused data have OCA of 45% and difference is 4%. For 
300-training set multispectral data has OCA of 46% while fused data have OCA of 47% and 
difference is 1%. For 400-training set multispectral data has OCA of 47% while fused data have 
OCA of 55% and difference is 8%. For the 500-training set multispectral data has OCA of 51% 
while fused data have OCA of 63% and difference is 12%.  
 
 

Conclusion  
The study area considered is Virajpet taluk in Kodagu district. This work was conducted to 
examine the accuracy of different data such as MS and fused for RF Classifier for Virajpet region. 
For the 100 training Set Multispectral data as OCA is 40% while for fused data has 40%.  For the 
200 training Set multispectral data OCA has increased by 1% while fused data is increased by 5%. 
For the 300 training Set multispectral data OCA has increased by 6% while fused is Increased by 
7%. For Both 400 and 500 training Set multispectral data OCA has Increased by 7% and 11% 
while fused is Increased by 15% and 23%. It is noticed that fused image gives the better 
classification results of LULU features than the Multispectral image. RF is a Supervised learning 
algorithm; it is a flexible and easy to use ML apparoach that produces a great accuracy. It one of 
the predominantly used algorithms, due to of its simplicity and diversity and it also provides a 
better understanding of LULC features. The Thematic map of LULC features classification of 
Virajpet region could be useful to manage natural resources, environment and ecological regions 
in the Kodagu. Important issues affecting classification performance are analysed for future 
research work.  
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