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ABSTRACT 

Out of all the data sources accessible to geographic information systems (GIS), remote 

sensing is one of the most crucial ones. Remote sensing is the process of gathering data about 

the surface of the Earth without physically being there. It detects radiations that are emitted 

and reflected and are normally captured by sensors that are installed on an aircraft or a 

satellite. Modeling and monitoring activities on the Earth's surface as well as identifying 

elements in the land cover by analysing spectral characteristics collected by sensors are the 

two main goals of remote sensing. When a specific sensor device collects and processes 

information from the electromagnetic spectrum, it is known as Hyperspectral Imaging (HSI). 

The data it generates is a goldmine of information. Use this data to solve a variety of 

problems in a variety of applications. A digital image's pixels are divided up into groups 

using hyperspectral imaging classification. These techniques were used to classify 

hyperspectral images using unsupervised hyperspectral image classification algorithms. K-

Means and ISODATA algorithms are employed. ENVI is used to apply two algorithms to a 

hyperspectral image of Washington DC, USA. The accuracy of the procedure was assessed 

using Principle Component Analysis (PCA) and K-Means or ISODATA algorithm in this 

paper. The ISO-DATA algorithm outperforms the K-Means algorithm in terms of precision. 

Since The K-Means algorithm has a classification accuracy of 78.3398 percent, whereas the 

ISODATA algorithm has a classification accuracy of 81.7696 percent. When the number of 

classification iterations increased, so did the processing time. 

Keywords: Unsupervised classification; K-Means algorithm; ISODATA algorithm; ENVI. 

I. INTRODUCTION

Hundreds of continuous spectral bands are 

often present in hyperspectral remote sensing 

- based pictures, allowing for the exact

discrimination of the many spectrally

comparable land cover classifications. The

"curse of dimensionality" (also known as the

"Hughes effect") is caused by the fact that

such high-dimensional data also contains 

strongly correlated and useless band 

information. The classification accuracy of 

the hyperspectral pictures is significantly 

decreased by the presence of unimportant and 

highly correlated spectral bands. Therefore, 

dimensionality reduction is a more difficult 

method to improve the hyperspectral image's 

accuracy of classification. 
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The art and science of gathering data

from a distance is known as remote sensing.

For the purpose of interpreting and managing 

the Earth's resources and surrounding 

environment it is seen as the measurement 

and analysis of electromagnetic radiation that 

is transmitted through, reflected from, or 

absorbed and dissipated by the atmosphere,

the hydrosphere, and materials on or near the 

land surface It is possible to take images of 

the Earth's surface using optical remote 

sensing, which uses visible, near infrared and 

short-wave infrared sensors to observe the 

solar radiation reflected from targets on the 

background. At different wavelengths, 

different materials reflect and absorb 

differently. Spectral reflectance fingerprints 

in remote sensing photos can so distinguish

the targets [1][2][3]. 

Airborne Imaging Spectro-radiometer for 

Applications (AISA) and other hyperspectral 

sensors made it possible to create a 

continuous reflectance spectrum for each

pixel in the picture. It is possible to use these 

methods to make distinctions between 

various types of earth surface   

Figure 1: Remote sensing using optical and 

infrared methods 

features. While humans can only perceive 

visible light in three bands (red, green, and 

blue), hyperspectral imaging divides the 

spectrum into more than a dozen different 

bands (infrared, RGB, and UV). This analogy 

is useful in understanding the concept of 

hyperspectral imaging better (see Fig. 2) 

[5][6]. 

If you look at the definition of 

hyperspectral, you'll see that it refers to the 

fact that there are a lot of wavelength bands. 

Spectral specificity means hyperspectral 

imaging gives extensive spectrum 

information to help distinguish and identify 

materials that are unique in spectral make-up. 

When compared to other remote sensing data 

types, hyperspectral imaging offers the 

potential for more precise and comprehensive 

information extraction [7]. As a result of its 

improved capabilities, it is better able to 

detect potentially hazardous materials and to 

provide the additional data required to 

identify and classify these substances. 

Material's spectral properties are shown by 

the HSI pixels, which form spectral vectors 

[10]. 

Several drawbacks to hyperspectral imagery 

include a lack of precision in  

Fig 2. Hyperspectral imaging 
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attributes such as directions and distances, 

due to the earth's sphere. For example, 

shadows may obscure a particular area to be 

studied, or the brilliance of the light may be 

exaggerated in a particular region [11]. An 

important constraint of hyperspectral imaging 

is the pixel size, which might be large enough 

to include many properties but be difficult to 

categorise or small enough to have no 

features that can be classified [12]. [13, 14]. 

II. CLASSIFICATION

The primary goal of satellite imagery

categorization is to accurately assess terrain

features and extract relevant information

[13]. It's important to note that unsupervised

and supervised algorithms are the two most

used categorization methods. Fig. 3 shows an

example of unsupervised classification. K-

Means method and ISODATA are employed

in an unsupervised classification chain.

Unsupervised Classification is depicted in the

following figure.

A. K-Means Classification

Using the K-means method is a simple way 

to get the average of a collection of K-sets. 

The K-Means algorithm's goal is to minimise 

cluster variation  [15][16][17]. The pseudo-

code for the K-means method can be found 

here [18]. 

B. Algorithm for Iterative Self-Organizing

Data Analysis (ISODATA)

As one of the most commonly employed 

algorithms for unsupervised classification, 

the ISODATA algorithm (see Fig. 5). 

[19][20][21]: The ISODATA clustering steps 

are as follows: This is a screenshot of the 

ISODATA Classifier. 

III. ASSESSMENT OF THE RESULTS

AND CONCLUSION

ENVI was used to do an unsupervised 

classification on a hyperspectral image. The 

image of Washington, DC that was used in 

the application of hyperspectral imaging is 

the hyperspectral dataset that was applied to 

the image. Principle Component Analysis 

(PCA) and K-Means or ISODATA methods 

are applied to the hyperspectral image. A 

categorised image is the outcome of applying 

the K-Means algorithm and ISODATA 

algorithm. When the number of iterations to 

get the categorised image grew, the process 

duration rose. Since each pixel in the image 

has been classified into a category other than 

"Unclassified Class," statistical information 

derived from the image data and verified 

using the K-Means and ISODATA 

algorithms is reliable. Because ISODATA 

algorithm has an overall classification 

accuracy of 81.7696 percent whereas K-

Means algorithm has an overall classification 

accuracy of 78.3398 percent, ISODATA 

algorithm is superior in terms of accuracy. 

An introduction to ENVI (Environment of 

Visualizing Images) 

Images are processed using ENVI. It was 

made to process data collected by remote 

sensing. It is capable of seeing and analysing 

large amounts of image data in great detail. In 

terms of scientific data formats, it can handle 

a wide range [22][23]. 

B. Cases and Research

• Comparison of the hyperspectral image's

outcomes after applying various RGB bands.

Classification accuracy can be improved by

increasing or decreasing the number of

classification iterations.
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• A comparison of the first time using K-

Means and the second time using ISODATA.

A comparison is made between the first time

the PCA algorithm was used and the second

time the K-Means algorithm was used, with

results from both methods being used.

PCA and K-means were applied to a 

hyperspectral image (Washington, DC) using 

distinct RGB bands (see Table I) for each 

band. Fig. 3 displays the PCA results 

obtained using the image and the test values

from Table I. The total number of courses

FIG 3. K-MEANS CLUSTERING 

Figure 4 depicts the results of applying K-

Means method on the output pictures of PCA, 

where the number of iterations is 3 and the 

number of clusters is 6. A hyperspectral 

image's classification accuracy rises as the 

number of iterations is raised; conversely, it 

falls as the number of iterations is decreased 

(Case Study 2). Based on the results of the 

tests described above, we can say that this is 

correct. Table II summarises the experiment's 

findings. 

A hyperspectral image of Washington, DC 

was subjected to the K-means and Iterative 

Self-Organizing Data Analysis Technique 

Algorithm algorithms in Case Study 3. 

(ISODATA). There are two ways to do this: 

first using PCA, and then using either K- 
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Means or ISODATA as a second stage in the 

PCA process. PC Band 172 for R, PC Band 

86 for G, and PC Band 24 for B have been 

selected. K-Means parameters include the 

number of classes (six) and the number of 

iterations (three). K-Means method results 

are shown in Fig. 8-a. The ISODATA 

settings specify a class size of 4–6 and a 

maximum iteration count of three. Using 

ISODATA yields the results shown in Fig. 8-

b. 

A 4) Case Study 4: It's all about comparing 

the results of implementing PCA and K-

Means, as demonstrated in Fig. 9-a and Fig. 

9-b, in terms of classification accuracy. The

hyperspectral image is used in this

investigation (Washington DC).

The statistics of the C class 

1) Using the K-means technique to compute

class statistics: For the Washington DC

picture results, the Means and Standard

Deviation for all classes are shown in Fig. 10-

a and Fig. 10-b, respectively, which illustrate

a correlation between band number and

value. This graph illustrates the minimum, 

maximum, and average values for each band 

of the Tree class. The standard deviation for 

the Tree class is shown in Figure 10-d. Table 

III provides a description of the class 

distribution, and Table IV presents the 

ground truth image-based confusion matrices. 

Figure 11 shows a total class mistake. 

2) Applying the ISODATA technique to

calculate class statistics: Analyze Washington

DC hyperspectral image data using the

ISODATA technique, which is shown in Fig.

12-a. Means for all classes are shown, as well

as their standard deviations (Fig. 12-b). Fig.

12-c displays the minimum, maximum, and

mean values for each band in the Tree class,

as well as the standard deviation. The

standard deviation for the Tree class is shown

in Fig. 12-d. Table VI displays the degree of

misunderstanding among the various classes,

as seen in Table V. Matrixes based on the

original image's data. A complete error of

classification is shown in Figure 13.

TABLE II. Class Distribution Summary (K-

Means Algorithm) 

Unclassified 0 points (0.000%) 

Roof 51,689 points (13.154%) 

Grass 98,094 points (24.963%) 

Tree 56,529 points (14.385%) 

Trail 58,722 points (14.944%) 

Road 69,678 points (17.732%) 

Water 58,248 points (14.823%) 

TABLE III. Accuracy Class 

Percentage of Experiment Description

IV. CONCLUSION

Hyperspectral images contain a wide range 

of spectral information that can be used to 

detect and separate materials with a distinct 

spectral fingerprint. In order to classify a 

hyperspectral image, it is necessary to 

Overall Accuracy = (307844/392960) 78.3398% 

Kappa Coefficient = 0.7373 
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identify items with similar features. After 

doing Principle Component Analysis (PCA) 

using ENVI, unsupervised classification 

algorithms (K-Means algorithm and 

ISODATA algorithm) are utilised. 

Fig 4. Result for K-means 

TABLE IV.Confusion Matrix Using 

Isodata Algorithm 

PCA is used in data analysis before 

classification to minimise the dimensionality 

of hyperspectral images. A typical site from 

the research area in the United States capital 

of Washington DC is used to test these 

methods. The K-Means classification strategy 

had an overall accuracy of 78.3398 percent, 

whereas the ISODATA classification 

approach had an accuracy of 81.7696 percent. 

Both the K-Means and ISODATA algorithms 

produce reliable findings, however 

ISODATA performs better on images of the 

test region. 
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