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1.1   INTRODUCTION  

You are familiar with the fact that remote sensing is a technique used to acquire information about 
an object without making any physical contact with it. In multispectral remote sensing, sensors scan 
the Earth's surface in multiple wavelength bands of the electromagnetic spectrum using different 
film-filter combinations, charge-coupled devices, or complementary metal-oxide-semiconductor 
sensors. The data is recorded as individual images. A remotely sensed image consisting of data 
recorded in multiple wavelength regions or bands of reflected radiation is known as a multispectral 
remotely sensed image. 
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The analysis of multispectral data involves examining the conventional 
dimensionality of data consisting of 3 to 10 wider spectral bands. This analysis 
includes extracting useful information from a multiband image for various 
applications. It is not a simple task and requires a sound understanding of 
fundamental earth sciences and signal processing theory. In this first unit of the 
course, we will discuss trends in the pre-processing, enhancement, and 
classification of multispectral data. At the end of the unit, we will explore the 
latest applications of multispectral data. 

Expected Learning Outcomes_____________________________ 

After studying this unit, you should be able to: 

 define multispectral data analysis; 

 describe pre-processing techniques of multispectral data; 

 discuss enhancement and classification of multispectral image data; and  

 write latest applications of multispectral data.  

1.2   OVERVIEW OF MULTISPECTRAL DATA PRE-
PROCESSING 

Multispectral images are captured by sensors that record data in different 
spectral bands, typically in and beyond the visible range of the electromagnetic 
spectrum. These images provide valuable information for various applications. 
However, the data from multispectral images can be noisy and contain flaws 
that stem from the image acquisition process. Image rectification and 
restoration often termed as image pre-processing normally refer to the initial 
processing of raw image data, which precede further manipulation and analysis 
to extract useful information. This procedure serves to rectify distortions, 
eliminating noise, calibrating radiometric values, addressing geometric 
distortions and modifying the image extent through mosaicking or subsetting. It 
collectively ensures a more accurate representation of the original scene, 
rendering the satellite image conducive for subsequent enhancements, 
interpretations and analyses.  

1.2.1   Radiometric Correction 

Image radiometry typically pertains to the digital depiction of sensed data, with 
radiometric errors arising from imbalances in detectors and atmospheric 
disturbances. The radiance recorded by a specific system over an object is 
affected by factors like alterations in scene illumination, atmospheric conditions, 
viewing geometry and instrument response characteristics. Radiometric 
correction, is aimed at removing the errors in the recorded values by the 
sensors where the received signal is corrupted by atmospheric 
scattering/absorption, sensor ageing, sensor noise, etc. This correction process 
entails re-arranging the digital numbers (pixel values) within an image to 
establish consistent linear relationships between the digital number and either 
radiance or backscatter across the image. We can study radiometric correction 
under two main categories: 

 Sensor response calibration 
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 Radiometric calibration and atmospheric correction 

i) Sensor Response Calibration 

In essence, image noise refers to any undesired disturbance resulting from 
constraints in the sensing, signal digitisation or data recording process. Noise 
has the potential to deteriorate or completely obscure the genuine radiometric 
information in a digital image. The aim is to bring an image as closely as 
possible to an approximation of the original scene. Radiometric errors often 
caused by remote sensing systems are corrected using the following 
techniques: 

(a) Line Striping 

An image displaying individual detectors that appear either lighter or darker 
than their adjacent detectors is referred to as having striping noise. True 
striping, also known as "calibration striping," exclusively occurs during 
calibration processing. It results from inaccurate relative detector gains, causing 
specific detectors in the image to be either brighter or darker than their 
neighbouring detectors, thereby forming stripes along the scan. Therefore, 
horizontal stripes are generally observed in remote sensing images captured by 
whiskbroom scanners, while vertical stripes are typically seen in images from 
pushbroom scanners. Fig. 1.1 shows the striping in imagery captured by 
whiskbroom scanners mounted on Landsat 4. 

 

Fig. 1.1: Striping in Landsat 4 MSS Level-0 Data (Source: USGS) 

(b) Line or Column Dropouts 

Besides extensively tested and calibrated detectors of a sensor, a satellite 
image with missing scan lines can be produced due to failure of any detector. 
This failure may result in no spectral information in a line or column of the 
satellite image, commonly referred as bad line shown by black or white lines on 
the image (Fig. 1.2). Some common approaches to correct bad lines include 
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replacement of bad lines by succeeding or preceding lines, averaging or 
replacing lines from highly correlated bands. 

 

Fig. 1.2: a) Landsat 7 (ETM+ sensor) image before line dropout; and b) after line 

dropout due to Scan Line Corrector (SLC) failure. (Source: modified after 

Lee et al., 2016) 

(c) Random Bad Pixels 

Except systematic noise such as stripes or missing scan lines, irregular noise 
present in an image is called random noise, for example, pixels with 
unauthentic digital numbers. Identifying random noise involves comparing each 
pixel in an image with its neighbouring pixels. The value of the noisy pixel can 
be substituted with the average of its neighbouring values. Typically, kernels or 
windows of 3×3 or 5×5 pixels are employed in such processes. 

ii) Radiometric Calibration and Atmospheric Correction 

The radiance recorded or measured by sensors on satellites comprises both 
reflected radiation from the Earth’s surface and radiation scattered by particles 
in the atmosphere. The atmosphere exerts an influence on almost all energy 
recorded by sensors to varying degrees. The atmosphere has dual effects on 
radiance, scattering the light and irradiation. Irradiance also fluctuates 
throughout the year due to seasonal variations in solar elevation and the 
distance between the Earth and the Sun (Fig. 1.3). Disregarding atmospheric 
effects, the joint impact of the solar zenith angle and the Earth-Sun distance on 
the irradiance reaching the Earth's surface can be articulated as (Equation 1): 

2

coso oE
E

d


     (1) 

Where, E is normalised solar irradiance, oE represents solar irradiance at mean 

Earth–Sun distance, o is sun’s angle from the zenith and d represents earth–

sun distance, in astronomical units. 
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Fig. 1.3: Effects of seasonal change on solar elevation angle. 

(a) Radiometric Calibration 

The digital numbers assigned to pixels, representing the recorded intensity of 
electromagnetic radiation, can be converted into meaningful real-world units 
such as radiance, reflectance or brightness temperature. Sensor-specific 
information essential for radiometric calibration is typically included as metadata 
accompanying satellite data. The digital numbers in images such as Landsat, 
can be transformed into top-of-atmosphere (TOA as  ) radiance or 

reflectance, as expressed by Equation 2 (Fig. 1.4).  

cos
P cal

SZ

M Q A



      (2) 

Where, SZ represents local solar zenith angle, &PM A denotes band-specific 

multiplicative and additive rescaling factors, and calQ is quantised and calibrated 

standard product pixel values (i.e., digital numbers). 

 
Fig. 1.4: Landsat 8 Collection 1 op of Atmosphere reflectance image.          

(Source: USGS) 
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(b) Atmospheric Correction 

The influence of solar illumination variation is compounded by atmospheric 
effects. As the atmosphere adds path radiance and causes irradiance to the 
signal from illuminating surface, a total spectral radiance (Ltot) measured by 
sensor for any given pixel using Equation 3: 

tot P

ET
L L




       (3) 

Where,  is reflectance of object, E represents irradiance on object, T is 

transmission of atmosphere and PL denotes path radiance. 

In the above equation, the first term signifies ground reflectance, while the 
second term represents path radiance, which manifests as haze in imagery, 
diminishing image contrast. Fig. 1.5 illustrates the Landsat 8 Level 1 data 
product alongside its surface reflectance data, obtained as a Level 2 science 
data product. 

 

Fig. 1.5: Landsat-8 Level 1 data and its surface reflectance data. (Source: USGS) 

1.2.2   Geometric Correction 

Geometric corrections play a crucial role in remote sensing by addressing 
inherent distortions in satellite imagery caused by factors such as the altitude, 
attitude and velocity of the sensor platform, as well as panoramic distortion, 
Earth curvature, atmospheric refraction, relief displacement and non-linearities 
in the sensor's instantaneous field of view sweep. The Earth's curvature, 
especially in large-scale images, leads to distortions that require adjustment for 
accurate spatial representation. Sensor misalignments during data acquisition 
contribute to distortions, affecting the positional accuracy of features in the 
imagery. Geometric corrections ensure that satellite images align with real-
world coordinates, facilitating consistent and precise spatial analysis (Fig. 1.6). 
It enables reliable interpretations, mapping and integration with Geographic 
Information Systems.  

Systematic distortions are predictable in nature and stem from the Earth's 
rotation and sensor viewing geometry during satellite data collection. These 
distortions, being known and foreseeable, allow for correction using 
mathematical modeling. For instance, satellite data may exhibit skew distortion 
caused by the eastward rotation of the Earth beneath the scanner. To counter 
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this, a deskewing process is employed, strategically offsetting each subsequent 
scan line slightly to the west.  

Conversely, non-systematic errors arise from changing terrain such as relief 
displacement and fluctuations in sensor altitude. These errors are random and 
pose greater challenges for correction compared to systematic distortions, as 
they lack predictability. These errors are mitigated through the matching of 
image coordinates to geographic coordinates obtained from maps or global 
positioning systems (GPS). This process involves identifying common features 
in both the image and a reference map, allowing for the precise alignment of 
image data with real-world geographic coordinates and the reduction of non-
systematic errors for accurate spatial representation. 

Mathematically, 

1 2( , ) ( , )x f X Y y f X Y       (4) 

Where, 

x, y: distorted image coordinates 

X, Y: correct (map) coordinates 

f1, f2: transformation functions 

 

Fig. 1.6: Matrix of geometrically corrected output pixels superimposed on matrix 

of original distorted input pixels. 

1.2.3   Miscellaneous Steps 

The concluding step in the sequence of image preprocessing often includes 
subsetting, layer stacking and mosaicking. Subsetting allows for the extraction 
of a specific region of interest from a larger image, facilitating targeted analysis 
and reducing data volume. Layer stacking, on the other hand, combines 
multiple spectral bands into a single, multi-layered image, enhancing the 
richness of information available for analysis. Mosaicking, the merging of 
individual images, creates a seamless and comprehensive composite image of 
a larger geographical area.  
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1.3   IMAGE ENHANCEMENT 

Image enhancement techniques are used to improve the visual quality and 
subsequent feature extraction or interpretation of satellite or airborne images by 
manipulating their pixel values. It is particularly useful when dealing with images 
that have poor contrast, low brightness or noise, making it easier to extract 
useful information from them after enhancement. The primary goal of image 
enhancement is to reveal information that is not visible in the original image 
(often to the human observer) or to improve the overall appearance of the 
image for better interpretation. There are several techniques used for image 
enhancement in remote sensing. Some of them are described below: 

1.3.1   Contrast Enhancement 

Contrast refers to the range of brightness or grey level values in an image. It 
can be defined as the ratio of the maximum intensity to the minimum intensity of 
an image (Equation 5). High contrast indicates a clear differentiation between 
objects or features, while low contrast indicates that they are more difficult to 
distinguish from one another. 

max

min

I
C

I
      (5) 

This technique is useful when the image has low contrast or when some parts 
of the image are too dark or too bright, making it easier to distinguish between 
different features in the image. Let us discuss the techniques used for 
enhancing contrast. 

i) Linear Contrast Stretches 

In this approach, the grey values in both the original and modified images 
adhere to a linear relation. A density number situated in the lower range of the 
original histogram is assigned to represent extremely white, while the remaining 
pixel values are distributed linearly between these extremes. The contrast-
stretched image reveals features or details that were previously unclear in the 
original image. 

The equation Y= ax + b is utilised for the linear transformation in a linear 
contrast stretch method. The values of 'a' and 'b' are calculated using specific 
equations 6 and 7: 

max min max min( ) / ( )a Y Y X X       (6) 

max min min max max min( ) / ( )b X Y X Y X Y       (7) 

where, X  = Input pixel value and Y  = Output pixel value. max min,X X are the 

maximum and minimum in the input data values, respectively and max min,Y Y are 

the maximum and minimum in the output data values, respectively.  

minX and maxX  values can be obtained from the scene histogram. Histograms 

are commonly used to display the frequency of occurrence of brightness 
values. minY and maxY  are usually fixed at 0 and 255, respectively, which 

correspond to the minimum and maximum brightness values for the computer 
monitor.  



…………………………….…………………………………….……………………………………….. 

19 

Trends in Multispectral Data Analysis Unit 1 

Contributors:  Dr. Manohar Yadav and Ms. Nyenshu Seb Rengma 
 

ii) Piecewise Stretch 

This method analyses the pixel intensity histogram, identifying distinct ranges 
that correspond to different features or phenomena. By applying separate linear 
stretches to these segments, the contrast within each targeted range is 
selectively enhanced, revealing intricate details in the satellite image (Fig. 1.7). 
This approach proves especially advantageous when specific regions of 
interest such as urban areas or natural features, need heightened visibility 
without compromising the overall image balance. 

iii) Non-Linear Contrast Enhancement 

Non-linear contrast enhancement is used to improve the visual quality of 
images by selectively enhancing specific intensity ranges. Unlike linear contrast 
enhancements that uniformly stretch or compress the entire pixel value range, 
non-linear methods apply different transformations to different intensity levels, 
allowing for more targeted enhancement. Some commonly used non-linear 
contrast enhancement techniques are given below. 

 

Fig. 1.7: Piecewise linear contrast stretches (the brightness values (DN) of an 

image has a trimodal histogram, where the two pieces P1 and P2 are 

stretched, whereas P3 remains unchanged). 

 (a) Histogram Equalisation  

The basic idea behind histogram equalisation is to adjust the distribution of 
pixel intensities in the image to cover the full available range. The process 
involves computing the histogram of pixel intensities, creating a cumulative 
distribution function and then transforming pixel values based on this function 
(Table 1.1). This redistributes the intensities, bringing out details in both dark 
and bright regions of the image. 

Table 1.1: Example of histogram equalisation of an image with 64 rows 
and 64 columns with brightness values of 1 to 7.  

Frequency 

 if BV
 

Original 

brightness    
value (BVi) 

i

BrightnessValue
L

n


 

Cumulative 
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original BVi 

to the new 

class it is 



…………………………………………………………………….……………………………………… 

20 

Advances in Remote Sensing Data Analysis-I Block 1 

Contributors:  Dr. Manohar Yadav and Ms. Nyenshu Seb Rengma 
 

 
0

n

i i
i

K f BV



 

closest to in 

value 

735 0 0 735/4096=0.18 1 

180 1 0.14 915/4096=0.22 2 

460 2 0.28 1375/4096=0.34 2 

650 3 0.42 2025/4096=0.49 3 

870 4 0.57 2895/4096=0.71 5 

543 5 0.71 3438/4096=0.84 6 

420 6 0.85 3858/4096=0.94 7 

238 7 1.0 4096/4096=1 7 

(b) Density Slicing 

This method aims to highlight specific ranges of pixel intensity values within an 
image, enhancing the visibility of a particular feature or information. In density 
slicing, the pixel intensity values are divided into several ranges or slices. Each 
range corresponds to a specific gray level or colour and pixels falling within that 
range are assigned the same colour or brightness. This process creates distinct 
visual boundaries between different intensity levels, making it easier to identify 
and interpret specific features in the image. By adjusting the slicing thresholds, 
analysts can control which intensity ranges are highlighted and which are 
suppressed, allowing for improved visualisation and interpretation. For 
example, the feature of interest is given one colour (red) whereas all the other 
digital number values are assigned black (Fig. 1.8). Assigning a colour to a 
range of brightness levels results in a pseudocolor display. 

 

Fig. 1.8: Example of density slicing, original gray scale image (left) and after 

applying density slicing pseudocolor display (right). (Source: modified 

after Hou et al., 2019) 

1.3.2   Spatial Feature Manipulation  

Spatial frequency in multispectral satellite imagery refers to the rate of change 
of pixel values across space within the image. It is a measure of how rapidly or 
gradually the intensity or colour of the imagery varies over different spatial 
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scales. High spatial frequency components correspond to rapid changes or fine 
details such as edges and texture, while low spatial frequency components 
represent smoother and broader features. Common spatial filtering operations 
for image enhancement include smoothing (low-pass filtering) and sharpening 
(high-pass filtering). Smoothing filters reduce noise and highlight larger 
structures, while sharpening filters enhance edges and fine details. The choice 
of filter and its parameters depend on the specific enhancement goals and 
characteristics of the image. 

i) Low Frequency Filtering in the Spatial Domain 

This process involves applying a low-pass filter in the spatial domain of the 
image, allowing only the low-frequency components to pass through while 
suppressing higher frequencies. The rationale behind low-frequency filtering 
(LFF) is to reduce noise, smooth out variations and highlight the overall 
structure or general trends in the image. A simple low pass filter or LFF 
evaluates a particular input pixel brightness value (BVin) and the pixels 
surrounding the input pixel, and outputs a new brightness value (BVout) that is 
the mean of the neighborhood and obtained by convolution operation. The size 
of convolution mask i.e. the neighborhood is usually 3x3, 5x5, 7x7 or 9x9. For a 
general neighborhood size of 2W+1 x 2W+1, where W=1 results in 3x3, W=2 
results in 5x5, the equation of convolution operation can be described as 

( , ) ( , ). ( , )
W W

i W j W

O x y I x i y j C i j
 

        (9) 

Where, ( , )O x y is the pixel value of output image (or outLFF ), I represents input 

image and C denotes convolution mask. 

For an example, using a convolution mask C  of 3x3, the coefficients 1 9c c  in 

the mask are multiplied by the following individual brightness values (BVi) in the 
input image. 

 

 

 

 

The primary input pixel under investigation at any one time is BV5 = BVij. The 
convolution of mask (with all the coefficients equal to 1) and the original data 
will result in a low frequency image, where 

9

1
5,

n

i i
i

out

c BV
LFF Int

n









                (10) 

1 2 3 9
5,

...

9out

BV BV BV BV
LFF Int

  
              (11) 

The spatial moving average then shifts to the next pixel, where the average of 
all nine brightness values, are computed. This operation is repeated centred at 
every pixel in the input image, for neighbourhoods of 3x3 or 5x5 or 7x7 …. 

 

Masked template = 

c1 x BV1 c2 x BV2 c3 x BV3 

c4 x BV4 c5 x BV5 c6 x BV6 

c7 x BV7 c8 x BV8 c9 x BV9 
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ii) High Frequency Filtering in the Spatial Domain 

This process involves the application of a high-pass filter or kernel to the pixel 
values of the image to enhance or emphasise fine details and rapid changes 
within an image. High-pass filters allow the passage of high-frequency 
components, suppressing or attenuating the low-frequency information such as 
smooth gradients or gradual changes in intensity. The result is an image that 
emphasises edges, fine textures, and other high-frequency features. This 
technique finds applications in tasks like edge detection, feature enhancement 
and image sharpening, contributing to improved visual clarity and aiding 
subsequent analysis. 

One high-frequency filter ( outHFF ) works in the same way as LFF  but uses a 

different convolution mask. An example of a convolution mask ( HFFC ) that 

allows high-frequency components to pass while attenuating low-frequency 
components is shown in Equation 12. Similarly, for image sharpening (an 
application of using a high-frequency filter), the convolution mask is shown in 
Equation 13. This boosts the brightness of specific pixels relative to their 
neighboring pixels.  

1 1 1

1 8 1

1 1 1
HFFC

   
    
    

    (12) 

0 1/ 4 0

1/ 4 2 1/ 4

0 1/ 4 0
HFFC

 
    
  

   (13) 

Much finer control over sharpening can be achieved using the unsharp masking 
operation, where the low-frequency components ( outLFF ) are subtracted from 

the original image. For a particular central pixel, the output of the high-
frequency filter is expressed as:

 

   5, 5 5,2out outHFF BV LFF           (14) 

SAQ I 
a) List the name of non-linear contrast enhancement techniques. 

b) What are the functions of high frequency filters? 

1.3.3   Multi-image Manipulation 

The multi-image manipulation in multispectral image data can be done using 
band ratio and normalised difference ratios. 

i) Band Ratio 

It involves the creation of new image bands by dividing the pixel values of one 
spectral band by another (Fig. 1.9). The resulting band ratios can reveal 
valuable information about specific surface characteristics and help highlight 
particular features in the landscape. 
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Fig. 1.9: Reduction of illumination effects by band ratio. 

ii) Normalised Difference Ratios 

Several limitations inherent in simple ratios are mitigated through the 
application of normalised differences involving two or more bands. The widely 
employed Normalised Difference Vegetation Index (NDVI) is computed as: 

Re

Re

NIR d

NIR d

NDVI
 
 





    (15) 

Here, ρNIR and ρRed represent spectral reflectance in the sensor's near-infrared 
and red bands, respectively. The resulting NDVI values range from -1 to 1. 
Notably, high NDVI values are indicative of a combination of high reflectance in 
the near-infrared and lower reflectance in the red band, a characteristic spectral 
"signature" of vegetation. Conversely, non-vegetated areas such as bare soil, 
open water, snow/ice and most construction materials, exhibit considerably 
lower NDVI values. 

1.4   IMAGE CLASSIFICATION 

The overall objective of image classification is to automatically categorise all 
pixels in an image into distinct classes or categories based on their 
characteristics. Normally, multispectral data are used to perform the 
classification, and the spectral pattern present within the data for each pixel is 
used as numerical basis for categorisation. In this section, we focus solely on 
the fundamental classification approaches, specifically supervised and 
unsupervised techniques. Topics such as object-based classification utilising 
both spatial and spectral information, along with the application of various 
machine learning algorithms and neural networks for advanced classification, 
are dealt is subsequent units.  

1.4.1   Supervised Classification 

Supervised classification is a methodical approach in satellite image analysis 
that involves the use of training samples with known class labels. These 
samples are carefully selected to represent the spectral characteristics of 
different land cover or land use classes. The classification algorithm is then 
trained using these labeled samples, learning the relationships between 
spectral features and corresponding classes. Once training sample sets are 
defined, the classification algorithm is applied to the entire multispectral satellite 
image to categorise each pixel into predefined classes. Numerous algorithms 
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are available, and the selection depends on the classification purpose as well 
as the specific characteristics of both the image and the training data. 

i) Minimum-Distance-to-Means Classifier 

During the training phase, mean vector is computed for each class, 
representing the centroid of the spectral distribution (Fig. 1.10). In the 
classification phase, the Euclidean distance between a pixel's spectral values 
and the mean vector of each class is calculated. The pixel is then assigned to 
the class with the minimum distance to its mean vector. In Fig. 1.10, the 
unknown pixel, though closer to the water class, is assigned to the forest class 
due to the nearer mean or cluster center of the forest. 

 

Fig. 1.10: Minimum-Distance-to-Means classifier. 

ii) Parallelepiped Classifier 

The Parallelepiped Classifier is another supervised classification technique 
used in multispectral satellite image analysis. During training, a parallelepiped 
or hyper-rectangle is defined for each class in the feature space using the 
minimum and maximum spectral values in each band observed in that class. In 
the classification phase, a pixel is assigned to a class if its spectral values fall 
within the defined parallelepiped for that class. This method is computationally 
efficient and straightforward, making it suitable for cases where classes have 
distinct and non-overlapping spectral ranges. However, it may not perform well 
in situations where classes have complex or overlapping spectral distributions 
(as depicted in Fig. 1.11), as it relies on the assumption of well-separated class 
regions in the feature space. 

iii) Maximum Likelihood Classifier 

The maximum likelihood classifier considers not only the cluster centers but 
also considers the shape, size and orientation of clusters. This is accomplished 
by computing a statistical distance using the mean values and co-variance 
matrix of the clusters. The resulting statistical distance is a probability value, 
representing the likelihood that an observation x belongs to a particular cluster. 
The classification of a pixel is determined by selecting the class (cluster) with 
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the highest probability. Most maximum likelihood classifiers operate under the 
assumption that the cluster statistics adhere to a normal (Gaussian) distribution. 

 

Fig. 1.11: Parallelopiped classifier. 

1.3.2   Unsupervised Classification 

In contrast, unsupervised classification is a more exploratory approach that 
does not require prior knowledge of class information. Instead of using labeled 
training samples, this method groups pixels into clusters based on inherent 
similarities in their spectral properties. After classification, the analyst interprets 
the resulting clusters and assigns meaningful class labels based on their 
spectral characteristics. Unsupervised classification is valuable in scenarios 
where training samples are not available and classes are not well-defined. 

i) K-means 

In this approach, the algorithm partitions the image pixels into a pre-defined 
number of clusters (K) based on their spectral similarity. Initially, K cluster 
centers are randomly selected and each pixel is assigned to the cluster whose 
center is the closest in terms of spectral similarity. The algorithm iteratively 
refines the cluster centers until convergence, minimising the sum of squared 
distances between the pixels and their assigned cluster centers. Its 
performance can be influenced by the initial selection of cluster centers and is 
sensitive to outliers. 

ii) Iterative Self-Organising Data Analysis Technique 

Iterative Self-Organising Data Analysis Technique (ISODATA) is an iterative 
unsupervised classification technique commonly applied to satellite imagery. At 
its core is the K-Means algorithm, with a lower and upper limit on K specified by 
the user. This method begins by dividing the data into initial clusters and then 
iteratively merges or splits clusters based on certain criteria. The criteria may 
include the number of pixels in a cluster (if they are too few the cluster is 
merged with a neighboring cluster; if they are too many, the cluster is split into 
two), the spectral similarity among pixels and the compactness of the clusters. 
After each iteration, the cluster statistics are updated and the process continues 
until convergence is achieved. ISODATA adapts dynamically to the 
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characteristics of the data, adjusting the number and shape of clusters during 
the iterative process.  

1.4.3   Classification Accuracy Assessment 

Following the classification of multispectral imagery, the evaluation of the 
outcomes is crucial. An essential tool for this assessment is the error matrix, 
also known as a confusion matrix or contingency table. This tabular 
representation compares the classification results of the classifier with the 
actual, ground truth classes. It is a critical tool for assessing the accuracy and 
performance of a classification algorithm. 

In the error matrix, counts of pixels or elements are organised based on their 

classification outcomes, distinguishing between true positives (correctly 

classified), false positives (misclassified as a particular class), false negatives 

(not classified but should have been) and true negatives (correctly not 

classified). This breakdown facilitates the calculation of various accuracy 

metrics, including commission error, omission error, overall accuracy (OA), 

producer's accuracy (PA), user's accuracy (UA), and the kappa coefficient 

(Equations, 16, 17 and 18). These metrics provide a comprehensive 

understanding of the model's effectiveness in correctly identifying and 

categorising features within the imagery. 

100
Number of correctly classified pixels

OA
Total number of pixels

      (16) 

100
Number of true positives

PA
Total number of actual pixels for that class

    (17) 

100
Number of true positives

UA
Total number of classified pixels for that class

     (18) 

Table 1.3 gives an error matrix of a hypothetical classified image, from which 
we can calculate UA, PA and OA. 

Table 1.2: Error matrix of a hypothetical classified multispectral image. 

  Reference data 

Classes Crop Forest Urban Water Row total 

A
ct

ua
l d

a
ta

 

Crop 180 20 0 0 200 

Forest 8 201 2 1 212 

Urban 2 1 97 0 100 

Water 0 0 2 64 66 

Column total 190 222 111 65 578 

User’s accuracy Producer’s accuracy  

Crop = 180/190 x 100 = 94.73% Crop = 180/200 x 100 = 90% 

Forest = 201/222 x 100 = 90.54% Forest = 201/212 x 100 = 94.81% 

Urban = 97/111 x 100 = 87.38% Urban = 97/100 x 100 = 97% 

Water = 64/65 x 100 = 98.46% Water = 64/66 x 100 = 96.96% 

Overall accuracy = {(180 + 201 + 97 + 64)/578} x 100= 93.77% 
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1.5   APPLICATIONS 

Multispectral satellite-borne sensors with their ability to capture imagery across 

various wavelengths of the electromagnetic spectrum have become a 

cornerstone in numerous applications across diverse fields. Multispectral 

sensors harness a wealth of information by capturing the unique spectral 

signatures of diverse land cover types. This invaluable data serves a multitude 

of purposes, spanning tasks such as land cover classification and vegetation 

monitoring to precision agriculture and environmental assessment. As a 

powerful tool for remote sensing, multispectral satellite imagery continues to 

play a crucial role in advancing the understanding of the dynamic interactions 

within our environment, supporting informed decision-making and sustainable 

practices across various sectors. Some of the applications are discussed 

below. 

1.5.1   Land Use and Land Cover 

Understanding the intricate tapestry of land use and land cover (LULC) across 

landscapes has become paramount for managing our planet's resources and 

tackling environmental challenges. The crux lies in exploring the unique 

spectral signatures of different land cover types. Each feature reflects sunlight 

in distinct patterns across various wavelengths, effectively captured by 

multispectral sensors. Advanced classification algorithms have enhanced this 

capability, enabling highly accurate mapping based on these spectral 

variations. Beyond mapping static patterns, multispectral imagery unlocks the 

dynamics of land use change. Time series analysis, often using spectral indices 

like the NDVI, allows us to track deforestation, urban expansion and agricultural 

trends over time. Fig. 1.12 shows extensive LULC map of India consisting of 18 

LULC classes, which is prepared by National Remote Sensing Centre (NRSC), 

India. 

1.5.2   Water Resource Management  

By dissecting the unique spectral signatures of water bodies, snowpack and 

wetlands, multispectral data transforms into a powerful tool for managing water 

resources and mitigating flood risks. Unlike land features, water exhibits higher 

reflectance in the blue and green bands, while absorbing strongly in the red and 

near-infrared regions. This contrasts with snow and ice, which exhibit high 

reflectance across the visible spectrum. By leveraging these spectral 

differences, algorithms can accurately delineate the extent of lakes, rivers and 

even ephemeral water bodies with impressive precision. 

Moreover, by analysing the reflectance in specific bands sensitive to snowpack 

properties, we can track snowmelt patterns and estimate water volume stored 

in snowpack. This information serves as a crucial input for flood forecasting 

models, allowing for proactive measures to be taken to mitigate potential 

inundations. By monitoring changes in wetland vegetation and water dynamics, 

we can identify areas at risk of degradation and implement restorative 

measures.  
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Fig. 1.12: LULC map of India. (Source: NRSC) 

1.5.3   Soil Erosion and Degradation Monitoring 

Multispectral satellite imagery offers a revolutionary approach, empowering us 
to map soil erosion patterns and identify areas vulnerable to degradation with 
exceptional detail and accuracy. The key lies in harnessing the spectral clues 
revealed by the interplay between soil, vegetation and erosion. Bare soil, 
stripped of its protective plant cover, exhibits higher reflectance in the visible 
spectrum (400-700 nm) compared to vegetated areas.  

By analysing multispectral data across multiple time points, we can not only 
map the extent of existing erosion but also estimate its rate and predict future 
hotspots. This information empowers proactive land management practices. 
Prioritising conservation efforts in highly vulnerable areas, implementing 
targeted afforestation programmes and optimising agricultural practices based 
on soil erosion risk become possible. Moreover, changes in spectral responses 
within the near-infrared (700-1300 nm) and shortwave infrared (1300-2500 nm) 
bands can indicate salinisation, nutrient depletion and organic matter content.  

1.5.4   Crop Type Mapping and Monitoring 

Identifying and monitoring diverse crop types across vast landscapes have long 

been a challenge for agriculture. Multispectral imagery can be used in 
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harnessing the unique spectral signatures of different crops. Each plant species 

reflects sunlight in distinct patterns across various wavelengths, captured by 

multispectral sensors. Analysing these spectral fingerprints allows for 

differentiating crops like maize, wheat and soybean based on their unique 

reflectance responses in the green, red and near-infrared bands.  

Multispectral imagery also offers a dynamic lens for monitoring crop health and 

predicting potential agricultural diseases. Spectral indices like the NDVI provide 

a robust measure of plant greenness and photosynthetic activity. By tracking 

changes in NDVI over time, we can identify areas of stressed or diseased 

crops, thereby enabling early intervention and mitigating potential yield losses. 

1.5.5   Forest Fire Mapping 

Mapping forest fires or burnt scars using multispectral imagery involves a 

systematic analysis of spectral changes before and after the fire event. By 

comparing pre-fire and post-fire multispectral satellite images through 

differencing or change detection processes, specific indices like the Normalised 

Burn Ratio (NBR) or differenced NBR (dNBR) are calculated to highlight areas 

affected by the fire. Applying thresholding techniques to these indices helps 

identify burnt areas and false colour composites visually enhance the 

distinctions. Additionally, supervised classification methods can be employed, 

using training samples to differentiate between burnt and unburnt regions (The 

accuracy of the classification is then assessed through comparisons with 

ground truth data or field observations. 

SAQ II 
a) Write the equation of overall accuracy calculation. 

b) List the major application fields of multispectral data. 

1.6   SUMMARY 

In this unit, you have studied trends of multispectral data analysis. The key 
takeaways can be summarised as follows: 

 Satellite image pre-processing is an essential initial step, laying the 
foundation for subsequent data processing and analysis. 

 Various image enhancement techniques have been discussed, which 
improve visualisation and interpretation of features or phenomena. 

 Post-enhancement, classifying the enhanced images becomes essential for 
identifying specific features, especially for tasks like land cover mapping 
and resource monitoring. The reliability of classification outcomes is then 
assessed, which influence decision-making processes significantly. 

 The unit also covers the diverse applications of multispectral imageries, 
demonstrating their practical utility in real-world scenarios. It highlights the 
role of multispectral remote sensing in informed decision-making for 
changes in land use and cover across various domains. 
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1.7   TERMINAL QUESTIONS 

1. Discuss image pre-processing and image enhancement techniques. 

2. Distinguish between histogram equalisation and density slicing. 

3. Explain supervised and unsupervised classifications, providing examples for 
each. 
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1.10   ANSWERS  

SAQ I 
a) Histogram equalisation and density slicing are two main types of non-linear 

contrast enhancement techniques. 

b) The high frequency filters are used to generate an image consisting of 
enhanced edges, fine textures and other high-frequency features. 

SAQ II 
a) The following equation is used to calculate overall accuracy (OA) of a 

classified multispectral image: 

100
Number of correctly classified pixels

OA
Total number of pixels

   
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b) The major application fields of multispectral data include land use and land 
cover analysis, water resource management, soil erosion and degradation 
monitoring, crop type mapping and monitoring and forest fire mapping. 

Terminal Questions 
1. Please refer to section 1.2. 

2. Please refer to subsection 1.3.1. 

3. Please refer to section 1.4. 
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