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Abstract 

 

Image classification is one among important branches of artificial intelligence field. 

Generally, it translates the information contained in images into thematic categories 

which are suitable for use in many applications  using low-level visual features. 

Nowadays, there exists a large number of machine learning algorithms used for image 

classification. 

          The main objective of this work is to perform a classification of hyperspectral data by 

means of spectral-spatial features. The principle component analysis was exploited as a tool to 

decorrelate and reduce the dimension of the original hyperspectral data. The mathematical 

morphology is used to extract the spatial features; its parameters were generated empirically. 

The combination of the morphological features and the spectral features were fed to the state-

of-the-art classifier which is the Support Vector Machines (SVM).  

The obtained results over two benchmark datasets show that the achieved performance 

using the developed method is promising. 
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Introduction 

       Recently, immense research efforts have been devoted to developing advanced 

classification approaches and techniques to improve the hyperspectral image classification 

accuracy. However, classifying hyperspectral data into thematic information remains a 

challenge because of many factors, such as the complexity of the land shapes in a study area, 

and the difficulty to assign a label to a pixel vector such that it can be identified as belonging 

to a given class due to overlapping between the classes. 

 Classification techniques can be divided into unsupervised and supervised approaches, 

of which supervised classification methods are more widely used. However, the supervised 

classification of high-dimensional data sets, especially hyperspectral images, remains a 

challenging endeavor. The Hughes phenomenon caused by the large number of spectral 

bands poses a major problem during this process. Additionally, the presence of noise and 

that of mixed pixels, represent further hurdles hindering accurate hyperspectral image 

classification.  

 The focus of this project is on the classification of Hyperspectral data using 

principle component analysis as a technique to reduce the dimensions of the data to reduce 

computational time, with the tendency  to preserve most of the spectral information then 

using morphological filtering  in order to add spatial features to enhance the classification 

accuracy.  

     This report is organized in four chapters, chapter 1, which is an introductory chapter, deals 

with the fundamentals of the remote sensing data and some generalities about hyperspectral 

data and its applications. Chapter 2 explains the tools used in this work which are the Principle 

Component Analysis (PCA) and the Morphological operators. Chapter 3 highlights generalities 

about classification and describes the proposed classification approach. Chapter 4 presents the 

experimental results of the work and discusses the obtained results.  
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1. Hyperspectral data 
1.1. Introduction to hyperspectral data  

      Since the beginning of remote sensing observation, scientists have created a "toolbox" with 

which to observe the varying dimensions of the Earth's dynamic surface. 

Hyperspectral imaging represents one of the later additions to this toolbox, emerging from the 

fields of aerial photography, ground spectroscopy and multi-spectral imaging. This new tool 

provides capacity to characterize and quantify, in considerable detail, the Earth's diverse 

environments. 

     The concept of hyperspectral imaging originated from geological applications in the 

early 1980s, mainly for the purpose of mineral exploration [1]. Imaging spectrometers 

acquire data in many contiguous narrow bands leading to a complete reflectance or 

emittance spectrum for each pixel of the wavelength region covered. 

1.2. Why hyperspectral? 

     Hyperspectral images are spectrally overdetermined; they provide ample spectral 

information to identify and distinguish between spectrally similar but unique materials. 

Consequently, hyperspectral imagery provides the potential for more accurate and detailed 

information extraction than it is possible with other types of remotely sensed data. 

1.3. Basic concept 

      Hyperspectral imaging, or imaging spectroscopy, combines the power of digital imaging 

and spectroscopy. For each pixel in an image, a hyperspectral camera acquires the light 

intensity (radiance) for a large number (typically a few tens to several hundred) of contiguous 

spectral bands. Every pixel in the image thus contains a continuous spectrum (in radiance or 

reflectance) and can be used to characterize the objects in the scene with great precision and 

detail [2]. 

 

Figure 1-1 The concept of hyperspectral imagery. 
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     Hyperspectral images obviously provide much more detailed information about the scene 

than a normal color camera, which only acquires three different spectral channels 

corresponding to the visual primary colors red, green and blue. Hence, hyperspectral imaging 

leads to a vastly improved ability to classify the objects in the scene based on their spectral 

properties. 

     Recent advances in sensor design and processing speed has cleared the path for a wide range 

of applications employing hyperspectral imaging, ranging from satellite based/airborne remote 

sensing and military target detection to industrial quality control and lab applications in 

medicine and biophysics. Due to the rich information content in hyperspectral images, they are 

uniquely well suited for automated image processing, whether it is for online industrial 

monitoring or for remote sensing. 

1.4. Hyperspectral data acquisition 

     There are four basic techniques for acquiring the three-dimensional (x,y,λ) dataset of a 

hyperspectral cube. The choice of technique depends on the specific application, seeing that 

each technique has context-dependent advantages and disadvantages. 

1.4.1. Spatial scanning 

     In spatial scanning, each two-dimensional (2-D) 

sensor output represents a full slit spectrum (x,λ). 

Hyperspectral imaging (HSI) devices for spatial 

scanning obtain slit spectra by projecting a strip of the 

scene onto a slit and dispersing the slit image with a 

prism or a grating.  

1.4.2. Spectral scanning 

      In spectral scanning, each 2-D sensor output 

represents a monochromatic ('single-colored'), spatial  

map of the scene. HSI devices for spectral scanning are 

typically based on optical band-pass filters. The scene is spectrally scanned by exchanging one 

filter after another while the platform must be stationary  

  

 

 

Figure 1-2 HSI data cube with its spatial 

dimensions (x,y) and spectral dimension 

(λ). 
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1.4.3. Non-scanning 

      In non-scanning, a single 2-D sensor output contains all spatial (x,y) and spectral (λ) data. 

HSI devices for non-scanning yield the full data cube at once, without any scanning. 

Figuratively speaking, a single snapshot represents a perspective projection of the data cube, 

from which its three-dimensional structure can be reconstructed.  

1.4.4. Spatiospectral scanning 

     In spatiospectral scanning, each 2-D sensor output represents a wavelength-coded 

('rainbow-colored', λ = λ(y)), spatial (x,y) map of the scene.  

1.5. Hyperspectral V.s Multispectral Data 
     Multispectral and hyperspectral imagery gives the power to see as humans (red, green and 

blue), goldfish (infrared) and bumble bees (ultraviolet). Actually, we can see even more than 

this as reflected Electromagnetic radiation to the sensor. 

The main difference between multispectral and hyperspectral is the number of bands and how 

narrow the bands are: 

     Multispectral imagery generally refers to 3 to 10 bands covering the spectrum from the 

visible to the longwave infrared. To be clear, each band is obtained using a remote sensing 

radiometer. Multispectral imaging with several images is what distinguishes multispectral 

imaging in the visible wavelength from color photography. A multispectral sensor may have 

many bands Multispectral images do not produce the "spectrum" of an object.   

 

 

Figure 1-3 Multispectral Example: 5 wide bands. 

Hyperspectral imagery consists of much narrower bands (10-20 nm). A hyperspectral image 

could have hundreds or thousands of bands. In general, it comes from an imaging spectrometer. 

 

Figure 1-4 Hyperspectral Example: hundreds of narrow bands. 

https://en.wikipedia.org/wiki/Color_photography
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1.6. Hyperspectral data analysis 

      The traditional approach is centered upon the concept of delineating scene space areas 

(objects, or part object) that are as homogeneous and/or spatially coherent as possible, in order 

to define representative training classes. But it was needed to discriminate between severe 

inconsistencies which lead to suboptimal class representation [2][3]. 

Sensor Organization Country Number 

Of  band 

Wavelength 

range(µm) 

Satellite Sensors     

FTHSI on Mighty 

Sat II 

Air Force 

Research Lab 

United 

States 

256 0.35 – 1.05 

Hyperion on EO-1 NASA Goddard 

Space Flight 

Center 

United 

States 

220 0.4 – 2.5 

Airborne Sensors     

AVIRIS (Airborne 

Visible Infrared 

Imaging 

Spectrometer) 

NASA United 

States 

224 0.4 - 2.5 

HYDICE 

(Hyperspectral 

Digital Imagery 

Collection 

Experiment) 

Naval Research 

Lab 

United 

States 

210 0.4 - 2.5 

AISA  Spectral Imaging 

Ltd. 

Finland 286 0.45 - 0.9 

CASI Itres Research Canada 288 0.43 - 0.87 

DAIS  2115 GER Corp. United 

States 

211 0.4 - 12.0 

HYMAP Integrated 

Spectronics 

Pty Ltd 

Australia 100 to 200 Visible to thermal 

infrared 

PROBE-1 Earth Search 

Sciences  Inc. 

United 

States 

128 0.4 - 2.45 

EPS-H 

(Environmental 

Protection System) 

GER Corp. United 

States 

VIS/NIR (76), 

SWIRI (32), 

SWIRI-2 (32), 

TIR (12) 

VIS/NIR (0.43 to 1.05) 

SWIR-I (1.5 to 1.8), 

SWIR-II (2.0 to 2.5) and 

TIR 

Table 1-1 Current and Recent Hyperspectral Sensors and Data Providers. 
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Table 1-1 lists some of the imaging spectrometers currently being operated for research or 

commercial purposes. The hyperspectral images produced by these sensors present a challenge 

for the analyst. They provide the fine spectral resolution needed to characterize the spectral 

properties of surface materials but the volume of data in a single scene can seem overwhelming. 

The difference in spectral information between two adjacent wavelength bands is typically very 

small and their grayscale images therefore appear nearly identical. 

     Standard multispectral image classification techniques were generally developed to classify 

multispectral images into broad categories. Hyperspectral imagery provides an opportunity for 

more detailed image analysis. Hence, using hyperspectral data, spectrally similar materials can 

be distinguished, and sub-pixel scale information can be extracted. To fulfill this potential, new 

image processing techniques have been developed. 

1.7. Advantages and disadvantages of HSI 

    The primary advantage to hyperspectral imaging is that, because an entire spectrum is 

acquired at each point, the operator holds all available information from the dataset to be 

mined. HSI can also take advantage of the spatial relationships among the different spectra in 

a neighborhood, allowing more elaborate spectral-spatial models for a more accurate 

segmentation and classification of the image.    

     The primary disadvantages are cost and complexity. Fast computers, sensitive detectors, 

and large data storage capacities are needed for analyzing hyperspectral data. Moreover, in 

high dimensionality, it comes difficult to perform accurate parameters estimation, for example 

in the Bayesian context, and the distance measures lose their efficiency to distinguish between 

different vectors . 
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1.8. Applications of Hyperspectral Image Analysis: 

      Having a higher level of spectral detail in hyperspectral images gives better capability to 

see the unseen. Hyperspectral imagery has been used to detect and map a wide variety of 

materials having characteristic reflectance spectra. For example: 

 Hyperspectral images have been used by geologists for mineral mapping [3]. 

 To detect soil properties including moisture, organic content, and salinity [4]. 

 Vegetation scientists have successfully used hyperspectral imagery to identify vegetation 

species [3]. 

 Study plant canopy chemistry [4]. 

 To detect vegetation stress [5]. 

 Military personnel have used hyperspectral imagery to detect military vehicles under partial 

vegetation canopy, and many other military target detection objectives [6]. 

  There are hundreds more applications where multispectral and hyperspectral enable us to 

understand the world. For example, we use it in the fields of agriculture, ecology, oil and gas, 

oceanography and atmospheric studies. 

  But one of the downfalls is that it adds a level of complexity. If you have 200 narrow bands 

to work with, how can you reduce redundancy between channels? 
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2.1. Principle Component Analysis 

2.1.1. Introduction principal component analysis 

The use of hyperspectral images brings in new capabilities along with some difficulties 

in their processing and analysis. Unlike the widely used multispectral images, hyperspectral 

images can be used not only to distinguish different categories of land cover, but also the 

defining components of each land cover category, such as minerals, and soil and vegetation 

type. On the other hand, there are also difficulties in processing so many bands. The large 

amount of data involved with hyperspectral imagery will, however, dramatically increase 

processing complexity and time and reduce the classification accuracy this called the Hughes 

phenomena. Effectively reducing the amount of data involved or selecting the relevant bands 

associated with a particular application from the entire data set becomes a unique, yet primary 

task for hyperspectral image analysis. 

In this work we use the principal component analysis (PCA) to reduce the dimension of 

the hyperspectral data and eliminate the Hughes phenomena to improve the accuracy of the 

classification. 

2.1.2. Hughes phenomena 

Hyperspectral data, consisting of hundreds of spectral bands with a high spectral 

resolution, enables acquisition of continuous spectral characteristic curves, and therefore have 

served as a powerful tool for classification. The difficulty of using hyperspectral data is that 

they are usually redundant, strongly correlated and subject to Hughes phenomenon. 

Hughes phenomenon is a phenomenon that the classification precision increases 

gradually in the beginning as the number of spectral bands or dimensions increases, but when 

the band numbers reached at some point, the estimation accuracy begin to decrease 

dramatically. Due to Hughes phenomenon, the practical use of hyperspectral data is under 

restrictions. So, it is important to identify the reasons for Hughes phenomenon and find out the 

solution methods. In order to avoid “the curse of dimensionality” in classification, a better 

approach is to reduce the data dimensionality while trying to maintain the most vital and useful 

information in the dataset.  
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2.1.3. Dimension Reduction  

 Although HSI images provide abundant information about bands, in addition to the curse 

of dimensionality due to their high dimensionality they also substantially increase the 

computational burden. An important task in HSI data processing is to reduce the redundancy 

of the spectral and spatial information without losing any valuable details. Therefore, these 

conventional methods may require a pre-processing step, namely dimension reduction. 

Dimension reduction can be seen as a transformation from a high order dimension to a low 

order which eliminates data redundancy.  

The proposed technique is Principal Component Analysis, PCA is one such data 

reduction technique, which is often used when analyzing remotely sensed data. The collected 

HSI image data are in the form of three dimensional image cube, with two spatial dimensions 

(horizontal and vertical) and one spectral dimension. In order to reduce the dimensionality and 

make it convenient for the subsequent processing steps, the easiest way is to reduce the 

dimensions by PCA. 

2.1.4. Principal Component Analysis 

The principal component analysis is based on the fact that neighboring bands of 

hyperspectral images are highly correlated and often convey almost the same information about 

the object. The analysis is used to transform the original data so to remove the correlation 

among the bands. In the process, the optimum linear combination of the original bands 

accounting for the variation of pixel values in an image is identified. The PCA employs the 

statistic properties of hyperspectral bands to examine band dependency or correlation. Though, 

one may find many synonyms for PCA, such as the Hotellling transformation or Karhunen-

Loeve transformation [7], all these transformations are based on the same mathematical 

principle known as eigenvalue decomposition of the covariance matrix of the hyperspectral 

image bands to be analyzed.  

Below is a brief formulation of the principle [8]: 

                                           𝑥𝑖 = [𝑥1, 𝑥2, …… . 𝑥𝑁]𝑖
𝑇                (1.1) 

with all pixel values x1, x2, .... xN at one corresponding pixel location of the hyperspectral image 

data.  
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         Figure 2.1-1 Pixel vector in principal component analysis. 

The dimension of that image vector is equal to the number of hyperspectral bands N. For a 

hyperspectral image with m rows and n columns there will be M=m*n such vectors, namely 

i=1,…M. The mean vector of all image vectors is denoted and calculated as: 

                                      𝑚𝑒𝑎𝑛 =
1

𝑀
∑ [𝑥1, 𝑥2, …… . 𝑥𝑁]𝑖

𝑇𝑀
𝑖=1                                                  (1.2) 

 

The covariance matrix of x is defined as: 

                                      𝐶𝑜𝑣(𝑥) = 𝐸{(𝑥 − 𝐸(𝑥))(𝑥 − 𝐸(𝑥))
𝑇
}                                         (1.3) 

where: 

E = expectation operator, Cov = notation for covariance matrix. 

T superscript = transpose operation. 

The covariance matrix is approximated via the following calculation: 

                                    𝐶𝑥 =
1

𝑀
∑ (𝑥𝑖 − 𝑚𝑒𝑎𝑛)(𝑥𝑖 − 𝑚𝑒𝑎𝑛)𝑇𝑀

𝑖=1                                          (1.4) 

The PCA is based on the eigenvalue decomposition of the covariance matrix, which takes the 

form of: 

𝐶𝑥 = 𝐷𝐴𝐷𝑇 

where: 

D=[
𝜆1  ⋯ 0
⋮ ⋱ ⋮
0 ⋯ 𝜆𝑁

] 

D is the diagonal matrix composed of the eigenvalues λ1, λ2...λN of the matrix CX, and A is the 

orthonormal matrix composed of the corresponding N dimension eigenvectors ak (k=1,2,…, N) 

of CX as follows: 

                                                 𝐴 = (𝑎1, 𝑎2, …… , 𝑎𝑁)                                                          (1.5) 
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The linear transformation defined by: 

                                        𝑌𝑖 = 𝐴𝑇𝑥𝑖              (𝑖 = 1,2, …… ,𝑁)                                                 (1.6) 

Yi is the PCA pixel vector, and all these pixel vectors form the PCA (transformed) bands of 

the original images. 

Let the eigenvalues and eigenvectors be arranged in descending order so that λ1 > λ2 >... > 

λN, thus the first K (K < N, usually K<<N) rows of the matrix AT, namely the first K 

eigenvectors  𝑎𝑗
𝑇  (𝑗 = 1,2, … . 𝐾) , can be used to calculate an approximation of the original 

images in the following way: 

                                   𝑍𝑖 =

[
 
 
 
 
𝑧1

𝑧2

.

.
𝑧𝐾]
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𝑥1

𝑥2

⋮
𝑥𝐾

⋮
𝑥𝑁]

 
 
 
 
 
 

𝑖

                             (1.7) 

where pixel vector Zi will form the first K bands of the PCA images. Such formed PCA bands 

have the highest contrast or variance in the first band and the lowest contrast or variance in the 

last band. Therefore, the first K PCA bands often contain the majority of information residing 

in the original hyperspectral images and can be used for more effective and accurate analyses 

because the number of image bands and the amount of image noise involved are reduced [9]. 
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2.2. Morphological operatores 

2.2.1. Introduction Morphological operators 

Morphological operators or Mathematical Morphology (MM) has been in principle 

introduced as an image processing method, based on set theory [10]. The basic concept of 

morphological signal processing is to modify the shape of a signal, equivalently considered as 

a set, by transforming it through its interaction with another object, called the structuring 

element. In practice, the structuring element is compact and of a simpler shape than the original 

object. 

2.2.2. Morphological Processing of sets 
Mathematical filtering aims to quantitatively describe operations effective for the shape 

of objects in an image. Operations are described by combinations of a basic set of numerical 

manipulations between an image A and a small object B, called a structuring element, which 

can be seen as a probe that scans the image and modifies it according to some specified rule. 

The shape and size of B, typically much smaller than the image A, together with the specific 

rule, define the characteristics of the performed process. 

Binary mathematical morphology is based on two basic operators: Dilation, and erosion. 

Both are defined in terms of the interaction of the original image A to be processed, and the 

structuring element B. Next the 4 basic operators are defined [11]. 

a. Morphological dilation 

It is defined as the set union of the objects A obtained after the translation of the 

original image for each coordinate pixel b in the structuring element B: 

                                      𝐴 ⊕  𝐵 =  ⋃ 𝑇𝑏(𝐴)𝑏∈𝐵                                                         (2.1) 

Binary dilation can be interpreted as the combination of two sets by using the vector 

additions of set elements, called the Minkowski Addition. This operation is expressed as:  

                                   𝐴 ⊕  𝐵 = { 𝑟|𝑟 = 𝑎 + 𝑏 ∀ ∊ 𝐴 𝑎𝑛𝑑 𝑏 ∊ 𝐵}                                    (2.2) 
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b. Morphological erosion 

Erosion is the morphological dual of the dilation. It is defined in terms of the 

Minkowski subtraction as: 

                                     𝐴 ⊝  𝐵 = { 𝑟( |𝑟 + 𝑏)) ∊ A∀ b ∊ 𝐵}                                   (2.3) 

 This definition can be expressed in terms of set intersections as: 

                                   𝐴 ⊝  𝐵 = ⋂ 𝑇−𝑏𝑏∊𝐵 (𝐴)                                                 (2.4) 

c. Opening filter 

An important operator, which is the backbone of the pattern spectrum, is the opening 

morphological filter, defined as an erosion operation followed by a dilation using the same 

structuring element. The opening operator is defined as: 

                                                      𝐴 ○ 𝐵 = (𝐴 ⊝  𝐵) ⊕ B                                                 (2.5)  

Dilation tries to undo erosion operation. However, some details closely related with the 

shape and size of the structuring element will vanish. Furthermore, an object disappearing as 

consequence of erosion cannot be recovered. 

d. Closing filter 

Closing morphological operator, which is the dual of the opening, is defined as dilation 

followed by an erosion operation using the same structuring element: 

                                          𝐴 ○ 𝐵 = (𝐴 ⊕  𝐵) ⊝ B                                           (2.6) 

Opening and closing filters have been used as discriminators for filtering, segmentation, 

edge detection, differential counting, or numerical analysis of shapes. 
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2.2.3. Morphological Structuring Element  

The structuring element is sometimes called the kernel, but we reserve that term for the 

similar objects used in convolutions. The structuring element consists of a pattern specified as 

the coordinates of a number of discrete points relative to some origin. Normally Cartesian 

coordinates are used and so a convenient way of representing the element is as a small image 

on a rectangular grid. Figure 2.2-1 below shows a number of different structuring elements. In 

each case the origin is marked by a ring around that point. 

 

                                                           Square 3*3 element      Rectangular 3*5 element 

 

                                             Disk element with R=3                     Diamond element with R=3              

Figure 2.2-1 Some example structuring elements. 

      Note that each point in the structuring element may have a value. In the simplest 

structuring elements used with binary images for operations such as erosion, the elements 

only have one value, conveniently represented as a one. More complicated elements, such as 

those used with thinning or grayscale morphological operations, may have other pixel values. 

       Determining the size and shape of a structuring element is largely an empirical process. 

However, the overall selection of a structuring element depends upon the geometric shapes 

you are attempting to extract from the image data. For example, if you are dealing with 

biological or medical images, which contain few straight lines or sharp angles, a circular 

structuring element is an appropriate choice. When extracting shapes from geographic aerial 

images of a city, a square or rectangular element will allow you to extract angular features 

from the image. 
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The size of the structuring element depends upon what features you wish to extract from 

the image. Larger structuring elements preserve larger features while smaller elements preserve 

the finer details of image features. 

When a morphological operation is carried out, the origin of the structuring element is 

typically translated to each pixel position in the image in turn, and then the points within the 

translated structuring element are compared with the underlying image pixel values. The details 

of this comparison, and the effect of the outcome depend on which morphological operator is 

being used. 
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3. Classification 

3.1. Introduction 

Hyperspectral data are used in many applications. Typically, an image classification 

process is converting this data into meaningful information. Unfortunately, image classification 

is not a trivial task. Classification of HSI data is particularly daunting because most of the 

supervised learning schemes require sufficiently large amount of training samples, yet 

definition and acquisition of reference data is often a critical problem. Various classification 

techniques, both parametric and non-parametric, have been developed and used in different 

contexts. 

3.2. Image classification 

To classify an image is to assign each pixel in the image to a class. The spectral band 

values for each pixel in an image forms a cloud of points when plotted in multidimensional 

space.    A classifier is a computer algorithm that takes the data cloud of points and groups the 

data into clusters or classes. 

The assumption used by classifiers is that pixels of like materials will plot close together 

in the data cloud, and that the closest cluster to an individual data point will consist of other 

pixels of the same category. This is demonstrated schematically in Figure 3-1, which shows a 

data cloud in 2-D image space [12]. 

 

Figure 3-1 Image pixels grouped into classes in a 2D scatter plot. 
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3.3. Types of classifications 

Image classification is perhaps the most important part of digital image analysis. It is 

very helpful to have a "pretty picture" or an image, showing a magnitude of colors illustrating 

various features of the underlying terrain, but it is quite useless unless to know what the colors 

mean. Two main classification methods are Supervised Classification and Unsupervised 

Classification. 

3.3.1. Supervised classification 

With supervised classification, we identify examples of the Information classes (i.e., land 

cover type) of interest in the image. These are called "training sites". The image processing 

software system is then used to develop a statistical characterization of the reflectance for each 

information class. This stage is often called "signature analysis" and may involve developing 

a characterization as simple as the mean or the rage of reflectance on each bands, or as complex 

as detailed analyses of the mean, variances and covariance over all bands. 

          Once a statistical characterization has been achieved for each information class, the 

image is then classified by examining the reflectance for each pixel and making a decision 

about which of the signatures it resembles most. 

3.3.2. Unsupervised classification 

Unsupervised classification is a method which examines a large number of unknown 

pixels and divides into a number of classes based on natural groupings present in the image 

values. Unlike supervised classification, unsupervised classification does not require analyst-

specified training data. The basic premise is that values within a given cover type 

should be close together in the measurement space (i.e. have similar gray levels), whereas data 

in different classes should be comparatively well separated (i.e. have very different gray 

levels). 

The classes that result from unsupervised classification are spectral classed which based 

on natural groupings of the image values, the identity of the spectral class will not be 

initially known, must compare classified data to some reference data (such as larger scale 

imagery, maps, or site visits) to determine the identity and informational values of 

the spectral classes. Thus, in the supervised approach, to define useful information categories 

and then examine their spectral separability; in the unsupervised approach the computer 

determines spectrally separable class, and then define their information value. 
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3.4. Support Vector Machine (SVM)  

SVMs (Support Vector Machines) are a useful technique for data classification. Although 

SVM is considered easier to use than Neural Networks, users not familiar with it often get 

unsatisfactory results at first. Although users do not need to understand the underlying theory 

behind SVM, we briefly introduce the basics necessary for explaining our procedure.  

In general, there are two approaches to develop classifiers: 

 A parametric approach, in which a priori knowledge of data distributions is assumed 

 A nonparametric approach, in which no a priori knowledge is assumed. 

Support vector machines (SVMs) is a supervised non-parametric statistical learning 

technique, therefore there is no assumption made on the underlying data distribution. In its 

original formulation [Vapnik, 1979] the method is presented with a set of labeled data instances 

and the SVM training algorithm aims to find a hyperplane that separates the dataset into a 

discrete predefined number of classes in a fashion consistent with the training examples. The 

term optimal separation hyperplane is used to refer to the decision boundary that minimizes 

misclassifications, obtained in the training step. Learning refers to the iterative process of 

finding a classifier with optimal decision boundary to separate the training patterns (in 

potentially high-dimensional space) and then to separate simulation data under the same 

configurations (dimensions) [Zhu and Blumberg, 2002]. 

In its simplest form, SVMs are linear binary classifiers that assign a given test sample a 

class from one of the two possible labels. An instance of a data sample to be labeled in the case 

of remote sensing classification is normally the individual pixel derived from the multi-spectral 

or hyperspectral image. Such a pixel is represented as a pattern vector, and for each image 

band, it consists of a set of numerical measurements. Elements of the feature vector may also 

include other discriminative variable measurements based on pixel spatial relationships such 

as texture. 
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Figure 3-2 Linear support vector machine example. 

  

Figure 3-2 illustrates a simple scenario of a two-class separable classification problem 

in a two-dimensional input space. An important generalization aspect of SVMs is that 

frequently not all the available training examples are used in the description and specification 

of the separating hyperplane. The subsets of points that lie on the margin (called support 

vectors) are the only ones that define the hyperplane of maximum margin [13][14].  

3.4.1. How to use SVM in classification   

     The SVM package used in our project is LIBSVM, developed by Chang and Lin 

(2007). LIBSVM is an easy-to-use freeware module for the MATLAB environment. In 

preparing the inputs for LIBSVM, one can use the read-sparse command to turn raw data into 

a LIBSVM recognized format. For practical usage, LIBSVM mainly provides two simple 

commands: Svm-train is used to train an SVM, and Svm-predict are used for class predictions. 

Both commands require two files as input. One contains pixel attributes (an m × n matrix with 

m samples and n attributes), and the other is the pixel class (an m × 1 matrix), in such a way 

that both training error and testing error can be automatically computed and displayed by 

LIBSVM. The user may also use the relevant parameter selection facilities provided by 

LIBSVM to test various SVM kernels and corresponding parameters. For further description 

see Chang and Lin (2007) [15]. 
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3.4.2. SVM Format 

In general, the hyperspectral data (train and test) is fed to the SVM classifier just after 

setting it in the SVM format as exerted by the LibSVM developers. 

For the hyperspectral data to be recognized and processed by SVM classifier, it must be 

in the following format: 

<label><index1>:<value1><index2>:<value2> ...... 

. 

. 

. 

<label> 

<label> is an integer indicating the class label. 

The pair <index>:<value> gives a feature (attribute) value.<index> is an integer starting from 

1, and <value> is a real number. Indices must be in ASCENDING order. Labels in the testing 

file are only used to calculate accuracy or errors. 

3.4.3. Regularization parameter 

      We can define two main terms of regularization parameter C and gamma. These are 

tuning parameters in SVM classifier. Varying those we can achieve considerable nonlinear 

classification line with more accuracy in reasonable amount of time.  

a) C parameter  

C tells the SVM optimization how much you want to avoid misclassifying each training 

example. 

For large values of C, the optimization will choose a smaller-margin hyperplane if that 

hyperplane does a better job of getting all the training points classified correctly. Conversely, a 

very small value of C will cause the optimizer to look for a larger-margin separating hyperplane, 

even if that hyperplane misclassifies more points. 

b) Gamma parameter  

The gamma parameter defines how far the influence of a single training example reaches, 

with low values meaning ‘far’ and high values meaning ‘close’. In other words, with low 

gamma, points far away from plausible separation line are considered in calculation for the 

separation line. Whereas high gamma means the points close to plausible line are considered in 

calculation. 
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4. Data classification & Results 

4.1. Introduction data classification and result 

      In this chapter, we use the theoretical background obtained from the previous chapters to 

perform the classification of the hyperspectral data using spectral-spatial features with SVM 

classifier all this after doing dimension reduction using PCA. Then, we discuss the obtained 

results. 

4.2. Data set description 

The hyperspectral dataset used in our experiments is a section of scene gathered 

by AVIRIS sensor over the Indian Pines test site in North-western Indiana and consists of 

145*145 pixels and 224 spectral reflectance bands in the wavelength range 0.4–2.5 10-6 meters. 

This scene is a subset of a larger one. The Indian Pines scene contains two-thirds agriculture, 

and one-third forest or other natural perennial vegetation. Since the scene is taken in June some 

of the crops present, corn, soybeans, are in early stages of growth with less than 5% coverage. 

The ground truth shown in Figure 4-2 is designated into sixteen classes and is not all mutually 

exclusive.  

There is ground truth for over 75% of this scene and it is comprised of the three row 

crops, Corn-notill, Soybean-notill, Soybean-mintill, and Grass-Trees. The full 145 by 145 

scene for which there is ground truth covering 49% of the scene and it is divided among 16 

classes ranging in size from 20 pixels to 2468 pixels.  We have also reduced the number of 

bands to 200 by removing bands covering the region of water absorption: [104-108], [150-

163], 220. Indian Pines data are available through Pursue's univeristy MultiSpec site [16][17]. 

 

Figure 4-1 Sample band of Indian Pines dataset. 

http://aviris.jpl.nasa.gov/
https://engineering.purdue.edu/~biehl/MultiSpec/hyperspectral.html
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Figure 4-2 Ground truth of Indian Pines dataset. 

Table 4-1 Ground truth classes for the Indian Pines scene and their respective samples number 

# Class Samples 

1 Alfalfa 46 

2 Corn-notill 1428 

3 Corn-mintill 830 

4 Corn 237 

5 Grass-pasture 483 

6 Grass-trees 730 

7 Grass-pasture-mowed 28 

8 Hay-windrowed 478 

9 Oats 20 

10 Soybean-notill 972 

11 Soybean-mintill 2455 

12 Soybean-clean 593 

13 Wheat 205 

14 Woods 1265 

15 Buildings-Grass-Trees-Drives 386 

16 Stone-Steel-Towers 93 

Table 4-1 Classes and number of samples used in the experiments. 
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4.3. Experiment setup 

The work we propose is described by the following chart: 

 

Figure 4-3 overall proposed method. 

      The block diagram shown in Figure 4-3 illustrates how the procedures is done. This 

methodology adapted in the work is focused on the steps to achieve the objective i.e. 

performance classification of the hyperspectral data using PCA and Morphological filtering as 

feature extraction. 
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         Working with high dimensional data like hyperspectral data cause the classifier to over 

fit the training data and consume a lot of computational power due to the high dimensional 

space in HSI [18].Dimension reduction is suggested and PCA is introduced as a feature 

extraction solution to this problem. 

PCA transform hyperspectral image data into a new, uncorrelated co-ordinate system or 

vector space. It produces a space in which the data have maximum variance along its first axis, 

the next largest variance along a second mutually orthogonal axis and so on, thereby reducing 

the essential dimensionality of the classification space and thus improving classification speed. 

Stated differently, the purpose of this process is to compress all the information contained in 

an original n band data set into fewer than n components. The components are then used in lieu 

of the original data. These transformations may be applied as a preprocessing procedure prior 

to automated classification process of the data. 

        The main goal of using morphological filtering is to generate spatial features and remove 

the imperfection that mainly affects the shape and texture of our HIS.  It is obvious that 

morphological operations can be very useful in image segmentation as the process directly 

deals with ‘shape extraction’ in an image. Morphology in context of image processing means 

description of shape and structure of the object in an image. It works on the basis of set theory 

and rely more on relative ordering of the pixel instead on their numerical value. This 

characteristic makes them more useful by providing more information for image processing. 

       In our work, we consider reducing the dimension of the data to minimum using the 

Principle Component Analysis. This will provide us with the optimum number of features 

vector without any redundancy in it and that would minimize the process time. In the 

Morphological Filtering part, we proposed to fuse information from two filtered data along 

with original data, this technique adds spatial features from morphologically filtered data to the 

existing spectral features in the original data to provide Spectral-spatial feature to improve the 

classification process, so the final data resulted before the classification will be a concatenation 

of two morphologically filtered data with the original one, the order of concatenation is not 

important.  

        The choice of the Morphological operator we use to filter the data affects the accuracy of 

the classification. The Morphological operator usage depends on the type, shape and size of 

the operator.  

https://en.wikipedia.org/wiki/Feature_extraction
https://en.wikipedia.org/wiki/Feature_extraction
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        So, to experimentally to find the best Morphological operator for our application, our 

program was designed to apply different combinations using: opening, closing, erosion and 

dilation and different shapes such as disk, diamond, rectangle and square. 

        To be able to use apply PCA and MF, we wrote a MATLAB code that do a preprocessing 

on HSI data before feeding it to the classifier. It should be noted that different combinations of 

MO with different shapes are tested to give the best result since the hole process is empirical. 

In general, the Matlab code is represented by the following chart: 

 

Figure 4-4 Flowchart of hyperspectral data classification based on feature extraction using Principal component 

analysis and Morphological filter   

            First, we took 100 training samples and 200 test samples from each one of our 16 classes 

in original HSI which contains 200 bands, in regards the classes that contains less than 100 

samples we took half of the classes samples, this process was made to know the accuracy of 

classification before doing our preprocesses. 

It should be noted that the classes to which the training and test data belong is already known 

and we processed the training and test data in the same manner. 

 

 We fed the training and the testing data to the classifier in the SVM format. 

Hyperspectral data 

PCA

MF

SVM Format

END
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The training and test data are then stored in two separate .pat files. here is a sample of the 

training data shown in Figure 4-5. 

 

Figure 4-5 Example of SVM Format    

The resulting training data is used to find the optimum c and g and create a model 

that trains the SVM classifier to classify the test data, after adjusting the optimum parameters 

we get the flowing results in Figure 4-6.  

 

Figure 4-6 Average and overall accuracies of the classification of the original data. 

       

 

 

 

 



Chapter 4  Data Classification & Results 

27 

         Then, the data is reduced into a smaller dimension. The reduced dimension depends on 

our selection we chose to take the 3 most weighted bands. So the Principle Component Analysis 

will reduce 200 dimension into 3, the resulted band shown in Figure 4-7.  

 

Figure 4-7 Resulted data from the PCA. 

       We redo the classification on the PCA resulted data as the same steps previously taking 

in consideration the selection of the best regularization parameter, we find the best c 

corresponding to the highest cross validation accuracy. In this case c=200 and 

gamma=1.75, we assign them to the classifier as shown in the Figure 4-8.   

 

Figure 4-8 Content of the bat file of the classifier.  

The classification result is shown in the Figure 4-9. 

 

Figure 4-9 Average and overall accuracies of the classification PCA resulted data. 
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 After finishing with dimension reduction we move now to morphological filtering since we 

are using concatenation we tried to find the best combination that gives us the optimum results 

by changing the operators, structure element, shape and size, as mention in previous chapter, 

even though selecting the parameters is empirical, however the overall selection depends on 

the geometric shapes and the size of the features that we are working on, in our work we 

proposed 4 shapes: disk, square, diamond and rectangular and we vary the size of the SE from 

1 till 100. 

  

                                   +         +  

 

 

By varying the parameters, operator combinations and size different results are achieved and 

it will be shown in the following graphs depends on the SE shape:  

a. Square SE 

 

Figure 4-11 Graphical representation of the accuracy Vs size of the square SE for different combination of MO. 

 

 

 

 

 

 PCA resulted data 

Morphological filtered -1-  
 PCA resulted data  PCA resulted data 

Morphological filtered -2- 

Figure 4-10 Illustration of the concatenation of PCA resulted data with 2 PCA 

resulted data Morphological filtered 
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b. Rectangular SE  

 
Figure 4-12 Graphical representation of the accuracy Vs size of the rectangle SE for different combination of 

MO. 

c. Disk SE 

 

Figure 4-13 Graphical representation of the accuracy Vs size of the disk  SE for different combination of MO.    

d. Diamond SE 

       

Figure 4-14 Graphical representation of the accuracy Vs size of the diamond  SE for different combination of 

MO.       

Regularization parameter used in the above graphs where varying between g=0.25 and 1.25 

and select the best results, Where C was constant at 200 since it gives the optimum result. 
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4.4. Results 

 Principle Component Analysis reduce the process time and eliminates the Hughes 

phenomena but it decreases the accuracy of the classification, the results decreased from 

77.58% to 66.67%. 

 Using Morphological filtering concatenation with the original data optimize the 

classification by adding spatial features to the existing spectral features, this technique 

called Spector-spatial features, it enhances the classification in some cases by more than 

15% in our experiment compared to the original data classification.    

 From the above graphs, we notice that the classification accuracy is proportional to many 

parameters: Morphological operator’s combinations, structuring element shape and size. 

The best resulted accuracy is 94.74% with the 36*38 rectangle SE opening-closing 

operators with SVM parameters c=200 and g=0.75. 

 We remark also that increasing the size of the SE further more decreases the classification 

accuracy.  

In following the method used for the final classification by using the best resulted parameters: 

the rectangular 36*38 SE with the closing-opening filtering. 

Best c =200, obtained from the following cross validation accuracy shown in Figure 4-15. 

 

Figure 4-15 Cross validation accuracy of the best c. 

Best g =0.75, obtained from the cross validation shown in Figure 4-16. 

 

Figure 4-16  Cross validation accuracy of the best g. 
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The classification accuracies shown in Figure 4-17.   

  

Figure 4-17 overall and average accuracies.   

Now to classify our HSI data we transferred the data into SVM format after prepressed and 

feed it to the classifier, the classifier will use the model created during training to classify the 

vector pixels, reshaping the output of the SVM classifier results gives Figure 4-18. 

 

Figure 4-18  final classification result using the optimum parameters. 

if we eliminate the non-classified areas  

 

Figure 4-19 final classification result without non-classified areas. 
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   Moreover, we implemented our model on the Pavia University data sets in order to check 

the robustness of the method. 

The classification results shown in Figure 4-20.  

 

Figure 4-20 classifications accuracies of Pavia university. 

Reshaping the output of the classifier we get Figure 4-21. 

 

Figure 4-21 Classification of Pavia university using our proposed model 
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(a)                                            (b) 

Figure 4-22 a) Pavia university ground truth. -b) Classification of Pavia university without non-classified    

areas. 
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4.5. Discussion 

       In this work, we have performed feature extraction tending to preserve most of the 

information contained in the original data. Our goal was to reduce the processing time, we 

based our work on the assumption that the hyperspectral data suffers from Hughes 

phenomenon. However, the dimensionality reduction gives low accuracy results. The decrease 

in the classification accuracy is mainly due to the loss of information during the process. Add 

more feature such as spatial feature will minimize the loss of information and gives a higher 

accuracy, so the proposed technique is adding 2 spatial features victors to the PCA data victors 

to compensate the lost information, the morphological filtering was suggested as spatial 

features extraction technique, a different combination of two operators in the filtering was used 

with changing in the parameters of the operator to detect the best filtering parameter in our 

case.  

     From the obtained results, we can see that the change of the used morphological filtering 

parameter has a direct impact on the spatial features, which affects the classification accuracy 

due to the changing in the delivered information. We can notice that there exist good accuracies 

for the same data set with different spatial feature combinations. In other words, there may not 

be found a unique feature combination which gives the best results even for the same data set. 

However, we notice also that using combination of the same morphological operators in the 

spatial feature extraction results lower classification accuracies compared to the ones using 

different operators, its mainly due to the fact that using the same operators will generate 

duplicate information in the Spectral-spatial vector and this fact will cause a lower information 

content compared to other combinations. In other word a lower classification accuracy.  

       Moreover, we implemented our model on the Pavia University which has different 

specifications: high spatial resolution 610*430 pixel per band (Pavia University) versus low 

spatial resolution 145*145 pixel per band (Indian Pines), low spectral resolution 103 band 

(Pavia University) versus high spectral resolution 220 band (Indian Pines), and agricultural 

(Indian Pines) versus urban (Pavia University) which could help us to form a better judgement. 

The results were very promising where the accuracy reached 94.44%, this result indicates the 

robustness of the method and its reliability to preform high accuracy classification.  
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 Conclusion 

      

        In this project, a method for classification of Hyperspectral Image is presented. This 

method presents dimension reduction by Principal Component Analysis. The reduced data 

classified then through the support vector machine (SVM) classifier using Spectral-spatial 

features by combining information from original and spatially filtered hyperspectral images. In 

particular, we exploited different combinations of parameters for the morphological filter as a 

spatial feature extraction technique to deliver a Spectral-spatial feature vectors as input to the 

support vector machine classifier, and then searched for the parameters that provide the best 

data representation in terms of classification accuracies. 

      Using the above technique overall accuracy of 94.74% was achieved with specific 

parameters which is very promising in comparison to original data Support Vector Machine 

classification which had an overall accuracy of 75.58% in our case, with the same dataset. 

Another Dataset which is Pavia university also tested and we got promising results. 

       At this point it may be clear to conclude that the classification of hyperspectral data based 

on the Spectral-spatial information gives better results with almost 15% comparing to 

classification based original data spectral information. However, considering a dimension 

reduction technique is very important when dealing with this type of data due to its large 

dimension that can overfit the classifier and take a lot of computation power. 

        Finally, through this modest work, we can say that we have succeeded in implementing 

Spectral-spatial features extraction technique as a model to classify the hyperspectral data.  
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