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Abstract: Satellite images were the major sources for 

identifying the land cover and land use information of 

geographic objects. Now a day’s multispectral images 

has gained importance in the remote sensing 

applications, so these images were used in identifying 

the objects. Actually segmentation methods were used 

for identifying the objects, so for this purpose 

multiresolution segmentation with the help of canny 

edge detector were used to produce better segments. 

Chessboard segmentation was used to classify the 

feature objects into classes of water, trees, grass, soil 

and shadow individually with the help of Normalized 

Difference Vegetation Index (NDVI) band ratios and 

Water Vegetation Index (WVI) membership functions. 

These classes were classified by using the classification 

algorithms. The Support Vector Machines (SVM) and 

Multiclass Support Vector Machines (MSVM) 

classifiers were used for classifying the objects. Finally 

accuracy is measured for the classification process and 

the optimal classifier can be found by comparing the 

accuracies obtained. 

Keywords: Multispectral, satellite images, remote 

sensing, segmentation, classification, accuracy. 

1. Introduction 

      In ancient days the land surveys were conducted 

manually to digitize the land cover and land use 

information. Manual land surveys were risky, 

expensive, needs more effort and time taking. Later 

aerial images were used to extract the land cover and 

land use information broadly but these images include 

noisy data and difficult in mapping with the geographic 

coordinates [1]. Many researchers attempted to 

automate the digitization process that will raise the 

speed and reduce the resources needed. All this was 

possible with the help of remote sensing [2].  

    Remote sensing is the acquisition of information 

about an object without making a direct physical 

contact to it. Remote sensing innovation has made it 

possible to acquire the land use and land cover 

information very precisely and proficiently over a huge 

scale [2]. This was very useful in identifying the 

resources that are available on the earth surface [3]. 

   Land cover was the vegetation features that were 

available on the earth’s surface over a large scale. 

Vegetation specifies the group of things that are having 

similar property [4]. Generally land cover and land use 

were not the same. Land cover were the natural 

resources on the earth’s surface like mountains, forests, 

water bodies, deserts, soils, etc..,. Land uses were the 

man-made resources like buildings, farms, roads, 

etc..,[5].  

    In beginning days the remotely sensed images 

comprised of very poor resolution, so very difficult for 

processing. But due to the advancements in the remote 

sensor technology today we can get images with Very 

High Resolution (VHR) [6]. These VHR images were 

to solve a diversity of complications including 

monitoring of enemy vehicles as a security threat in 

defence, dynamic changes in the environment, locating 

and managing natural resources, studying of crop 

diseases, identifying vegetation of crops and preparing 

master plan in constructing large cities [7]. The effect 

of humans on the environment can be studied with the 

help of these images. 

      Actually remote sensing includes images from the 

visible portion of the electromagnetic spectrum [2]. But 

multispectral image include only the specific bands of 

the electromagnetic spectrum instead of all the bands. 

Multispectral images extract additional information that 

cannot be caught by the human eye in the different 

colour bands [8]. Multispectral satellite images were 

more extensively used in many applications of remote 

sensing.  

     Object Based Image Analysis (OBIA) methods were 

used to classify these multispectral satellite images 

instead of pixel based classification methods [9]. The 

pixel based methods consider only spectral properties 

while OBIA methods consider shape, texture or 

adjacency measures apart from spectral properties [1]. 

2. Literature Review 

     Literature review was very helpful in the research 

process. It reveals many techniques and methods that 

were needed in detail. A vast study was done in the 

literature to know the possibility of achieving the 

desired work. For this project many papers were 

studied and the brief report given by many authors on 

the same background previously were utilized. 

      Diego Fernandez Prieto and Lorenzo Bruzzone 

presented a technique for Maximum Likelihood (ML) 

classifier for monitoring in remote sensing on multi 

temporal images. Their technique helps to find land 

cover accurately for a particular area from image 
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without suitable training set [10]. According to them 

the ML classifier parameters were updated with the 

unsupervised learning as new image. High accuracy 

was achieved without the training data for the new 

image. 

    Aaron K. Shackelford and Curt H. Davis want to 

increase the accuracy of urban area classification in 

high resolution multispectral satellite imagery. For this 

they have analyzed IKONOS datasets of multispectral 

and panchromatic images. They compared the 

accuracies of classification by Maximum Likelihood 

(ML) and hierarchical fuzzy logic classifiers. The 

classification accuracy with fuzzy logic was 8% to 11% 

more when compared to ML classifier [11]. 

   R. Muralidharan and Dr. C. Chandrasekar used 

Support Vector Machines (SVM) to detect the object 

from the given image by Kernel Principal Component 

Analysis (KPCA) [3]. The KPCA is used to generate 

the feature vector from the training image and 

dimension reduction. This was implemented in 

MATLAB by utilizing the COIL-100 database. They 

used the polynomial kernel function for SVM 

classification and trained with reduced feature vector. 

The Back Propagation Neural Network was also used 

for object identification and by comparing SVM 

performs well. 

    Eric Bach, Irene Walde, Soren Hese, Christiane 

Schmullius and Joachim Denzler presented a method 

for classification of satellite image into predefined 

classes of land cover. This requires a small amount of 

training data for automating the segmentation and 

classification without any human interaction. This 

method is called as Iterative Context Forest (ICF). ICF 

is based on Random Decision Forests (RDF) and RDF 

is a group of Decision Trees (DT). Experiment was 

carried out on the high resolution satellite images of 

Quick Bird and LiDAR data of Rostock city [1]. By 

using the labelled training areas the pixels were 

classified into classes of tree, water, bare soil, building 

and grassland. By using contextual features a 

significant better accuracy can be achieved. 

    Emma Izquierdo-Verdiguier, Valero Laparra, Luis 

Gomez-Chova and Gustavo Camps-Valls presented a 

process for including invariance in Support Vector 

Machines (SVM) in classification of remote sensing 

image. The standard SVM was trained with the 

available labelled samples to generate new Support 

Vectors (SVs). The original and new SVs were used in 

training the virtual SVM [12]. They first included 

invariance to rotations and reflections of image patches 

for improving contextual classification. Later they 

included an invariance to object scale in patch-based 

classification. Finally they include illumination 

invariance’s to deal with shadows in the image. The 

results were obtained with few labelled samples 

efficiently. 

    Gulsen Taskin Kaya presented a model for 

classification of remote sensing images by combining 

Linear Support Vector Machines (LSVM) and Support 

Vector Selection and Adaptation (SVSA) results. The 

SVSA method uses the support vectors obtained by 

LSVM. The hybrid model use the piece of LSVM with 

SVSA as LSVM model is available through the 

application of SVSA. The method which uses this 

hybrid model is called Hybrid Support Vector Selection 

and Adaptation method (HSVSA) [13]. The experiment 

was conducted by considering one multispectral and 

two hyper spectral datasets. The classification accuracy 

of LSVM was high when compared to SVSA for 

linearly separable data and HSVSA gained LSVM 

performance with the hybrid model and vice versa. 

By keenly observing the literatures of many researchers 

Support Vector Machines (SVM) classifier seems to be 

optimal for classification of multispectral images in 

order to attain better accuracy when compared to other 

classifiers 

3. Multispectral Image Classification Approaches 

     Identification of objects in multispectral image has 

appealed great interest, to its potential applications in 

remote sensing. Classification of objects in remotely 

sensed satellite image is one of the most propitious 

applications. Detection of objects from the satellite 

image are very useful for business companies, 

governments and individuals. Objects in the satellite 

image are the features like vegetation, water, trees, 

buildings, etc.; The Figure 1 indicates the architectural 

model of the system. 

Figure 1. Architectural Model 

3.1 Segmentation 

   Segmentation is the procedure of partitioning an 

image into several numbers of fragments. The 

segmentation techniques used in this approach were 

multiresolution segmentation and chessboard 

segmentation each has specific task to satisfy. 

3.1.1 Multiresolution Segmentation 

     The multi resolution segmentation makes objects by 

utilizing an iterative algorithm, whereby objects are 

gathered until a threshold signifying the better object 

difference is grasped. The difference threshold is 

weighted with shape elements to minimize the fractal 
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limitations of the objects. By increasing the difference 

threshold bigger objects will be generated in spite of 

the fact that their precise size and measurements is 

based on the basic information. In multi-resolution 

segmentation the boundaries are traced at multiple 

resolutions by using the wavelets functionality. It 

makes use of edge detector for tracing the boundaries 

for this canny edge detector was used. 

3.1.2 Chessboard Segmentation 

      The chessboard segmentation is the easiest 

segmentation accessible as it just partitions the image 

into segments pixel size. The segmentation does not 

consider the underlying data and therefore when large 

objects are created, the features within the data we are 

trying to classify will not be delineated. This 

segmentation tends to be used in more advanced 

processes where segmentation is undertaken in a 

number of steps combined with a classification. The 

chessboard segmentation makes use of Normalized 

Difference Vegetation Index (NDVI) band ratios and 

membership functions in creation of the feature object 

classes. 

Band Ratios: The Normalized Difference Vegetation 

Index (NDVI) is an index of plants that can be used to 

evaluate the remote sensing measurements and judge 

whether the object contains live green vegetation or not 

[14]. 

1. Normalized Difference Vegetation Index  

𝑁𝐷𝑉𝐼 =
(DNnir−DNr)

(DNnir+DNr)
    (1)

  

2. Water Ratio Index 

𝑊𝑅𝐼 =
(DNnir+DNr+DNg)

DNb
     

 (2) 

3. Blue Red Ratio 

BRratio =
DNb

DNr
    (3)

  

4. NDVI green ratio 

NDVIgreen =
(DNnir−DNg)

(DNnir+DNg)
   

 (4)  

5. Blue near Infrared Ratio 

BNirratio =
DNb

DNnir
   (5) 

6. Green Red Ratio 

GRratio =
DNg

DNr
    (6) 

7. Water Vegetation Index 

WVI =
DNr+DNg

DNnir
   

 (7) 

8. Red Green Ratio 

GRratio =
DNr

DNg
    (8) 

Intensity2 is used for classifying shadows 

𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦2 =
𝐷𝑁 𝑟+𝐷𝑁𝑔

2
    (9) 

Intensit3 is used to prevent road pixels from becoming 

shadows 

𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦3 =
𝐷𝑁𝑛𝑖𝑟+𝐷𝑁 𝑟+𝐷𝑁𝑔

3
   (10) 

Where, 

𝐷𝑁 = 𝑑𝑖𝑔𝑖𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 

𝑛𝑖𝑟 = 𝑛𝑒𝑎𝑟 𝑖𝑛𝑓𝑟𝑎𝑟𝑒𝑑 

𝑟 = 𝑟𝑒𝑑 

𝑔 = 𝑔𝑟𝑒𝑒𝑛 

𝑏 = 𝑏𝑙𝑢𝑒 
Membership Functions: Water Vegetation Index 

(WVI) threshold values for identifying water vegetation 

and various objects based on the intensity threshold 

values. 

Table 1: Membership functions of pixel 

classification [14] 

Classes  Membership functions 

Water WVI > 3 

Trees WVI < 1.05 & green entropy > 2.4 

Grass WVI <= 1.5 & greater entropy <= 34 

Soil 
WVI > 1.5 and <= 1.8 & red green ratio 

> 0.91 

Shadow Intensity2 <= 70 & WVI > 1.6 

   The membership functions are very useful in 

identifying the feature objects from a multi-spectral 

image. 

3.2 Classification 

    The primary part of image classification is to 

identify, detect, diagnose and classify features of an 

object in an image depending on the type of class. The 

classification techniques used here are Support Vector 

Machines (SVM) and Multiclass Support Vector 

Machines (MSVM). 

3.2.1 Support Vector Machines (SVM) 

     The SVM is basically a supervised algorithm, so it 

requires some training data for classifying the feature 

objects. It is a binary classifier so it can classify only 

two classes at a time. The objects in the SVM were 

classified by framing a hyper plane in the feature space 

so that all the positive vectors will reside on one side 

and all the negative vectors will reside on the other side 

of the hyper plane. Generally SVMs perform 

classification linearly. 

      In addition to linear classification, SVMs can 

productively perform a nonlinear classification so as to 

utilize the kernel trick certainly for mapping the inputs 

into high-dimensional component spaces. 

 

Figure 2. Hyper planes separate correctly the training 

samples 
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    In Figure 2 H1, H2 and H3 are the three linear hyper-

planes separating the training samples in the feature 

space. 

3.2.2 Multiclass Support Vector Machines (MSVM) 

    The SVM was binary classifiers, so the classification 

is limited for the classes. But most of the applications 

require more than two classes to be classified. One-

Against-One (OAO) and One-Against-All (OAA) were 

the two methods available to solve multiclass 

classification with SVM. In multiclass SVM a voting 

strategy is used to classify the classes. 

One-Against-One (OAO): In this, the SVM classifiers 

are created for all class pairs. The class that appeared 

mostly among the two classes in pair is the outcome of 

classification. If both the classes in pair were appeared 

equally then one class is selected randomly as the 

output label. The main drawback is that the number of 

classifiers increases with the number of classes. 

One-Against-All (OAA): In this, the number of binary 

SVM classifiers must be created will be equal to the 

number of classes. Each classifier is trained to 

differentiate one class from the remaining classes. The 

final output is the class that has the largest margin with 

the SVM classifier. If two or more classes are close 

then they are unclassified or rejected. 

Accuracy: Accuracy assessment of object detection 

was done by utilizing a pixel based assessment strategy. 

In this strategy every single distinguished objects were 

checked for convergence with outwardly translated 

vector layers by performing a mapping of total number 

of unmatched classes by total number of classes. 

Accuracy determines the quality of information. The 

accuracy can be calculated as  

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 1 −
𝑇𝑜𝑡𝑎𝑙 𝑛𝑜:𝑜𝑓 𝑢𝑛𝑚𝑎𝑡𝑐ℎ𝑒𝑑 𝑐𝑙𝑎𝑠𝑠𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑜:𝑜𝑓 𝑐𝑙𝑎𝑠𝑠𝑒𝑠
𝑧  

(11) 

4. Results and Observations 

    The image used for execution is a LAN file. The 

LAN file is a multi-spectral satellite imagery of the 

Landsat satellite. It was provided in the MATLAB 

image processing toolbox. The Figure 3 shows an 

image utilized for classification of objects. 

 
Figure 3. Multispectral image of Paris 

      The LAN file, paris.lan is a Landsat image that 

contains 7-band colours and image of size 512 by 512. 

A 128-byte header is followed by the pixel values, 

which are band interleaved by line (BIL) in order of 

increasing band number. They are stored as unsigned 8-

bit integers, in little-endian byte order. 

      The image was transformed into gray scale image 

for removing noise and to increase the visibility level 

for identifying different objects in the image. 

 
Figure 4. Gray scale image 

        The importance of edge detector can be 

understood by looking at the obtained output. The 

image shown in Figure 5 represents an image with 

segmentation by using the canny edge detector. 

 
Figure 5. Segmentation with canny edge detector 

      The canny edge detector was selected for 

performing edge detection because of its high 

sharpening edges. 

      The multiresolution segmentation makes use of 

canny edge detected image for performing the 

segmentation. 

 
Figure 6.  Multiresolution segmentation 

      The output of the multiresolution segmentation is 

the edge detected and boundary traced image.  
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      The sub-objects classification was performed by 

selecting parameters from the output of band ratios 

.  

Figure 7. Band ratios 

     The NDVI and NDVI-Green were usually range 

from -1 to 1, for all other ratios it ranges from 0 to ∞. 

The output of NDVI shows how vegetation and water 

can be detached from other features. The Water Ratio 

Index was not useful in classifying any feature. The 

Blue Red Ratio gives refinement between neighbouring 

objects. The results of Green NDVI are almost similar 

to NDVI apart from that water gets discriminated well 

from other classes when using Green NDVI. Blue NIR 

ratio shows clear discrimination for water. Green Red 

Ratio output is similar to Red Green Ratio and gives 

good refinement for soil. Water Vegetation Index is 

used to separate vegetation, water very well. 

The feature objects classes can be created by using the 

indices of NDVI band ratios and the membership 

functions as in Table 1. 

 
Figure 8. Feature object classes 

     By looking at the output of the feature classes we 

can found that almost all the classes were classified 

efficiently except for trees and soil. Some pixels were 

not classified as trees even there were many trees in the 

green band and some soil objects were not classified as 

soil. All the roads, buildings were treated as shadows. 

The final classification is performed by utilizing the 

output of the multi-resolution segmentation and feature 

classes. The feature object classes were classified by 

using the SVM and the MSVM classifiers.  

 
Figure 9. Classified image using SVM classifier 

Figure 9 shows the feature object classification 

using the SVM classifier. 

 
Figure 10. Classified image using MSVM classifier 

Figure 10 shows the feature object classification 

using MSVM classifier. 

      By looking at the classified image it can be found 

that the water, grass and shadows classes were 

classified well. The extent of soil is not very large so it 

was ignored.  The intensities of trees and grass are near, 

so the trees are treated as grass.  

     Accuracy was measured for the output of SVM and 

MSVM classifiers to assess the quality of the 

classification. 

 

Figure 11. Graph for accuracies of SVM and 

MSVM 

Figure 11 shows the accuracies of SVM and MSVM 

classifiers. An accuracy of 92% and 98% were obtained 

using SVM and MSVM classifiers respectively. 

5. Conclusion 
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     An efficient image classification technique was 

proposed and implemented for the classification of 

multispectral remotely sensed satellite image. The 

feature objects in the image were obtained by using 

multi resolution segmentation and chessboard 

segmentation. Multi resolution segmentation was used 

for identifying the edges and tracing the boundaries. 

Chessboard segmentation was used to prepare training 

samples by segmenting the image in to pixels of size 

one by one. The classes for required feature objects are 

created using NDVI band ratios and WVI index. The 

classifications of the features classes are done using the 

SVM and MSVM classifiers. An accuracy of 92% was 

obtained using SVM classifier. The better accuracy was 

achieved with MSVM classifier is about 98%.  

The future work can be accessible on shape of the 

objects based on the Object Based Image Analysis 

(OBIA) techniques. By considering more additional 

features the classification can be done much more 

efficiently. 
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