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Abstract
This paper describes the object/region based approach for satellite 
image classification to extract snow cover area in high mountainous 
region. The objective is to develop an application to classify the 
satellite imagery using a Fuzzy-based supervised classification 
method using spectral information of an input satellite image. 
The procedure first divided the image into several groups (in 
the spectral space) based on selected training datasets using the 
Gaussian function as a measure of similarity. The result was 
then segmented into regions using fuzzyfication process. The 
fuzzyfication process also incorporates edge information to avoid 
intermixing of sub-pixels of remotely sensed images. After that 
the extracted regions has been classified using Gaussian function 
rule. Several regions were selected as training samples for region 
classification. Each region has been compared to the training 
samples and was assigned to its closest class. The procedure has 
been implemented using MATLAB software and tested on USA’s 
MODIS TERRA imagery. This procedure significantly reduces 
the mixed pixel problem which was suffered by most pixel based 
classification methods.
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I. Introduction
Remotely sensed image is digital representations of the Earth. In 
remotely sensed image data, each pixel represents an area of the 
Earth at a specific location. The data file value assigned to that 
pixel is the record of reflected radiation or emitted heat from the 
Earth’s surface at that location.
Remotely-sensed imagery classification involves the grouping of 
image data into a finite number of discrete classes (Yan Wang, 
2004) [21]. If a pixel satisfies a certain set of criteria, the pixel is 
assigned to the class that corresponds to those criteria. This process 
is also referred to as image segmentation. Depending on the type 
of information to extract from the original data, classes may be 
associated with known features on the ground or may simply 
represent areas that look different to the computer. An example 
of a classified image is a land cover map, showing vegetation, 
bare land, pasture, urban, etc.
In remote sensing imagery, a pixel might represent a mixture of 
class covers, within-class variability, or other complex surface 
cover patterns that cannot be properly described by one class. 
These may be caused by the ground characteristics of the classes 
and the image spatial resolution. Fuzzy classification method 
estimates the contribution of each class in the pixel. In fuzzy 
classification, a pixel belongs to a class with a membership degree 
and the sum of all class degrees is I [21]. Some people have 
introduced fuzzy classification into this area. Wang [4] modified 
the MLC algorithm with fuzzy mean and fuzzy covariance 
instead of their conventional counterparts. Foody [7], embedded 
the fuzzy concept in all classification stages, including training, 
classification and evaluation. Preparation of the land cover maps 
from remote sensing images is viewed as a classification problem. 
In general, classification algorithms are statistical in nature and 
assign a unique value to each pixel. However, a pixel may contain 

more than one class, and such pixels are known as mixed pixels. 
As the remote sensing images become courser, the problems of 
mixed pixel increases, leading to erroneous classification. To 
account for information with a mixed pixel, the analyst has to 
make an assessment regarding the proportion of classes within 
a mixed pixel. 

II. Study Area
The spatial extent of study area is 29° 27.5’ N to 36° 23’ N and 73° 
22.7’ E to 80° 33.1’ E covering an area of 72,730  at an altitude 
of 800 m to 7000 m from mean sea level (msl). The study area of 
present work is the major parts of North West Himalaya, which 
includes Jammu & Kashmir and Himachal Pradesh states of India 
(fig. 1). These areas receive a very large amount of rainfall during 
the monsoon, because of convection of the monsoon clouds that 
come from the south. At higher altitudes climate changes into 
alpine, being very dry and often temperature below zero in winter. 
Because of these low temperatures and very small amount of 
precipitation, most of this region is barren. To date, application 
of tropical forest mapping using satellite data has been confined 
to north-western Himalayas. The western Himalayas, especially 
HP includes a full range of climates and forest types ranging from 
tropical seasonal to alpine type.

Fig. 1: Study Area for this Work is Part of North West Himalayas 
(NWH), Which Includes Mainly States Like Jammu & Kashmir 
and Himachal Pradesh of India

A combination of area–altitude distribution and snow map was 
used to estimate the distribution of snow cover in altitude zones for 
the individual basins and for the western and central Himalaya.

III. Data Used
In the present study, the MODIS (Moderate-resolution Imaging 
Spectroradiometer) data is used. It is operating in both Terra & 
aqua satellites. It is having viewing swath width of 2330 Km 
& receptivity of one to two days. With three different spatial 
resolutions: 250m, 500m, 1000m, it acquires data in 36 spectral 
bands. Spatial resolution is a measure of the smallest object that can 
be resolved by the sensor, or the area on the ground represented by 
each pixel (Simonett et al, 1983). If resolution is fine then number 
will be lower. For instance, a spatial resolution of 500 meters is 
coarser than a spatial resolution of 250 meters. The temporal 
resolution of MODIS is Daily, 8-Day, 16-Day, Monthly, Quarterly, 
Yearly. Temporal resolution of the remote sensing system is the 
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ability to collect imagery of the same area of the Earth’s surface 
at different periods of time.
Many data products derived from MODIS observations describe 
features of the land, oceans and the atmosphere that can be used 
for studies of processes and trends on local to global scales. 
The MODIS instrument provides high radiometric sensitivity (12 
bits) in 36 spectral bands ranging in wavelength from 0.4 µm to 
14.4 µm. Two bands are imaged at a nominal resolution of 250 m 
at nadir, with five bands at 500 m, and the remaining 29 bands at 
1 km. A ±55-degree scanning pattern at the EOS orbit of 705 km 
achieves a 2,330 km swath and provides global coverage every 
one to two days.
Table 1: Key Attributes of MODIS Data

Orbit:

705 km, 10:30 a.m. descending node 
(Terra) or 1:30 p.m. ascending node 
(Aqua), sun-synchronous, near-polar, 
circular

Scan Rate: 20.3 rpm, cross track
Swath 
Dimensions:

2330 km (cross track) by 10 km (along 
track at nadir)

Telescope: 17.78 cm diam. off-axis, a focal 
(collimated), with intermediate field stop

Size: 1.0 x 1.6 x 1.0 m
Weight: 228.7 kg
Power: 162.5 W (single orbit average)

Data Rate: 10.6 Mbps (peak daytime); 6.1 Mbps 
(orbital average)

Quantization: 12 bits

Spatial 
Resolution:

250 m (bands 1-2) 
500 m (bands 3-7) 
1000 m (bands 8-36)

Design Life: 6 years

IV. Methodology
The methodology adopted for satellite image classification is 
shown in fig. 2. The first step is the fuzzyfication which is mapping 
of image from multidimensional pixels into fuzzy sets. Then, MIN 
Fuzzy reasoning rule was applied to extract information from the 
set of membership degrees of the classes among different MODIS 
image bands. Finally, a hard classification was done by applying 
a MAX operation i.e. defuzzyfication process.

Fig. 2: Block Diagram of the Fuzzy Classification System

A. Fuzzyfication
The fuzzy subset of a land cover class c in a fuzzy subset band 
b is defined by its membership function fb,c (xb) where, xb is the 
brightness value of the spectral pixel X in band b [5].
The pixel vector X [5], in the B-dimensional space is 

  (1)
The membership function [5] of class c in band b is

  (2)
Where, μb,c is the mean of class c in band b,  is the modulated 
standard deviation [5], of class c in band , and 

    (3)
Where, σb,c is the standard deviation of class c in band b, αb,c and 
is the modulation factor
If no prior knowledge of the class extents in the study area is 
available, the modulation factor [5], must be neutralized to work with 
a pure Gaussian distribution. It means that 
Otherwise, the modulation factor [5], is calculated by the 
formula

    (4)
Where, Pb,c is the expected extent of class c in band b, and β0 is 
the constant.
In order to reduce the problem that the prior knowledge of the 
class extents in the scene is generally vague, we will not use it 
directly in the modulation factor. Instead, we propose to reflect 
it in the size of the class signatures and to introduce the notion 
of expected extent of the classes in each band by reducing the 
number of pixels expected to correspond to the mean of each 
class signature. For a given band b, Tb,c represents the expected 
number of pixels, in the signature histogram, corresponding to 
the mean μb,c of the class c [5].

    (5)
Where, N is the number of classes
The modulation principle is useful to favour the large extent classes 
over the lower extent ones and, particularly, in the spectral regions 
where overlaps make the difficult decision. We have deduced by 
empirical observation that a constant β0=1.25 is the optimal one 
to satisfy the need to “not strengthen too much the strong classes 
and not weaken too much the weak classes.” Figure 3 shows 
the modulation factor versus the class proportion varying quasi 
linearly in the interval [0.22, 0.81]. Thus, the modulation function 
[5] can be approximated by a linear function

   (6)
The fuzzyfication process computes for a given pixel the 
membership degrees for each class c and band b from the 
membership functions fully defined using the Gaussian distribution 
and the results of the statistics extraction. We obtain a matrix of 
fuzzy inputs Fip of order B N.  
Where, N is the number of classes and B the number of bands

Fig. 3: Modulation Factor Versus Class [5]
For a multispectral pixel  [5], the matrix of fuzzy inputs  
can be written as
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 (7)
This matrix is then analyzed by the MIN reasoning rule which is the 
second step of the method to produce the fuzzy classification.

B. Min Fuzzy Reasoning Rule
In dealing with everyday problems, humans often employ a simple 
but efficient principle which can be summarized in these few words 
“work on the worst assumptions to find the best results.” The 
fuzzy reasoning rule that satisfies this principle is the MIN rule. 
On the other hand, the absence of covariance information makes 
the fuzzy partitions not necessarily optimal because classes with 
a high degree of covariance will not be limited to the high fuzzy 
membership areas. Therefore, high fuzzy membership values more 
closely represent a maximum possible value rather than a high 
prior probability of class membership. Consequently, the lowest 
fuzzy value for all the bands is more likely to be closest to the 
“true” fuzzy membership. The MIN reasoning rule, applied on 
the matrix of fuzzy inputs produced by the previous step, will 
consider, for each class, the membership degrees provided by the 
different fuzzy sets (bands) and pick out the minimal membership 
degree to represent the class extent in the pixel.
Applying the MIN operation, we obtain a primitive fuzzy output 
vector [5]

 (8)
Where,

 (9)
The fast, simple, and reliable step of the MIN fuzzy reasoning 
rule is immediately followed by a rescaling operation in order to 
normalize the class extents deduced from different fuzzy sets and 
sharing the same pixel.
The final vector of fuzzy outputs [5] is

  (10)
Where,

    (11)
This vector represents the fuzzy classification showing the inferred 
class extents of the pixel, and from which a hard classification 
can be deduced by a defuzzyfication step.
We note that the extraction from the data of first order statistical 
characteristics for deducing the fuzzy membership functions 
and the application of the MIN fuzzy reasoning rule involve a 
partition of the spectral space into fuzzy parallelepiped regions 
which relate conceptually the method to a fuzzy parallelepiped 
classifier. Furthermore, the explicit fuzzyfication associated to 
the MIN fuzzy reasoning rule reveal the modular aspect of the 
method, which allows adding and removing any band from the 
classification scheme of the study area because of the relative 
independence between the bands. The adding or removal of a 
cover class will, however, require a minor computational cost due 
to the adjustment of the modulation factors if a prior knowledge 
of the class extents is available.

C. Defuzzyfication

Next to the fuzzy classification, a hard classification is provided 
by performing a MAX operation to defuzzyfy the fuzzy output 
into a hard output. We select among the classes mixed in the pixel 
the class C [5], with the highest extent such that

(12)

Fig. 4: Flow Chart of Fuzzy Based Sub-Pixel Classification of 
Remote Sensing Imagery

V. Results & Discussion
The algorithm shown in fig. 4, has been coded using MATLAB 
for Fuzzy classification of MODIS imagery. All the MATLAB 
functions used in classification methodology have been arranged 
into a graphical user interface (GUI) designed using MATLAB’s 
GUI layout editor. Developed application has been tested in 
Windows7 64-bit environment. MATLAB® 64-bit Compiler 
Runtime 7.13 is required to run the application. Importing 
of MODIS HDF image is illustrated in Fig.5. Satellite image 
is subsetted into area of interest using subset data function of 
developed application (fig. 6). Subsetting refers to breaking out 
a portion of a large file into one or more smaller files. Often, 
image files contain areas much larger than a particular study area. 
In these cases, it is helpful to reduce the size of the image file to 
include only the Area Of Interest (AOI). This not only eliminates 
the extraneous data in the file, but it speeds up processing due to 
the smaller amount of data to process. This can be important when 
dealing with multiband data. Individual bands of subsetted area 
of interest image are illustrated in Fig.7.Collection and saving 
of training datasets of regions for image classification is shown 
in fig. 8. Training samples are selected using MATLAB’s getpts 
function. The functions enable the selection of set of points in 
the image using the mouse. Coordinates of the mouse click are 
then matched with the region ID in region label image. For each 
training sample set the name and ID of the class are saved. Each 
sample in the training set is also given a unique ID its object label 
matrix is saved.
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Fig. 5: Figure Showing Imported (MODIS HDF-EOS) Image

Fig. 6: Figure Showing Sub-Setting Area of Interest

Fig. 7: Figure Showing Subset Data in Band Sequence

The classifier computes distance between each region mean and 
the mean of each training samples. The region is assigned to the 
class to which it is closest. Training datasets are sets of pixels 
that represent what is recognized as a discernible pattern, or 
potential class. The system calculates statistics from the sample 
pixels to create a parametric signature for the class. In generalized 
training datasets, or sample, is a set of pixels selected to represent 
a potential class. The data file values for these pixels are used to 
generate a parametric signature. Training field, or training site, is 
the geographical Area Of Interest (AOI) in the image represented 
by the pixels in a sample or dataset. Each region of collected 
training datasets is assigned a unique ID, list of member pixels, 
mean and covariance of intensities in the region. A region label 
image which comprises region IDs is also created.

Fig. 8: Collection and Saving of Training Datasets for Remote 
Sensing Imagery Classification

Fuzzyfication of collected training datasets is illustrated in Fig.9. 
Finally, the hard classification has been done using defuzzyfication 
function (fig. 10). This methodology removed the mixed pixel 
problem of satellite image classification.

Fig. 9: The Fuzzyfication Process

Fig. 10: Figure Showing Defuzzyfication/Classification of MODIS 
Data and Saving of Final Classified Map

The procedure has been tested on five numbers of MODIS images 
dated 01-November-07, 22-December-07, 30-January-08, 20-
February-08, and 25-March-08 which are illustrated in Fig.11. 
The procedure significantly reduces the mixed pixel problem 
suffered by most pixel based methods. Final classified Satellite 
images are illustrated in fig. 12.

Fig. 11: Input MODIS Temporal Imagery (2007-08)

Fig. 12: Fuzzy Classification of Study Area (Snow and Non-
Snow)
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Table 2: Result of Fuzzy Classification

Sr.No. Date of Pass Snow Cover Area
(%)

1. 01-Nov-07 12
2. 22-Dec-07 59
3. 30-Jan-08 83
4. 20-Feb-08 82
5. 25-Mar-08 61

VI. Conclusion & Outlook
This development has partly been driven by the need for higher 
accuracies in the classified result. Presently, image classification 
method can be grouped into two main categories depending on 
the image primitive i.e. pixel based and object based method. 
Pixel based methods classify individual pixels without taking into 
account any neighbourhood or spatial information of the pixel. 
Only the spectral patterns are used. On the other hand, object 
based methods attempt to group pixel into objects by an image 
segmentation process based on a chosen similarity (e.g. texture, 
colour, intensity) and then use the spectral, spatial and contextual 
information inherent in these objects to classify the whole image. 
Object/Region based image classification has emerged as a superior 
way of doing image classification. One of its strength is the ability 
to extract real world objects, proper in shape and accurate in 
classification. It eliminates the mixed pixel problem suffered by 
most pixel based methods. This is because the image is classified 
on an object level and usually more information is used. Object/
Region based methods are also able to handle high resolution 
imagery which aggravates the classification process for most pixel 
based methods. In this study, an object/region based approach 
for doing image classification is presented. The procedure has 
been implemented using MATLAB. Fuzzyfication was applied 
for obtaining the class in each band of multispectral remote 
sensing image by assuming Gaussian distribution of the ground 
cover classes, where the pixel is transformed into a matrix of 
membership degrees representing the fuzzy inputs of the process. 
Then, a fuzzy reasoning rule followed by a rescaling operation 
was applied to deduce the fuzzy outputs, or in other words, the 
fuzzy classification of the pixel. Finally, a defuzzyfication process 
was applied to produce a hard classification to illustrate ground 
cover classes. This method was tested on MODIS images, bands 
1-5. The classification results on MODIS data demonstrated the 
promising performances of the method. The primary intention of 
this research was to classify snow cover from the remote sensing 
images with the aid of image processing and Artificial Intelligence 
(AI) techniques. 
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