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ABSTRACT 
 

Continued unplanned and unscientific exploitation of land resources to fulfil human needs  

results in land degradation. Identification of land degradation is essential to check the problem and 

implement the remedial measures. Remote Sensing data and its derived information are proved to be 

useful and advantageous in providing reliable information, in time. The study area falls under parts of 

Indira Gandhi Canal Command area of Rajasthan, India which is semi-arid in climate. Due to inten-

sive agriculture and unplanned utilisation of natural resources resulting in land degradation. The pre-

sent study was carried out to identify and classify degraded lands based on linear unmixing and super-

vised classification (Maximum likelihood classifier) using ASTER and IRS LISS-IV data. 

Spectral unmixing using end member approach and supervised classification using Maximum 

Likelihood technique were applied on the LISS IV and ASTER data for identification of different land 

degradation types. The capabilities of these two approaches were compared with each other for identi-

fication of different land degradation types. Spectral unmixing on ASTER image shows sub pixel  

classification of the area and give the end member contribution for each pixel. Using this approach it 

is possible to discriminate salinity in sparse vegetated areas and it is able to map spatial predominance 

of salinity. Spectral unmixing   also shows better approach in discrimination of salinised water and 

fresh water over conventional classification technique. 

  Supervised classification technique were applied on both ASTER and LISS IV data set and 

capability of discriminating different land degradation types were examined and it was found that 

LISS IV data showed better accuracy due to better spatial resolution. The overall accuracy of LISS IV 

and ASTER data was 87.62% and 76.37%, respectively. In ASTER image discrimination of sand,  

fallow and wetland-2 (on surface water saturated soil) were not possible as these units mix with each 

other. Also salinised waterlogged area and fresh water (canal water) could not be separated with su-

pervised classification (MXL) technique. 

There were three spectral indices (Mid Infrared Index, Moisture Stress Index and NDVI) used 

to discriminate crops affected by salinity. Crops under severe soil salinity showed lower values than  

crops under normal soil condition. Moisture stress index showed better discrimination of crops       

affected by salinity as Mid Infra red and Near infrared radiation largely influenced affected crops. 

NDVI value showed inverse relationship with salinity affected crops. MSI and MRI values shows 

positive relationship with salinity affected crops. Hazard risk to land degradation  due to waterlogging 

was analysed by integrating information of landforms, terrain, soil condition and proximity to canal 

network based on decision criteria in GIS environment.  The study revealed that 18.02 % of the study 

area is under high risk of land degradation. 
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Chapter 1: Introduction 

1.1. Introdunction 

Soil is a valuable and a renewable natural resource as long as it is used according to its poten-

tial. Continued unplanned and unscientific exploitation results adverse effect in soil quality, which 

leads to land degradation. North west region particularly haryana, Punjab and Rajasthan (small part, 

mainly canal command area) have major contribution in total food grain production of the country. A 

large area of these regions consist of aeo-fluvial landscape with semi-arid and arid climatic condition. 

Which are intensively cultivated for food grains. However, it is facing serious threats of degradation 

due to unrelenting agriculture production pressure which is incompatible with its capacity. Therefore, 

the need for detecting the occurrence of land degradation while assessing its severity at any given time 

becomes vital. 

 

“Land degradation, which is the product of a complex interaction of many variables, which 

lowers the current and/ or the potential capability of soil to produce goods or services” (FAO, 1979). 

However it refers to decline in the soil’s productivity through adverse changes in nutrient status and 

soil organic matter, structural attributes and concentrations of electrolytes and toxic chemical in other 

words. GLASSOD defined land degradation as “A process that describes human-induced phenomena 

which lower the current and/or future capability of the soil to support human life.” 

 

At the world scale GLASSOD data base indicates that 349.6 million ha of land in arid zones 

are affected by light to moderate degree of soil degradation and 42.9 million ha by strong to extreme 

human-induced land degradation from which 76 M ha is the result of salinization 68 M ha of compac-

tion, sealing and crusting. Soil degradation map of India was prepared Using GLASSOD methodology 

(oldeman, 1988), showed that an area about 187 M ha representing almost 57% of the total geographi-

cal area of the country has been affected by various land degradation problems induced largely by 

human intervention. The influence of human induced chemical deterioration is observed in 136 M ha 

(representing 4.1% of the total area) due to salinization in and water-logging and/or areas affected by 

submergence of flooding cover about 11.6 M ha. In order to establish sustainable land use system it is 

important to make attempts to discover the area susceptible to soil degradation as well as to monitor 

the progress of land degradation. 

  

The space technology particularly the satellite based remote sensing data and its derived in-

formation have been an integral component of the natural resources management system, as it can pro-

vide reliable, accurate and updated data base on soil resources. Remote sensing is a technique that 

provides data on the interaction between electromagnetic radiation and matter, namely, atmosphere 

and objects at the earth surface. Multi-concept of remote sensing (spatial, multi-spectral and multi 

sensors) may contribute to object characterization, identification and differentiation. Beside it there is 

advantage of synoptic view of may contribute to object characterization. 
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The capability of wide spatial coverage of remote-sensing data is its advantageous feature .on 

the contrary the limitation of spectral verity and spatial resolution of remote sensing data often makes 

it difficult to discriminate. In case of land degradation it is emphasized that surface properties should 

be considered when using remote sensing data, the characterization of the surface and the estimation 

of dynamics in surface properties are found to be essential for interpretation and classification of 

multi-temporal satellite data in land degradation studies of the soil surface.  

 

Other elaborated approaches to enhance information originating from soils (Escadafal, 1994) 

(Encadafal and Bacha, 1995; Haboundane, Bonn et al., 2002). In semi arid environments there is a 

serious problem for quantitative assessment of land degradation with remote sensing data and tech-

niques to-overcome the problems related to sub-pixel mixture, different approaches have been devel-

oped for mapping soil surface condition using mixture modeling technique Linear Unmixing (Adams, 

Smith et al, 1989) 

 

Several workers have demonstrated the use of multispectral data Land sat, in mapping of 

soils and land degradations at reconnaissance level (Karale et.al, 1978, Murthy et al, 1984) showed 

that two degrees of salinity can be differentiated using computer aided multispectral data analysis sys-

tem. 

 

Marget and Shrestha (2001) described the potential use of hyperspectral data in mapping of 

desert like features in semi arid areas. Desert soil surface feature, like desert pavements, surface ac-

cumulation of salts, calcium carbonate accumulation and surface exposure of gypsum materials are 

manifestations of some kind of land deterioration in semi – arid regions mapping of spatial distribu-

tion and extent of these features would be relevant in different aspects of environmental studies spe-

cially in areas vulnerable to land degradation in arid regions, an algorithm that compares image spec-

tra and individual spectra of specified targets, was applied the spatial distribution of each ‘desert like’ 

soil surface feature was verified to the soil-landscape pattern of the area . 

 

In recent years, satellite data having wide range of spatial resolution Better spectral resolu-

tion can give us better information of surface elements and ASTER data has 14 band as compare to 

Landsat and other satellite data ASTER having good spectral resolution. 

 

1.2. Problem formulation 

In the canal command area of Hanumangarh district of Rajsthan state use of irrigation leads to 

uneven distribution of water and deep percolation losses which resulted waterlogging and soil salinity 

hazards. This twin problem waterlogging and soil salinity are great concern, actually these have arisen 

after the creation of irrigation potential specially in N-W part of the Thar desert in Rajasthan. The In-

dira Gandhi Nahar pariyojana (IGNP) was commissioned in 1958 to irrigate nearly 2.1 million hectors 

of the arid land in Raajasthan .The Study area falls under the IGNP command and is therefore, exten-

sively irrigated. The extensive canal network facilitated the gravity irrigation to the whole area except 

the dunes. This practice has caused large, scale development of salinity and waterlogging in the area.     
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A study conducted by Sharma and Mathur (1991) indicates a considerable degradation of irrigated 

soil due to fluctuation of water table in the IGNP command area. 

 

Remote sensing data are available in digital format. There are varieties of methods to identify 

and map surface features using remotely sensed imagery. Techniques for mapping soil surface condi-

tions, such as salinity and waterlogging, are based on the presence or absence of spectral absorption 

features. Simple identification and mapping of degradation features can be performed by digital proc-

essing and analysis may be performed using a computer. Digital image classification techniques such 

as unsupervised classfication are largely automated while others such as supervised classification 

(Maximum likelihood classification) require considerable human input in the classification process. 

 

Conventional scanner system such as Landsat –TM, SPOT-MX or IRS-LISS, which acquire 

data in only a few spectral bands. Developed sensors acquire data in number of spectral bands, having 

better spectral resolution in comparision to conventional broadband sensors. Classification by means 

of spectral matching becomes more feasible with much information. 

 

Classifier based on statistical probability functions are commonly need to allocate ground 

pixels to a given surface type. However, the reflectance recorded with in the image pixel may be a 

mixture of several surface components (e.g. Soil, salt, water & vegetation), or different surface fea-

tures may exhibit the same or similar spectral responses causing the same or similar spectral responses 

causing inconsistencies in their detection. Several methods based on combination of multitemporal 

and multisensors as well as the incorporation of ancillary data prior and after classification proce-

dures, have been applied in the past to improve classification. 

 

Linear mixture modeling has been used to generate proportion maps of different surface mate-

rials including gypsum, halite and elastic sediments (Drake, et al, 1994). The approach also showed 

useful to map land degradation (Hill, 1993; Smith et al, 1990) 

1.3. Objectives 

The aim of this research is to use remote sensing techniques to identify and characterize land deg-

radation in a semiarid environment based on two approaches: spectral mixture analysis and a set of 

spectral indices. In this project we will present and discuss the results concerning the following spe-

cific objectives: 

 

1. Spectral mixture analysis to the land degradation identification and mapping. 

 

2. The evaluation of the potential of linear mixture modeling using End-members and con-

ventional classification techniques using Maximum likelihood for ASTER and LISS IV. 

 

3. The identification of landscape units according to their potential risk to land degradation 

and desertification process. 

 

4. To study various spectral indices in mapping of land degradation units. 
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1.4. Research question 

1. Is it possible to classify different degree of salt affected land using linear unmixing 

model? 

2. Is high-resolution data useful in improving classification of land degradation types? 

 

 

1.5. Research Hypothesis 

1. Using linear mixture modeling in ASTER Image using SWIR bends land      degradation 

can be identified in the semi arid region. 

 

2. Comparisons between ASTER and LISS-IV MX remote sensing data using linear 

unmixing and conventional classification technique (using maximum likelihood) for de-

tection of soil salinity. 

 

 

 

 

 

. 
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Chapter 2: Review and Literature  

2.1 Literature and reviews 

 

The term soil degradation as defined by FAO  (1979): Soil degradation is the result of one or 

more processes, which lessen the current and/or potential capability of soil to produce goods and ser-

vices.  

 

Semi-arid regions of world are under high pressure to supply the required food for their rapidly 

increasing populations. This, together with the harsh climatic conditions and changes in land use ac-

celerates land degradation processes, which eventually leads to yield reduction.(Jamshid and Abbas 

2002) 

 

The worldwide spatial distribution of soil degradation according to GLASOD is About 1,964 

Mha of the total land surface (15%) of the world is subjected to human-induced land degradation from 

which 76 Mha is the result of salinization and 68 Mha of compaction, sealing and crusting. This study 

also shows that a vast area in Europe is affected by compaction, sealing and crusting (33 million 

ha).(Jamshid and Abbas 2002) 

 

A review of degradation hazards (FAO 1983) in terms of the kind of process, the influence on 

other land qualities and the evaluation means, shows that soil structure is a relevant indicator to assess 

the degradation, and to set up threshold values of sustainability/ nsustainability (Abbas 1997). 

 

Hyperspectral data, acquired in many narrow-wavelength bands, allows the use of almost con-

tinuous reflectance data in studies of the Earth’s surface. This produces laboratory-like reflectance 

spectra with absorption bands specific to object properties which helps increase accuracy of mapping 

surface features (Hunt and Salisbury 1976).  

 

Salinization of soil is a major problem in arid and semi-arid regions with saline shallow water 

table. This is influenced by climate , Soil type , irrigation water quality and management practice 

(Jorenush and Sepaskhah 2003). Salinization and soil degradation occur in areas where saline water 

are elevated where they approach the ground surface and evapotranspiration exceeds precipitation. In 

irrigated area where the water table approaches the ground surface, salt accumulation occurs in areas 

known as discharge zones. Salinization may also occur when salts are concentrated in soil by The key 

to successfully managing the salinization problem is the early recognition of salinized soils. (Hunt and 

Salisbury 1976) reported that 4 absorption bands near 2200, 2230, 2340, and 2440 nm can character-

ize saline soil.  

 

 Sharma and Mandal (1998) described in their paper “ Characterization of some salt affected 

soil of Indira Gandhi Nahar Pariyojana (IGNP) Command area.” that,significant amount of caco3  was 
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present at places below the depth of  0.5 to 2.0 M and that different degrees of salinity was due to 

concentration of soluble chlorides of sodium, calcium and magnesium. Sodium was the dominant 

cation followed by Calcium and Magnesium. In similar study Sharma and Mathure (1991) have re-

ported a considerable degradation of irrigated soils due to fluctuation of water table in IGNP com-

mand area. It is also reported that if the present rate of rise of water table (about 0.2 to 1.0 M per year) 

persists, about 50% of the command area is expected to be waterlogged by the year 2000. The present 

condition of the command area is thus very critical and need an immediate control measures.  For this 

an estimate of nature and extent of area affected becomes pre- requisite.(G.Sharma. and Mathur 1991) 

 

Metternicht (Metternicht 2001)described an expert system to map landscape features related 

to salinity. 

 

Dehaan and Taylor (2002) used field-derived spectra of salinized soils and vegetation as in-

dicator of irrigation  induced soil salinization for identification of saline soil regions. (Foopa et al., 

2002)   used spectral unmixing in snow cover estimation using NOAA-AVHRR data and examined 

the ability of real time snow cover estimation at subpixel level. Okin G.S. (2001) showed the used of 

multiple end- member spectral mixture analysis (MESMA) in retrieving information about soil(Okin, 

Roberts et al. 2001; Dehaan and Taylor 2002; Foppa, Wunderle et al. 2002). 

 

He shows that MESMA is capable of mapping soil surface types even when vegetation type 

cannot be reasonably retrieved (Okin, Roberts et al. 2001). 

 

Kanneth McGwire et al. (2000) compared linear mixture model based on calibrated 

atmospherically corrected hyperspectral imagery to show its relative ability to measure small 

differences in percent green vegetation cover for the areas of sparse vegetation in arid environments. 

Dennison (2003) described the method for end member selection for multiple endmember 

spectral analysis using endmember average root mean square error (EAR). The minimum EAR end-

member was considered the most representative end member for land cover class which could be used 

to model the larger image (Dennison and Roberts 2003). 

 

(Metternicht and Fermont 1998) reported that regional patterns of soil surface erosion features 

can be reliably mapped using linear spectral analysis. Eextrapolation of this approach to other region 

where soil degradation features are correlated with spectrally distinguishable surface characteristics is 

feasible, provide that optimization of the unmixing model as function of local or regional surface 

component types.  

Metternicht and Zink (1998) reported that multi-temporal optical and microwave remote sens-

ing can significantly contribute to detecting temporal changes of salt-related surface features.                
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Chapter 3: Study Area 

3.1.     Location 

The study area is a part of Hanumangarh district, Rajasthan which lies between 29o 25’ to 29o30’N 

and 74
o
25’ to 74

o
30’E Longitudes covering a surficial area of about 111.55 Sq. Km (Fig. 3.1). The 

area is covered by the “Indira Gandhi Canal” network, thus irrigates most of the area under study. 

3.2. Geology  

The region were formed during the Quaternary period by  fluvial and aeolian processes oper-

ating on various lithological formations under different climatic processes (Ghosh, et. al., 1977).The 

major geologic formations are governed by fluvial deposits with varying thickness of alluvial sedi-

ments deposited by  the Ghhagger River and its tributaries in the past humid period.The last humid 

phase in this region was replaced by an arid phase probably in the late Holocene period owing to the 

Aeolian activities. 

The younger Aeolian land forms viz. Barchan and transverse dunes were formed over the flu-

vial plains covering the vast area. Hence, the present geology of the area is dominated by fluvial de-

posits overlain by Aeolian sandy deposits. 

3.3. Physiography and relief  

The area can be characterized by two broad physiographic units namely sand dunes and fluvial plains. 

The fluvial plains can be subdivided into (i) well drained sand covered uplands having nearly flat re-

lief, (ii) moderately well drained  lowlands and (iii) moderately well to poorly drained  low lands hav-

ing flat to concave relief . 

 

3.4. Climate  

 

The study area has an aridic climate, characterized by hot summer with occasional dust storms, and 

cold winter. The mean summer temperature is 32. 
o
C  (May - June) and mean winter temperature is 

13. 
o
C (December - January). 

  Mean annual rainfall is 340.mm, major portion of which is received during the southwest monsoon 

months of June and August. Some precipitation is also received in month of January and February due 

to western disturbances. The area qualifies for the aridic soil moisture regime and hyperthermic soil 

temperature regime. 
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3.5. Drainage  

At present no  river flows through the study area The old course of the Ghagger river was converted in 

the Ghagger Diversion Channel to drain  the flood water This Channel remains idle these days, The 

rain fall received during the monsoon period infiltrates into  the lighter soils of  the aeolian landforms 

and a little of it gets accumulated in  the adjacent low lying areas. The  ground water, on the other 

hand, has come up to the root –zone in most of the low lying areas due to rise of water table.   This 

water has been contributed by the seepage from the Indira Gandhi Canal and over irrigation by the 

farmers, Since gypsiferouse layer lies below the ground surface and due to the topographic position of 

the  area drainage is the big problem  to Agriculture and to the life itself in this command area of the 

Indira Gandhi canal, 

   

3.6. Natural vegetation 

The natural vegetation reflects the aridic climatic condition of the area. The common vegetations in 

this area are:  Babool (Acacia arabica), Kikar (Acacia niltica), Ber (Zizyphus nummuaria) and Jhar-

beri (Zizyphus nummularia). 

 

3.7. Agriculture 

Agriculture is a main occupation of the people. Before the introduction of Indira Gandhi Canal in this 

area, water was in short supply for growing crops, the canal irrigation gave the big boost to the agri-

culture, The barren land was colonized and cultivated extensively with irrigation The main rabi crops 

of the area are wheat, mustered, Oates, barley gram and teramira In Kharif seasion, cotton, paddy, sor-

ghum, sugarcane, moong are irrigated crops while groundnut bazara .Til and Gwar are rain fed crops. 

 

3.8. Socio-economic condition 

Economy is mainly based on agriculture, Education and health facilities are available but not suffi-

cient. Rawatsar and Hnumangarh are the main  towns in the study area.  The area is connected with 

Hisar in the East, Sheeganganager in the North, Suratgarh in the west and Jaipur in the south. 
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Figure3.1. Showing the study area. 
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Chapter 4: Material and Methods 

An integrated approach for evaluating ecosystem vulnerability to land degradation, through the com-

bined analysis of spectrally derived physiographic/geomorphic attributes. The potential of spectral 

indices in relation to landscape units and to land degradation. Results will demonstrate that the spatial 

distribution of regional patterns of land degradation by using both conventional classification tech-

nique using Maximum likelihood classification and linear spectral unmixing. Spectral unmixing pro-

cedure aims to retrieves the spectral contribution of the main cover components responsible for the 

spectral variability of the scène. To find out various land degradation types, which will help to assess 

land degradation, located in the area. 

This part describes the methodology (figure 2.1) adopted for this research. This methodology includes 

data collection, data preprocessing, linear unmixing using end members, image classification (using 

Maximum likelihood algorithm), and accuracy assessment of classified images of ASTER and LISS 

IV. Finally, the classified images obtained using these two methods are examined and the advantage 

and disadvantage of these two methods are discussed for identification of land degradation features in 

arid region. 

4.1. Remote Sensing Data used 

One ASTER data and LISS IV data will be used for this study. 

(I) ASTER image 

ASTER (Advanced Space borne Thermal Emission and Reflection Radiometer) consists of three sepa-

rate instrument subsystem, each operating in a different spectral region, using a separate optical sys-

tem. These subsystems are the Visible and Near Infrared (VNIR), the Short Wave Infrared (SWIR), 

and the Thermal Infrared (TIR), respectively. ASTER data was taken on 30/march/2004. It has 14 

bands allocated in three spectral regions as follow: VNIR (band 1, 2, 3) with 15 meters resolution, 

SWIR (bands 4-9) with 30 meters resolution and TIR (bands 10-14) with 90 meters resolution. The 

basic characteristics of each of these subsystems are indicated in the table 3.2: 

(II)  LISS IV MX 

 Image was taken on 27/march/2004. It includes visible spectral regions having three bands with spa-

tial resolution of 5.8 m. 

Table no.4.3. describing the wavelength region covered by these bands.  

4.2.1. Selection of study area  

Common area in both sensors, Area affected with types of land degradation representative, Soil map 

availability, after seeing all these availability a area covering approx. 106 sq. km. Was selected for 

further processing. 

4.2.2.   Field data collection  

The study area has good network canal / minors. Land degradation problems had developed due to 

excessive irrigation over the years and poor physical condition of the soil associated with geology of 

the area. Waterlogged lands are lying along the canal as well as in depressional area (lower elevation 

lands). Where as salt affected land lying in surrounding of it at slightly upper elevations in the land-

scape. Elevation in the area is largely varying from north to south and degraded land was found to as-
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sociated with landscape elevations. Sand dune area is lying in east-west direction. Therefore, keeping 

in view of the spatial distribution of degraded lands, one corresponding from south to north and an-

other one from east to west was selected to collect soil samples and their GPS locations. The starting 

point of transects was canal head from where canal minors (distributaries) draw the water from main 

canal. These transects followed mettled road existing in the area. Both the transects were of 6/7 km. 

Long where soil sample were collected at regular intervals of 200 m. distance to study salt affected 

soil and waterlogged lands. Soil sample of surface soil (0-20 cm) were collected at each location with 

soil auger. At each location ,three samples were taken at distance of 5-6 m. and then sample were 

mixed to make composite sample separately for surface and subsurface. Soil sample for bulk density 

of surface soil was also collected at each location using soil core sampler of volume of 100 cc. Soil 

sample of waterlogged land in the transect were not collected only their GPS location were observed. 

Besides this. Few random samples based on image characteristics (std. FFC) were also taken. 130 soil 

samples (surface and subsurface) were collected in the study area. 

4.2.2. Analysis of soil samples  

Soil samples collected during fieldwork were taken to soil laboratory. Soil were dried in air and 

ponded. These samples were sieved using 2 mm sieve and used for analysis. The samples were ana-

lysed for PH, electrical conductivity (EC) and soil organic carbon. The soil sample collected using 

soil core sampler for bulk density were kept in to hot air oven at 105o C for 24 hrs. The dry weight of 

soils were taken with electronic balance with accuracy of  +0.1 gm. The bulk density of soils were 

calculated as- 

        

                                      

                                         Weight of soil (gm.)  

 Bulk density of soil =  ------------------------------- 

                                          Volume of soil 

4.3. Satellite data for analysis  

The information in the raw RS images has no relation to the real world coordinates. Georeference is a 

process that establish the relation between row /column numbers and real world coordinates 

(ILWIS.3.0 2001)). Two commonly used Georeference approaches can be followed: Georeference 

corners: Specifying the coordinates of the lower left (as Xmin, Ymin) and upper right corner (as 

Xmax, Ymax) of the raster image and the actual pixel size. Georeference tiepoints: specifying refer-

ence points in an image so that specific row/column numbers obtain a correct X, Y coordinate. 

In this study, ASTER and LISS IV data was georeferenced to UTM zone 43, with the ellipsoid and 

datum in WGS 84. 

4.3.1. Geometric Correction of Remote Sensing Data 

The objective of geometric corrections is to compensate for the distortions  and degradations caused 

by the errors due to the variation in altitude, velocity of the sensor platform, variation in scan speed 

and in the sweep of the sensors field of view, earth curvature and relief displacement. The methods to 

do the geometric correction can be divided into two parts according to different kinds of errors. One is 

the systemic error, geometric correction can be done relatively easily and the errors are corrected for 

at the receiving station. Secondly random distortion needs to be corrected by the analyst through 

selecting sufficient number of ground control points with correct coordinates, usually from maps or 
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lecting sufficient number of ground control points with correct coordinates, usually from maps or GPS 

points, which can be accurately localized in the satellite image. Then through a transformation func-

tion to determine the correct coordinates for the distorted image positions and to form an undisturbed 

output grid. After this, each cell in this new grid is assigned a grey level according to the correspond-

ing pixel in the original image and this process is called resampling. Because the cells in the original 

image and the new grid are not overlapped, the DN values can not be assigned by simply overlaying 

the two but it is done through some interpolation methods. Commonly used resampling algorithms 

are: 

Nearest neighbour: 

The pixel value is assigned the DN value of the closest pixel in the original image. This method most 

closely preserves the original image spectral information but because this method will cause one-half 

pixel mismatch, so images resampled by this method are slightly disjointed. 

Bilinear interpolation: 

Distance weighted average is calculated over the four nearest pixels in the original image and this 

value is assigned to the new pixel. This method will change original image information by changing 

DN values of the pixels in the image. 

Cubic convolution:  

A polynomial approach based on the values of 16 surrounding pixels is applied and the values calcu-

lated by this approach are assigned to the new pixels. This method also will change original image 

information.  

The images used in this study are corrected geometrically by using Ground control points 

from the topographical map and resampled by nearest neighbour.  

4.4. Spectral mixture analysis 

Spectral mixture modeling presumes that, according to their proportion in the ground resolution ele-

ment, the end-members commonly mix at sub-pixel scale, producing mixed-pixel spectra. Thus, as a 

first approximation, the expected spectral value of a mixed-pixel may be modeled as a linear combina-

tion of pure component spectra (end-members) such that : - 

                                       

Where - 

R I - is the reflectance of the mixed pixel in band i. 

R Ei j - the reflectance of the end-member j in band i.  

Fj - denotes the fraction (abundance) of the pixel area covered by the end-member j. 

Ei - is the residual error in band i. 

        This linear mixture equation will have a unique solution as long as the number of end-members 

is equal to or less than the number of bands plus one. End-members could be selected in different 

ways by extracting spectral signatures from the image itself, convolving selected field spectral meas-

urements to match the band set of the used sensor, or selecting reference spectra from laboratory spec-

tral libraries (Adams, Smith et al. 1989; Hill 1993) 

As the unmixing procedure aims to retrieve the spectral contributions of the main cover components 

responsible for the spectral variability of the scene, it involves estimating the fractions Fj, given the 

observations Ri . This can be done by inverting equation (1) using a least-square regression with the 
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following constraint: the sum of the fractions Fj must be equal to one. The quality and suitability of 

the mixing model can be analysed by computing the following average root-mean-square (RMS) error. 

                  

Where - Rjk and R¾jk refer, respectively, to the modelled and the measured reflectance 

Of a pixel, m denotes the number of pixels within the image and n the number of spectral bands. The 

resulting RMS image provides intrinsic means of quantifying the accuracy of the unmixing process 

and. Fitness of the mixing model. It measures how much the spectral variability of the scene was ex-

plained (modelled) by the retained end-members. This modeling adequacy analysis can be reinforced 

through a careful examination of the wavelength-dependent band residuals which are calculated by 

subtracting the modelled reflectance in each spectral band from the sensor measured reflectance (Hill 

1993). These intrinsic controls provide important diagnostics for handling uncertainties for the spec-

tral unmixing and its optimisation (Haboudane, Bonn et al. 2002). 

4.4.1 Selection of end-members, spectral mixture analysis of the original ASTER im-

age 

For performing the Linear Unmixing on ASTER data Minimum Noise Fraction analysis were per-

formed for removing the noise band from dataset .On this MNF image Pixel Purity Index was applied 

for getting pure pixel in data. Relatively pure pixels were marked on the image corresponding to the 

soil sample analysis and image interpretation. Pure pixel identified through the process of statistical 

analysis using ENVI 4 (Environment for Visualizing Images) software. 3 Endmembers were collected 

from the PPI image and these End members were used in linear spectral unmixing. 

4.4.2. Process of selection of pure Endmembers  

 

Here in this study, three relatively pure endmembers such as salinity (A), water logging (B), and sand 

dunes (C) were chosen based on field knowledge and observation in the fieldwork area. The logic be-

hind the concept of choosing these three end members can be summarised as follows: 

1) After studing the remotely sensed data using interpretation skill, field check and literature survey 

and soil sample analysis 3 main land degradation units were identified on the data. These unit are 

salinity (A) waterlogging (B) Sand (C). 

2) Careful analysis of land degradation units shows that the whole area suffered from different de-

gree of salinity this is the main type of degradation in the area. Satellite data belongs to crop pe-

riod (march end). For identifying the effect of salinity and water logging different indices were 

applied on the images for detecting the pure end members. 

3) Salt affected crop could not be selected as a pure end member because there spectral response are 

vary according to the degree of damage and different kind of crops even its pixel purity index 

can’t detect the pure pixel in salinity suffered crop. 

4) In the area salinity endmember can be easily chosen in the area as appears it white tone signature 

in RGB image and its presence supported by the field samples and field check. 

5) Water logging occurs along the Indira Gandhi Canal due to seepage and this end member easily 

chosen as pure end member this is also supported by the pixel purity index. 
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6) Bare non-vegetated sand dune can clearly see in the image including its large extent and sur-

rounded by poor or no vegetation. This area is considered as the pure pixels for sand endmembers. 

7) Crops are in abundance in large tract of the area. But they are quiet modified by the presence of 

different degree of land degradation. 

8) Laboratory soil sample analysis results helped in deciding the endmembers as high PH shows sa-

linity and alkalinity while bulk density shows higher value in saline land. 

9) Ancillary data about the area was also actively considered for making decision about the final 

endmembers. 

4.4.3. Process of selection of image end member 

4.4.3.1. Creation of Minimum Noise Fraction (MNF) image  

The minimum noise fraction (MNF) transformation is used to determine the inherent dimensionality 

of image data, to segregate noise in the data, and to reduce the computational requirements for subse-

quent processing (Bordman and Kruse 1994).The MNF transform is essentially two cascaded Princi-

pal Component transformations. The first transformation, based on an estimated noise covariance ma-

trix, decorrelates and rescales the noise in the data. This first step results in transformed data in which 

the noise has unit variance and no band-to-band correlations. The second step is a standard Principal 

Components transformation of the noise-whitened data (Green et. al., 1988). For the purposes of fur-

ther spectral processing, the inherent dimensionality of the data is determined by examination of the 

final eigenvalues and the associated images. The data space can be divided into two parts: one part 

associated with large eigenvalues and coherent Eigen images, and a complementary part with near-

unity eigenvalues and noise-dominated images. By using only the coherent portions, the noise is sepa-

rated from the data; thus improving spectral processing results.  

The MNF Transform can also be used to remove noise from data by performing a forward transform, 

determining which bands contain the coherent images (by examining the images and eigenvalues), and 

running an inverse MNF transform using a spectral subset to include only the “good” bands, or 

smoothing the noisy bands before the inverse.  

MNF transformed images created for 14 ASTER bands in this study, which showed that the maximum 

information and variability contained in first 9 bands and last 5 bands contain minimal information. 

Scatter plot of these band shows that there is a maximum noise in band 14 followed by band 

13,12,11and 10 respectively. Hence the first nine bands were used for further processing and finding 

out pure pixels in the image. 

4.4.3.2. Pixel Purity Index (PPI)  

The Pixel Purity Index (PPI) is a means of finding the most "spectrally pure" (extreme) pixels in mul-

tispectral and hyperspectral images (Bordman, Kruse et al. 1995). The most spectrally pure pixels 

typically correspond to mixing endmembers. The Pixel Purity Index is computed by repeatedly pro-

jecting n-dimensional scatterplots onto a random unit vector. The extreme pixels in each projection 

are recorded and the total number of times each pixel is marked as extreme is noted. A "Pixel Purity 

Image" is created in which the DN of each pixel corresponds to the number of times that pixel was 

recorded as extreme. The PPI is typically run on a Minimum Noise Fraction (MNF) transform result 

excluding the noise bands 

                            Results of the unmixing model and conventional classification technique were com-

pared for identification of land degradation in arid region. 
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Here in this study no. of iterations with different threshold limit were carried out interactively to iso-

late the position of most pure pixels in the image. A threshold of two was fixed for the identification 

of pure pixels in the image which can be explained as, all the pixels having 2 DN values (maximum 

limit) greater than the extreme pixel is considered as being pure. Two different sets of iterations 1000 

and 5000 were carried out on this dataset with keeping the threshold at 2. It was observed that more 

the number of iterations more the number of extreme pixels found with more variability in the dataset. 

The value in the PPI image indicates the number of times each pixel was discovered as extreme in 

some projection. The higher values in PPI image indicate pixels that are nearer “corners” of the n-

dimensional data cloud, and are thus relatively purer than the pixels with lower value. In the last step 

one Region of interest (ROI) was created for the PPI image keeping the minimum threshold limit at 

50, after comparing the PPI image with calibrated image to get a better idea about the position of the 

pure pixels. 

4.4.3.3. Generation of Fraction image of Endmembers  

Linear Spectral Unmixing is a means of determining the relative abundances of materials depicted in 

multispectral imagery based on the material’s spectral characteristics. The reflectance at each pixel of 

the image is assumed to be a linear combination of the reflectance of each material (or endmember) 

present within the pixel. The number of endmembers must be less than the number of spectral bands 

and all of the endmembers in the image must be used. Spectral unmixing results are highly dependent 

on the input endmembers and changing the endmembers will change the results. 

A unit-sum constraint in the Linear Mixing algorithm was applied in this study where the score varies 

between zero and one. This was implemented to allow for user-defined weighting of a sum-to-unity 

constraint on the abundance fractions. It also permits proper unmixing of MNF-transform data, with 

zero-mean bands. The weight factor, a default value of one is used for the extra constraint equation. 

This weighted unit-sum constraint is then added to the system of simultaneous equations in the unmix-

ing inversion process (Bordman 1989). 

4.5  Supervised classification of  digital satellite data  

The basic character of digital image data acquired by remote sensing techniques is composed of pix-

els. The intensity of each pixel corresponds to the average brightness, or radiance, measured electri-

cally over the ground area corresponding to each pixel. Each pixel has digital number (DN) corre-

sponding to the average radiance measured in this pixel. This number is simply positive integer that 

result from quantizing the original electrical signal from the sensor into positive integer values using a 

process called analog-to-digital signal conversion. Typically, the DNs constituting a digital image are 

recorded over such numerical ranges as 0 to 255, 0 to 511, or higher. These ranges represent the set of 

integers that can be recorded using 8-, 9-, and 10-bit binary computer coding scales, respectively. In 

such numerical formats, the image can be readily analyzed with the aid of computer (Lillesand and 

Kiefer 2001) 

A digital image is a 2D-array of elements. In each element the energy reflected or emitted from the 

corresponding area on the Earth’s surface is stored. The spatial arrangement of the measurements de-

fines the image or image space. Depending on the sensor, data are recorded in n bands (figure 4.2). 
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Figure 4.2 Spectral information in the image (Janssen L.L.F and Gorte B.G.H 2001) 

Feature Space – 

In one pixel, the values in two bands can be regarded as components of a two-dimensional vector, the 

feature vector. The following is the plotting of the values of a pixel in the feature space for a two and 

three band image.  

 

 

 

Figure 4.3 Feature space and how a feature vector is plotted in the feature space (Janssen 

L.L.F and Gorte B.G.H 2001) 

 

A graph that shows the values of the feature vectors is called a feature space. The above figure illus-

trates how a feature vector is plotted in the feature space for two and three bands (Janssen L.L.F and 

Gorte B.G.H 2001)Distance in the feature space is expressed as “Euclidian distance” and the units are 

DN. In a two-dimensional feature space the distance can be calculated according to Pythagoras’ theo-

rem. For three or more dimensions, the distance is calculated in a similar way (Janssen L.L.F and 

Gorte B.G.H 2001). 
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  ( B ) Image Classification  

 

The basic assumption for image classification is a specific part of the feature space corresponds to a 

specific class. Once the classes have been defined in the feature space, each image pixel can be com-

pared to these classes and assigned to the corresponding class. Classes to be distinguished in an image 

classification need to have different spectral characteristics. This can be analyzed by comparing spec-

tral reflectance curves. But if classes do not have distinct clusters in the feature space, image classifi-

cation can only give results to a certain level of reliability. The principle of image classification is that 

a pixel is assigned to a class based on its feature vector, by comparing it to predefined clusters in the 

feature space. Doing so for all image pixels results in a classified image(Janssen L.L.F and Gorte 

B.G.H 2001) 

4.5.1. Image Classification Methods  

Many procedures commonly applied to the classification of remote sensing images are based on the 

radiometric information contained in the image bands. Ideally pixels are expected to be, to a degree, 

more or less grouped in the multispectral space in clusters corresponding to different land cover types 

(Price 1994). Traditionally used classification method -a pixel-based approach- is one of these proce-

dures based on conventional statistical techniques. This approach performs well. 

 

Pixel based approach is based on conventional statistical techniques, such as parallelepiped, maxi-

mum likelihood and minimum distance procedures. Maximum likelihood techniques used in the study 

will be described in detail below. It is classic classification approach which classifies an image pixel 

by pixel and one pixel can only be classified into one class, thus produces is a hard classification. 

 

In pixel-based classification, two kinds of traditional classification methods-unsupervised classifica-

tion and supervised classification are used. Supervised classification technique using maximum likeli-

hood algorithm used in study is described as: 

Supervised Classification  

In supervised classification, the image analyst supervises the pixel categorization process by specify-

ing, to the computer algorithm, numerical descriptors of the various land cover types present in an 

image. There are three basic stages involved in the supervised classification method: training stage, 

classification stage and accuracy assessment stage. These three stages are described in detail below: 

4.5.1.1. Training Stage  

 

In this stage, the main objective is to assemble a set of statistics that describe the spectral response 

pattern for each land cover type to be classified in an image. It is during the training stage that the lo-

cation, size, shape, and orientation of the “clouds of points” for each land cover class are determined 

(Lillesand and Kiefer 2001)Training samples are those pixels in the image that represent the typical 

spectral information of land-cover classes and are selected by the user to train the classifier. To yield 

acceptable classification results, training data must be both representative and complete. will cover 

the spectral variance of the information classes (Lillesand and Kiefer 2001).Irrespective of how train-

ing areas are delineated, when using any statistically based classifier, the theoretical lower limit of the 

number of pixels that must be contained in a training set is n+1, where n is the number of spectral 
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bands.  Within reason, the more pixels that can be used in training, the better the statistical representa-

tion of each spectral class (Lillesand and Kiefer 2001). 

 Training samples can be obtained by outlining training areas using a reference cursor being con-

trolled by any of several means, for example a mouse. When selecting training samples, those pixels 

that locate 

along the edges between land cover types have to be avoided to ensure that the selected training sam-

ples have typical spectral information. Dispersion of the sites throughout the scene increases the 

chance that the training data will be representative of all the variations in the cover types present in 

the scene and awareness of this will also help to increase the probability that training samples. 

  This means training samples for each information class should be typical and cover all the 

spectral variability for that information class (Mather 1987)In other words, all spectral classes consti-

tuting each information class must be adequately represented in the training set statistics used to clas-

sify an image (Lillesand and Kiefer 2001) 

 

4.5.1.2. Classification Stage  

In this stage, classification is performed after specifying a set of training samples and a certain classi-

fication algorithm. The common classification algorithms (classifiers) typically used are described in 

detail below. Pixels in the image are compared to each training sample numerically and are allocated 

to the land-cover classes according to certain algorithms. The classic classifiers used in pixel based 

image analysis are hard classifiers, which assign a membership of 1 or 0 to the objects, expressing 

whether an object belongs to a certain class, or not. Here the classifiers are called “hard classifiers” 

because they express the objects’ membership to a class only in a binary manner (yes or no). The 

commonly used classifiers are minimum distance to mean classifier, parallelepiped classifier, and 

maximum likelihood classifier. In this research maximum likelihood classifier has been used. This 

classic classifier described as below: 

4.5.1.3.Maximum Likelihood Classifier 

The maximum likelihood decision rule is based on a normalized (Gaussian) estimate of the probability 

density function of each class (Pedroni.L 2003).The maximum likelihood classifier quantitatively 

evaluates both the variance and covariance of the category spectral response patterns when classifying 

an unknown pixel. An assumption needed in maximum likelihood classifier is the distribution of the 

cloud of points forming the category training data is Gaussian (normally distributed). Under this as-

sumption, the distribution of a category response pattern can be completely described by the mean 

vector and the covariance matrix. Given these parameters, the statistical probability of a given pixel 

value being a member of a particular land cover category may be computed. An undefined pixel is 

classified by computing the probability of the pixel value belonging to each category. After evaluating 

the probability in each category, the pixel would be assigned to the one with highest probability value 

or be labeled “unknown” if the probability values are all below a threshold set by the analyst 

(Lillesand and Kiefer 2001). 

 

The principle drawback of maximum likelihood classification classifier is the large number of compu-

tations required to classify each pixel (Lillesand and Kiefer 2001). This is particularly true when ei-

ther a large number of spectral channels are involved or a large number of spectral classes must be 
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differentiated. In such cases, maximum likelihood classifier is much slower computationally than the 

previous techniques (Lillesand and Kiefer 2001). 

4.5.2. Accuracy Assessment  

No classification is complete until its accuracy has been assessed (Lillesand and Kiefer 2001). In this 

context, the “accuracy” means the level of agreement between labels assigned by the classifier and the 

class allocations on the ground collected by the user as test data. To reach valid conclusions about 

map’s accuracy from some samples of that map, the sample must be selected without bias. Failure to 

meet these important criteria affects the validity of any further analysis performed using the data be-

cause the resulting error matrix may over- or under-estimate the true accuracy. The sampling scheme 

will determine the distribution of samples across the landscape, which will significantly affect accu-

racy assessment costs (Congalton and Green, 1998). 

When performing accuracy assessment for the whole classified image, the known reference data 

should be another set of data, different from the set that is used for training the classifier. If training 

samples as the reference data are used then the result of the accuracy assessment only indicates how 

the training samples are classified, but does not indicate how the classifier performs elsewhere in a 

scene (Lillesand and Kiefer 2001).The following methods commonly used to do the accuracy assess-

ment. 

 

4.5.2.1. Error Matrix –  

 

Table 4.1 Error matrix (ECognition 2001) 

 

Error matrix (table 4.1) is a square, with the same number of information classes that will be assessed  

as the row and column. Numbers in rows are the classification result and numbers in columns are ref-

erence data (ground truth). In this square, elements along the main diagonal are pixels that are cor-

rectly classified. Error matrix is a very effective way to represent map accuracy in that the individual 

accuracies of each category are plainly described along with both the error of commission and error of 

omission. Error of commission is defined as including an area into a category when it does not belong 

to that category. Error of omission is defined as excluding that area from the category in which it truly 

does belong. Every error is an omission from the correct category and a commission to a wrong cate-

gory. With error matrix, error of omission and commission can be shown clearly and also several ac-

curacy indexes such as overall accuracy, user’s accuracy and producer’s accuracy can be assessed. 
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The following is the detailed description about the three accuracy indexes and their calculation meth-

ods.  

4.5.2.2. Overall accuracy  

Overall accuracy is the proportion of all reference pixels, which are classified correctly (in the sense 

that the class assignment of the classification and of the reference classification agree). It is computed 

by dividing the total number of correctly classified pixels (the sum of the elements along the main 

diagonal) by the total number of reference pixels. According to the error matrix above, the overall ac-

curacy can be calculated as the following: 

 

Overall accuracy is a very coarse measurement. It gives no information about what classes are classi-

fied with good accuracy. 

4.5.2.3 Producer’s accuracy  

Producer’s accuracy estimates the probability that a pixel, which is of class I in the reference classifi-

cation is correctly classified. It is estimated with the reference pixels of class I divided by the pixels 

where classification and reference classification agree in class I. Given the error matrix above, the 

producer’s accuracy can be calculated using the following equation:  

 

accuracy tells how well the classification agrees with reference classification. 

 

4.5.2.4. User’s accuracy  

User’s accuracy is estimated by dividing the number of pixels of the classification result for class I 

with the number of pixels that agree with the reference data in class I. It can be calculated as: UA 

(class I) 

 

User’s accuracy predicts the probability that a pixel classified as class I is actually belonging to class 

I. 

4.5.2.5. Kappa Statistics  

The Kappa analysis is a discrete multivariate technique used in accuracy assessment for statistically 

determining if one error matrix is significantly different than another (Bishop et al. 1975). The result 

of performing a Kappa analysis is a KHAT statistic (actually K^, an estimate of Kappa), which is an-

other measure of agreement or accuracy This measure of agreement is based on the difference be-

tween the actual agreement in the error matrix (i.e., the agreement between the remotely sensed classi-
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fication and the reference data as indicated by the major diagonal) and the chance agreement, which is 

indicated by the row and column totals (i.e., marginals).   

 (1) The maximum likelihood classifier is one of the most popular methods of classification in remote 

sensing, in which a pixel with the maximum likelihood is classified into the corresponding class.  

 (2) The supervised classification methodology refers to the user defined training classes. It is impor-

tant that these classes be a homogenous sample of the respective class, but at the same time includes 

the range of variability for that class. Thus more than one training area is used to represent a particular 

class. 

4.3.3. Training sets selection and evaluation   

Training samples are selected according to the ground truth from the fieldwork. During fieldwork, 

coordinates for homogeneous land cover areas are recorded by GPS receiver. These homogeneous 

areas are identified in the image to form the training samples for all of the information classes. What 

is important to be mentioned here is that the ground truth used for training samples for classification 

are different from the ground truth used for accuracy assessment in order to evaluate the quality of the 

classification result. 

4.3.4.   Method of supervised classification  

For supervised Classification land use / land covers of the area, eight classes were identified and train-

ing set were generated. These Training set was generated with the help of fieldwork and Image Inter-

pretation of the both images. Training sets layer was generated for both the data set LISS IV and AS-

TER.  

 

The interest for this study was to classify and the degraded lands. Salt affected and waterlogged, two 

types of degraded lands were present in the area. Sandy area (small sand dunes) was also present in 

small extent. These lands appears distinctly on standard FCC and their GPS locations were recorded 

to generate training sets waterlogged land were identified in two types viz. deep stagnation of water 

on surface (wetland-1) and saturation of surface soil with water (wet land-2).  Besides, these lands rest 

of area was under crops dominantly, two dominant spectral signatures of crops were observed which 

were classified as crop 1 and crop 2.    

After selection of training sets for different classes for both LISS IV and ASTER data set supervised 

classification was performed by using the maximum likelihood classifier algorithm using ENVI soft-

ware. For this purpose only three band were taken having same wavelength these bands are given in 

table no 4.2.  

 

Bands ASTER LISS IV 

1 0.52-060(um) 0.52-0.59(um) 

2 063-0.69(um) 0.62-0.68(um) 

3 0.78-0.86(um) 0.77-0.86(um) 

 

Table 4.2 Band information used in supervised classification 
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There are three bands in LISS IV data. Therefore, similar bands of ASTER data selected to perform 

supervised classification. As the study was aimed to compare the aerial extent of degraded lands with 

high-resolution data (LISS IV) and coarse resolution of ASTER data. 

In the case of performing the accuracy assessment for the classification of remote sensing data of AS-

TER and LISS IV, the error matrixes are created using the methods described above. Random pixels 

are generated and reference data for random pixels are from the field survey, about the land-cover 

types. Test areas are collected from the field survey by recording the coordinates of homogeneous 

land-cover areas with GPS.Test areas used as reference data to form the error matrix are different data 

from the data used to train the classifier to ensure the independent validity of the accuracy assessment. 

4.4.  Use of spectral indices to characterise soil degradation  

Land degradation, which is one of representative deteriorating factor of the environment. Land is a 

base to reproduce vegetation and its degradation corresponds to the restriction of vegetative activity 

by the change of growth conditions (Uchida 1995). Changes in the reflectance, composition and mor-

phology of a single leaf can be used to detect salinity effects at an early stage.(Mougenot, Pouget et al. 

1993)noted that "visible reflectance of leaves from plants growing on salt-affected soils is lower than 

reflectance of non-salt-affected leaves before plant maturation and higher after. Near-infrared reflec-

tance increases without water stress due to a succulent (cell thickening) effect and increases in other 

cases." Bands in the near- and middle-infrared spectral bands give information on soil moisture and 

salinity (Agbu P.A., Fehrenbacher et al. 1990; Steven, Malthus et al. 1992)confirmed this by showing 

that near- to middle-infrared indices are indicators for chlorosis in stressed crops (normalized differ-

ence for Thematic Mapper [TM] bands 4 and 5). This new ratio is immune to colour variations and 

provides an indication of leaf water potential. (Steven, Malthus et al. 1992)) showed that chlorotic 

canopies could be distinguished from healthy canopies. Biophysical response to a salty environment is 

manifested in low fractional vegetation cover, low leaf-area index (LAI), high albedo, low surface 

roughness and high surface resistance compared with healthy crops. 

Healthy vegetation (left) absorbs most of the visible light that hits it, and reflects a large portion of the 

near-infrared light. Unhealthy or sparse vegetation (right) reflects more visible light and less near-

infrared light.                                                    

                                 Vegetation Indices employ this difference formula to quantify the density of plant 

growth on the Earth — near-infrared radiation minus visible radiation divided by near-infrared radia-

tion plus visible radiation. The result of this formula is called the Normalized Difference Vegetation 

Index (NDVI). Written mathematically, the formula is: 

NDVI = (NIR — VIS)/(NIR + VIS) 

Calculations of NDVI for a given pixel always result in a number that ranges from minus one (-1) to 

plus one (+1). 

 

Middle infra red region is more sensitive for detecting the water stress vegetation. Water is a good 

absorber of middle- infra red energy, greater the water amount in crop lower the middle infra red re-

flectance .The middle infra red wavelength interval from about 1.5 – 1.8 um and from 2.1 – 2.3 um 

appear to be more sensitive to changes in the moisture content of the plants than the visible or near-

infrared portions of the spectrum. 
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 For detecting the moisture stress salinity affected crop, different indices were applied on the ASTER 

image because ASTER has Middle infrared band 4 (1.6 – 1.7 um) and near infra red band is 3 (0.78-

0.86 um)  

Moisture Stress Index (MSI) = Mid IR / NIR 

Infra Red Index (II) = NIR – MidIR / NIR + MidIR 

Mid Infrared Index (MIR) = MidIR / NIR  

NDVI is applied on both ASTER and LISS IV data set. 

 

 

 

Subsystem Band No. Spectral Range 

(µm) 

Spatial Resolu-

tion 

Radiometric 

Resolution 

VNIR 1 

2 

3N 

3B 

0.52 - 0.60 

0.63 - 0.69 

0.78 - 0.86 

0.78 - 0.86 

15 m 8 bit 

SWIR 4 

5 

6 

7 

8 

9 

1.600 - 1.700 

2.145 - 2.185 

2.185 - 2.225 

2.235 - 2.285 

2.295 - 2.365 

2.360 - 2.430 

30 m 8 bit 

TIR 10 

11 

12 

13 

14 

8.125 - 8.475 

8.475 - 8.825 

8.925 - 9.275 

10.25 - 10.95 

10.95 - 11.65 

90 m 12 bit 

 

Table 4.3. Spectral band and its characteristics of ASTER data. 

 

 

Table 4.4 Spectral band and its characteristics of LISS IV Data 

 

4.7.   Land degradation risk map   

An attempt was done to find the potential zone of land degradation to waterlogging and salinity in the 

area. This was carried by integrating geomorphic, phisiographic-soil, terrain-relief (elevation) attrib-

utes and their proximity with canal network in the area. The thematic maps pertaining to these attrib-

 Spectral Range 

(µm) 

Spatial Resolution Radiometric resolution 

 

1 0.52 –0.59 

2 0.62-0.68 

3 0.77-0.86 

 

5.8 m 

 

8 bit 
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utes were generated in GIS and integrated logically by generating matrix table to prepare potential risk 

zone of land degradation. 

  The out put map from elevation and soil physiographic map was crossed with canal map of the study 

area. This canal map has three buffer zones these are 500 meter, 1000 meter and > 1000 meter. The 

hazard matrix was created for identification hazard zone; these zones are presented in final hazard 

map, which is showing areas susceptible to land degradation in the area.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.4  Flow chart for preparation of final hazard map 
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Table  4.5.Showing the risk according to the proximity of physiographic risk unit to the canal. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

         Canal proximity 

 

 

Phisiographic risk map 

 

 

500 M 

 

 

1000 M 

 

 

>1000 

HIGH High High Mod 

MOD High Mod Low 

MIN. Mod Low Low 

Literature study 

Remote sensing data 

Data preparation 

(Georeferrencing, 

subseting) 

 

End-Member selection 

Linear mixture analy-

Conventional clas-

sification 

Supervised Classi-

fication Image 

Selection of Study area 

Ground truth Data col-

lection for land degra-

dation 

Soil sample EC, PH, 

Ancillary field data 

1.SOI Toposheet. 

2.Soil map. 

3.Climate data of the study 

area. 

4. Geomorphology of the area. 

 

 

Removal of noise band 

(MNF) image 

Pixel Purity Index 

(PPI) 

Spectral 

Indices 

Training set for 

degradation land 

Remote Sensing in Land Degradation in 

Arid Climate 

Soil Sample collec-

tion 

Surface and Subsur-

face 

Relation 

between se-

verity of 

salinity and 

indices 



 ASSESSMENT OF LAND DEGRADATION BY INTEGRATED ANALYSIS OF SPECTRALLY BASED INFORMATION AND TERRAIN 

ATTRIBUTES IN SEMI ARID REGION 

26 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. 1 Flow chart showing the methodology of the study. 

 

 

 

Chapter 5: Result and disscussion 

5.1   Linear unmixing and its ability to identify degraded lands in semiarid 

region  

 Linear spectral unmixing images produced for study area show the extent of land degradation units 

like salinity and waterlogging and sand in their fraction images. As this model gives information 

about the relative abundances of the material considering each endmember present in a pixel, Three 

end member were selected to generate fraction image Fig no.6.1 (A),(B),(C) and (D) which best de-

scribe the image. These were sliced  to show the extent of land degradation. And these fraction images 

interpreted and compared with supervised classification images. Salinity image shows very good cor-

relation with salinity and water logged occurrence areas. Sand occurrence image relates to the pixels 

of high reflectance. Sand patches present in the middle of the image and southern part of the image in 

the sand abundance image. Water logging in the area has larger possibility to mix with salinity abun-

dance areas and canal water. Most of the bright pixels in this image resemble highly water logged 

keeping aside some miss-classified pixels of water bodies containing moss.  

5.1.1. Result of Linear unmixing on ASTER Image  

Linear unmixing was applied to Minimum Noise Fraction (MNF) data set and gives result. Water 

logging and sand is clearly identified in unmixing images. Salinity can be seen on the images in a few 

patche becomes obscured on the image due to the presence of crop on the surfaceAfter carefully ana-
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lysing the output images of Linear unmixing. The findings of this technique can be summarised as 

follows: 

 

(A) Spectral processing largely helped in identifying salinity, waterlogging, and sand. 

(B) Different kind of crop suffered from different degree of land degradation as described in the lit-

erature are difficult to identify. 

(C) Patches were identified in the study area from image analysis even crop on field makes problem 

identify the salinity features. 

(D) Large patches were identified out in the central and southern part of the image. 

(E) It was observed that further categorization in the salinity is possible through this technique using 

field soil sample results and user defined slicing  of fraction image of  salinity. 

(F) Water logging also gives it presence in the salinity-affected patches because of presence of water 

nearer to the surface. 

(G) Water logging also can be seen along the road due to presence of vegetation and near by flowing 

canal. 

(H) Salinity also gives its presence in the area of sand it is may be due to presence of salts in sand 

which is a indigenous character of Rajasthan sand. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure.6.1(a) Salinity fraction image 
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Figure 6.1 (b) fraction Image of waterlogging  
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Figure.6.1(c) Fraction image of Sand 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure.6.1 (d) RMSI Image 

 

 

 

 

5.2 .  supervised classification of LISS IV and ASTER for identification of Land          

degradation  

Supervised classification was performed using ASTER and LISS IV data. In supervised classification, 

the basic steps followed are: (1) select training samples which are representative and typical for that 

information class; (2) perform classification after specifying the training samples set and classifica-

tion algorithms; (3) assess the accuracy of the classified image through analysis of a confusion matrix 

which is generated either through random sampling or using test areas as reference data.  

 

5.2.1.    Information classes Identification  

Combining the fieldwork survey of the study area and also the image classification objective, there are 

Eight information classes need to be identified for image classification. These information classes are 

Salinity, sand, grass, fellow land, crop (divided into Crop-1, crop-2 class), wetland (wetland- 

1,wetland-2). 
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5.2.2. Training sample selection and evaluation  

Training samples are selected according to the ground truth from the fieldwork. During fieldwork, 

coordinates for homogeneous land cover areas are recorded by GPS receiver. These homogeneous 

areas are identified in the image to form the training samples for all of the information classes. What 

is important to be mentioned here is that the ground truth used for training samples for classification 

are different from the ground truth used for accuracy assessment in order to evaluate the quality of the 

classification result.and criteria for selection of training set described in detail in chapter - 4 

5.2.3. Classification Algorithm  

The selected algorithm for performing the supervised classification is the maximum likelihood classi-

fier. The assumptions, calculation characteristics, and advantage and disadvantage of this classifica-

tion algorithm have been described in detail in chapter 4. 

5.2.4. Supervised Classification using Maximum Likelihood on LISS IV Image for 

land degradation Identification  

   After analyzing the result it is concluded that- 

(A) Salinity in highly salinized area can be extract perfectly but it also mixed with sand class, where 

sand dunes and low lying productive land meets together. Total area covered by both image is 

106.5 sq km out of which 0.59 sq. km. Classified as salinity covered area by ASTER image and 

0.44 sq. km. area classified as salinity by LISS IV classified image. 

(B) Sand dunes area mixed with the Fellow land and wetland category –2 .In this class pixels cant be 

separated between fellow land and sand  class because fellow land made up of same material as 

sand and almost covered with sand  that’s why both classes mixed with each other, only pure dry 

sand classified perfectly. The area covered by sand in ASTER image is 2.78 sq. km. And area 

covered by sand in LISS IV image is 3.71 sq. km. 

(C) Wetland-1- In this category all the water bodies, canal water, ponds and saline waterlogged area 

classified as waterlogging-1 category the MXL classification approach not able to distinguish the 

fresh water and saline water. Area coverage by ASTER classified image is 0.33 sq.km. And same 

category covered in LISS IV image is 0.55 sq.km. 

(D) Wetland-2- In this category area, where water table up to the surface and soil is completely satu-

rated with water. filled with water and degraded land as waterlogging condition –2. ASTER clas-

sified image showing 33.26 sq.km. coverage by waterlogging condition – 2 as compare to LISS 

IV classified image having 17.08 sq.km. for same. 

(E) Crop Class crop is divided in two category these are Crop-1 And Crop-2 . It showing not consid-

erable mixing with other classes. In ASTER image crop-1 and crop-2 cover 1.04 sq.km. and 

17.19 sq.km. respectively. LISS IV classified image shows 6.1 sq.km. and 16.81 sq.km. for both 

category respectively. 

(F) Aquatic Grass Land is classified almost accurately, In ASTER classified image it covers 1.51 

sq.km. and in LISS IV classified image it covers area about 1.69 sq.km. 

(G) Fellow Crop Land has classified as area of 49.59 and 59.83 sq.km. with ASTER and LISS IV 

data, respectively. In the ASTER image its area was classified less due to coarse spatial resolu-

tion of data the spectral signature was mixed with wetland-2 categories. Fellow land also has 

confusion with sand. 
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ASTER 

 

LISS IV 

 

S.no. 

 

 

Land use/ Land 

cover 

 

Area in sq.km. Area in % Area in sq.km. Area in % 

1 

 

Salinity 0.63 0.59 0.46 0.44 

2 

 

Sand 

 

2.96 

 

2.78 

 

3.71 

 

3.48 

 

3 

 

Grass 

 

1.50 

 

1.41 

 

1.69 1.58 

 

4 Crop-1 1.04 0.97 6.25 5.87 

5 

 

Crop-2 

 

17.19 

 

16.13 

 

16.81 

 

16.06 

 

6 

 

Fellow land 

 

49.59 

 

46.55 

 

59.83 

 

56.24 

 

7 

 

Wetland-1 

 

0.33 

 

0.313 

 

0.51 

 

0.48 

 

8 Wetland-2 33.26 31.22 17.08 15.80 

Total area classified = ASTER = 106.5 sq.km. 

                                 = LISS IV = 106.4 sq.km.  

 

Table 6.2. Showing area covered by different class in sq.km. and it’s percentage. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Crop-1 

Crop-2 

Sand dune 

Salt affected land 

Wetland-1 

INDEX 

Wetland- 2 



 ASSESSMENT OF LAND DEGRADATION BY INTEGRATED ANALYSIS OF SPECTRALLY BASED INFORMATION AND TERRAIN 

ATTRIBUTES IN SEMI ARID REGION 

32 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figuer. 6.2 Supervised classification (Maximum Likelihood Classifier) On ASTER Image 
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ASTER confusion matrix 

Overall Accuracy = (611/800) 76.3750% 

Kappa Coefficient = 0.7300 

 

Table 6.3 confusion matrix of classified ASTER image. 

 

 

Table 6.4 showing the producer and user accuracy of ASTER classified image. 

 

 

 

 

 

 

 

 

 

 

 

 

  ASTER confusion matrix               

 Class     Grass   Crop-2  Salinity   sand wetland-1 Fellow land crop-1 wetland-2 Total  

Unclassified  0 0 0 0 0 0 0 0 0 

Grass 82 0 7 1 0 2 8 1 101 

Crop-2 2 94 0 0 3 1 22 0 122 

Salinity 0 0 81 2 0 0 0 0 83 

Sand 0 0 1 80 0 0 0 0 81 

Wetland-1 0 0 0 0 75 0 0 0 75 

Fellow land 8 0 2 17 8 64 0 33 132 

Crop-1 4 3 0 0 0 0 70 1 78 

Wetland-2 4 3 9 0 14 33 0 65 128 

 Total  100 100 100 100 100 100 100 100 800 

Producer accuracy (%) Users accuracy (%) 

Grass 82/100=82 82/101=81 

Crop-2 94/100=94 94/122=77.04 

Salinity 81/100=81 81/ 83=97.59 

Sand 80/100=80 80/81=98.76 

Wetland-1 75/100=75 75/ 75=100 

Fellow land 64/100=64 64 / 132=48.48 

Crop-1 70/100=70 70/ 78 = 89.74 

Wetland-2 65/100=65 65 / 128= 50.78 

 Overall 

Accuracy  (84+94+81+80+75+64+70+65/800) = 76.3750% 
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Figure. 6.3 Supervised classification (Maximum Likelihood Classifier) On LISS-IV image  
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LISS IV Confusion matrix  

Overall Accuracy = (701/800) 87.6250%     

Kappa Coefficient = 0.8586 

 

Table 6.5 showing confusion matrix of LISS IV classified image. 

 

 

Table 6.6 showing the produce and user accuracy of different class of LISS IV classified im-

age. 

 

 

 

 

 

 

 

 

 

 

LISS IV confusion matrix               

Class  salinity   Grass  Fellow land Crop-1 Crop-2 sand wetland-1 Wetland-2   Total 

Unclassified  0 0 0 0 0 0 0 0 0 

Salinity 79 0 2 0 0 3 0 0 84 

Grass 3 93 1 3 0 0 0 0 100 

Fellow land 10 6 90 0 2 16 5 21 150 

Crop-1 0 0 0 91 0 0 0 1 92 

Crop-2 0 0 0 6 98 0 0 0 104 

Sand 3 0 3 0 0 80 0 0 86 

Wetland-1 0 0 0 0 0 0 92 0 92 

Wetland-2 5 1 4 0 0 1 3 78 92 

  Total  100 100 100 100 100 100 100 100 800 

Producer accuracy (%) Users accuracy (%) 

Salinity 79/100=79 79/84 = 94.04 

Grass 93/100=93 93/100 =93 

Fellow land 90/100=90 90/15 0=60 

Crop-1 91/100=91 91/92 =98.91 

Crop-2 98/100=98 98/104 =94.23 

Sand 80/100=80 80/86 =93.02 

Wetland-1 92/100=92 92/92 =100 

Wetland-2 72/100=72 78/92 =84.78 

Overall 

Accuracy (79+93+90+91+98+80+92+78) / 800 = 87.62 
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5.2.5. Advantage and Disadvantage of Supervised Classification and Linear Unmix-

ing technique for Land Degradation Identification  

Degraded land classified with linear unmixing analysis revealed advantages over supervised classifi-

cation can be listed as:  

1. Salinity in study area were not spectrally separated to classify in supervised method whereas 

generated fraction image of salinity clearly depicted these lands. 

2. Two classes of waterlogged lands wet land-1 and saturated soil (wetland-2) were classified 

with supervised classification whereas fraction image of waterlogging shown the predomi-

nance of waterlogged condition. 

3. Linear unmixing analysis differentiated saline water in waterlogged area from non-saline wa-

ter (fresh water) in canal. 

4. Linear unmixing provide better discrimination and classification salinity as it generate unique 

spectra of the salinity type and analysis its presence in each pixel. 

5.3 .  Use of Indices for land degradation Identification for Land use / Land 

cover Mapping  

Vegetation indices are dimensionless; radiometric measures that function as indicators of relative 

abundance and activity of green vegetation. 

Water is a good absorber of middle – infrared energy, so the greater the turbidity of the leaves, the 

lower the middle infrared reflectance. Conversely, as the moisture content of leaves decreases, reflec-

tance in the middle IR region substantially. As the amount of plant water in the intercellular air space 

decreases, this courses the incident MIR to be more intensely scattered at the interface of the intercel-

lular well resulting in greater MIR reflectance from the leaves. 

   Saline stress on vegetation produces a decrease in water content and a reduction in transpiration. 

    Vegetation indices are most frequently used to describe soil salinity considering – 

1. Visible reflectance of leaves from plants growing on salt affected soil is lower than reflec-

tance of non – salt affected leaves before plant maturation. 

2. Near infrared reflectance increases with leaf maturation. 

3. Middle infrared reflectance decreases without water stress due to succulent effect.      

There exist inverse relationship between reflectance and salinity in near infrared. Saline stressed vege-

tation induces a reddish or dark red shift on slandered colour composite data. Contrasted association 

of vegetation and bare soils can be mere useful for salinity detection than individual surface types.  

     In study area different indices were applied for studing the effect of salinity on crop. 

In the study, spectral indices (MIR, MSI and NDVI) of crop occurring under normal, moderately sa-

line and highly saline soils types were observed . ASTER satellite data of March 2004 was used in the 

study. During this time, dominantly wheat crop exist in area which is at milking / grain formation 

stage. This influence the salinity on the crop can be observed by studying the spectral vegetation indi-

ces (Table6.7.) Crops under normal soils shows lowest NDVI values due to overall low reflectance of 

red and near infrared radiation.  

    A MSI index increase as salinity increases due to near infrared reluctances decreases. 
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Mid Infrared indices increases in salinity-affected crop but in highly PH region value decreases as 

compare to moderately salinity affected crop.   

 

 

 

 

 

 

 

Table  6.7 showing the response of spectral indices in different salinity affected crops.  

 

5.4 . Hazard risk map preparation of study area for Waterlogging and Salinity  

The landforms were interpreted from satellite data. The area comprised of Aeolian and fluvial 

land forms (fig.6.4 (B)) representing 15 and 85 percent area, respectively. Aeolian landforms covers 

sand dune of low height and dunal complex. Fluvial landforms are deep alluvium deposits. A part of 

its area overlaid by thin layer sands. 

                           Terrain elevation was studied with the help of topographical map. The elevation in 

the area ranges from 183 m. to 209 m. The area was categorised in to three elevation ranges (fig.6.4. 

(F)) Viz. 183 - 192,192 - 201and 201 - 209 termed as low, medium and high elevation classes. Lower 

elevation area lies in north where as higher elevation lies in south - west part of the study area. The 

elevation map showed that 58.75 percent area falls in low elevation class and 34.16 percent in moder-

ate elevation class. Only 7.09 percent area of the study covered in high class. 

                        Soils in the area are varying in their texture and drainage conditions. Soils are sandy 

coarse loamy and fine loamy in texture at family level. The soils of Aeolian landforms are sandy in 

texture and are excessively drained. Soils of fluvial landscape are coarse loamy to fine loamy in tex-

ture are lying at depressional lands are moderately well to poorly drained. Whereas fluvial lands ad-

joining to Aeolian landscape are coarse loamy in texture and well to moderately well drainage class. 

The soil drainage class map was interpreted from soil map. Drainage class map (fig.6.4 (B)) revealed 

that 13.20 % area is Excessively drained. And 28.76 percent is poorly drained. Area under well and 

moderately well drainage class are 28.82 and 27.44 percent, respectively. 

                      Elevation of terrain is an important terrain parameter to influence the land degradation 

due to waterlogging in the irrigation command area. Therefore, landform map was integrated with 

terrain elevation map to generate landform-elevation map of the area. This integrated map was ana-

lysed in relation to soil drainage class map with decision criteria (Table6.8. (A) And (B)) to assess 

risk of waterlogging. This analysis revealed (fig6.4. (G)) That 18.02 percent area under high risk 

where as 47.56 percent area under moderate risk. Only 34.42 percent area is under low risk of water-

logging. It is well-established fact in the study area that waterlogging and salinity together. The ad-

joining areas of waterlogged have been observed under salinity. Keeping this fact, it can be inter-

preted that area under moderate risk of land degradation will be under high risk of degradation due to 

salinity. This risk map was further analysed in relation to canal network in the study area. Thus, buffer 

zone of canal of 500 m, 1000 m, > 1000 m was prepared. The risk map was finally interpreted into 

potential risk (fig.6.4. (H)) By integrating buffer zone map.  

          Crop 

  

                 Spectral indices  

  MIR MSI NDVI 

Normal Crop (PH approx. 7) 1.55 – 1.71 1.05 - 1.14 0.36 - 0.051 

Saline crop(Moderately)(PH 7.5 - 9) 1.93 – 2.93 1.25 - 1.32 0.24 - 0.39 

Saline Crop(Highly)(PH > 9) 1.75 – 1.83 1.33 - 1.43 0.06 - 0.15 
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                      It is a preliminary study, which can be extended by making detail study of soil saliniza-

tion processes. The result of the study can be used for taking conservative measures. 

 

Table .6.8. (A)– risk matrixes between Aeolian landform drainage map. 

 

 

Table .6.8. (B) – Risk matrix table between fluvial landform and drainage map. 

 

 

 

 

 

 

 

 

 

 

Table . 6.9. Final risk map matrix between canal buffer map and Phisiographic risk map. 

 

 

 

 

 

 

 

 

 

 

 

               Landforms 

 

Drainage 

Aeolian-low ele. Aeolian -moderate 

ele. 

Aeolian – Mod. / 

High 

 Aeolian - High 

Excessive Low Low Low Low 

Well Moderate Low  Low Low 

Moderately well Moderate Moderate Low Low 

Poor Moderate Moderate Low Low 

               Landforms 

 

Drainage 

Fluvial-low ele. Fluvial -moderate 

ele. 

Fluvial – Mod. / 

High 

 Fluvial - High 

Excessive Moderate Low Low Low 

Well Moderate Moderate Low Low 

Moderately well High Moderate Moderate Low 

Poor High High Moderate Moderate 

         Canal proximity 

 

 

Phisiographic risk map 

 

 

500 M 

 

 

1000 M 

 

 

>1000 

HIGH High High Mod 

MOD High Mod Low 

MIN. Mod Low Low 



 ASSESSMENT OF LAND DEGRADATION BY INTEGRATED ANALYSIS OF SPECTRALLY BASED INFORMATION AND TERRAIN 

ATTRIBUTES IN SEMI ARID REGION 

39 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(A) Soil Map 

Excessive 

Well 

Moderately well 

Poor 

INDEX 

(B) Drainage class 

map 

INDEX 

 

(C) Landform map 

Aeolian 

Fluvial 

Water Saturated Soil 

Habitation 



 ASSESSMENT OF LAND DEGRADATION BY INTEGRATED ANALYSIS OF SPECTRALLY BASED INFORMATION AND TERRAIN 

ATTRIBUTES IN SEMI ARID REGION 

40 

Figure. 6.4. (A),(B),and ( C) showing Soil, Drainage and Landform map respectively 
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Figure 6.4 (D),(E) and (F) showing Canal, Canal buffer and Elevation map respectively. 
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Figure 6.4 (G) and (H) showing Risk map and final potential risk map respectively. 

 

 

 

 

 

 

 

Chapter 6: Summary and conclusion  

 

The study area covering 106.5 sq.km. area falls under arid region. In study area problem of land deg-

radation have been seen after emergence of IGNP canal, due to unplanned irrigation habits and arid 

environmental conditions, productive land is subjected to land degradation like salinity and waterlog-

ging. These land degradation units proved main problem in the area. Their identification and assess-

ment for sustainable development is very necessary. In this situation remote sensing technique is 

proved useful and fast technique for making hazard prediction map.  

             For achieving the goal a well-planned field visit was organized in study area for collecting 

soil samples for further analysis soil. EC, PH analysis was done and results helped in understanding of 

severity of land degradation these also support for preparing the Hazard susceptible zones.  

             Extraction of information about land degradation, for this purpose spectral unmixing using 

end member and supervised classification using Maximum Likelihood classification technique were 

applied on the LISS IV and ASTER data for identification of different land degradation types. The 

capabilities of these two approaches were compared with each other for identification different land 

degradation types. After analysis of results it is found that spectral unmixing on ASTER image shows 

sub pixel classification of the area and give the end member contribution for each pixel. Using this 

approach it is possible to discriminate salinity in sparse vegetated areas and using this technique we 

are able to map spatial predominance of salinity. Using this approach land degradation types can be 

identified in those area where other types exist on surface like crop and other vegetation. Spectral un-

mixing   also shows better approach in discrimination of salinised water and fresh water over conven-

tional classification technique. 

                Supervised classification technique were applied on both ASTER and LISS IV data set and 

capability of discriminating different land degradation units were examined for both data and it is 

came to know LISS IV data showing better accuracy results due to better resolution. It shows 87.62% 

accuracy. And ASTER shows 76.37%A accuracy. In ASTER image discrimination of land sand, fel-

low land and wetland-2 (on surface water saturated soil) is not possible, these units mix with each 

other. Also salinised waterlogged area and fresh water (canal water) could not be separated with su-

pervised classification (MXL) technique. 
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            Remote sensing data belongs to end of March when area covered with crop for identification 

of adverse effect of salinity and waterlogging on crop different spectral indices were applied and Near 

Infra red, Mid Infra red and red bands were used. NDVI applied on both data sets for seeing the effect 

of land degradation units and their severity effect on crop. NDVI helps in only discrimination of the 

vegetation. Moisture stress index, Infra Red Index and Mid Infrared index were applied for identifying 

the moisture stressed crop with the help of all these indices we can identify only moisture stressed 

area. For seeing effect of salinity on crop temporal data is required and in this research no temporal 

remote sensing data is used so with help of these indices we can only make land use / land cover map. 

No significant correlations have been seen among the indices. 

Land use / and cover map (Supervised classification map) and soil map were crossed. Using crossed 

map and elevation map a land degradation susceptible map was prepared for delineation of land deg-

radation hazard map. 

A final hazard map has been made which is showing susceptibility of land degradation in the area. 

High land degradation hazard zone showing water logging susceptibility zone, high susceptibility 

zone surrounded by moderate risk zone for waterlogging but this zone is highly susceptible for salinity 

hazard because salinity always occurred in adjoining area of waterlogging.  

      To overcome the problems of waterlogging and soil salinity in the study area  it is necessary to 

emphasize better land and water management. Adequate provision should be made for conjunctive use 

of surface and ground water. The conjunctiva use of surface and  ground water helps in controlling the 

rising tends of water levels and saves Stalinization of soil. Further, it helps to bring more area under 

irrigation and also provides relief to tail end who is otherwise normally sufferer in the study area. 
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