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ABSTRACT 

Remote sensing data in digital form offers 

a wide range of spatial, spectral and 

temporal parameters to map the land 

surface. Mineral exploration using remote 

sensing is the valuable method which has 

the ability to save time, money and 

provide the valuable information. Mineral 

mapping is carried out in order to identify 

and locate the minerals present across 

India. In this paper, a review about the 

methods for the mapping of minerals in 

general and with particular reference to 

bauxite mineral is performed. The role of 

multispectral and hyper spectral sensors 

and optimum bands for mapping minerals 

is highlighted. This paper explains about 

the various techniques applied by the 

researchers and adopted for the mapping 

of various minerals in the delineated 

regions of interest across the world. The 

study includes the review on new 

approaches in mineral exploration such as 

spectral unmixing and the result thus 

obtained giving an overall view on the 

intricacies of the same. 

Keywords remote sensing, spatial, 

spectral, ASTER, mineral exploration. 

1. INTRODUCTION  

Remote sensing is the study of science 

of acquiring, processing and interpreting 

the images and its components obtained by 

aircraft and satellite images which records 

the interaction between matter and 

electromagnetic energy. This paper 

reviews about the use of remote sensing 

for the mineral exploration. Remote 

Sensing data in digital form offers a wide 

range of spatial, spectral and temporal 

parameters to map the land surface. 

Certain limiting factors such as high cost 

and accessibility prohibit the user 

community from utilizing high spatial and 

spectral resolution satellite image data. 

Mineral exploration using remote sensing 

is the valuable method which has the 

ability to save time, money and provides 

the valuable information. Remote sensing 

also provides value by reducing the risk of 

a project and helping prioritize which sites 

to explore first. Operations like drilling are 

carried as field work for mapping 

minerals. The increase in advancement in 

mineral exploration is mainly pronounced 

due to the ability to synthesize various 

forms of data. Field data can be evaluated 

and its result can be used for making 

topographical maps, structural maps and 

helps for the gradation of ore. The main 

aim of mineral exploration using remote 

sensing is to prepare thematic map after 

extracting the information. In addition, it is 

also possible to grade the mineral ores 

based on the intensity of reflectance 
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properties of the constituent minerals 

present in the ore.[1] 

1.1 ROLE OF REMOTE SENSING 

AND GIS FOR MINERAL MAPPING 

Remotely sensed satellite data are of two 

basic types, passively collected data and 

actively collected data. Passive data 

collection focuses on acquiring intensities 

of electromagnetic radiation generated by 

the sun and reflected off the surface of the 

planet. Active data collection is largely 

restricted to devices that send and generate 

a pulse of energy to that is reflected back 

to the satellite to be recorded.[2] Most of 

the readily available data is passively 

collected and is limited to energy not 

absorbed by the Earth's atmosphere. 

Satellite imagery based on passive 

reflectivity comes in 4 basic types, which 

are visible, infrared, multispectral, and 

hyper spectral. 

Visible data consists of pixels composed 

of color values of red, green, and blue to 

make three bands of data on a raster 

image. Infrared imagery usually consists 

of the images that include the visible 

channels as well as some range of the 

infra-red spectrum. [3] Multispectral data 

include up to 7-12 channels of data and 

hyper spectral can be up to 50 bands or 

more of data collected over discrete 

bandwidths of the electromagnetic 

spectrum. 

Remote sensing is used to construct unit 

maps on small as well as large scale, it 

helps for analyzing and planning for the 

field traverse required for the verification 

of mapping. Remote sensing is used 

widely to evaluate high resolution digital 

airborne imaging system (DAIS). The 

authors have used classification for the 

detailed mapping and have obtained the 

required results using maximum likelihood 

classification which is based on the pixel 

with maximum likelihood classified for the 

class. This method is advantageous to 

perform the spatial classification. [4] 

Satellites images are used for identifying 

the three dimensional view of the local 

relief. This helps in structural mapping by 

providing spatial and surficial information 

of structural elements. Spectrally distinct 

minerals such as Kaolinite, Muscovite, 

Alunite and Pyrophillite have been 

characterized and minerally explored [5]. 

Remote sensing is used to evaluate the 

results of mineral mapping showing high 

abundances of the mineral of the alteration 

zones. The mineral group such 

Phyrophilite-Alunite, Sericit-Kaolinite and 

Calcinite-Epidote are mapped using 

Hyperion and AVIRIS data. Results have 

been obtained using the the tecniques 

including Linear Spectral Unmixing 

(LSU), Mixture Tuned Matched 

Filtering(MTMF), Pixel Purity Index (PPI) 

etc.  Minerals like Chlorite, Pyroxene and 

Amphiboles are studied and mapped by 

researchers in Canada[6] and results 

obtained were by comparing the fraction 

images and spectral unmixing results and 

validated spectral infomation. Different 

minerals for mapping show different 

results depending upon the abundances of 

the minerals in the region. Remote sensing 

and its application are carried out with data 

including the satellites image, aerial 

photography and field data.  

MATERIAL AND METHODS 

Many of the authors have used Hyperion 

data satellite image. This is due to the fact 

that Hyperion is a pushbroom, 

hyperspectral sensor consisting of 242 
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bands of 10 of nm spectrum from  400 nm- 

2400 nm.[8].  The only prerequisite as in 

all remotely sensed images is that EO-1 

Hyperion data has to be preprocessed in 

order to reduce the error effect and sound 

noise ratio [9]. Another widely used data 

used by many researchers is ASTER data 

that consists of 14 bands from visible to 

thermal infrared spectrally and 

radiometrically. The image consist of 3 

channels in VNIR ranging between 0.52-

0.86 µm,  6 channels in SWIR (1.6-

2.43µm) and 8 channels in TIR ranges 

between 8.1-11 µm. The advantage of 

using ASTER data is its high utility in 

bauxite mapping is done in VNIR and 

SWIR bands with 15 and 30 m resolution 

respectively as the bauxite shows 

dominant characteristics in this range [10]. 

Th consisting of 128 bands with 400-

2400nm wavelengths and consist of 60 

degrees FOV swath width 3.0 and 5.0 m.  

hence it is corrected atmospherically [6]. 

Advanced Land Imager (ALI) is a 

prototype of LANDSAT and ETM having 

the 30m resolution. ALI has 10 channels 

with VNIR and SWIR with one 

panchromatic, 6 VNIR and  3 SWIR, all 

ALI VNIR data are efficient for finding 

the Iron Oxide minerals.[11] . table 1 

shows the majorly used 

multispectral/hyperspectral data for 

mineral mapping . 

TABLE 1: DATASET USED FOR HYPER 

SPECTRAL IMAGING 

Multispectral/hyper 

spectral sensor 

Sub-

system 

Band 

number 

Spectral 

range 

Spatial 

resolution 

Minerals highlighted 

 

 

 

ASTER 

 

 

 

VNIR 

1 0.520-

0.600 

15  

Bauxite, alunite, 

geothetite, 

kaolinite,hematite, 

beryl,calcite etc 

 

 

 

 

 

 

 

 

2 0.630-

0.690 

15 

3N 0.780-

0.860 

15 

3B 0.780-

0.860 

15 

 

 

SWIR 

4 1.600-

1.700 

30 

5 2.145-

2.185 

30 

6 2.185-

2.225 

30 

7 2.235-

2.285 

30  

alunite, geothetite, 

kaolinite,hematite, 

epidote etc 
  8 2.295-

2.365 

30 
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9 2.360-

2.45 

30 

ALI  

VNIR 

 

1 0.433-

0.453 

30 

2 0.450-

0.515 

30 

3 0.525-

0.605 

30 

4 0.633-

0.690 

30 

5 0.775-

0.805 

30 

6 0.845-

0.890 

30 

  

SWIR 

7 1.200-

1.300 

30  

8 1.550-

1.750 

30 

9 2.080-

2.350 

30 

 

HYPERION 

VNIR continuous 0.400-

1.00 

30 alunite, geothetite, 

kaolinite,hematite, 

gold deposits, coal 

mines 
SWIR continuous 0.900-

2.500 

30 

 

2.1 PREPROCESSING OF THE 

DATA  

Preprocessing of hyperspectral imagery is 

required both for display and for proper 

band selection to reduce the data 

dimensionality and computational 

complexity. The pre–processing of the 

image is required for removing the sensors 

errors during acquisition and also for 

reducing the dimensionality of the band 

for the computation. Preprocessing of 

hyper spectral involves spectral sub 

setting, identification of bad columns, 

balancing of bad columns and followed by 

atmospheric correction and field spectra 

collection [12](M.J.R Babu ET 

al.2006)[13] 

Preprocessing hyperspectral data like 

Hyperion being a typical pushbroom 

requires 30 m ground sampling distance. 

Sometimes, the result of preprocessing of 

the data by atmospheric correction, the 

result is obtained by the correction of  

sensor internal errors  like spectral or 

spatial misalignments in accurate detection 

calibrations[9]. Preprocessing of the 

hyperspectral imagery involves diffuse 

sensor noise effect, smile effect, stripping 

effect, keystone effect and spectral 

misalignment effect which has used by the 

author in  between the detector arrays. The 
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authors have eliminated the stripping 

effect with the help of different calibration 

algorithms between the VNIR and SWIR 

bands [9]. Short-Wave Infra-Red bands 

(SWIR) of ASTER data are calibrated to 

apparent reflectance using log residual 

method. This method corrects for the 

instrument gain, topography and albedo 

effects from radiance data  [14]. This is 

considered as an effective method for the 

correction of multiplicative atmospheric 

effects such as transmittance etc.[15]. It is 

also evident that it is suitable for mineral 

mapping. ASTER image data needs to be 

corrected for crosstalk and atmosphere 

correction in order to correction for 

abnormal pixels.  The final apparent 

reflectance is validated by comparing the 

image spectra of vegetation, soil and 

water.  

2.2 SPECTRAL SUB SETTING    

 Spectral sub-setting is used to 

redefine the spectral ranges of hyper 

spectral data. It is used to limit the 

applying function on the selected bands of 

the image  and process is followed by 

excluding the bad bands and rest of the 

bands can be used for processing and 

analysis of the image .[16].  VNIR and 

SWIR are descripted to the image formed 

with the occurrence of bad columns 

identified. To avoid the severe changes in 

the spectra, bad columns were removed by 

the filtering the columns. 

2.3  ATMOSPHERIC   

CORRECTION 

ENVI’s FLAASH which can be expanded 

as fast line of sight atmosphere analysis of 

spectra hyper cubes, used for the retrieval 

of reflectance from the radiance. FLAASH 

starts with a standard equation for spectral 

radiance at a sensor pixel. The correction 

model is run when the reflectance is 

retrieved from the radiance. The validation 

of the spectra is done by comparing the 

results obtained from the field. The spectra 

collection of rocks is sensed at the same 

time and validated [6]. It is important to 

have the field data and to be evaluated and 

compared to get the result of gradation of 

mineral content ASTER Level-1B image is 

calibrated by following some pre-

processing steps in order to derive the 

apparent reflectance image. The image is 

georeferenced and radiometrically 

corrected  “at senior radiance data”.  Short 

wave infrared bands (SWIR) of ASTER 

data is calibrated to apparent reflectance 

using Log residual method (LR). Log 

residual method is used to correct the 

instrument gain, topography and albedo 

effects from radiance data. It is to be 

considered as effective method as it 

corrects the multiplicative atmospheric 

correction.[17] and is suitable for mineral 

mapping. Visible near infrared (VNIR)  as 

it is affected by the additive atmospheric 

noise.so the correction for VNIR channels 

of the data  is done by internal average 

relative correction method. After 

calibration by the above mentioned 

method, the image is read to use for the 

following procedure. 

3. IMAGE CLASSIFICATION 

The main aim of mineral exploration 

methodologies is used to obtain 

information and followed by the 

preparation of thematic maps. There are 

two types of classification for the 

preparation of thematic maps: [18] 

1. Hard classification/per-pixel 

classification 
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2. Soft classification/sub-pixel 

classification 

 3.1 PER-PIXEL CLASSIFICATION 

It is known that an image consists 

of grids or pixel numbered as digital 

number i.e. 2n. Per-pixel classification 

is done on a pixel by pixel basis. Here 

image classification is done by 

considering each pixel of the images. 

Per-pixel classification again classified 

as two types 

1. Supervised classification 

2. Unsupervised classification 

3.1.1 UNSUPERVISED AND    

SUPERVISED 

CLASSIFICATION  

Unsupervised class does not make 

utilization of preparing information as the 

thought for classification. Two sorts of this 

sort incorporate k-means and ISODATA 

classifiers. The handiest advantage is that 

the classifier recognizes the amazing 

directions displays inside the picture data. 

On the other hand, in supervised 

classification, an image investigator uses 

the computer algorithm and numerical 

data, later on it is provided with 

interpretation key. 

The various methods have been adopted 

under the mapping of the minerals in order 

to reduce the noise ratio, to get the end 

members, the classify the area as the pure 

pixels. The following are the techniques so 

far been adopted [3], [6] 

3.2 SUB-PIXEL 

CLASSIFICATION 

Sub-pixel classification is the recent 

approach in the remote sensing for 

exploration of mineral resources.  It is 

recent approach sub-pixel classification for 

mapping bauxite zones. 

Sub-pixel classification is performed to 

overcome the limitation of per-pixel 

classification, as per-pixel classification 

assumes the land cover as homogeneous 

and single pixel is labeled as single, this 

results into the mixing of the pixel. 

Therefore, sub-pixel classification is used 

for mapping to spectrally unmix the image. 

Many researchers have carried out sub-

pixel classification either by fuzzy or 

spectral unmixing. This study is carried 

out the spectral unmixing for finding out 

the fraction images and abundances of the 

minerals. 

4. SPECTRAL UNMIXING  

Spectral unmixing is the process which 

is used in measured spectra further divided 

into many constituents or spectra or pixels 

as end members or fraction of images. It is 

used in finding the abundances of each 

pixel in the image [19]. Spectral unmixing 

can be done by two methods linear 

unmixing and non-linear mixing. Non-

linear spectral unmixing is discussed in 

[20]. Linear mixing is not valid 

sometimes, then non-linear unmixing to be 

considered for the image classification or 

image spectroscopy [21] In this paper, it is 

been described the use of NLM when there 

are multi-scattering effects or intimate 

interactions. Spectral unmixing (SU) is 

widely used for analyzing hyperspectral 

data arising in areas such as: remote 

sensing, planetary science chemometrics, 

materials science and other areas of 

microspectroscopy.   Spectral bands results 

in high covariance between the bands. 

True dimensionality of an imaging 

spectrometer is not required to find the 
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spectral bands, instead by the number of 

spectral signatures of mixtures. For 

spectral unmixing, chave used principal 

component analysis to reduce the 

dimensionality. In [22], the authors have 

mentioned that the variance of the spectral 

data as a linear combination  of finite set 

of endmembers. 

Hyperspectral image is used as the data for 

the sensor data used for the detection of 

vegetation fractions and land use and land 

cover. Author have mentioned that PPI 

which is used to distilled the end member 

and MNF are adopted to estimate the 

vegetation coverage.  The purest pixel is 

obtained for PPI calculation done by n-d 

visualizer [23]. Another method used, 

namely, log residual method to identify the 

endmembers. The author have used LRM, 

PPI and MNF method used for the sub-

pixel classification of the mineral 

resources like calcite, epidote, kaolinite 

and they  obtained accuracy 80-85% after 

validating.Considering the n-d plot, 

hyperspectral image can be of points in n-

dimensional scatter plot. The data for a 

given pixel corresponds to a spectral 

reflectance for that given pixel. The 

distribution of the hyperspectral data in n-

space can be used to estimate the number 

of spectral endmembers and their pure 

spectral signatures and to help understand 

the spectral characteristics of the materials 

which make up that signature. N-d plot can 

be obtained either by direct approach from 

the software or by performing spectral 

hour glass wizard which is used to perform 

various functions like PPI, MNF 

transformation, used to select the 

endmembers and deriving the result [1]. 

The two approaches used in mineral 

mapping are of knowledge-driven and 

data-driven in nature. For known deposits 

in geology in the vicinity of the given 

region, a data-driven approach is followed 

whereas when little information is known 

with respect to, knowledge-driven is 

adapted. Using remote sensing for the 

gradation of minerals reduces the amount 

of effort, time and labor instead of the 

ground/field surveying which involves 

laborious process.. It is proposed to use 

hyper spectral data for the location of 

minerals. It is also proposed to perform 

gradation by using the software especially 

by GIS and Envi 4.5.  

Linear spectral unmixing is used to 

determine the relative abundance of the 

materials depicted in the multispectral and 

hyperspectral images on the basis of 

spectral characteristics. Spectral unmixing 

results in to depicting  the abundances  

pixels in the image, which indicates the 

proportion of each end members of the 

spectral,[19] generally the end members 

normally correspond to familiar 

macroscopic objects in the scene, such as 

water, soil, metal, or any natural or man-

made material[14]. Unmixing provides a 

capability that is important in numerous 

tactical scenarios in which sub pixel detail 

is valuable. A unit sum constraint in the 

linear mixing algorithm varies from zero 

to one [16]. For mapping of the minerals 

many workers have used this method of 

unmixing by performing noise free 

classification of images by resulting into 

the abundances of the image, workers have 

demonstrated and mapped closely related 

to the bauxites sites within the basin area 

by infrared spectroscopy involves the 

procedure of finding the mineral species 

and abundances by spectral unmixing, 

followed by the discrimination of Al-

laterites and Fe-laterites by finding the 

mineral abundances. Worker  also worked 
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on the spectral unmixing by finding the 

similarity between the field matched and 

satellite image matched , then the result 

obtained is matched and validated by the 

ground truth [26]. 

4.1 End Member Selection 

End members are the purest pixels 

representing 100% or almost 100%  single 

land cover class. The quality of fraction 

images depends upon the end member 

derived from the unmixing. Selection of 

end member is important as it results in to 

the fraction images for the land cover. 

Incorrect end member results into error in 

the fraction images , therefore selection 

end member is the fundamental basic 

technique under spectral unmixng .  

There various number of approaches for 

end member selection been adopted, the 

following are the ways : 

1. Based on the laboratory reflectance 

results 

2. Image pixel modelled as mixture of 

library reflectance 

3. Automated technique based on the 

image transform 

4. n-dimensional visualizer 

5. based on variability of image. 

Selection of end members can be done in 

many ways like scatter plot, stastics of the 

ROI , we can even do the selection of end 

members through the spectral libraries. 

Selection of pure pixels can be found by 2-

D scatter plot of the image, which consists 

of pure pixels at the corner. 

4.2 MINIMUM NOISE FRACTION 

(MNF)  

MNF transformation is used for 

determining the image dimensionality. 

Minimum fraction images are created for 

the bands of the images which do not 

consist of noise. The MNF transformation 

have been used for the comparison of 

AVIRIS and Hyperion data by the 

comparing the Eigen plot and MNF 

images to check the dimensionality of the 

images. The first few MNF bands of the 

images which consist of most of the 

spectral information is used for 

determining the end members for the PPI 

[30].Once the set of unique pixels were 

obtained after rotating the n-dimensional 

scatter plot, the end members were 

extracted to the ROI, and these are the 

subset of end members used for further 

classification and other processing such as 

Mixture Tuned Filtering Method (MTMF) 

which is spectral  matching method can be 

used for producing the image maps 

showing the abundance of minerals [18] 

(Boardman, 1998) 

4.3 PIXEL PURITY INDEX 

 The pure pixels were identified from PPI 

and selected by rotating the n-dimensional 

scatterplot. pixel values with 2 DN greater 

than the extreme pixels considered to be 

the pure pixels, keeping the threshold 

factor as 2.  PPI image is obtained for the 

identifying the pure pixels and pixels is 

used for extracting the end members 

according to ROI . The reflectance spectra 

of alumina rich laterite (bauxite) was 

emphasized by many authors to identify 

the new mineral deposits [16]. The 

techniques for the mineral mapping used 

are linear spectral unmixing, mixture tuned 

matched filtering. It is been noted that all 

the techniques method have not given all 

the endmembers classified results for the 

study. 
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4.4 MIXTURE TUNED 

MATCHED FILTERING 

MTMF performs the partial 

unmixing and used to find the abundances 

of the mineral using the user defined end 

members. The results are generally shown 

as gray scale images valued from 0 to 1 

provides the means of estimating the 

mineral abundance. The brighter pixels in 

the image obtained represents the higher 

mineral abundances.  

As a part of spectral mineral mapping 

methods, spectral hour glass wizard is 

performed by many [18] on SWIR  bands 

to extract reference spectra from the image 

directly [31] and continued with 

subsequent mapping methods such as 

spectral angle mapper (SAM), linear 

spectral unmixing (LSU) and Mixture 

Tuned Matched Filtering (MTMF) were 

performed  to discriminate between rocks. 

MTMF derived for SWIR bands provide 

brighter pixels for the minerals of interest. 

SAM classification, on the other hand, 

shows the image distribution of spectrally 

dominant minerals. 

A maximum likelihood classification 

performed on Landsat 3 image data in 

order to  study about forest degradation in 

the states of Uttar Pradesh and Madhya 

Pradesh, India by [15]. The accuracy 

obtained by MLC is higher compared to 

other methods of classification. Fraction 

images of vegetation, soil and water/shade 

were derived from a set of six AVHRR 

images in the Sao Paulo state, Brazil using 

linear mixing model. Constrained least 

squares approach was employed and a 

global vegetation cover map was available 

for comparison [25]. In addition, NDVI 

values were computed and there was a 

good correlation between the NDVI values 

and the vegetation fraction obtained 

through unmixing 

5. SPECTRAL UNMIXING OF 

BAUXITE   

Bauxite is an aluminum ore, highly 

rich in alumina and low in alkali, alkali 

earth and silica. Bauxite is covered with 

weathering product laterites rich gibbsite . 

The production of aluminium consumes 

over 90% of world production of bauxite, 

while the remainder is used for abrasives, 

chemicals and refractory. The term bauxite 

ore is applicable to bauxites, which are 

economically mineable containing not less 

than 45-50% Al2O3 and not more than 

20% Fe2O3, and 3-5% combined silica. 

The term Alumina refers to pure Al2O3 

containing 52.9% Al and 47.1% O [21]. 

Bauxite deposits originate from 

weathering or soil formation with 

enrichment of aluminum. Different studies 

depict that the mineral mapping of Bauxite 

is done by hyperspectral images like 

ASTER, ALI, AVIRIS, EO-1, 

HYPERION etc.  Spectral unmixing 

involves the classification of images and 

used to identify the capping of bauxite and 

used in gradation of the bauxite. Spectral 

unmixing procedure is same as for other 

minerals, but the results will differ. The 

identification of bauxite can be done by 

comparing the fraction images obtained 

from the endmembers of the image. The 

results of SU shows the brighter and 

lighter tones of the fraction images. 

Abundances features are showed with 

brighter tones. Pixels which are darker will 

be for vegetation and soil. For determining 

the bauxite we need the alumina rich area 

which can be taken and density slicing is 

performed for the locating the mineral.[8] 
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The capping of bauxite is identified after 

density slicing, there may be a chances of 

some of the capping can be located outside 

the image , to find those pixels we need to 

perform linking of DEM with the image 

[21]. For the processing of the data used 

for the mapping of the bauxite is derived 

by spectral indices, calculating the band 

ratio. the ratio image is been obtained by 

the observation of reflectance of spectral 

profile of bauxite capping [14]. There are 

new studies are being carried out by the 

scientist on the spectral unmixing of the 

bauxite using hyper spectral and multi 

spectral images., the new advancement 

such as spectral hour glass wizard which 

performs all the functions including 

calculation of end members by N-D 

visualizer and results into sub-pixel 

mapping of the images. For the validation 

of the minerals nowadays lineament maps 

and 3-D maps are being generated after the 

linking DEM with the images to identify 

the capping.[12]. The following figure 5.1 

is the result obtained after performing 

spectral unmixing of bauxite in kolli hills 

and the work was validated with chemical 

result with accuracy of90%. 

 

Figure 5.1 shows the output of 

spectral unmixing of the bauxite 

6. MINERAL INDICES 

Mapping of minerals, vegetation, 

geological features of delineated area can 

be depicted by following the indices of 

different minerals. Many workers have 

worked with mineral indices like alunite, 

kaolinite, quartz etc. Authors have used 

indices of minerals like alunite, kaolinite, 

quartz, calcite etc. for demonstrating the 

mapping of porphyry copper and 

epithermal gold deposits around the world 

by the utility of ASTER data [reference]. 

Mapping of alteration zones using the 

application of remote sensing using image 

interpretation results into the depiction of 

the minerals and its grade [27].  Authors 

have also used the sorting methods for 

mapping of the alteration zones, NIR 

sorting is the method which is advantage 

compared all other sensor sorting method, 

the reason author gave is  as this type of 

sorting based on the physical properties of 

the mineral. Sorting is a dry sorting 

technique which depends on the size 

particles of the mineral (>6mm), this 

technique involves the implementation of 

the electromagnetic radiation with 

molecular. sorting involves sensing and 

radiation of NIR.  Sorting resulting by not 

making use of colour, transparency or 

density but uses the absorption by NIR 

radiation [28]. In order to enhance and 

visualize the alteration of mineral by 

ASTER using band ratios and band 

combinations been tested and developed.  

Band ratios are used for alteration of 

hydrothermal and lithological units by 

purest pixels in spectral signatures found 

the similarity with particle matter .Al-OH 

,Fe,Mg-OH bearing minerals zones are 

found with band ratios helps to find the 

emissivity and absorption by minerals 

[29].  
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7. FIELD SURVEYING 

It is important for mineral exploration 

considering the environmental 

consideration for the large project. The 

satellite data are used to bring out the 

outcrop of region. Traditionally method of 

mineral mapping involves the ground truth 

verification in which we collect sample 

here we will collect samples of bauxite ore 

and testing of samples to be done. for 

validating the results of mapping is 

compared with the field measures by 

collecting the samples. Authors[32] have 

used Por Infrared Mineral Analyzer 

(PIMR) for performing the analyzing the 

samples quantatively. With the help of that 

mineral is discriminated and their 

abundance is calculated with help of 

spectra. Another method is used by the 

authors[33] in the laboratory for the 

selection of reflectance of the samples. 

They use A Hand Held Reflectance 

radiometer with dual beam rationing 

radiometer consisting of two optical bands 

is used to find the spectral reflectance of 

the samples. Another device that is used 

by many authors for the ground truth 

verification of the results of the mapping 

minerals i.e. spectrometer which is used to 

measure the spectra of the samples, by 

detecting the rock minerals. 

8. DISCUSSION 

The results of the study reflectance 

spectra of the bauxite deposits. The results 

reveals that the ability of hyper spectral is 

used for the identification and mapping 

using remote sensing and GIS, mapping 

techniques involves the linear spectral 

unmixing, mixture tuned matched filtering 

which leads to the successful mapping 

using the end members. The bauxite 

distribution pockets based on delineated 

spectral information is clarified with 

topographical factors and validated with 

field concepts .The spectral validation 

involves the PC image which is attempted 

by comparing the IPC image with the 

laboratory image to ensure the 

effectiveness. The various results obtained 

in the above mentioned context referring 

to the mapping of minerals with efficiency 

of the minerals. The mapping results 

includes result of PPI, MNF 

transformation, Spectral Unmixing, etc. 

Authors have got the results of mapping 

the minerals by finding the abundances of 

the minerals by image processing. 

Workers also got by the comparing the 

purest pixels (high digital number) and 

result are followed by the comparison of 

the result by the field data by ground truth 

verification. Many researches carried 

sorting of mineration by using the 

radiation property of sensor. Workers do 

got the result of mapping the alteration of 

zones by calculating and comprising band 

ratios and combinations. Results of 

mapping involves the spectral signatures 

using the spectral libraries of minerals. 

 

9. CONCLUSIONS  

Remote sensing have widely used in 

the multispectral/hyper spectral 

imaging techniques for the mineral 

mapping  by several methods used so 

far by many researches.  This review 

paper briefs about the various study 

carried out  by the authors and method 

adopted by them . the result is 

validated with spectral information of 

the samples collected on the field. 

Spectral unmixing and indices method 
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is used widely which helps to map the 

mineral with more accuracy 
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