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Abstract: The mafic-ultramafic terrain of the Bhavani complex in southern India is considered for lithological 
mapping. The Landsat-8 OLI satellite data was used for the interpretation of different rock types in the study area. 
The satellite data were digitally processed using ENVI 5.6 image processing software. In the OLI data, excluding 
bands 8 and 9, the remaining seven bands were used for the generation of colour composite images, band ratios, 
principal component analysis and SVM classification. Reflectance spectral measurements were carried out in lab-
oratory conditions for five rock samples collected from the study area. The XRF analysis was carried out to esti-
mate the composition of major oxides present in the rock samples. The results obtained from XRF analysis were 
compared with the rock spectra in characterizing the spectral features of the rock types. The colour composite 
images (B543, B567, B456, and B457), PCA composite image (PC312 and PC456), band ratios (BR5/5 and BR4/3),  
colour composite images from band ratios, and SVM classified output are useful in delineation various rock types 
in the terrain. 
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INTRODUCTION

Remote sensing techniques are being continuous-
ly utilized for various geological applications such 
as lithological mapping, mineral exploration, land-
forms studies, engineering projects and groundwa-
ter studies. In the last few decades, remote sensing 
data were successfully applied for mapping rock 
types and mineral deposits (Abrams 1984, Sultan 
et al. 1987, Drury 1990, Glikson & Creasey 1995, 
Krishnamurthy 1997, Sabins 1999, Abdeen et  al. 
2001, Anbazhagan et al. 2006, 2012, Pour et al. 2018, 
Maheswaran et al. 2019, Kamel et al. 2022). In the 

earlier period, aerial photographs and Landsat MSS 
data were adopted for the interpretation of geolog-
ical features (Goetz & Rowan 1981). Remote sens-
ing applications in geology increased significant-
ly after the commencement of the Earth resource 
satellite (Landsat) programme (Bhan et al. 1991). 
Landsat Thematic Mapper (TM) images have been 
widely used for geological resource mapping for 
many years, particularly for the discrimination of 
rock types, structural mapping, and locating alter-
ation minerals (Chavez et al. 1991, Yesou et al. 1993). 
Abrams et  al. (1983) have utilized Landsat MSS 
and simulated Landsat-4 TM data to evaluate the 
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mapping capabilities of copper deposits, discrimi-
nation of lithologies, hydrothermal alteration, and 
structural mapping. Landsat TM principal compo-
nent analysis was carried out by Loughlin (1991) 
for the delineation of alteration mineral zones in 
the Roberts Mountains, Nevada (Yesou et al. 1993) 
have used SPOT panchromatic image merged with 
Landsat TM data for the structural mapping and 
delineation of lithological boundaries between 
granitic domes and sedimentary formations. The 
medium-resolution IRS P6 LISS III satellite data 
was used for the interpretation of the lithology and 
structure of the Kadavur basin, India (Maheswaran 
et al. 2019). Zhang et al. (2007) have processed the 
ASTER data for the exploration of gold mineral de-
posits through the interpretation of lithology and 
mineralogical information.

In comparison with Landsat-7 ETM satellite 
data, Landsat-8 (OLI) improved the capability of 
the sensor by adding two more spectral bands (Roy 
et al. 2014, Mwaniki et al. 2015). The optical index 
factor (OIF) of satellite data was used to improve 
the quality of images for the interpretation of geol-
ogy (Prinz 1996, Gad & Kusky 2007). The correla-
tion coefficient and OIF have been used to optimal-
ly select the colour composites, PCA combinations 
and band ratios of Landsat-8 OLI. The supervised 

classification output prominently supports for 
geological mapping of Neo-proterozoic basement 
rocks in the central-eastern desert of Egypt (Ka-
mel et al. 2022). Landsat-8 OLI Data was success-
fully used to extract gossan zones in arid regions 
of the Eastern Arabian Shield (Gahlan & Ghrefat 
2018). In the present study, the Bhavani complex in 
southern India was selected for mapping various 
rock types using remote sensing techniques. The 
digitally processed Landsat-8 OLI satellite data was 
used for the discrimination of various rock types. 

THE GEOLOGICAL SETTING OF 
THE BHAVANI COMPLEX

The southern peninsular of India encompass-
es a variety of geological, geochemical, structur-
al, and metamorphic features and has undergone 
many stages of magmatism, primarily in the Pro-
terozoic and late Palaeozoic periods (Bhattacha-
rya 2010). The study area, the ‘Bhavani complex’, is 
part of the Mettupalaiyam mafic-ultramafic com-
plex located in the western part of Tamil Nadu, 
India. The region of study covers approximately 
300 km2 area and falls in between the eastern lon-
gitude of 77°00'E to 77°20'E and the northern lat-
itude of 11°18'N to 11°28'N (Fig. 1). 

Fig. 1. Location and geology map of Bhavani complex, Southern India (GSI)
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Regionally, the Bhavani complex is associat-
ed with Southern Granulitic Terrain (SGT) and is 
part of the major Cauvery Suture Zone (CSZ) (Sa-
tyanarayanan et al. 2011). The complex is covered 
by a  fragmented sequence of mafic-ultramafic 
rocks, surrounded by hornblende biotite gneiss, 
granites, charnockites, and quartzo feldspathic 
gneiss. The mafic-ultramafic formation out-
cropped as E-W  trending discontinues lenso idal 
bodies. The formation comprises gabbro, meta- 
gabbro, gabbroic anorthosite, meta-pyroxenite 
and chromitite. The mafic-ultramafic terrain dates 
from the Archean period and has undergone a high 
degree of granulite facies metamorphism and de-
formation at about 2.9 Ga, based on Sm-Nd dat-
ing (Rao et al. 1996). Geologically, the hornblende 
biotite gneiss and charnockite are covered by the 
Bhavani gneissic complex and the charnockite 
group, respectively. Geoscientists from the Geo-
logical Survey of India have conducted investiga-
tions in this region for Cu-Ni-PGE mineralization 
(Gopalakrishnan & Shanmugam 1995, Prabhakar 
et al. 2012).

METHODOLOGY

Atmospheric correction of OLI data
The Landsat-8 Operational Land Imager (OLI) 
satellite data downloaded from the USGS Earth 
Explorer data product (https://earthexplorer.usgs.
gov) was used for the interpretation of various 
rock types in the Bhavani complex. The Land-
sat-8 OLI data for the study area was captured on 
March 13, 2019. The Landsat-8 ID is (LC08_L1TP_
144052_20190313_20200829_02_T1). The satellite 
scene carries path 144 and row 052 numbers. The 
Landsat-8 OLI data have nine spectral bands cov-
ering visible, NIR and SWIR spectra. The specifi-
cations of Landsat-8 OLI data are given in Table 1. 

The ENVI 5.6 image processing software was 
used for processing the Landsat-8 OLI data. The 
atmospheric effects like scattering and absorption 
in the satellite data need to be corrected before 
processing it for various applications and inter-
pretations. The atmospheric correction involves 
the removal of the atmospheric effects on the re-
flectance value in the satellite image. The quick at-
mospheric correction (QUAC) module available 

in ENVI 5.6 software was used to reduce the at-
mospheric effect and transform the digital num-
bers (DN) into reflectance data. QUAC consid-
ered atmospheric correction parameters directly 
from the observed pixel spectra in an image with-
out supplementary data. The QUAC was adopt-
ed based on the average reflectance of a  group 
of assorted material on-scene independents, de-
termined empirically (Bernstein et al. 2012). The 
L1  OLI metadata was imported as input data in 
the QUAC module and obtained atmospherically 
corrected output data. 

Table 1
Specification of Landsat-8 Operational Land Imager (OLI)

Bands Wavelength 
[μm]

Resolution 
[m]

Band 1  – Coastal aerosol 0.43–0.45 30
Band 2  – Blue 0.45–0.51 30
Band 3  – Green 0.53–0.59 30
Band 4  – Red 0.64–0.67 30
Band 5  – Near Infrared (NIR) 0.85–0.88 30
Band 6  – SWIR 1 1.57–1.65 30
Band 7  – SWIR 2 2.11–2.29 30
Band 8  – Panchromatic 0.50–0.68 15
Band 9  – Cirrus 1.36–1.38 30

Optical index factor (OIF)  
and band combination 
The advantage of band combination is that multi-
ple images (three) can be displayed and interpret-
ed simultaneously. Creating colour composites 
in the image processing technique is an effective 
mode of demonstration of multispectral imag-
es (Buchanan 1979). A number of colour models 
are being used in band combinations. The RGB is 
a well-known model in which red, green and blue 
are the three primary additive colours used for co-
lour image display (Gupta 2017). In the RGB mod-
el, three input images are projected simultane-
ously, i.e. one in red, the second in green and the 
third in blue additive colour. The variation in dig-
ital numbers for different pixels in the three input 
images collectively leads to variation in output co-
lours. The RGB colour image provides enhanced 
information for interpretation. The RGB colour 
images can be created by combining bands from 
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the visible, NIR, and SWIR spectra (Evans 1988, 
Crósta & Moore 1990). The false colour composite 
(FCC) image is a  widely adopted composite im-
age for lithology interpretation. The standard FCC 
is generated using multispectral images of green, 
red, and near-IR bands projected in blue, green 
and red colour filters. The FCC image was creat-
ed for the study area using Landsat-8 OLI B5, B4, 
and B3 in red, green, and blue display planes. The 
true (natural) colour composite (TCC) image was 
created with the help of B4, B3, and B2 in the RGB 
combination. In Landsat-8 OLI data, we have se-
lected seven bands (B1 to B7) for band combina-
tions. In this case, the selection of a suitable band 
combination for good interpretation is a difficult 
task. The optical index factor (OIF) technique de-
veloped by Chavez et al. (1982) is useful in the se-
lection of the best combination by quantitative 
evaluation of the image statistics. The OIF cal-
culate the statistics of every possible three bands 
extracted through RGB filters. The process avoids 
the time-consuming visual inspection of the 
number of RGB colour combinations (Beauche-
min & Fung 2001). Based on the value of OIF, the 
most favourable band combinations were ranked 
(Chavez et al. 1982, 1984). The ranking reflects the 
amount of total variance and correlation between 
various bands. In the present case, ILWIS 3.3 soft-
ware was used to calculate OIF index values for 
band combinations. The seven-band Landsat-8 
OLI data were imported into ILWIS software. The 
map list was used as input data for the correlation 
matrix module, and OIF index values were cal-
culated. The OIF ranking band combinations are 
listed in Table 2. A set of three bands with a max-
imum value of OIF was selected for the generation 
of a clour composite image with RGB filters. 

Table 2
The optimum index factor (OIF) for ranking the combination 
of bands

Rank Band-triplet OIF

1 567 0.12
2 456 0.11
3 457 0.11
4 156 0.11
5 157 0.11

Principal component analysis (PCA)
The principal component analysis (PCA) was car-
ried out from Landsat-8 OLI seven-band data. The 
objective of PC analysis is to create uncorrelated 
output bands, separate noise components, and re-
duce the dimensionality of the multispectral data 
(Loughlin 1991, Ciampalini et al. 2013, Gahlan & 
Ghrefat 2018). In the PCA output, a new set of or-
thogonal axes developed with their origins at the 
data means and rotations that maximize variance 
in the data. The PC analysis was carried out us-
ing ENVI 5.6 image processing software. The at-
mospherically corrected seven-band data were 
used as the input file in the ‘PCA rotation’ module 
available in the ‘Transform’ toolbox in the ENVI 
software. The output file generated seven sets of 
PCA bands, such as PC1, PC2, PC3, PC4, PC5, 
PC6, and PC7. Usually, the first three bands car-
ry maximum information, and the last band holds 
noise data. The seven PC output bands were com-
bined through RGB filters, and PCA composite 
images were generated for the interpretation of 
rock types.

Band ratios
Band ratio is one of the important image process-
ing techniques which enhances the surface fea-
tures in multispectral images. The procedure is 
used to reduce the effect of illumination and to-
pography to provide a contrast spectral signature 
in the images (Crane 1971, Holben & Justice 1981, 
Jensen 1996, Gupta 2017). The new output image 
is constructed by computing the ratio of the DN 
value of two input images. The Landsat-8 OLI sev-
en-band data were used to derive all possible band 
ratio images for the study area. Different combi-
nations of band ratio images were generated using 
the ‘Band Algebra’ tool available in ENVI 5.6 soft-
ware. In this module, the numerator and denom-
inator bands were assigned as input data and the 
output ratio image was obtained. The band ratio 
outputs 2/1, 3/2, 4/2, 4/3, 5/2, 5/4, 6/2, 6/3, 6/4, 6/5, 
7/2, and 7/6 were used for further interpretation 
and band combinations. The output images 4/3 
and 6/5 are displayed in the grey scale. The grey-
scale ratio images show enhanced spectral signa-
tures for different rock types. 

https://journals.agh.edu.pl/geol
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SVM classifications
Support vector machines (SVM) is a  significant 
machine learning classification procedure in the 
digital image processing of remote sensing data 
(Pal & Mather 2005). SVM is based on statistical 
learning theory and has the aim of determining 
the location of decision boundaries that produce 
the optimal separation of classes (Vapnik 1995). It 
has unique advantages in a  limited sample, non-
linear and high dimensional pattern recognition. 
SVM is mostly used for the classification of re-
mote sensing data and can achieve better results 
than other algorithms (Scheunders et  al. 2018). 
The principle of SVM is to deal with complicat-
ed data classification by solving the optimization 
problem and finding the optimal classification hy-
perplane in the high-dimensional feature space. 
The SVM classification was successfully applied 
for vegetation and forest cover mapping by several 
workers (Huang et al. 2008, Su & Huang 2009). In 
the present case, SVM classification of Landsat-8 
OLI data was carried out using ENVI 5.6 software 
to discriminate rock types in the study area. The 
training sets (region of interest-ROI) were gener-
ated for different lithologies such as mafic-ultra-
mafic, granite, garnetiferrous quartzo feldspathic 
gneiss, hornblende biotite gneiss, and charnock-
ite in the study region. The false colour composite 
image with B543 combination was used as a back-
ground image for extracting training pixels. The 
pure pixels were extracted after enlarging the 
composite image. The ROI was given as input data 
in the SVM classification module in the software 
and the polynomial Kernal type was adopted to 
obtain SVM classified output.

Chemical analysis
Fresh rock samples representing different litholo-
gies were collected from the study area. The sam-
ple locations are shown in Figure 1. Using the XRF 
method, chemical analysis was carried out from 
five rock samples, including hornblende biotite 
gneiss, meta-gabbro, meta-pyroxenite, gabbro-
ic anorthosite, and chromitite. The Rigaku XRF 
facility available at the Department of Earth Sci-
ences, IIT Bombay, was utilized for the chemical 
analysis. The lumpsum rock samples were pow-
dered into 75-micron grain size for chemical anal-
ysis. The chemical analysis was conducted for the 
estimation of major oxides, including SiO2, Al2O3, 
CaO, MgO, Na2O, K2O, TiO2, Fe2O3, MnO, and 
P2O5 (Table 3).

Reflectance spectral measurements
Reflectance spectra measured in the 350–2500 nm 
EMR spectrum provide diagnostic reflectance 
and absorption features for various rock types 
and minerals (Clark 1999). The reflectance spec-
tral studies in remote sensing technique referred 
to as imaging spectroscopy (Ruiliang 2017), 
which is useful in geological applications includ-
ing lithological mapping, mineral exploration and 
planetary geological studies (Anbazhagan et  al. 
2012, Bhattacharya et al. 2012, Kusuma et al. 2012, 
Chellamuthu Ranganathan & Siddan 2021, Tami-
larasan et  al. 2022). In the present context, lab 
spectral measurements were conducted on select-
ed rock samples collected during the field visit at 
the Bhavani complex. The rock samples were col-
lected from fresh outcrop sections and powdered 
into 75-micron sizes (Fig. 2). 

Table 3
Major oxides in the rock samples were estimated through XRF analysis

Sample 
no. Sample name SiO2 Al2O3 CaO MgO Na2O K2O TiO2 Fe2O3 MnO P2O5 Total

1 Hornblende  
biotite gneiss 70.50 14.60 3.08 0.709 4.84 2.09 0.39 3.27 0.066 0.093 99.63

2 Meta-gabbro 46.30 14.50 13.30 6.59 2.50 0.10 1.07 15.20 0.24 0.00 99.80

3 Gabbroic-anorthosite 66.10 14.90 4.51 3.14 2.24 3.19 0.64 5.12 0.00 0.00 99.84

4 Meta-pyroxenite 47.30 13.60 10.90 8.12 0.81 4.14 0.85 13.70 0.27 0.00 99.68

5 Chromitite 49.73 9.66 7.02 4.20 2.20 0.58 1.58 14.41 0.18 0.20 89.75
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The rock samples include hornblende biotite 
gneiss, meta-gabbro, meta-pyroxenite, gabbroic 
anorthosite, and chromitite. A ASD FieldSpec Pro® 
spectroradiometer was utilized to measure the re-
flectance spectra of the rocks under laboratory 
conditions. A tungsten lamp was used as an illu-
mination source for spectral measurements under 
UV-visible, IR and SWIR spectra. For each rock 
sample, one spectral measurement was conduct-
ed. The spectra were plotted for all rock types us-
ing Origin Pro 8.5 software.

RESULTS AND DISCUSSION

FCC and interpretation of rock types
The Landsat-8 OLI satellite data were digitally 
processed and generated various output images 
for the discrimination of rock types in the mafic- 
ultramafic terrain of the Bhavani complex. The 
remote sensing-based interpretation was com-
pared to the supplementary data like geology, 

rock spectra and geochemistry. The FCC output 
(B543 in RGB filters) provides a  contrast colour 
signature between granitic gneiss (Gr-in bright) 
and hornblende biotite gneiss (Hbg) (Fig. 3). The 
mafic-ultramafic formations (M/Um) show prom-
inent ridges in the middle and subdued surface 
level topography in the northern part of the study 
area. It is surrounded by hornblende biotite gneiss 
(Hbg) with an olive green colour signature. The 
canal-irrigated cultivated land (Cl) in the north-
eastern part of the study area represents a red co-
lour signature due to vegetation practices. The 
canal-irrigated area is mostly underlined by gneis-
sic formation. The open forest covered with dark 
brown colour represents charnockite hills  (Ch). 
The presence of the water body (Wb) in the res-
ervoir shows a contrasting dark colour signature. 
The true colour composite image (Fig. 4) provid-
ed for the region of interest (ROI) for compar-
ison with the FCC and other digitally processed 
output. 

Fig. 2. Rock samples including hornblende biotite gneiss (HBG1), meta-gabbro (MG), gabbroic anorthosite (GA), meta-pyrox-
enite (MP), and chromitite (Cr) from the Bhavani complex used for chemical analysis and spectral measurements. Powdered samples 
are shown, along with hand specimens 

https://journals.agh.edu.pl/geol
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Fig. 3. False colour composite image of Landsat-8 OLI bands B543 in RGB filters

Fig. 4. True colour composite image with B4, B3 and B2 for ROI
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In TCC, a contrast spectral signature was ob-
tained between granitic gneiss and hornblende bi-
otite gneiss. The mafic-ultramafic formation also 
shows prominent relief features in the terrain.

Band combination and rock-type 
delineation 
The results obtained from OIF were used for the 
generation of band combination outputs. The set 
of three bands with a maximum value of OIF was 
selected for the generation of a colour composite 
image with RGB filters. The short-listed colour 
composite images B567, B456, and B457 show OIF 
index values of 0.12, 0.11, and 0.11, respectively. 
The colour composite images are helpful in the de-
lineation of various rock types in the study area. 
The colour composite images B567, B456, and B457 
provide enhanced spectral signatures for most of 
the lithologies like mafic-ultramafics  (M/Um), 
gneiss (Hbg), granite (Gr), charnockite (Ch) and 
cultivated land (Cl) (Fig. 5A–C). The lithological 
contact between granite and gneiss is well exposed 

in all colour composite images. The surface lev-
el outcropping of the mafic-ultramafic  (M/Um) 
formation near the charnockite formation shows 
a  contrast spectral signature in B457 composite 
image (Fig. 5D). However, it shows poor contrast 
in B567 composite image. 

Interpretation of PCA output
Principal component analysis is one of the wide-
ly adopted image-processing techniques for vari-
ous geological applications, particularly for map-
ping of lithology and alteration mineral deposits 
(Loughlin 1991, Ruiz-Armenta & Prol-Ledesma 
1998, Amer et al. 2010, Kumar et al. 2015). The 
PCA output bands (PC1 to PC7) in greyscale are 
not directly suitable to interpret rock types in 
the study area. Hence, the colour composite im-
ages were generated from PCA output bands for 
interpretation. Out of various combinations, we 
have identified that PC312 and PC456 are suit-
able for delineating rock types in the terrain 
(Figs. 6, 7). 

Fig. 5. The colour composite images of Landsat-8 OLI bands: A) B567; B) B456; C) B457; D) enlarged output of B457

A

C

B

D
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Fig. 6. Principal component analysis of Landsat-8 OLI data band combination PC312 in RGB filters

Fig. 7. Principal component analysis of Landsat-8 OLI data band combination PC456 in RGB filters
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In PC312, the contrast colour signature was ob-
tained between different rock types such as gran-
ite (Gr-aquamarine), gneiss (Hbg-cyan), mafic- 
ultramafic outcrops (M/Um-indigo), reserve forest 
zone underlined by charnockite and quartzo feld-
spathic gneiss (Qfg/Ch-royal blue in smooth tex-
ture), reservoir/water body (Wb-violet), and culti-
vation/vegetation (Cl-olive green). The boundary 
between different lithologies is fuzzy in the PC456 
composite image. The surface level outcropping of 
mafic-ultramafic (M/Um-magenta) formation in 

the study area shows a contrast spectral signature 
in the PC456 composite image. 

Band ratios in mapping rock types
The ratioed multispectral satellite data is also 
widely used for various geological applications 
(Abrams 1984, Satterwhite 1984, Kaufmann 1988, 
Gahlan & Ghrefat 2018, Abdelsalam et al. 2000). 
In the present case, of the various ratioed out-
put images, only two images with greyscale like, 
BR6/5, and BR4/3 were considered (Fig. 8). 

Fig. 8. Band ratio images BR6/5 (A) and BR4/3 (B) show different rock types in mafic-ultramafic terrain

A

B
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The ratio image BR6/5 is useful for the deli-
neation of forest zone underlined by felspathic 
gneiss  (Qfg)/charnockite (Ch), and mafic-ultra-
mafic rocks. The Qfg/Ch shows a  light grey ton-
al contrast with a  smooth texture. The mafic- 
ultramafic rocks show a  moderate grey with re-
lief features. The Hbg and Gr combinedly show 
similar spectral signatures with high reflectance. 
The presence of quartz and feldspar as common 
minerals in gneiss and granite may reflect the 
same spectral output in the image. The ratio im-
age BR4/3 shows moderate grey, dark relief feature 
and bright signature, respectively for feldspathic 

gneiss/charnockite, mafic-ultramafic complex and 
combination gneiss and granites. The OLI ratioed 
outputs were used for the generation of colour 
composite images. Out of various composite im-
ages, the colour combination of BR6/4, 6/2 and 
7/6; BR5/4, 6/3 and 4/2; BR5/3, 6/4 and 5/4, BR6/5, 
4/3 and 2/1; and BR5/2, 3/2 and 7/2 were identified 
as suitable composite images for the interpretation 
of rock types in the study area (Fig. 9). 

The composite image BR6/4, 6/2 and 7/6 
show contrast spectral signature for mafic-ultra-
mafic rocks along with prominent relief features 
(Fig. 9A). 

Fig. 9. Colour composite images of band ratios derived from Landsat-8 OLI bands: A) BR 6/4, 6/2 and 7/6; B) BR 5/4, 6/3 and 4/2; 
C) BR 5/3, 6/4 and 5/4; D) BR 6/5, 4/3 and 2/1; E) BR 5/2, 3/2 and 7/2

A

C

E

B

D
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This composite image also exposes the sur-
face-level outcropping of mafic-ultramafic rocks to 
some extent. The boundary condition of felspathic 
gneiss/charnockite is enhanced in an olive green co-
lour. Though hornblende biotite gneiss and granite 
show similar spectral signatures, high reflectance 
with a  lemon green contrast colour was noticed 
with granite formation. In the BR5/4, 6/3 and 4/2 
ratio combination, once again the mafic-ultramafic 
complex is highlighted prominently (Fig. 9B). The 
BR5/3, 6/4 and 5/4 show contrast spectral signa-
tures for mafic-ultramafic rocks charnockites and 
gneiss/granites (Fig. 9C). The BR5/2, 3/2 and 7/2 
colour composite image support discrimination 
of mafic-ultramafic, intermediate (quartzo felds-
pathic gneiss)/charnockite and felsic (hornblende 
biotite gneiss and granite) formation (Fig. 9E). The 
BR6/5, 4/3 and 2/1 provide contrast spectral signa-
tures for all rock types in the study area (Fig. 9D). 

SVM classified output
In recent years, SVM classification of remote-
ly sensed data has been utilized for improved 

lithological classification (Yu et al. 2012, Othman 
& Gloaguen 2014, Shebl et al. 2021). Similarly, in 
the present study, the SVM classified output pro-
vides a contrast spectral signature for various rock 
types compared to other processed outputs. The 
SVM is the only processed output in this study 
that provides enhanced output for both the sur-
face-level and elevated outcrop of mafic-ultramaf-
ic rock types. This processed output is important 
in terms of PGE exploration since it helps to map 
mafic-ultramafic rocks in particular. The mafic- 
ultramafic rocks in this complex region are al-
ready identified as host rocks for PGE mineral-
ization. In the SVM classified output, the mafic- 
ultramafic rocks, granites, hornblende biotite 
gneiss, quartzo feldspathic gneiss and charnock-
ite were shown in a dark green, coral, blue, rome 
and light green colours, respectively (Fig. 10). The 
charnockite formation in the eastern part is con-
cealed by thick cultivation practices and not high-
lighted in the SVM output. The water body in the 
reservoir and vegetation/forest cover, respectively, 
are shown in the sky blue and red colours. 

Fig. 10. Support vector machine (SVM) classified Landsat-8 OLI satellite data output

https://journals.agh.edu.pl/geol
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Characterizing reflectance spectra

The XRF analysis revealed that the percentage 
of silica content in the rock samples varies from 
46.30% to 70.50%, representing mafic to felsic 
compensation. The major oxides in the rocks are 
useful in comparison with spectral features. The 
continuum spectra were plotted for all rock types 
using Origin Pro 8.5 software (Fig. 11). 

The continuum spectra for different rock types 
show a  minor variation in the percentage of the 
reflectance spectra; otherwise, these plots do not 
help extract absorption bands. The spectra of 
hornblende biotite gneiss show the albedo (re-
flectance) ranging from 24% in UV to 54% in the 
SWIR region. In the visible spectrum, the albedo 
increased slightly (35%) at 600 nm and then de-
creased (30%) at 700 nm. The spectra of meta-gab-
bro fall in the range of 14% to 41%, which show 

low albedo than the granitic gneiss. The meta-py-
roxenite shows absorption features in the IR re-
gion. The albedo ranges from 21% in UV to 43% in 
the SWIR region. The gabbroic anorthosite shows 
higher albedo (33% to 67%) than any other rock 
types in the study area. The chromitite and meta- 
gabbro show similar spectral behaviour. The con-
tinuum removed spectra were plotted for ex-
traction of absorption bands and characterization 
of the spectral behaviour of different rock types 
in the study area. The continuum-removed spec-
tra of hornblende biotite gneiss show eight absorp-
tion features in a  different part of the spectrum 
(Fig. 12A). The weak asymmetrical absorption at 
750 nm is due to the electronic transition of fer-
rous to ferrous iron. The strong symmetrical ab-
sorption noticed at 1185 nm may be due to the 
presence of a minor amount of Fe2+ in plagioclase 
feldspar. 

Fig. 11. Reflectance spectra of hornblende biotite gneiss (A), meta-gabbro (B), meta-pyroxenite (C), gabbroic anorthosite (D) and 
chromitite (E). The spectra are plotted in continuum mode
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The very weak absorptions noticed at 1390 nm 
and 1906 nm are due to the presence of a minor 
amount of hydroxyl and ferrous ions in the rock 
sample. The very weak to weak absorptions in the 
SWIR at 2210 nm, 2254 nm, and 2345 nm is due to 
the presence of Al-OH, Fe-OH and Mg-OH vibra-
tion spectra. The chemistry of hornblende biotite 
gneiss represent intermediate felsic composition 
with SiO2 70.50%. The composition of other major 
oxides includes Al2O3 14.60%, CaO 3.08%, MgO 
0.70% and Fe2O3 3.27% (Table 3). 

A strong asymmetric absorption was observed 
at 920 nm in meta-gabbro due to the presence of 
iron-rich pyroxene minerals (Fig. 12B). The XRF 
result reveals that the chemistry of meta-gabbro 
is dominated by mafic composition such as SiO2 
46.30%, CaO 13.30% (Table 3). The ferromagnesian 
component (MgO 6.59%, and Fe2O3 15.50%) is 

significantly represented in the meta-gabbro. The 
Fe2+  – Fe3+ intervalence charge transfer leads to 
strong absorption at 714 nm in meta-gabbro. The 
absorptions due to the electronic processes in the 
UV-visible region (350–500 nm) are insignificant. 
In the SWIR spectrum, the absorption features 
at 2254 nm, 2320 nm, and 2393 nm in the meta- 
gabbro show the vibration spectra of Al-OH, Fe-OH 
and Mg-OH and the presence of alteration miner-
als like clinochlore, actinolite, and amphibolite. 

In meta-pyroxenite, very weak absorptions 
are noticed in the UV-blue band spectrum, which 
is mostly insignificant (Fig. 12C). The meta- 
pyroxenite sample shows strong absorption at 
1018  nm and 1242 nm, respectively, due to the 
presence of calcic pyroxene and FeO content in 
plagioclase minerals. Once again, the strong ab-
sorption at 2318 nm shows the presence of the 

Fig. 12. Continuum removed reflectance spectra of hornblende biotite gneiss (A), meta-gabbro (B), meta-pyroxenite (C), gabbro-
ic anorthosite (D) and chromitite (E)
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alteration mineral antigorite in the sample. The 
moderate absorption bands at 2252 nm and 
2390 nm are due to Mg-OH vibration spectra of al-
teration minerals like clinochlore and amphibole. 
Meta-pyroxenite is one of the important rocks in 
the study area and is considered a  host rock for 
PGE mineralization. The chemical analysis shows 
its mafic composition as SiO2 47.30%, MgO 8.12%, 
CaO 10.90%, and Fe2O3 13.70% (Table 3). 

The spectra obtained from the powder samples 
of gabbroic anorthosite show contrast absorption 
features in the UV, visible, IR and SWIR regions 
(Fig. 12D). The weak to moderate absorption at 
425 nm, 480 nm, and 720 nm in the visible region 
indicate an electronic process in the metal ions. 
The moderate absorption at 920 nm is due to the 
low calcic pyroxene in the sample. The strong ab-
sorption at 1210 nm in the gabbroic anorthosite 
shows the presence of plagioclase feldspar with 
a minor amount of FeO content. The weak to mod-
erate absorption features noticed at 2204 nm, 2252 
nm, 2330 nm, and 2386 nm are due to the pres-
ence of alteration minerals with Al-OH, Fe-OH 
and Mg-OH vibration spectra. Since these ab-
sorption features are closely associated, providing 
a broad and overlapping absorption in the spectral 
range. The chemistry of the gabbroic anorthosite 
represents the felsic composition with a SiO2 con-
tent of 60.10%. The ferromagnesium compositions 
are (MgO 3.14% and Fe2O3 5.12%) comparatively 
lower than the other mafic rocks. The chromitite 
rock sample shows prominent absorption bands at 
401 nm, and 725 nm, respectively, due to the pres-
ence of Cr/Mn and Fe2+  – Fe3+ iron charge trans-
fer absorptions (Fig. 12E). The strong symmetrical 
absorption at 916 nm reveals that the presence of 
low calcic pyroxenes in the sample. The weak ab-
sorptions in the SWIR spectral range (2253 nm, 
2325 nm, and 2392 nm) are due to the vibration 
spectra and indicate a minor amount of alteration 
minerals in the rock. 

CONCLUSION

Landsat-8 OLI satellite data was used for the in-
terpretation of different rock types in the mafic- 
ultramafic terrain of the Bhavani complex in 
southern India. The identification of certain rock 

types like meta-gabbro, meta-pyroxenite, and 
chromitite is economically important since these 
rocks are considered host rocks for the platinum 
group of minerals. In this context, the present re-
mote sensing-based study plays a vital role in map-
ping such rock types. The FCC of OLI data pro-
vides contrast spectral signatures for different 
rock types. Of the various colour composite imag-
es, composite images like B567, B456, and B457 are 
suitable for mapping both felsic and mafic compo-
sition in the study area. Of these three outputs, the 
composite image B457 is useful in mapping the 
surface level outcropping of the mafic-ultramafic 
(M/Um) formation. The colour composite imag-
es derived from the principal component analysis 
gave enhanced spectral variation between differ-
ent rock types, particularly in PC312 and PC456. 
The PC456 support for interpretation of the mafic- 
ultramafic suite exposed at surface-level condi-
tion. The grey scales band ratios images like BR6/5 
and BR4/3 provide quality support for mapping 
different rock types. The colour composite images 
like BR6/4-6/2-7/6, BR5/4-6/3-4/2, BR5/3-6/4-5/4, 
BR6/5-4/3-2/1, and BR5/2-3/2-7/2 derived from 
the ratioed output were useful in the delineation of 
various rock types. The SVM classified output sup-
ports the identification of different rock types, wa-
ter bodies, and vegetation. SVM classified output 
of various processed data provides an enhanced 
spectral signature for the surface-level outcrop of 
mafic-ultramafic rocks and is thus considered one 
of the best tools for rock-type classification. The 
reflectance spectra of various rock types provide 
diagnostic absorption features, useful for differen-
tiating the elemental composition and minerals. 
The presence of iron-rich and low calcic pyroxene, 
plagioclase feldspar and alteration minerals such 
as clinochlore, actinolite, antigorite, and amphi-
boles influence absorption in the rocks. 
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