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ABSTRACT:

Availability of multispectral remote sensing data cheaply and its higher spectral resolution compared to remote sensing data with
higher spatial resolution has proved valuable for geological mapping exploitation and mineral mapping. This has benefited
applications such as landslide quantification, fault pattern mapping, rock and lineament mapping especially with advanced remote
sensing techniques and the use of short wave infrared bands. While Landsat and Aster data have been used to map geology in arid
areas and band ratios suiting the application established, mapping in geology in highland regions has been challenging due to
vegetation land cover. The aim of this study was to map geology and investigate bands suited for geological applications in a study
area containing semi arid and highland characteristics. Therefore, Landsat 7 (ETM+, 2000) and Landsat 8 (OLI, 2014) were
compared in determining suitable bands suited for geological mapping in the study area. The methodology consist performing
principal component and factor loading analysis, IHS transformation and decorrelation stretch of the FCC with the highest contrast,
band rationing and examining FCC with highest contrast, and then performing knowledge base classification. PCA factor loading
analysis with emphasis on geological information showed band combination (5, 7, 3) for Landsat 7 and (6, 7, 4) for Landsat 8 had
the highest contrast and more contrast was enhanced by performing decorrelation stretch. Band ratio combination (3/2, 5/1, 7/3) for
Landsat 7 and (4/3, 6/2, 7/4) for Landsat 8 had more contrast on geologic information and formed the input data in knowledge base
classification. Lineament visualisazion was achieved by performing IHS transformation of FCC with highest contrast and its
saturation band combined as follows: Landsat 7 (IC1, PC2, saturation band), Landsat 8 (IC1, PC4, saturation band). The results
were compared against existing geology maps and were superior and could be used to update the existing maps.

1. INTRODUCTION algorithms that have successfully been used in geological
mapping include: Artificial Neural Networks (ANN) (e.g.
Geology is a key factor contributing to landslide prevalence and Rigol-Sanchez et al., 2003; Ultsch et al., 1995), evidential
hence the need to map the structural pattern, faults and river reasoning (e.g. Gong, 1996) , Fuzzy contextual (Binaghi et al.,
channels in a highly rugged volcanic mountainous terrain.  1997) Knowledge base classification (e.g. Mwaniki et al.,
Availability of medium resolution multispectral data (e.g. Aster, ~ 2015). The ability to incoporate ancillary data in a classification
Landsat) and the advancement in digital image processing (DIP) ~ system using expert rules has greately reduced spectral
has facilitated geophysical and environmental studies thereby confusion among target classes in a complex biophysical
providing timely data for managing disasters and monitoring  environment. For example, Zhu et al., (2014) implemented
resources. Multispectral data has the advantage of gathering expert knowledge base approach to extract landslide
data in the visible, near infrared and mid infrared regions thus predisposing factors from domain experts while Gong’ (1996)
enabling investigation of the physical properties of the earths integrated multiple data sources in geological maping using
surface such as geology, soil and minerals. Further, the use of  evidential reasoning and artificial neural networks. Knowledge
DIP image enhancements including transformed data feature based systems are considered to be model based systems
space (PCA, ICA), band ratioing, colour composites (real or utilizing simple geometric properties of spatial features and
false), decorrelation stretch, edge enhancements, image fusion,  geographic properties of spatial features and geographic context
data reduction (tasseled cap, PCA, ICA), spectral index have  rules (Cortez et al., 1997). Thus, they require that each class is
facilitated the differentiation and characterization of various uniquely defined using geographic variables that represent
elements of structural geology, mineralization and soil  spectral characteristics, topography, shape or environmental
application studies (Chen and Campagna, 2009; Gupta, 2013; unit.
Prost, 2001).
Advances in Landsat sensors from ETM+ to OLI with two
Advances in image classification and the ability to integrate additional spectral bands and narrower band width is an
multiple data sources have further enhanced geological studies advantage to applications requiring finer narrow bands more so
using remote sensing technologies. Such classification  the development of spectral indices for the various applications
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of Landsat data including agriculture, land-cover mapping, fresh
and coastal waters mapping, snow and ice, soil and geology
(Roy et al., 2014).

A comparative study of Landsat ETM+ and OLI by (Li et al.,
2013) in deriving vegetation indices showed that Land surface
water Index (LSWI) and Normalized Burn ratios (NBR) with
Landsat 8 performed better than its Normalised vegetation
Index (NDVI) and Modified Normalized Water Index
(MNDWI). However it was shown that both sensors can be used
to complement each other. The aim of this research was to
compare the ability of Landsats ETM+ and OLI in mapping
geology and visualizing lineaments using remote sensing
techniques. The uniqueness of the study is that while previous
researches such as (Ali et al., 2012; Gad and Kusky, 2006;
Kenea, 1997; Novak and Soulakellis, 2000; Sultan et al., 1987)
have used Landsat to map geology in Arid regions, the study
area in this study had both semi arid and highland conditions.
Also given that Landsat 8 has narrower spectral bands
compared to Landsat 7, it was of interest to investigate their
ability in distinguishing various lithology classes. Image
enhancements techniques using false colour composites of PCs,
band ratios were therefore explored for use in knowledge based
classification with each sensor data (Landsat OLI and ETM+).

2. UTILITY OF DIP OF MULTISPECTRAL MEDIUM
RESOLUTION DATA TO GEOLOGY APPLICATIONS

The use of enhanced images, hybrid classifiers, integration of
GIS and remote sensing data, and use of narrower spectral band
width data has aided geological mapping, an application where
the mineralogy, weathering characteristics and geochemical
signatures are useful in determining the nature of rock units
(Kruse, 1998). The success of a classification relies on the
seperability of training data into the various target classes. Thus
multi and hyperspectral data allowing individual rock type to be
studied spectrally and signature or spectral index be obtained
have greatly boosted geological investigation. Such studies have
explored the utility of band ratios using Landsat and ASTER
data owing their availability. Hence, Landsat bands are known
for particular applications: band 7 (geology band), band 5 (soil
and rock discrimination) and band 3 (discrimination of soil
from vegetation) (Boettinger et al., 2008; Campbell, 2002,
2009; Chen and Campagna, 2009). Band ratios are also known
for eliminating shadowing and topographic effects and therefore
suit complex terrain. The need to normalize band ratios to ease
scaling, has paved way for spectral indices while still
maximizing the sensitivity of the target features. Examples of
band ratios that have been used in geology applications using
Landsat are: 3/1-iron oxide (Gad and Kusky, 2006), 5/1-
magnetite content (Sabins, 1999), 5/7 — hydroxyl bearing rock
(Sultan et al., 1987), 7/4 — clay minerals (Laake, 2011), 5/4*3/4
— metavolcanics (Rajendran et al., 2007), 5/4 —ferrous minerals
(Carranza and Hale, 2002). Other band ratios possible with
ASTER data and hyperspectral data are discussed by (van der
Meer et al., 2012; Ninomiya et al., 2005).

RGB combinations are image enhancement techniques which
provide powerful means to visually interpret a multispectral
image (Novak and Soulakellis, 2000) and they can be real or
false (i.e. FCC) utilizing individual bands or band ratios. In
these respect, band ratios, band or PC combinations have been
explored as a means to distinguish lithology. Examples using
band ratios are: Kaufmann ratio (7/4, 4/3, 5/7), Chica—Olma
ratio (5/7, 5/4, 3/1) using Landsat bands (Mia and Fujimitsu,
2012), Sabin’s ratio (5/7, 3/1,3/5) (Sabins, 1997), while Abdeen

et al., (2001) investigated ASTER band ratio combinations in
mapping geology for arid regions and concluded that the ratios
(417, 4/1, 2/3*4/3) and (4/7, 4/3, 2/1) were equivalent to
Landsat Sultan (5/7,5/1, 5/4*3/4 ) and Abrams (5/7, 3/1, 4/5)
combinations respectively. Similarly using band combinations,
ASTER combination (731) was found to be the equivalent of
Landsat (742), the ARAMCO combination by (Abdeen et al.,
2001) and was used to outline lithological units as well as
structural and morphological features. Laake, (2011) using
Landsat multi-band RGB 742, distinguished clearly between the
basement rocks, the Mesozoic clastic sedimentary rocks and
coastal carbonates, while the difference between bands 4 and 2
highlighted difference in lithology between pure limestone and
more sand cover. However, ASTER sensor having 6 bands in
the SWIR and 5 bands in the thermal region, has many possible
combinations and performs better in lithology discrimination
compared to Landsat imagery (van der Meer et al., 2012).

The use transformed data space using methods such as PCA and
ICA, help to decorelate band information while separating data
along new component lines which can further be enhanced by
visualizing the new components in FCC. Abdeen and
Abdelghaffar, (2008) used PCs (123) in a FCC and was able to
discriminate among sepentinites, basic metavolcnics, cal-
alkaline granites and amphibolites rock units. Wahid and
Ahmed,( 2006) using PCP (321) identified most promonent
geomorphologic units and various landform features among
them: fluvial terraces, fossili-ferous reefs, alluvial fans, desert
wadis, salt pans and sabkhas, spits and sand bars, and
submerged reefs. Perez et al., (2006) who tested various image
processing algorithmns including tasseled cap and NDVI
spectral indices, recommended the following enhancement
techniques for geological applications: image sharpening, PCA,
decorrelation stretch, Minimum Noise fraction, Band ratio,
shaded relief and epipolar stereo. The use of PC can serve as
optimized input data for guiding a classification in geology
mapping. Ott et al., (2006) implemented such a classification
using GIS analysis to implement favourability mapping for the
exploration of copper minerals. Other analysis which have been
utilized are neural networks (e.g. Harris et al., 2001) and use of
DEM to aid lineament extraction (e.g. Chaabouni et al., 2012;
Favretto et al., 2013).

Lineament mapping is an important part of structural geology
and they reveal the architecture of the underlying rock basement
(Ramli et al., 2010). Lineament extraction involve both manual
visualization and automatic lineament extraction through
softwares such us PCl GeoAnalyst, Geomatica, Canny
algorithm (e.g. Marghany and Hashim, 2010) and Matlab (e.g.
Rahnama and Gloaguen, 2014). Application of filters
(directional, laplacian, sobel, prewitt kernels) on particular
bands or RGB combinations have been explored (e.g. Abdullah
et al., 2013; Argialas et al., 2003; Kavak, 2005; Suzen and
Toprak, 1998). Hung et al., (2005) compared Landsat ETM+
and ASTER in the quality of the extracted lineaments and
concluded that the higher the spatial resolution the higher the
quality the lineament map. Thus image fusion with Landsat
band 8 or use of Landsat band 8 improves the number of
lineament extracted. For example, Qari et al., (2008) extracted
the structural information from Landsat ETM+ band 8 using
PCl GeoAnalyst software by applying edge detection and
directional filtering followed by overlaying with ASTER band
ratio 6/8, 4/8, 11/14 in RGB to create a geological map. Kocal
et al., (2004) extracted lineaments using Line module of PCI
Geomatica from band 8 but defined the direction of the
lineaments manually. The presence of vegetation cover, rapid
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urbanization, extensive weathering and recent non-consolidated
deposits may hinder the detection of lineaments thus the need
for ground truthing or earlier satellite images (Ramli et al.,
2010).

3. METHODOLOGY
3.1 Study area

The study area covers the central region, part of the Rift-valley
and Eastern provinces of Kenya and ranges from longitude
35°34°00"E to 38°15°00"E and latitudes 0°53°00"N to
2°10°00"S (Figure 1). Within the study area are three important
water towers forming the Kenya highlands thus the terrain
varies from highly rugged mountainous terrain, with deep
incised river valleys and narrow ridges to gently sloping
savannah plains and plateau. The altitude ranges from 450m to
5100m above mean sea level. Soil formation is mainly
attributed to deep weathering of rocks where, (Ngecu et al.,
2004) noted three main soil types: nitosols, andosols and
cambisol. Landslides triggered by rapid soil saturation are
common during the wet seasons (March-May, October to
December) and thus factors affecting landslides have gained
increasing attention by many researchers (Maina-Gichaba et al.,
2013; Mwaniki et al., 2011; Ngecu and Mathu, 1999; Ogallo et
al., 2006).
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Figure 1: Map of the Study area

3.2 Data description and image enhancements

Landsat 8, (OLI , year 2014) and Landsat 7, (ETM+, year 2000)
, scenes p168r060, p168r061 and p169r060 free of cloud cover
for the year 2000 were downloaded from USGS web site page
and pre-processed to reduce the effects of haze before
mosaicing and subsetting. The following image enhancement
techniques were applied to each of the Landsat imagery: PCA,
ICA, Band rationing, RGB band combinations, decorrelation
stretch, IHS transform of RGB combinations having the highest
contrast. In general combinations involving bands from each
spectral region (i.e. visible, mid infrared and SWIR II) were
found to have most contrast on lithological features, thus
Landsat 7, RGB 573 and Landsat 8, RGB 674 were enhanced

further using decorrelation stretch and IHS transformation. PCA
was formed using all Landsat bands and Factor loading done to
determine the PC containing most information from bands 7,5,3
for Landsat 7 and bands 674 for Landsat 8. PC combination
(1,3,5, Figure 2) for Landsat 7 and combination (2,4,5) and
(3,4,5) for Landsat 8 were found to enhance lithological
features and were compared to band ratio combinations. A
slight variation of the same was achieved using an FCC
comprising: IC and PC with the most geological information as
the Red and green channels while the blue channel was the
saturation band the IHS transform of RGB combinations (573)
for Landsat 7 (Figure 3) and (674) for landsat 8.

Figure 2: FCC PC (1,3,5) Landsat 2000

[ IC1, PC5, Saturation Band (IHS 573), Landsat 7, Year 2000, Central Region of Kenya

Figure 3: FCC {IC1,PC5, Saturation Band (573)} Landsat 7
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Band rationing and combinations with most contrast were also
investigated using Drury, (1993) principle whereby, for bands
ratios involving geology, a higher band is divided by a lower
band. From Algebra combinations and permutations, Landsat 7
having 6 bands (1-5,7) and only 3 bands in an RGB
combination, there were possible 20 combinations. However, it
was observed that contrast increased with use of bands in
different spectral regions and using the bands 5,7,3 as
numerator for Landsat 7 and bands (6,7,4) as numerator for
Landsat 8. Thus combinations (3/2, 5/1, 7/3, Figure 4) or (3/2,
5/1, 7/4) for Landsat 7 and (4/3, 6/2, 7/3) were found to have
the best contrast and they formed the input for classification.

Band Ratio Combination (3/2, 5/1, 7/3), Langsat 7, Year 2000, Central Region Kenya
e

e Metlers
50000 0

1: 1850000

Figure 4: Band ratio combination (3/2, 5/1, 7/3), Landsat 7

3.3 Knowledge based classification using band ratios

The classification utilised band ratios (5/1, 5/4, 7/3 and 3/2) for
Landsat 7 and band ratios (4/3, 6/2, 7/3) for Landsat 8. Colour
contrast in the band ratio combination, formed the basis for the
classes to be mapped. Enquiry of the RGB values was done at
possible classes to establish class boundaries which were
entered in to the knowledge base engineer and saved. The
Landsats subset images were then input and the classification
run specifying the knowledge base engineer files. The
boundaries were adjusted each time after a trial classification
until all the cells were classified. The results are presented in
section 4.

3.4 Lineament extraction

The basis for lineament extraction was enhanced texture
property which was found in band ratio 5/1 and 6/2 for Lands 7
and 8 respectively. In addition, using band 8 which has 15m
spatial resolution increased the chances of extracting a higher
number of lineaments. Thus, a non directional, sobel edge
detector was applied to both band 8 and band ratios ratio 5/1
and 6/2 with a multiplicative factor of 3 for slight enhancement.
Thresholding was applied to the resulting files and band 8 and
band ratio results for each year were combined into a single file.
The result was overlaid to the classified geological map as
presented in section 4. Another method which was found to

emphasize lineament features was extracting edges from bands
5 and 8 using sobel edge detector and combining them in RGB
combination where slope was the third band.

4. RESULTS AND DISCUSSIONS
Figures 5 and 6 were the results obtained after running the
knowledge base classification in section 3.3 and they represent
the lithology of the study area.
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Figure 5: Geology classification map, Landsat 7
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Figure 6: éeology classification map, Landsat 8
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Figures 5 and 6 compare well visually to their input RGB

combinations e.g. Figure 4. However it can be noted that slight 0IVE SGOE
improvement was realised by using band 5/4 in the Geology map overlaid with lineaments, Landsat 8,
classification so that water clay minerals were mapped out and Yoar 2014, Cantral Region of kenya
consequently more water types discrimination was possible with
Landsat 7. On the other hand, Landsat 8 classification only used
only one band in the visible region and therefore it
discriminated more lithology components compared to Landsat
7. This can be explained by the use of two band in the SWIR
spectral region (Bands 6 and 7) in the ratio combination for ]| i
Landsat 8 while, Landsat 7 has only band 7 as the geology Legend
band. Y
Landsat 8 classification therefore mapped out the following
extra rock classes: Basic metamorphic, classic sediments,
organic and organic unconsolidated. To achieve a complete -
structural geology map, the classifications were overlaid with é:ﬂ:‘::, ,&
the extracted lineaments as shown in figures 7 and 8 below. Acidic igneous N
Intermediate Igneous
36"0|'0"E 38°q'0"E ~ | untrabasic igneous
Geology map overlaid with lineaments, Landsat 7, JII Pyrociastic Uncosolidated
Year 2000, Central Region of kenya | Eulian uncosolidated
. Acidic Metamorphic —_—
fgvf r T Fuvial [aove

Basic metamorphic
Classic sediments
Organic

Organic unconsolidated

0

45 90 180 Kilometers

Loc0'0" Clear Water

Turbid shallow water

Figure 8: Structural geology map, Landsat 8

The RGB comprising edges from band ratio 5/1, band 8 and
slope (Figure 9), achives visualization of the lineaments through

Low: 0,299 a shaded relief. However, band 8 effect is captured as it

- ‘f’ ’X overlaps with bands 4 and 2, which are mainly vegetation
Pyroclastic unconsolidated v N bands. Therefore the lineamnets on vegetated areas are not as
Acidic Igneous clear.

|| Intermediate Igneous
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Figure 7: Structural geology map, Landsat 7

It can be noted that while image enhancement method through
principal component analyses enhanced feature discrimination
as in figure 2, band ratio combination performed better both in
the visualisation and discrimination ability. This is explained by
the fact that PCA is also a data reduction/compression method
while band ratio involves the use of the particular bands
contributing to the spectral discrimination of a rock type. On
the other hand, the use of RGB combination involving an IC,
PC and saturation band of the RGB bands contibuting most to
enhancing geology (i.e. Figure3), achived slightly better
visulization of lineaments and landforms compared to RGh with
PCs only (Figure 2). Therefore it has better texture while still
discriminating the major rock units. This idea was bore from
Mondini et al., (2011) who mapped landlides using a
multichange  detection  technique involving an FCC
comprissing: change is NDVI, IC4 and PC4 using Formasat
image.

Figure 9: RGB with edges from band ratio 5/1, Band 8 & slope
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5. CONCLUSIONS

The main aim of this research was to compare the performance
of Landsat 7, ETM+ and Landsat 8, OLI in mapping geology
which has been successful with Landsat 8 performing better at
discriminating more lithological units compared to Landsat 7.
The success can be attributed to Landsat 8, narrower band
widths and the fact that 2 SWIR bands were used in the RGB
band ratio combination as numerators. Image enhancement
through band ratio combination has also been shown to be more
effective in discriminating rock units and their visualization
compared to PCA image enhancement. Knowledge based expert
classification using band ratios was applied with success and
the resulting classification improved band ratio combination
which can only utilize 3 bands at a time.

The use of RGB combination involving an IC, PC and
saturation band of the RGB bands contibuting most to
enhancing geology, was explored as an image enhacement
technique and it has better visualization of lineaments compared
to PC RGB combinations. The extraction of lineaments
depended on the ability to enhance texture which was better in
band ratios 5/1 and 6/2 for Landsat 7 and 8 respectively.
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