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ABSTRACT: Remote sensing data play an important role in production of Land Use and Land Cover maps
and this can therefore be managed through a process called image classification. Image classification is a way
of allocating land cover classes into pixels while image identification/recognition is a way of detecting and
identifying an object or a feature in a digital image. This paper examines image classification and identification
using Remote Sensing and GIS. An unsupervised classification based method was used for this study which
involved image interpretation using image processing software and separates a large number of unknown pixels
based on their reflectance values into classes. The objective of image classification is to identify and portray, as
a unique gray level (or color), the features occurring in an image in terms of the object or type of land cover
these features actually represent on the ground. Three classes identify in this study are the Soil, Water and
Vegetation. Landsat 8 ETM+ Satellite imagery with 512 x 512 dimension was used in classifying the image into
class type. Further analysis on classification and identification was done using IDRISI 17.0 (selva edition) and
ArcGIS 10.2 (Arcmap 10.2) software. Composite map that classify the pixel in the image and their corrected
band, Graphical relationship between atmospheric effect and signal wavelengths of the bands for the extracted
region selected and chart for the brightness value were produced. It was concluded that water has the highest
percentage in volume than others.
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I. INTRODUCTION

Image Classification is defined as the process of categorizing all pixels in an image or raw remotely
sensed satellite data to obtain a given set of labels or land cover themes [1]. The purpose of the classification
process is to group all pixels in a digital image into one of different land cover classes/themes. This grouped
data can be used to produce thematic land cover maps present in an image. In a usual way, multi-spectral data
are the best to use in carry out the classification. Indeed, the existing spectral pattern within the data for each
pixel is used as the numerical basis for categorization [1]. The most important part of digital image analysis is
image classification. A quality image shows a magnitude of colors illustrating various features of the underlying
terrain. [2]. In image classification, supervised classification identifies the Information classes examples (i.e.,
land cover type) of interest in the image and these are known as training sites. A statistical characterization of
reflectance for each information class will then be developed using image processing software and this stage is
known as signature analysis stage and this involve the development of characterization as the rage of reflectance
on each bands, or as complicated as comprehensive analyses of the mean, variances and covariance above all
bands. Once a statistical characterization has been developed and achieved for each information class, then the
image will be classified by examining the reflectance for each pixel and making a decision about which of the
signatures it resembles most. [3]

Till this present time, regional land use land cover maps is required to produce for the variety of
purposes of government, public, private, and national security applications besides to support regional landscape
planning and resource management [4].However, there are two broad types of classification procedure and each
finds application in the processing of remote sensing images: one is referred to as supervised classification and
the other one is unsupervised classification. These can be used as alternative approaches, but are often combined
into hybrid methodologies using more than one method [5].
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[4] states that various classification approaches have been developed and widely used to produce land
cover maps and are range in logic, from supervised to unsupervised; parametric to nonparametric to non-metric,
or hard and soft (fuzzy) classification, or per-pixel, sub-pixel, and pre-field [6], [7].

Unsupervised image classification is a method in which the image interpreting software separates a
large number of unknown pixels in an image based on their reflectance values into classes or clusters with no
direction from the analyst [8].

Unsupervised classification is a method which examines a large number of unknown pixels and divides
into a number of classes based on natural groupings present in the image values [9]. Besides, unsupervised
classification is easy to apply, does not require analyst specified training data and is widely available in image
processing and statistical software packages; moreover it automatically converts raw image data into useful
information so long as there is higher classification accuracy [10], but one disadvantage of this classification is
that the classification process has to be repeated if new data (samples) are added.

High results have been achieved using hybrid classification in a combination of unsupervised
classifications (ISODATA) and Maximum likelihood as supervised to produce land cover maps by using multi-
temporal Landsat images (TM) in Northeast Cairo, Egypt.[11]. Landsat 8 Operational Land Imager (OLI) and
Thermal Infrared Sensor (TIRS) are instruments onboard the Landsat 8 satellite which was launched in February
of 2013. The satellite gathered together images of the Earth with a 16-day repeat cycle, referenced to the
Worldwide Reference System-2. The satellite’s acquisitions are in an 8-day offset to Landsat 7 [12]. The
approximate scene size is 170 km north-south by 183 km east-west (106 mi by 114 mi).

The spectral bands of the OLI sensor, while similar to Landsat 7°’s ETM+ sensor, provide enhancement
from prior Landsat instruments, with the addition of two new spectral bands: a deep blue visible channel (band
1) specifically designed for water resources and coastal zone investigation, and a new infrared channel (band 9)
for the detection of cirrus clouds. Two thermal bands (TIRS) capture data with a minimum of 100 meter
resolution, but are registered to and delivered with the OLI data product. (See Landsat satellite band
designations for more information.)

A multi-spectral sensor imageries example is Landsat 8 and it produces 11 images with the following bands:
Band 1: Coastal aerosol (0.43-0.45 um)

Band 2: Blue (0.45-0.51 um)

Band 3: Green (0.53-0.59 um)

Band 4: Red (0.64-0.67 um)

Band 5: Near infrared NIR (0.85-0.88 um)

Band 6: Short-wave Infrared SWIR 1 (1.57-1.65 um)

Band 7: Short-wave Infrared SWIR 2 (2.11-2.29 um)

Band 8: Panchromatic (0.50-0.68 um)

Band 9: Cirrus (1.36-1.38 um)

Band 10: Thermal Infrared TIRS 1 (10.60-11.19 um)

Band 11: Thermal Infrared TIRS 2 (11.50-12.51 um)

Each band has a spatial resolution of 30 meters with the exception of band 8, 10 and 11. Band 8 has a spatial
resolution of 15 meters. Band 10 and 11 has spatial resolutions of 100 meters. Therefore, this study aimed at
analyzing number of unknown pixels based on their reflectance values into classes using Remote Sensing And
GIS Application.

Il. MATERIALS/METHODS
3.1 Materials
The material used for this study are both the hardware and software and they are;
3.1.1 Hardware
e Laptop Computer
e 32 gigabite hard drive
3.1.2 Software
Landsat Imagery

e Arc GIS 10.2 (ArcMAP)
e [DRISI 17.0

e  Microsoft Word Office
3.2 Methods

The method adopted for this study was based on the use of LandSat 8 ETM+ imagery with the
extraction of around 512 x 512 pixels containing Vegetation, Soil and Water were identified (fig. 10).
Importation of the image to Idrisi 17.0 was done and selection of the GeoTIFF option, since the software version
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doesn’t support Landsat-8 directly and the result of importation of image into IDRISI format for each Bands 2,
3, 4. Red, Green and Blue respectively were generated (fig. 1, 2, 3, 4, 5). Identification of each classes was
done by carrying out the following;

e Training of signature class of extracted image.

e Making of signature file for each class trained.

o MAKESIG report for three feature classes trained. (fig. 8)
[ ]

Parallelepiped classification of extracted image with threshold values of Vegetation 30, Water 20 and Soil
25. (fig. 9)

Composite for bands 4,3,2 (true color) was done with a final dimension of 512 x 512 x 3. After performing
parallelepiped classification based on the spectral signature reflectance, vegetation, water and soil classes were
effectively identified (fig. 10). The classification showed that water had the highest percentage in volume.
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Figure 1: Importing of image into IDRISI software environment using the LANDSAT Government/Data
Provider Formats.
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Figure 2: Selection of the GeoTIFF option, since the software version doesn’t support Landsat-8 directly.
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Flgure3 Result oflmportatlon of image into IDRISI format. Bands 2, 3, 4. Red, Green and Blue respectively.
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Figure 4: Composite of 4, 3, 2 in RGB channels, for true color combination.
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Flgure 5: Composite generation.
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Figure 6: Composite image is loaded in the ArcGIS environment in order to clip out needed region.
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Figure 7: Composite region clipped out.

D170 Ty St e =)
G Dupey Gihemym Veddey bragitmiseg Meure Oaslmy Wedoo Ler iy
CEBUE 27 ..Ff i adad §2°9 D esiiaEee by oy
i iy, e
8 A |
COmpO‘“E b234 |t Sl setaciag Dom LCE1 ALY ) 1360 G000 _ALTH vl
v WEITTTNE.
My
\ T by
,-J s s 1
:
'
@ e v
2 UEEs 2
3 1 YTHS
- wew
s ¢
treies
e "
Snoas | IEEEE_ ] PacOwme . ]
|
L .
CRNT L T

Figure 8: MAKESIG report for three feature classes trained.
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Figure 9: Parallelepiped classification with threshold values of Vegetation 30, Water 20 and Soil 25.

RESULT AND ANALYSIS

Figure 10: Side-by- S|de comparlsonlldentlflcatlon of spectral signature with Magenta as soil, Red as vegetation
and Yellow as deep-shallow water.

Histogram of Number of pixels vs. Brightness value for each of the Blue, Green, Red and NIR bands
extracted were drawn with class width of 20 ( fig. 11a-d). The graphic data type was generated and used to
produce the histogram for each band.
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Figure 11a: Histogram for Band 5 at a Class width of 10.
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Figure 11b: Histogram for Band 4 at a Class width of 10.
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Figure 11c: Histogram for Band 3 at a Class width of 10
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Figure 11d: Histogram for Band 2 at a Class width of 10.

The relationship between atmospheric effect and signal wavelength for an assumption of some pixels at
or close to zero. And also determination of atmospheric effect corrections to each band and application of those
corrections obtained were done.
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Relationship between atmospheric effect and signal wavelength for the extracted bands was done. A spectral
library was built for the bands of the extracted LandSat image and then with a wavelength unit in Nanometer.
Below is a graphical representation that shows the relationship for the bands of their atmospheric effects and
their signal wavelength in Nanometer. (Fig. 12)

Figure 12: Graphical relationship between atmospheric effect and signal wavelengths of the bands for the
extracted region selected.

Correction for atmospheric effect to be applied to each band and its application

The reflectance data p (L)
IpGoas.uda

Pl )= S

Is.godan

Radiance conversion of digital numbers can be achieved using sensor calibration coefficients. Digital number
(DN) of satellite data was converted into spectral radiance (Li) using prelaunch calibration coefficients then the
top of atmosphere (TOA) reflectance (p (Ai)) for each spectral bands (figure 12a-d) were computed by
converting spectral radiance to reflectance as,

/T]_l d 2
P 3=
E: Coso
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Figure 12a: Correction for band 2 (Blue) of extracted region using the Lmin/Lmax specifications.
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Figure 12b: Correction for band 3 (Green) of extracted region using the Lmin/Lmax specifications.
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Figure 12c: Correction for band 4 (Red) of extracted region using the Lmin/Lmax specifications.
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Figure 12d: Correction for band 5 (NIR) of extracted region using the Lmin/Lmax specifications.

Comments on visual identification on the classes
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Figure 13: Corrected Original

From the (fig. 13) above for band 2 (Blue), it is observed that after the correction for atmospheric effects by
conversion of the DN values to radiance, it is observed that the soil class is more enhanced being the brightest in
visual appearance but the water feature is well distinguished.
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Figure 14: Correcte

From the (fig 14) above for band 3 (Green), it is observed that after the correction for atmospheric effects by
conversion of the DN values to radiance, it is observed the vegetation feature is well distinguished.
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From the (fig. 15) above for band 4 (Red), it is observed that after the correction for atmospheric effects by
conversion of the DN values to radiance, it is observed the vegetation and soil feature is well distinguished.

Figure 16: Corrected Original

From the (fig. 16) above for band 5 (NIR), it is observed that after the correction for atmospheric
effects by conversion of the DN values to radiance, it is observed the vegetation feature is well distinguished as
it has the best enhancement for visual interpretation.
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Figure 17: Brightness values of Infrared vs. Red Bands.

*Corresponding Author: Gbola K. Adewuyil* 65 | Page



Remote Sensing And Gis Application in Image Classification And Identification Analysis.

From (fig. 17) above, the pixel values of the infrared are higher. Also, compared to the grouping done in one,
vegetation would be reflected more with the band 5 which is in the infrared region of the electromagnetic
spectrum.

IV. CONCLUSION

Remote sensing in production of Land Use / Land Cover maps is very important and this can be
achieved through a process known as Image Classification. The use of Landsat imagery cannot be
overemphasized in Image Classification and identification in the producing of surface land cover map at
regional, national and international scale, multiple use of remote-sensing features information with spectral,
spatial, multi-temporal, and Multi-sensor, building and use of an complex classification algorithms, such as pre-
field, sub-pixel, and knowledge-based classification algorithms, and lastly embodied of ancillary data into
classification processes, such as topography, soil, road, and census data. For this study, it can be concluded that
Landsat image was use effectively to classify and identify each band and the correction made were used to
distinguished one from the other for the selected classes (Soil, Water and Vegetation).

V. RECOMMENDATIONS
The authors recommend the following;
e Landsat imagery should be employ in analysis of land use/land cover map
e The use of Geographical Information System and application software in production of new thematic map
showing land cover/land use cover should be encouraged
e Applications of Land use cover should be encouraged by government, public, private, and national security
to support regional landscape planning and resource management
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