Bulletin of Natural Sciences Research
Vol. 11, No. 1, 2021, pp. 29-37.

ISO CLUSTER CLASSIFIER BY ARCGIS FOR UNSUPERVISED
CLASSIFICATION OF THE LANDSAT TM IMAGE OF
REYKJAVIK

POLINA LEMENKOVAY

Schmidt Institute of Physics of the Earth, Russian Academy of Sciences. Department of Natural Disasters, Anthropogenic
Hazards and Seismicity of the Earth. Laboratory of Regional Geophysics and Natural Disasters. Moscow, Russian
Federation

ABSTRACT

The paper presents the use of the Landsat TM image processed by the ArcGIS Spatial Analyst Tool for
environmental mapping of southwestern Iceland, region of Reykjavik. Iceland is one of the most special Arctic
regions with unique flora and landscapes. Its environment is presented by vulnerable ecosystems of highlands
where vegetation is affected by climate, human or geologic factors: overgrazing, volcanism, annual temperature
change. Therefore, mapping land cover types in Iceland contribute to the nature conservation, sustainable
development and environmental monitoring purposes. This paper starts by review of the current trends in remote
sensing, the importance of Landsat TM imagery for environmental mapping in general and Iceland in particular,
and the requirements of GIS specifically for satellite image analysis. This is followed by the extended
methodological workflow supported by illustrative print screens and technical description of data processing in
ArcGIS. The data used in this research include Landsat TM image which was captured using GloVis and
processed in ArcGIS. The methodology includes a workflow involving several technical steps of raster data
processing in ArcGIS: 1) coordinate projecting, 2) panchromatic sharpening, 3) inspection of raster statistics, 4)
spectral bands combination, 5) calculations, 6) unsupervised classification, 7) mapping. The classification was done
by clustering technique using ISO Cluster algorithm and Maximum Likelihood Classification. This paper finally
presents the results of the ISO Cluster application for Landsat TM image processing and concludes final remarks
on the perspectives of environmental mapping based on Landsat TM image processing in ArcGIS.The results of
the classification present landscapes divided into eight distinct land cover classes: 1) bare soils; 2) shrubs and
smaller trees in the river valleys, urban areas including green spaces; 3) water areas; 4) forests including the
Reykjanesfolkvangur National reserve; 5) ice-covered areas, glaciers and cloudy regions; 6) ravine valleys with a
sparse type of the vegetation: rowan, alder, heathland, wetland; 7) rocks; 8) mixed areas. The final remarks
include the discussion on the development of machine learning methods and opportunities of their technical
applications in GIS-based analysis and Earth Observation data processing in ArcGIS, including image analysis
and classification, mapping and visualization, machine learning and environmental applications for decision
making in forestry and sustainable development.
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The paper presents the use of the Landsat TM image
processed by the ArcGIS Spatial Analyst Tool for raster data
processing, band calculations and classification. The Landsat
TM imagery presents so far one of the most widely used
launched programs on satellite based Earth Observation.

The Landsat was launched in July 23, 1972 under the
name of Earth Resources Technology Satellite (ERTS-1), and
then renamed as Landsat 1 in 1975. Since then the Landsat TM
satellite images continues to play an important role in remote
sensing domain as an open source reliable data (Woodcock et
al., 2008; zhu et al., 2019). As a result of such successful
development, by January 1, 2015 the USGS Landsat archive
already contained an impressive data pool of 5.5 million
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images with a global coverage and open access availability
(Wulder et al., 2016).

Due to its availability and quality, the analysis of the
Landsat TM data presents a variety of existing applications
(Cao et al., 2020; Lemenkova, 2011, 2015, 2020c, 2020d; Foga
et al., 2017; Nagol et al., 2015; Healey et al., 2018;
Chowdhury et al., 2021; Homer et al., 2015). With a history of
nearly 50 years of continuous global data collection, the
Landsat mission has a constant development. Current version
include Landsat-8 which is on-orbit and a Landsat-9 which is
being still under development (Wulder et al., 2019).

Applications of the Landsat TM imagery for remote
sensing based mapping are constantly developing due to the
actuality of the environmental monitoring in the land planning
and policy issues (Flood, 2013). A thorough review
summarizing current status of remote sensing of forests and
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forest dynamics using Landsat TM imagery collection is given
by Banskota et al. (2014).

A new approach of Landsat TM images processing is
introduced by Kennedy et al. (2010) to extract spectral
trajectories of land surface change from yearly Landsat time-
series stacks to extract temporal trajectories of spectral data on
a pixel-by-pixel basis.

The application of ArcGIS based analysis of the habitat
and agricultural crops using Landsat 8 by Maximum
Likelihood algorithm of the supervised classification is
presented by Herbei & Sala (2016). Examples of other
application of the Landsat TM are given by a variety of papers
(Townshend et al., 2012; Lemenkova, 2011, 2014a, 2014b,
2016; Qiu et al., 2019; Goodwin et al., 2013; Vermote et al.,
2016) that were considered in this study.

GIS analysis and remote sensing (RS) methods are
effective tools for thematic mapping of forest changes enabling
better understanding of environmental dynamics (Valjarevi¢ et
al., 2018). On the other hand, modelling and artificial
computer based simulations support GIS research being
integral to mapping, graphical visualization and plotting
(Schenke & Lemenkova, 2008; Lindh et al., 2000). Modelling
can be applied for the ecological management, mapping, and
visualization of crucial information necessary for sustainable
environmental prognosis  (Vuollekoski et al., 2015).
Furthermore, RS applications are applied in predictive
modelling, analysis of water quality, and studies on global
adaptation to climate change (Tomaszkiewicz et al., 2015).

Using machine learning (ML) algorithms in Remote
Sensing (RS) data processing, such as I1SO cluster classifier is
an effective, accurate and promising tool enabling to perform
automatic land cover mapping. A wide variety ofdisciplinesin
Earth sciences apply advanced ML methods for data
processing (Zhong & Zhang, 2012; Lindh & Winter, 2003;
Lemenkova, 2019b). These include such domains as landscape
studies, geology, environment, remote sensing, marine and
ocean research and civil engineering to mention a few
(Valjarevi¢ et al., 2020; Lindh, 2001, 2004; Lemenkova, 2019c,
2019d). Application of ML for environmental research
presents a promising interdisciplinary approach and
contributes to the existing regional environmental studies of
Iceland (Thoérhallsdoéttir, 1996; Brombacher et al., 2020).

GIS-based analysis is incorporated into environmental
studies for a variety of mapping purposes. For instance,
thematic maps depicting the exposure to agricultural pesticides
for large areas are produced to alert environmentalists in areas
affected by pesticides, and to estimate high-resolution GIS
information for pesticides-related health problems (Wan,
2015). Maps based on specific remote sensing data pertaining
to various cartographic operations, such as satellite image
classification or assessment dynamics of land cover types in
various years, are necessary to assist environmentalists in the
actual decision making process regarding nature conservation.

Due to the variety of existing GIS software, a selection of
suitable tool is necessary to apply its technical functionality to
the performed operations in image processing and visualization
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for environmental analysis. For this reason, this paper used
ArcGIS as suitable and powerful tool for image processing and
processed Landsat TM image of Reykjavik by a combination
of spectral and panchromatic bands for cartographic
visualization and presented an ISO cluster classifier
classification of the study area to analyse spatial distribution of
the land cover types.

STUDY AREA
Environmental setting

The study area encompasses the southwestern part of
Iceland with its capital Reykjavik (Figure 1). The
characteristics of the vulnerable Arctic ecosystems in Arctic
Iceland include the resilience of the highland environment to
external impact factors including those of climate, human or
geologic character (e.g. annual temperature change,
overgrazing or local volcanism in the seismically active areas).
Among the environmental factors, important conditions are
created by geological setting, e.g. volcanism and local
hydrogeology which controls the glacial landscape evolution
and finally results in the modern topography by sculpturing
geomorphic landforms (Robinson et al., 2008).
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Figure 1. Topographic map of Iceland. Source: author.

The landscapes in Iceland have unique features due to the
mixed flora that includes elements from Greenland,
Scandinavia and Europe. Therefore, the vegetation of Iceland
differs from other part of Arctic and Subarctic (Steindorsson,
1962; Kristinsson, 1986). Mapping such a unique region
implies a contribution to nature conservation with regards to
the protected areas and or threatened species in Arctic.

The relationship between the relief, geologic strata
characteristics and climate factors is finally reflected in the
vegetation coverage. Since the geology of Iceland has some
specifics due to the volcanic activities (Jakobsson, 1979;
Jakobsson et al., 2008), the vegetation has a unique character
due to the underdeveloped soil layer. Volcanic conditions in



the region create special condition of the erosion-prone sandy
and volcanic soils where only specific types of plants can exist
(Arnalds et al., 2001, 2003).

In turn, the surficial geological processes are reflected in
a modern glacial land system context through the glacier
dynamics, ablation, ice cover fluctuation under the impact of
the climate changes and shaping the glacier terrains (Kriiger,
1994). For instance, glaciers and ice sheets largely contribute
to the sediment deposition through the processes of erosion
and deposition of massive quantities of debris. Besides,
subglacial meltwater exerts a control on ice dynamics and
sediment transport (Gerrard, 1985; Russell et al., 2006).

Anthropogenic activities

Apart from the geological and physical geographic
factors, the nature of Iceland experiences certain impacts of the
anthropogenic origin. More specifically, land use pressure in
Iceland is mostly caused by the intense agricultural activities
and cattle grazing. Thus, the degree of degradation in Iceland
has been assessed in various studies with the aim of the
ecosystem change studies (Gisladottir, 2001; Greipsson, 2012).

Environmental significance of lands using GIS for
environmental monitoring plays a crucial role in decision
making and land policy (Klauco et al., 2013a, 2013b). Among
other factors, the selection of the advanced tools for data
processing and visualization is important. Using GIS analysis
of the satellite imagery of the Landsat TM proposes an
effective tool for automated data processing especially useful
for the regions with harsh climate conditions. This study
presents the Landsat TM image processing by using ArcGIS.

METHODOLOGY
Data Capture and Software

The Landsat TM scene was taken from the USGS Global
Visualization Viewer (GloVis), an online search and order tool
for selected remote sensing data (Figure 2).

Figure 2. Data capture through the GloVis repository.

The geographic map of the study area (Figure 1) was
plotted using the GMT scripting cartographic toolset (Wessel
& Smith, 1995) using GEBCO high-resolution raster map
(GEBCO Compilation Group, 2020) by existing methods of
GMT (Lemenkova, 2019a, 2020a, 2020b, 2020c) consisting in
scripting approach in cartographic visualization. The main
cartographic workflow was performed in an ArcGIS, a widely
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used GIS in geosciences (Suetova et al., 2005a, 2005b; Klauco
etal., 2014, 2017).

Data Preprocessing

Before the image processing, a cartographic coordinate
re-projection was performed (Figure 3). The World Geodetic
SystemW GS-1984 Zone 27 was changed to the local
GCS_Reykjavik_1900 EPSG:4657 with accuracy 10.0 m,
which has following WGS 84 bounds: -24.66°W, 63.34N to -
13.38°W, 66.59N and a center coordinate -19.02378948°
64.96335686° which is suitable for mapping of Iceland (Figure
3).

Set00 source

Figure 3. Change of coordinate system WGS84 UTM_27N to
GCS_Reykjavik_1900 in ArcGIS.

This coordinate system is maintained by
Landmaelingar Islands (National Survey of Iceland).

the

Image pan-sharpening

The next step includes a procedure of the pan-sharpening
which has been performed using ArcGIS menu with a
following path:

ArcToolbox> Data Management Tools> Raster>Raster
Processing> Create Pan-sharpened Raster Dataset (Figure 4).

Figure 4. Pan-sharpening Landsat TM by a combination of
spectral and panchromatic bands. Source: author.

The pan-sharpening (panchromatic sharpening) of the
Landsat TM satellite image follows the principle of taking the
best qualities of each band to achieve a better output result.

More specifically, it is a technique that combines the
high-resolution panchromatic band with a high level of
precision (panchromatic band has a resolution of 15 m per
pixel, which is twice as detailed as the individual spectral
bands) with the lower-resolution yet color information of
spectral bands (30 m resolution in visible bands). Such a
combination provides a more detailed and precise image, as
shown in Figure 4. The pan-sharpening type was selected as
ESRI and a band combination is 7-4-2.



Other parameters for the pan-sharpening include nearest
resampling method, and creating pyramids for quicker raster
processing. The cartographic coordinate system is PROJCS
[WGS-1984 Zone 27N], geographic  Transformation
NAD_1927_To_NAD_1983_NADCON (North  American
Datum). These and other technical details were checked up in
Compute Pan-sharpen Weights menu, as well as Calculate
Statistics and Get Raster Properties menus of Data
Management Tools of the ArcGIS.

Hence, the precision was set up as the highest (Figure 4).
The raster statistics and properties after the pan-sharpening are
checked by the menu of ArcGIS (Figure 5).

bt

Figure 5. Raster statistics after pan-sharpening.
ISO Cluster Classifier

The next step included an unsupervised classification by
ISO Cluster Classifier using ArcGIS (Figure 6 and 8).
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Figure 6. Menu of Spatial Analyst Tools, Segmentation and
Classification, ArcGIS. Source: author.

Figure 7. Color composites of the Landsat TM 7 bands in
ArcGIS. Source: author.

Various methods of satellite image processing exist and
described in the literature (Abburu & Golla, 2015;
Schowengerdt, 2007; Lemenkova, 2013a). Due to the benefits
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of image classification, it is common for remote sensing
analysis to adopt various existing approaches of classification
(both supervised and unsupervised) of Landsat TM image.
Among the variety of classification methods one should
mention the following ones: unsupervised K-mean and
ISODATA, random trees, supervised learning methods such as
vector machine classifier, maximum likelihood to mention a
few.

Landsat TM image classified by ISO Cluster Classifier method, ArcGIS
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Figure 8. Results of the ISO Cluster Classifier classification,
ArcGIS. Source: author.

The ISO Cluster Classifier was selected in this research
due to its straightforward and machine-based approach with
minimized human intervention. The menu of the selected
parameter is presented in Figure 6. First, the Train 1SO Cluster
Classifier was performed in the selected color composite bands
with the created output file ISO_arcGIS.ecd, which is an ESRI
classifier definition file (Figure 6, left).

Using this file, the ArcGIS classifies a raster dataset
inputs using the generated ecd file which contains all the
information to perform an ESRI-supported classification
(Figure 6, right). After that, the image was processed using the
embedded algorithm of ESRI (Figure 8).

RESULTS AND DISCUSSION
Image analysis

The unsupervised classification made using ArcGIS used
archived, high-resolution pan-sharpened Landsat TM 7
satellite image to classify and distinguish where vegetated
habitats, urban areas, and bare soils exist and if vegetation
areas can be separated into several sub-classes. The research
focused on the region bordered by 18°-24°W, 63°-65.2°N and
includes Reykjanesfolkvangur National reserve with various
land cover types that include volcanic products (lava
formations and crater lakes), bird cliffs and geothermic fields.
The impact of volcanism was detected in the origfin of dust



sources in the soils of Icelands, which includes basaltic
volcanic glass (Arnalds, 2004, 2010).

Another special object includes the Pingvallavatn
(Thingvallavatn), a rift valley lake in 21,09°W, 64,11°N. With
a surface of 84 km? it is the largest natural lake in Iceland of
volcanic origin with the greatest depth at 114 m located near
the Thingvellir National Park. The geologic setting includes
cracks and faults with the Almannagja ravine as the largest.
North of Reykjavik there is a 30-km long Hvalfjordur fjord
which was clearly detected on the image together with other
water areas.

Interpretation of color compositions

The unsupervised classification

The original Landsat TM image was processed and color
composites were created using various band combinations
(Figure 7). A variety of band combinations provide additional
information on the objects that can be highlighted by the
correct colors.

When interpreting the results of the land cover
classification it can be discovered that classifying spectral
reflectance of pixels by the machine learning made fewer
errors comprehending land cover types and distinguishing
betwen landscape classes than it did with human-based GIS
classification (e.g. supervised learning methods). Thus, as can
be seen in Figure 7, the color composite 4-3-2 (upper row, left
in Figure 7) provides a false color composite suitable for
detecting vegetation coverage.

o An effective composition is achieved by the bands 1-3-

5 (upper row, center in Figure 7). that gives the bright
yellow color for the ice-covered regions, which can be
suitable for glaciological studies, e.g. assessment of
glacier retreats by comparison of ice coverage in
various dates. Such a bright highlighting of glaciers can
be distinguished on the image and processed further by
methods of image classification.

e The ‘natural with atmospheric removal’ is achieved by
combination of 7-5-3 (upper row, right in Figure 7).

e The false color composite (Figure 7) uses a band
combination 4-3-2 where the vegetation performs in
bright crimson red colors.

e The color infrared (vegetation) composition is achieved
by 5-4-3 bands (lower row, left in Figure 7).

e The behavior similar to this band composition can be
seen on a combination 7-4-2 (lower row, right in Figure
7). The difference between the both consists in brighter
and greener (more natural-looking) vegetation in the 7-
4-2 composition.

e The combination of natural colors is achieved by the
bands of 3-2-1 (lower row, center in Figure 7).

Unsupervised classification

The unsupervised classification based on the color
composites does not require creating training points and is a
fully machine learning approach (Figure 8). The clustering
algorithms here was used to build training sites for a without
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using field survey data. The advantage of the Iso Cluster
approach consists in its combination of the functionalities of
the Iso Cluster and Maximum Likelihood Classification. The
output classified raster implies creating of the signature file.

As evident in Figure 8 (Results of the ISO Cluster
Classifier classification), a high degree of distinguisheability in
classes of land cover types used in a landscape context reflects
spectral reflectance properties of various surfaces on Earth.
The ISO Cluster unsupervised classifier is based on the nine
selected classes of which eights classes represent ‘land cover
types’ and one class shows technical ‘no values’ for the rest of
the pixels (this corresponds to the technical noises on the
images).

This study considered published literature on remote
sensing and environmental mapping that described the
standardised approaches to land cover types detection and
interpreting the results. The resulting 8 classes (plus the ‘no
data’ class colored by white areas) are well associated with the
land cover types distributed over the area of Reykjavik and
surroundings (Figure 8).

1.The first class (dark green colors) is classified as bare

soils.

2.The second class (light green colors) shows shrubs and

smaller trees mostly located in the river valleys, as well
as urban areas including green spaces.

3.The third class (blue color) clearly detected water

areas.

4.The forth class (yellow colors) shows forest areas: for

instance, the Reykjanesfolkvangur National reserve is
included in this class.

5.The fifth class (sandy beige color) means ice-covered

areas and cloudy regions on the image. This class also
includes some misclassified types of vegetation and
water areas with high spectral reflectance that can be
assigned to these classes.

6.The sixth class (beige color) shows the ravine valleys

with a special, mostly sparse type of the vegetation
distributed over the study area: rowan, alder, heathland,
wetland and other and other similar types of grasses,
e.g. Nootka lupin (Lupinusnootkatensis), distributed
due to the limited soil development in Iceland and
Nordic climate.

7.The seventh class (orange color) shows bare rocks.

8.The eights class (crimson red color) has a very rare

occurrence and mostly shows mixed areas of the land
cover types.

The demonstrated benefit of machine learning in ArcGIS
based environmental studies is that resulting map is more
accurate, objective and independent in terms of interpreting
land cover types than when applying human based supervised
classification methods for image processing. The study shown
that complex and heterogeneous landscapes may be classified
with the improved technical options of ArcGIS that include
both cartographic and remote sensing functionality available in
ArcToolbox of ArcGIS.



DISCUSSION
Perspectives

In Iceland, vegetation distribution can be qualitatively
differentiated and have a wide variety of types. These inlcude
rocky landscapes, ice-covered areas, volcanic sands and water
bodies. Using spectral data of these land cove types can
support environmental monitoring. In contrast, selected land
cover types (vegetation types) could not be classified and they
are merged with other land cover types due to the spectral
reflectance properties similar to these types. This highlights the
importance of sufficient information for a better classification.
This can includespecial data on forest types and clarity of
image with regards to cloudiness.

The study has implications for the monitoring,
conservation and management of land cover types in
southwestern coastal region of Iceland around Reykjavik and
other vegetated habitats. The results presented a map of the
land cover types based on the unsupervised classification (a
machine learning approach) performed in ArcGIS Desktop
10.7 Spatial Analyst. The study provided a land cover types
map with eight machine-separated classes, and a classification
framework using a ‘Train IDSO Cluster Classifier’. This
approach requires no fieldwork neither creating training
samples, that is, a fully machine-based classification of the
Landsat TM satellite image.

Recommendations

The dominant vegetation types along the southwestern
shores of Iceland can further be selected using the datasets on
biogeographical patterns in the native flora of Iceland. In
Iceland, there are 438 species in the vascular flora (Kristinsson,
2008; Wasowicz et al., 2014). Computer-based image
classification ishighly valuable for environmental mapping of
the distribution of the vegetation types.

The distribution of vegetation on the one hand depends on
the variety of factors including climatic, topographic, social
(urban areas), geomorphological (slope steepness), and
geological (bedrock types) variables. On the other hand,
vegetation serves as a significant indicator of healthy
ecosystem, since it provides essential functions (e.g. habitat) in
a complexity of its functioning. Therefore, testing various
methods and applications of land cover mapping is crucial and
recommended both for the regional development of the
environmental protection in Arctic and for the technical testing
of ArcGIS functionality in thematic mapping and remote
sensing applications.

Core advantages of machine learning methods in remote
sensing and GIS over traditional methods — such as the speed of
classification with which land cover maps can be generated
automatically by the machine, as well as the automated
adjustment of distinguishable color palettes of land classes for
display in ArcGIS mapping have been maximized
significantly owing to technological changes in GIS
development in recent years.
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CONCLUSION

This study assessed the effectiveness of using the Landsat
TM image for the automatic classification of the land cover
types in Iceland using ArcGIS. The automation in Earth
observation studies is based on using machine learning (ML)
algorithm of data recognition and processing. The advantages
of the automatization in cartographic studies consists in the
reduced human-prone errors, increased speed of data
processing and correctness of the final output.

The combination of the satellite spectral data from
Landsat TM imagery in ArcGIS demonstrated classification of
the scenes for environmental monitoring and land policy
analysis in high Arctic regions. In addition, the combination of
spectral bands effectively demonstrated the possibility of the
Landsat TM for highlighting selected objects of interest and
detecting land cover types (e.g. ice coverage, land and water
areas, agricultural crop fields).

Although visible bands of the Landsat TM have a
moderate accuracy (30 m), the addition of the panchromatic
band when combined with other Landsat bands enables to
increase the accuracy and resolution of the image through the
pan-sharpening, as demonstrated. The paper also showed the
workflow of the ArcGIS for projecting coordinates with regard
to the study location (GCS_Reykjavik_1900). The ArcGIS is a
powerful GIS both for vector and raster data processing. It
includes a wide variety of tools for mapping and cartographic
analysis.

Selected pixels or small-scale areas can still be
misclassified because of the proximity of spectral reflectance
properties in objects making difficult to distinguish between
various vegetation types. However, the presented approach can
detect the most significant spectral signatures, such as land
cover types both in urban and in forest-covered areas of the
region of Reykjavik. An 1SO Cluster approach to classify the
image composed of the three spectral bands is a promising
approach for land cover types mapping.

Because Iceland is one of the most special Arctic regions
with unique flora and landscapes, it presents opportunities for
land cover studies based on Landsat TM classifications.
Hence, it is important toperform an ArcGIS-based Landsat TM
image processing that visualizespresent land cover patterns
around Reykjavik and enables monitoring land cover changesin
similar research usingseveral Landsat TM scenes.

The present study employed reliable Landsat TM data
and ArcGIS methodology to perform an ISO Cluster
classification of land cover types in Reykjavik area. This study
presented mapping land cover types using ArcGIS by the
unsupervised classification approach. The methodology
includes several print screens illustrating workflow which can
be repeated in similar research in the future. This study
contributes both to the regional Arctic studies of Iceland and to
the technical testing of the cartographic functionality of
ArcGIS with a special focus on remote sensing data.
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