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An automated algorithm of GRASS GIS to retrieve
the data on land cover types in Guinea, West Africa,
from Landsat-8 OLI/TIRS images

Polina Lemenkova

Abstract — The objective of this research is to evaluate Landsat OLI/TIRS multi-
spectral images, and fusion of GRASS GIS, GMT and QGIS software for land cover
mapping in Guinea, West Africa. The scenes of Landsat imagery were acquired on
February 2014, 2018 and 2023. Land cover data were used from FAO for validation of
classes. The images were classified into 18 classes and upscaled to 10 classes for
generalisation towards the study area regional setting. The method included K-means
clustering using scripting approach with programming codes included in Appendix.
The results demonstrated that the script-based computer vision approach to image
processing, classification and analysis is effective in extracting land cover classes for
environmental mapping of tropical region of West Africa.

Keywords — cartography, geoinformatics, programming, satellite image.

1. INTRODUCTION

It is well known that the remote sensing is widely used in the environmental
applications such as land monitoring and landscape management. As it is a remote method
of measuring spectral reflectance of pixels indicating land cover type properties, it is
considered as the best way to be used to identify features on the Earth surface. Image
classification techniques automatically groups neighbouring pixels into meaningful regions
based on homogeneity or heterogeneity criteria [1]-[3]. Even though image classification
has been intensively studied in image processing and computer vision fields, the algorithms
of classification are mostly based on using traditional GIS software. In contrast, scripting
and programming approaches have only recently started receiving emphasis in remote
sensing image analysis while more applied in cartographic tasks [4]-[6].

With the increasing availability of high-resolution imagery and development of
machine leaning techniques, image classification has become possible using computer
vision, programming scripts and interpretation [7]-[9]. Examples of image classification
through programming codes in the remote sensing literature include cases of R [10]-[11],
Python [12] and GRASS GIS [13]. In view of this, a motivation for this work is to provide
the technical foundations using scripts for extracting information from remote sensing data.
Such data are received as spectral reflectance of pixels automatically derived from the
satellite images using GRSAS GIS modules. Besides, the focus is set on representing these
values as land cover types as a support for environmental analysis.
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The study area is focused on guinea which is situated in West Africa with tropical
environmental setting in the south and dry savanna woodlands in the north-east, Figure 1
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Fig. 1 Topographic map of Guinea, West Arica."l\/lap source: elaborated by the author using
Generic Mapping Tools (GMT)

The Guinean forests present a hotspot with high biodiversity level in West Africa.
This region of study area is selected with in the coastal region around Conakry, the capital
of Guinea. In the past, this region was a tropical forest of West Africa with dominating
thick mangroves and typical landscapes. However, recently, land cover in this region has
changed significantly. The main triggers for land cover changes included forest cutting,
conversion of forest grounds into pastures for livestock and agricultural activities, urban
sprawl and bush fires [14]-[16]. Besides, certain impact was from the climate change. This
resulted in deforestation and significant decrease of vegetation, as well as changes in
landscape structure along the rivers and wetlands. Satellite image processing is defined as
the branch of remote sensing that uses Earth observation spaceborne data for thematic
mapping through image classification and analysis.

According to FAO, major land cover types in Guinea include mosaic cropland
vegetation, mixed types of forest, shrubland and grassland typical for tropical environment
of West Africa. Agricultural areas are represented by the rainfed and aquatic croplands.
Central regions include open broadleaved, evergreen, semi-deciduous or deciduous forests
with diverse coverage in percentage and woodlands. Costal and riverine regions are covered
by the closed broadleaved forest or shrubland permanently flooded in brackish water such
as mangroves. The transform type includes the herbaceous vegetation, lichen and mosses
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and sparse woody vegetation. The rest is covered by the artificial surfaces and associated
areas, urban spaces and bare areas. Major land cover types are shown in Figure 2.
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Fig. 2 Land covers types in Guinea according to Food and Agriculture Organization of the
United Nations (FAO UN) data. Software: QGIS. Map source: author

2. EXPERIMENT DESCRIPTION

Three practical applications were done in this research using the GRASS GIS method
of image processing to produce maps of land cover types over Guinea, West Africa. Such
maps are the best source for environmental monitoring and management for such countries,
since it is affected by environmental problems such as deforestation, erosion and
desertification. Dynamic of these processes can be monitoring using comparison of satellite
images showing changes in land cover types. In the nest subsections, the data sources and
the workflow of the GRASS GIS methodology will be explained.

2.1. Data and materials

The downloaded data included three satellite images of the Landsat-8 OLI/TIRS
Collection 2 Level-1 products on 01.02.2014, 12.02.2018 and 10.02.2023, Figure 3.

Fig. 3 Data: three Landsat OLI/TIRS satellite images (February 2014, February 2018 and
February 2023) in natural colors covering study area in Guinea. Data source: USGS
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First, the colour composite were made using three different combinations of the
Landsat bands, Figure 4. including aerosol channel is based on the following combination
of bands: Band BO7 as the Red channel, Band B05 in the Green channel, and Band BO1 in
the blue channel; False Colour Composite (FCC) of the Landsat 8 OLI/TIRS images
consists of the following bands: Band B05 as the Red channel, Band B04 in the Green
channel, and Band B03 in the blue channel; Natural Colour Composite (NCC) a band
combination of Red (4), Green (3), and Blue (2), Figure 4.

Fig. 4 Colour composites of the Landsat images covering study area: Left: false colour
composite with aerosol channel (7-5-1); centre: false colour composite (bands 5-4-3) right:
natural colour composite (bands 4-3-2)

Then, the images were processed using GRASS GIS software using k-means
clustering approach and scripting techniques, as shown Tn Appendix.

2.2. GRASS GIS workflow

This study uses the GRASS GIS as a software for image processing, and QGIS and
GMT for cartographic visualization of topographic and thematic maps. The topographic
map was done using techniques of GMT [17]-[18]. There are key differences between
supervised and machine-based classification methods with regard to information extraction.

The data obtained from automated approach is extracted from images using machine-
based approach and has objectively separated classes discriminated by computer vision
algorithms. In contract, human-based classification often relies on subjective decision that
many typical approaches use. In view of this, automated recognition of images by the
machine identified a number of locations (such as landscape patches) along the path by the
analysis of pixel's spectral properties. In such a way, the method presents a precise
approach for remote sensing data processing using GIS. In this study, we use the automated
classification approach of GRASS GIS for image processing with scripts presented in the
Appendix of this manuscript.

Initially, the data were imported as raster files into a GRASS GIS project using
GDAL library and reprojects on the fly using module r.import. Then, modules 'i.cluster' and
‘i.maxlik' were utsed to retrieve information regarding the spectral reflectance and convert it
into the components of land cover classes. The features of these characteristics are
generally associated with various parameters of landscape patches, such as brightness due
to albedo, greenness and wetness of leaves, as well as moisture of vegetation and soil,
especially for comparison between northern savannah regions and coastal areas. First, the
images were classified into 18 classes according to the FAO classification, Figure 5.
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Fig. 5 Classified images of the coastal region of Guinea (Conakry and surroundings) on
2014, 2018 and 2023 performed in GRASS GIS (18 classes)

Afterwards, the data were upscaled to 10 classes according to the land cover features
available in the coastal region of Conakry, Figure 6. The difference in images illustrates
changes in land cover types caused by the natural and anthropogenic processes in Guinea.
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Fig. 6 Classified images of the coastal region of Guinea (Conakry and surroundings) on
2014, 2018 and 2023 performed in GRASS GIS (10 classes)

2.3. Accuracy assessment

The accuracy assessment was performed using estimated output of pixels in the raster
map holding reject threshold results, available in the maximum-likelihood discriminant
analysis classifier. The statistical kappa parameter has been calculateed using r.kappa for
computing the error matrix and kappa parameter for evaluating classification result. The
visualised output raster map with rejection probability values of pixel classification
confidence levels is presented in Figure 7.

Fig. 7 Accuracy assessment of the pixels allocation to land cover classes for classified
images on 2014, 2018 and 2023, performed in GRASS GIS
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The tables of the estimated clustering matrices are available in the GitHub
(rep_clust_L8 2014 10classes.txt, rep_clust_L8 2014 10classes,
rep_clust_ L8 2023 10classes.txt) with the results of the classification reports:
https://github.com/paulinelemenkova/GRASS _GIS_Image Processing_Guinea_Scripts-

3. RESULTS AND SIGNIFICANCES

The spatial analysis of the three satellite images was developed using GRASS GIS scripts.
The most important feature of this approach is writing a script that operates the functional
modules of the GRASS GIS similar to the programming languages. Through the key
commansds showin Tn script Tn Appendix, the satellite images were processed, classified
and visualised. For identifying 18 land-cover classes, FAO-based and pixel-based
classification of Landsat data yielded an overall classification accuracy after 10 iterations of
98.1% for 2014 (kappa: 0.821), 98.03% for 2018 (kappa: 0.814) and 98.4% for 2023 with
kappa: 0.858. Hence, for identifying 10 land-cover classes, GRASS GIS based computer
vision classification of remote sensing data yielded an overall high accuracy due to high
automation through scripting. The full scripts are available in the GitHub of tthe author
with provided link.

4. CONCLUSIONS

The land cover types forming the system of landscapes over Guinea was evaluated by
purposefully selected landscape patches identified automatically by GRASS GIS during
image classification. The selection criteria included spectral brightness of the land cover
patches as reflected on the images and homogeneity of the polygons. Spectral reflectance of
pixels in the satellite images represents the landscape patch components which
predominantly characterize Earth’s surface properties. Hence, a comprehensive evaluation
of remote sensing data using GIS enables to analyse environmental trends using digital
approaches. Using GRASS GIS codes, multispectral Landsat-9 have been processed,
classified, analysed and compared for evaluation of landscape dynamics in Guinea, Africa.
The results demonstrated land cover changes during recent decade, since 2014 until 2023.

APPENDIX
Script of GRASS GIS used for satellite image processing of the coastal region of
Guinea and surrounding of Conakry (example of 2014):

g.mapset location=Guinea_2014 mapset=PERMANENT
g.list rast
r.import
input=/Users/polinalemenkova/grassdata/Guinea_2014/LC08_L2SP_202053_20140201_20200912_02_T1
_SR_B1.TIF output=L8_2014_01 resample=bilinear extent=region resolution=region
# repeated likewise for other Landsat OLI-TIRS bands
g.list rast
g.region raster=L8_2014_01 -p
i.group group=L8_2014 subgroup=res_30m input=L8_2014_01,<...>,L8 2014_07
i.cluster group=L8_2014 subgroup=res_30m \
signaturefile=cluster_L8_2014 classes=18 reportfile=rep_clust_L8 2014.txt
i.maxlik group=L8_2014 subgroup=res_30m signaturefile=cluster_L8 2014\
output=L8_2014_cluster_classes reject=L8_2014_cluster_reject
d.mon wx0
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g.region raster=L8_2014_cluster_classes -p

r.colors L8 2014 _cluster_classes color=roygbiv -e

d.rast L8_2014_cluster_classes

d.legend raster=L8_2014_cluster_classes title="2014 February 01"

d.out.file output=Guinea_2014 format=jpg

d.mon wx1

g.region raster=L8_2014_cluster_classes -p

r.colors L8_2014_cluster_reject color=bcyr -e

d.rast L8_2014_cluster_reject

d.legend raster=L8_2014_cluster_reject title="2014 February 01" border_color=white
d.out.file output=Guinea_2014_reject format=jpg

r.composite blue=L8_2014_03 green=L8_2014_04 red=L8_2014_05 output=L8_ 2014
d.out.file output=Guinea_fcc format=jpg
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