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Abstract: This article presents the application of novel cartographic methods of vegetation
mapping with a case study of the Rif Mountains, northern Morocco. The study area is
notable for varied geomorphology and diverse landscapes. The methodology includes
ML modules of GRASS GIS 'rlearn.train’, ‘r.learn.predict’, and ‘r.random’ with algorithms
of supervised classification implemented from the Scikit-Learn libraries of Python. This
approach provides a platform for processing spatiotemporal data and satellite image
analysis. The objective is to determine the robustness of the “DecisionTreeClassifier”
and “ExtraTreesClassifier” classification algorithms. The time series of satellite images
covering northern Morocco consists of six Landsat scenes for 2023 with a bimonthly time
interval. Land cover maps are produced based on the processed, classified, and analyzed
images. The results demonstrated seasonal changes in vegetation and land cover types.
The validation was performed using a land cover dataset from the Food and Agriculture
Organization (FAO). This study contributes to environmental monitoring in North Africa
using ML algorithms of satellite image processing. Using RS data combined with the
powerful functionality of the GRASS GIS and FAO-derived datasets, the topographic
variability, moderate-scale habitat heterogeneity, and bimonthly distribution of land cover
types of northern Morocco in 2023 have been assessed for the first time.

Keywords: machine learning; remote sensing; image processing; satellite image; mapping;
Africa; image analysis; automation; geography; earth sciences

1. Introduction

The study of the relationship between geomorphology and vegetation has become a
major issue for monitoring territories using Earth observation (EO) data [1-4]. The time
series of such geospatial data are valuable for the evaluation of environmental changes
based on their classification [5-7]. Nevertheless, the issue of environmental monitoring
using Remote Sensing (RS) data consists of receiving new data faster than we are able to
describe, interpret, and process them. This is especially true in the satellite time series,
where there is the need to classify, evaluate, and map habitats in operative regimes [8-10]. In
particular, geospatial data are used in the areas of agricultural land management and climate
change [11-13]. The operative mapping of areas with diversified geomorphology is based
on the time series of the satellite data that allow regular visualization for environmental
monitoring [14,15].

In Morocco, the benefits from the use of satellite images for landscape analysis are
made evident by its very diverse landscape structure [16-18]. Since the geography of
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Morocco extends from the Atlantic Ocean to mountainous areas and the Sahara desert, this
country is notable for its diversified geomorphological framework and varied topography.
Moreover, the geological and tectonic development of the Atlas Mountains and their sur-
roundings presents a complex pattern of geological units [19-21]. This also determines the
distribution of major vegetation types, and controls land use patterns in the mountainous
regions of the country [22].

In this context, land cover maps that visualize regional environmental settings play a
vital role in mapping Morocco. Because RS data can be interpreted in terms of landscape
structural units, comparing several images in a time series is useful for detecting changes.
In turn, the change detection of land cover types enables major steps of landscape dynamics
to be revealed [23-25]. However, a question arises regarding the choice of classification
algorithms and the efficiency of software for data processing. The integration of RS data
with a Geographic Information System (GIS) for environmental mapping has been the
subject of research for decades and continues to be a challenging topic. Many approaches
to the problem of satellite image analysis have been proposed since the development
of satellite missions [26-30]. A new line of research arises at the intersection between
programming methods of Machine Learning (ML) and spatial analysis using satellite
images. The application of such tools and methods enables us to process images more
effectively and accurately, as reported in previous studies [31-33].

Hence, the performance of image classification methods is linked to the quality of
RS data. In the field of cartography, Landsat 8-9 Operational Land Imager and Thermal
Infrared Sensor (OLI/TIRS) image data open new opportunities, since the spatial resolution
of these data is an advantage for determining land use classes. In this context, the launch of
new satellite constellations of Landsat 8-9 OLI/TIRS as EO systems allows the acquisition
of time series. The acquisition of these data opens new perspectives in cartography [34-37].

2. Objective and Motivation

This paper focuses specifically on the application of ML methods to satellite image
processing incorporated into the GRASS GIS software through the embedded Python
Scikit-Learning libraries. Using ML in the traditional Geographic Information System (GIS)
for mapping land cover types is a challenge that has been researched for many years and
has many proposed solutions. Machine learning is an artificial approach to geospatial data
processing that relies on mathematical and statistical algorithms to give computers the
ability to “learn” from data. In this context, ML can be applied to satellite images such as
Landsat 8-9 OLI/TIRS since pixels are discrete quantitative variables [38—40].

Due to the specific advantages of ML, the functions of the programs improve their
performance in solving geospatial analysis tasks [27,41,42]. In the field of satellite image
processing, this concerns the usual image processing tasks such as pixel recognition [43,44],
spectral reflectance analysis [45], classification optimization [46,47], the development of
more advanced methods of image analysis and interpretation, as well as the implementation
of these methods to cartographic visualization, as discussed earlier [48-50]. Compared
to traditional approaches, the improvements brought by the ML algorithms concern the
modeling of data with an average statistical error value being as low as possible.

The Geographic Resources Analysis Support System (GRASS) GIS software was chosen
as the satellite image processing tool for its combination of efficiency and cross-platform
compatibility. This paper uses the GRASS GIS ML modules (‘r.learn.train’, ‘rrandom’,
‘rlearn.predict’, and ‘r.category’) with the ‘ExtraTreesClassifier” and ‘DecisionTreeClassifier’
models for the supervised application, training, and classification of six satellite images.
The results of the ML approach to image processing are compared with the results of unsu-
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pervised classification performed using the GRASS GIS modules ‘i.cluster” and ‘i.maxlik’.
The scripts of this software are similar to libraries in programming languages.

In programming libraries, image processing algorithms are implemented as a set of
functions used to process raster files, perform geospatial analysis, and create maps in the
form of visualized images [51-53]. This is the fundamental approach that differentiates the
method of using script libraries from traditional GIS. The use of programming approaches
to processing and analyzing satellite images allows the handling of complex representations
of landscape features and detected objects recognized as land cover types that have various
properties (extent and heterogeneity of landscapes, its texture, size of plots, fragmentation
and topology, etc.).

As well as serving as the first descriptive study of habitat heterogeneity in the Rif
Mountains, this study also provides guidance for future cartographic mapping using ML
modules of GRASS GIS, taking into account the geographic isolation of diverse landscape
patches and the heterogeneity and contrast of north African landscapes, ranging from arid
areas of the Sahara to humid coastal zones. In particular, in this research, an exploration of
GRASS GIS ML modules is presented and exploited, with the aim of demonstrating the
applicability of spatiotemporal data processing to environmental studies in north Africa.

3. Study Area

The study focuses on northern Morocco, specifically the Rif Mountains; see Figure 1.
The Rif Mountains region is located between latitudes 34°30'-35°15" N and longitudes
4°30'-5°30" W, with an extension of about 30,000 m and an occupied area of 4000 km? [54].
The geographical position of the country and its vast extent result in a great variety of
ecosystems. Landscapes vary from humid in the Rif and Atlas to the arid Saharan in the
south, including sub-humid transition zones and a semi-arid climate in the plains and
foothills areas [55].

The Rif Mountains were formed as a result of complex tectonic interactions between
the African and Eurasian plates. The complex geological setting of northern Morocco in the
Rif region has resulted in moderate tectonic activities [56,57].

The geomorphological structures of the region are composed of three main units from
north to south: the internal zone, the flysch nappes, and the external zone [58,59]. The
crustal thickness beneath the Rif Mountains varies between 36 and 30 km towards the
border with the western Mediterranean [60]. The Rif presents a mountain range that extends
across northern Morocco, skirting the Mediterranean Sea and in particular the Alboran Sea
on its southern shore. The Rif constitutes a segment of the Alpine ranges. More specifically,
it belongs to the Betico-Rifo-Tellian arc in the southwestern Mediterranean [61]. The
Rif-Tell belt located in northern Morocco is a young Alpine orogenic system that presents
metamorphic complexes formed by geodynamic and tectonic activity [62—-64]. This region
is characterized by deep sediments related to Tethyan rifting [65-67], which strongly affects
soil properties and vegetation types [68,69]. As a result of such complex geologic and
geomorphic settings in northern Morocco, there are very diverse ecosystem types that
occupy the landscapes from the foothills, slopes, and valleys, from limestone mountains to
the Saharan sebkhas. The main types of land cover are presented in Figure 2.

The geomorphological structure of the Rif can be divided into three segments. The
Western Rif is covered with large mountains; its climate is mild, with heavy rains and
showers in winter. The Central Rif has diverse reliefs and heterogeneous landscapes. The
Eastern Rif is the flattest part of the range [70]. The primary type is presented by the
vegetation of the cultivated lands in mosaic, distributed along the basement of the Rif
Mountains. The vegetation types in the Atlas Mountains region are presented by a closed
to open evergreen or semi-deciduous broadleaf forest, with a forest cover of 100 to 40%
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for closed to open trees or semi-deciduous trees [71]. This geomorphological and climatic
heterogeneity corresponds to bio-ecological and environmental diversity. Thus, the spatial
richness of the conditions of climate and geology accentuates this biodiversity and the
types of land use in Morocco.

Carte topographique du Maroc
Données numériques d’élévation : SRTM/GEBCO, grille de résolution de 15 secondes d’arc
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Figure 1. General topographic map of Morocco with outlined location of the study area. Mapping
software: Generic Mapping Tools (GMT) version 6.4.0. Data source: General Bathymetric Chart of the
Oceans (GEBCO). Map source: author.

The main structure of the Rif is represented by the limestone massifs. The under-
ground water reserves of the Rif maintain the distribution of vegetation and the rivers that
originate in the Rif [72]. Due to these hydrogeological features, short coastal rivers and
streams flow from the Rif to the Mediterranean, which are characterized by a torrential and
erosional regime [73]. The sources of these rivers supply water to both diverse and very
heterogeneous types of vegetation around the Rif. These processes briefly illustrate the
close link between the geomorphological features, hydrogeology, and vegetation of the Rif
region [74].

Seismic, magnetic, and thermal activities in the Rif caused by local crustal earthquakes
are related to the geological instability of this region [75]. Specifically, this region presents
a southern branch of the Betic—Rif arc that is part of the Alpine ranges. This region has
experienced deformations between northwest Africa and southern Spain (Iberia) since the
Tertiary [76], followed by the convergence between Africa and the Iberian Peninsula [77,78].
This tectonic block has moved towards the west-southwest and the region still experiences
tectonic activity [79]. At the same time, seismic-tectonic activities shape the regional geo-
morphology [80]. In turn, this controls the distribution of land cover types and is expressed
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in the landscapes. Such links between geology, geomorphology, and the environmental
context have been discussed in previous works [78,81,82].
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Figure 2. Land cover types in Morocco. Data source: Food and Agriculture Organization (FAO). The
map is created using QGIS software. Map source: author.

The Mediterranean coasts of Morocco are a habitat for numerous wetland ecosystems,
including peatlands with boreal floristic affinities and a high conservation value [83,84].
Occasional patches of rain-fed trees and scrub crops are distributed in the western regions
of the country and depend on water availability [85]. Rain-fed croplands, including olive
trees and orchards in monoculture systems, interspersed with areas of sparse vegetation,
are visible along the Atlantic Ocean coasts [86,87]. Sparse herbaceous vegetation comprise
complex patterns mixed with shrubs and thickets. Other land cover types are generally
presented by urban areas around cities with artificial surfaces and associated areas and
bare soil areas in desert and unoccupied lands; see Figure 2.

4. Materials and Methods
4.1. Data

The Landsat 8-9 OLI/TIRS satellite image data covering the bimonthly period 2023:
January, March, May, July, September, and November, Figure 3.

Although both Landsat 8 and Landsat 9 carry the Operational Land Imager (OLI) and
the Thermal Infrared Sensor (TIRS), Landsat 9 is equipped with the second-generation
versions of these instruments, known as the Operational Land Imager 2 (OLI-2) and
the Thermal Infrared Sensor 2 (TIRS-2). In this study, images from Landsat 8 and 9 are
employed. The L2 data type is OLI_TIRS_L2SP with the ground control points of version
5. The processing software version is LPGS_15.3.1c for Landsat-8 scenes and LPGS_16.3.1
for Landsat-9 (2023) scene. The satellite roll angle is zero for Landsat 8 scenes and —0.001
for Landsat 9. The images were taken during the day at Nadir, with cloud cover less than
10%. Here, only multispectral bands with an acquisition resolution of 30 m were used,
except for panchromatic bands with a resolution of 15 m. The combination of multispectral
bands is mainly used for the creation of false/true color composites for classification,
especially for image visualization. The available data were listed using the search template
in “g list rast”.
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Figure 3. Landsat images on 2023: (a)—26 January; (b)—15 March; (c)—10 May; (d)—29 July;
(e)—23 September; (f)—26 November.

4.2. Workflow

We first plot the workflow obtained from each methodological step to provide a
general picture of the approach used in this study; see Figure 4.

Since various GISs include different steps of data processing, we next summarize
the scheme into 12 well-recognized research steps, based on modules of GRASS GIS for
geospatial data processing. Major research steps include the following points: (1) data
collection; (2) software selection; (3) quality control; (4) data preprocessing; (5) image
processing; (6) clustering (unsupervised classification); (7) machine learning; (8) training
dataset; (9) supervised classification; (10) numerical computation; (11) cartographic map-
ping; (12) validation. The entire process of spatial RS data handling processing using
GRASS GIS processes raw satellite images, extracts information from the original data,
creates attributes obtained from the raster matrices, and enables use new information to
digital maps. This links the original raw data to the final output of thematic environmental
maps through the complex process of cartographic data management.

4.3. Software

The distinct feature of GRASS GIS, the advanced software for RS data processing and
cartographic mapping, is that it enables the performance of various tasks involved in carto-
graphic tasks using a console-based menu. It also enables the integration of geospatial data,
the extraction and interpretation of information from raw satellite images, the performance
of mapping and visualization, the processing of numerical and statistical analysis and
computation, and the evaluation of the results for quality control. Geospatial data that can
be processed in GRASS GIS can originate from many different sources and it recognizes
both raster and vector formats of diverse geospatial extensions. The software is freely and
openly available through its developer portal (URL: https:/ /grass.osgeo.org/ (accessed on
8 December 2024)) which makes it a valuable tool for learning and research. The image
processing process is composed of the following steps, implemented in the form of free and
open source modules on GRASS GIS. The code for organizing the project and importing
data is presented below.


https://grass.osgeo.org/
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QUALITY CONTROL # PREPROCESSING # IMAGE PROCESSING

Image consistency, Atmospheric Digital numbers (DN)

Cloudiness <10%, correction “i.atcorr”, of cells -> values of

Time series suitability Geometric correction spectral reflectance of

Data completeness “i.rectify"” land cover types ->

Data integration Pansharpening mapping time series
'i.pansharpen’

MACHINE LEARNING
ExtraTreesClassifier,
DecisionTreeClassifier;
modules

“r.learn” module using
Python Scikit-Learn
package

Figure 4. Workflow diagram illustrating major steps of research design used for the organization of
data processing tasks. Software: GIMP, version 2.10. Diagram source: author.

The GRASS GIS was created as the cartographic data program, and contains inde-
pendent modules from diverse provider developers, for example, ‘rimport’, ‘i.maxlik’,
etc. Moreover, GRASS GIS has a built-in framework and Python Application Program-
ming Interface (API), which supports the advanced processing of the satellite time series
analysis and spatial data. The mapping of topographic data was carried out with GMT
using existing methods [88-92], while the mapping of land use data was carried out using
QGIS [93]. The mapping of land cover maps from RS data is based on satellite image
classification methods.

4.4. Data Preprocessing

The data preprocessing procedures included several steps which include geometric
and atmospheric correction for optical remote sensing images. First, the import and
preprocessing of six Landsat images was implemented using the module ‘r.import” that
reads the data. Then, the geometric correction was performed using the "i.rectify’ module
of GRASS GIS which corrected each image by performing a coordinate transformation
for the pixels in the images using control points. Hence, the x,y cell coordinates on the
images were re-calculated to a transformation matrix and then converted to standard map
coordinates for each pixel in the image. Following that, the atmospheric correction was
performed using the 6S algorithm embedded in the "i.atcorr” module of GRASS GIS.
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The atmospheric correction is essential to numerically evaluating the amount of
wavelengths reflected in the diverse land cover types of the surface in various seasonal
periods [94,95]. The ‘i.landsat.toar’ was used to convert Landsat 8-9 OLI/TIRS images and
to transform the calibrated digital numbers for the reflectance at the top of the atmosphere.
In this way, the quality of the images has been improved. The pansharpening has been
performed using the ‘i.pansharpen’ module of GRSAS GIS which uses image fusion algo-
rithms to sharpen multispectral channels with high-resolution panchromatic channels. In
this way, the resolution of the multispectral image is improved. The effectiveness of the
pansharpening is described in earlier studies on RS data processing [96,97].

4.5. Creating Color Composites

The creation of color composites (Figure 5) was performed based on the Landsat
multispectral bands using the ‘r.composite’ module and the visualization of the images
using the ‘d.rast’ module. The spectral combination calculation integrates different spectral
bands of Landsat based on the physical properties of the land covers reflected in the images.
Therefore, the spectral bands are useful to improve the discrimination between landscape
classes. The estimation of the color composition model aims to better recognize the ten land
cover classes, representing landscape patches in the Rif Mountains and its surroundings
in the images. The vegetation observed on the Atlantic Ocean side appears in darker reds
than the surrounding vegetation around the Rif Mountains. The water that absorbs almost
all wavelengths is very dark, up to black, while the empty ground surface appears very
light, in tones ranging from beige to ochre; see Figure 5. On the colored composition in
“false colors”, the vegetation appears in different shades depending on the species, but also
on the environmental conditions: the geomorphology of the mountain slope, the curvature,
and the inclination of the slope affect the shadows on the images; Figure 5.

Bands
7-5-3

Figure 5. Landsat 8-9 multispectral images: false and true color composites.
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# Create the project with new location from raster map

(file must contain projection metadata):

# grass -c myraster.tif /home/user/grassdata/mynewlocation
grass

#cd /Users/polinalemenkova/grassdata

#grass -c LCO9_L2SP_179073_20220419_20230421_02_T1_SR_B1.tif
/Users/polinalemenkova/grassdata/Morocco

----IMPORT AND PREPROCESSING-----------------————————- >
g.mapset location=Morocco mapset=PERMANENT

.1list rast

importing the image subset with 7 Landsat bands and display the raster map

R # 0 # #

.import input=/Users/polinalemenkova/grassdata/Morocco/
LCO9_L2SP_201036_20230126_20230313_02_T1_SR_B1.TIF
output=L9_2023_J_01 extent=region resolution=region --overwrite
r.import input=/Users/polinalemenkova/grassdata/Morocco/
LCO9_L2SP_201036_20230126_20230313_02_T1_SR_B2.TIF
output=L9_2023_J_02 extent=region resolution=region
r.import input=/Users/polinalemenkova/grassdata/Morocco/
LCO9_L2SP_201036_20230126_20230313_02_T1_SR_B3.TIF
output=L9_2023_J_03 extent=region resolution=region
r.import input=/Users/polinalemenkova/grassdata/Morocco/
LCO9_L2SP_201036_20230126_20230313_02_T1_SR_B4.TIF
output=L9_2023_J_04 extent=region resolution=region
r.import input=/Users/polinalemenkova/grassdata/Morocco/
LCO9_L2SP_201036_20230126_20230313_02_T1_SR_B5.TIF
output=L9_2023_J_05 extent=region resolution=region
r.import input=/Users/polinalemenkova/grassdata/Morocco/
LCO9_L2SP_201036_20230126_20230313_02_T1_SR_B6.TIF
output=L9_2023_J_06 extent=region resolution=region
r.import input=/Users/polinalemenkova/grassdata/Morocco/
LC09_L2SP_201036_20230126_20230313_02_T1_SR_B7.TIF
output=L9_2023_J_07 extent=region resolution=region

g.list rast

The modeling and simulation of the images using the principle of color compositions
includes ‘true color” and ‘false color” images; see Figure 5. Here, the spectral bands of the
images are visualized in several color combinations that are widely used in RS because they
are very suitable for studying vegetation and landscape. For example, the combination
with band number 5 (infrared, IR) is based on the properties of vegetation that reflect very
strongly near-IR radiation.

# ----CREATING COLOR COMPOSITES----- >

# false color

r.composite blue=L9_2023_J_07 green=L9_2023_J_05 red=L9_2023_J_03
output=L9_2023_J_753 --overwrite

d.mon wxO

d.rast L9_2023_J_753

d.out.file output=Morocco_753 format=jpg --overwrite

# false color: NIR band BO5 in the red channel, red band BO4 in the green
channel and green band BO3 in the blue channel

r.composite blue=L9_2023_J_03 green=L9_2023_J_04 red=L9_2023_J_05
output=L9_2023_J_345 --overwrite

d.mon wx0

d.rast L9_2023_J_345

d.out.file output=Morocco_345 format=jpg --overwrite

# true color

r.composite blue=L9_2023_J_02 green=L9_2023_J_03 red=L9_2023_J_04
output=L9_2023_J_234 --overwrite

d.mon wxO

d.rast L9_2023_J_234

d.out.file output=Morocco_J_234 format=jpg --overwrite
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4.6. Image Classification

The aim of image classification is to model the raster data and predict for each pixel a
label, i.e. a Land Cover Class. In this work, image classification was performed using two
principally distinct approaches: supervised classification and unsupervised classification.
The use of an ML approach for satellite image processing by GRASS GIS consists of
two phases. The first includes estimating a model from data by automatic clustering. The
unsupervised clustering approach groups comparable samples within the same class using
the k-means algorithm. The image clustering and classification groups samples according
to the maximum likelihood algorithm (unsupervised learning) using the “i.cluster” and
‘I.maxlik” modules. The groups, i.e., the clusters, are made up of pixels with similar
spectral values.

The unsupervised classification employs a clustering approach performed using the
“i.cluster” module. The “i.cluster” generates a signature file and reports the cluster maps, or
regions, that were automatically generated using the “k-means” data partitioning algorithm.
The GRASS SIG code used for this is the following (example for the 2013 image, repeated
for images from all other years using the same technique): “i.cluster group=L8_2013 sub-
group=res_30m signaturefile=cluster_L8_2013 classes=8 reportfile=rep_clust_L8_2013.txt".
Therefore, samples within a class are dissimilar from the samples in others.

---Clustering and Classification ---->
grouping data by i.group
Set computational region to match the scene

.region raster=L9_2023_J_01 -p

H- 00 #H H

.group group=L9_2023_J subgroup=res_30m \
input=L9_2023_J_01,L9_2023_J_02,L9_2023_J_03,L9_2023_J_04,
L9_2023_J_05,L9_2023_J_06,L9_2023_J_07 --overwrite
# Clustering: generating signature file and report using
k-means clustering algorithm
i.cluster group=L9_2023_J subgroup=res_30m \
signaturefile=cluster_L9_2023_J \
classes=10 reportfile=rep_clust_L9_2023_J.txt --overwrite
# Classification by i.maxlik module

.

.maxlik group=L9_2023_J subgroup=res_30m \
signaturefile=cluster_L9_2023_J \
output=L9_2023_J_cluster_classes reject=L9_2023_J_cluster_reject
Mapping

mon wx0

region raster=L9_2023_J_cluster_classes -p

colors L9_2023_J_cluster_classes color=bcyr

.rast L9_2023_J_cluster_classes

legend raster=L9_2023_J_cluster_classes title="26 January 2023"

title_fontsize=14 font="Helvetica" fontsize=12 bgcolor=white

QA A R Mm@ & #

border_color=white
.out.file output=Morocco_2023_Jan format=jpg --overwrite
Mapping rejection probability

.region raster=L9_2023_J_cluster_classes -p

.colors L9_2023_J_cluster_reject color=wave -e

.rast L9_2023_J_cluster_reject
d.legend raster=L9_2023_J_cluster_reject title="26 January 2023"
title_fontsize=14 font="Helvetica" fontsize=12 bgcolor=white

d
#
d.mon wx1
g
r
d

border_color=white
d.out.file output=Morocco_2023_reject format=jpg --overwrite

In this way, each land cover class is associated with each cluster, correspondently.
Calculating the pixel rejection probability was performed using accuracy assessment for
quality control. After the unsupervised modeling is finished, the new data obtained are
submitted as the training dataset for ML to obtain better image classification results. The
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clustering results are used as observation data available for supervised learning. The results
of this step are used for ML as the training dataset. Subsequently, the ML processing of
images was performed using supervised classification that uses a sequence of modules.
The ability of ML to model geospatial data relies heavily on the acquisition of training data
as the algorithm feeds on the input dataset, so this is an important step. ML classifies the
images using the “rlearn.train” and “r.learn.predict” models.

This algorithm is based on the use of the ‘decision tree’ and ‘extra trees’ classifiers that
are integrated into the GRASS GIS module ‘rlearn.train’. Here, the data are labeled, i.e., this
is supervised learning with the technical specificities mentioned in the code below. First,
the ‘rrandom’ module was used to generate training pixels from a previous classification
of the land cover of Morocco. All these algorithms were implemented using the GRASS
GIS module ‘rlearn.train’ using the programming code presented below.

# MACHINE LEARNING ------ >

# g.list rast

g.region raster=L9_2023_J_01 -p

# First, we are going to generate some training pixels from an older (1996)

land cover classification:

r.random input=L9_2023_cluster_classes seed=100 npoints=1000

raster=training_pixels --overwrite

# Next, we create the imagery group with all

Landsat-8 OLI/TIRS 7 (2000) bands:

i.group group=L9_2023_J

input=L9_2023_J_01,19_2023_J_02,L9_2023_J_03,L9_2023_J_04,

L9_2023_J_05,L9_2023_J_06,L9_2023_J_07 --overwrite

# Then use these training pixels to perform a classification on

recent Landsat - 2022 image:

#

# train a decision tree classification model using r.learn.train

r.learn.train group=L9_2023_J training_map=training_pixels \
model_name=DecisionTreeClassifier n_estimators=500
save_model=rf_model.gz --overwrite

# perform prediction using r.learn.predict

r.learn.predict group=L9_2023_J load_model=rf_model.gz

output=rf_classification --overwrite

# check raster categories - they are automatically applied

to the classification output

.category rf_classification

copy color scheme from landclass training map to result

.colors rf_classification raster=training_pixels

display

.mon wxO

.rast rf_classification

H o a # R # R

.colors rf_classification color=roygbiv -e

d.legend raster=rf_classification title="Decision Tree: 01/2023"
title_fontsize=14 font="Helvetica" fontsize=12 bgcolor=white
border_color=white

d.out.file output=DT_2023_01 format=jpg --overwrite

In the next step, the prediction was performed using the module “rlearn.predict” which
was performed in the code: “rlearn.predict group=L8_2013 load_model=rf model.gz out-
put=rf _classification”. The raster categories were examined using the module “r.category” of
GRASS SIG, based on the data automatically applied to the classification output. For this, the
following code was used: “r.category rf_classification”. The maps were visualized using the
following combination of two main modules: “d.rast” which visualizes the map itself and
“d.legend" which adds the legend to this map. The images were converted to bitmap format
using the module “d.out.file", e.g., “d.out.file output=Maroc_2013 format=jpg”.
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# train a extra trees classification model using r.learn.train

r.learn.train group=L9_2023_J training_map=training_pixels \
model_name=ExtraTreesClassifier n_estimators=500
save_model=rf_model.gz --overwrite

perform prediction using r.learn.predict

.learn.predict group=L9_2023_J load_model=rf_model.gz output=rf_classification --overwrite

check raster categories applied to the classification output

.category rf_classification

copy color scheme from landclass training map to result
colors rf_classification raster=training_pixels

display

mon wxO

rast rf_classification

colors rf_classification color=bgyr -e

a R @&  # R R #H R H#

legend raster=rf_classification title="Extra Tree: 01/2023"
title_fontsize=14 font="Helvetica" fontsize=12 bgcolor=white
border_color=white

d.out.file output=ET_2023_01 format=jpg --overwrite

This was used as a basis for ML using the following code: “r.random input=L8_2013_cl
uster_classes seed=100 npoints=1000 raster=training_pixels”. After that, the “r.learn.train”
module was used to train a module using the training map that was created in
the previous step by applying the built-in algorithm. The code used is as follows:
“rlearn.train group=L8_2013 training_map=t_pixels model_name=DecisionTreeClassifier
n_estimators=500 save_model=rf_model.gz”. For all approaches, the model name was
changed using the “model_name” function and the name of the model in question, e.g.,
“modelage=RandomForestRegressor”.

Since the pixel labels are discrete (and not continuous which requires the use of
regression), the classification methods ‘decision trees” and ‘supplementary trees” were
chosen. These ML algorithms predict the probability of pixel values suitable for the target
class on the image. Therefore, the machine performs a classification of the image pixels into
10 land cover classes on the Rif Mountains. The categorization of the classes was carried
out using the ‘r.category” module of GRASS GIS.

Finally, the visualization of images was achieved using the auxiliary graphic modules
of GRASS GIS for cartographic processing: ‘d.mon’, ‘d.rast’, ‘r.colors” and ‘d.legend’.
The images were saved as bitmap files using the module ‘d.out.file’. The calculation
and estimation of classification accuracy are carried out by the function ‘reject” for the
evaluation of the probability of the percentage of correctly classified pixels on the image.
The evaluation of image processing quality and algorithm performance is conducted by
GRASS GIS.

5. Results and Discussion
5.1. Analysis of Findings

Mountain areas in northern Morocco are particularly sensitive to climate change and
pastoral activities. Seasonal variations in climate and effects from human activities strongly
influence agro-ecosystems and cause changes in land cover types. Although there are
currently some efforts to map the landscape dynamics in such areas, any seasonal response
of the land cover types will be better evaluated using a quantitative assessment of the
RS data and ML methods. Using examples from the Rif Atlas in Morocco, this paper
explored the seasonal variations in land cover types in northern Morocco in 2023 caused
by the effects from livestock management, arboriculture, and climate change. The selected
period was assessed for the year 2023 using the available time series from Landsat dataset
collection. The results of satellite image classification were obtained using three approaches:
unsupervised classification and supervised classification by ML methods which employs
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two distinct algorithms: “Decision tree classifier” and “Extra tree classifier”. Figure 6 shows
the images generated using the clustering classification method, which illustrate the land
cover changes with a bi-monthly time interval; see Table 1.
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Figure 6. Satellite image classification using unsupervised classification clustering methods and the
GRASS GIS ‘MaxLike” approach.

Table 1. Bimonthly variations in Rif Mountains by pixels over 10 land cover classes in 2023 in two
(cold /hot) different seasons: (1) January, March, and May; (2) July, September, and November.

Class 1 2 3 4 5 6 7 8 9 10

January 766 465 554 736 1031 785 462 1016 646 149
March 720 341 696 673 1060 791 587 821 720 203
May 742 348 545 449 904 912 905 722 645 501
July 766 465 554 736 1031 785 462 1016 646 149
September 668 424 674 318 793 791 1099 1023 683 222
November 781 483 701 675 1097 429 744 833 734 225

5.2. Interpretation of Land Cover Types

Figure 7 shows that the classification using the “decision tree classifier” method
improved the results since the ML results are more robust and stable compared to the unsu-
pervised classification. The January scene shows the least plant activity which gradually
increases from March to May and decreases, respectively, after the hot summer period until
November. Vegetation varied seasonally in the Rif region according to the natural dynam-
ics of the phenological cycle during different calendar months. The maps show seasonal
changes in 10 categories of land cover classes that reflect landscape variations: (1) water;
(2) broadleaved forest; (3) grassland; (4) wetlands; (5) urban areas; (6) coniferous forest;
(7) shrubland (thicket); (8) sparse vegetation in semi-deserts; (9) bare areas; (10) cropland.
The comparison of the obtained results was performed using the existing classification
schemes in studies on land cover types in Morocco [98-102].

The identified 10 land cover classes were generalized from the FAO-based land cover
classes in Morocco; see Figure 2. The most important type of land cover categories in
northern Morocco is pastures, which include steppes, high meadows, and semi-desert
lands with occasional vegetation inclusions. Pastures provide nourishment for livestock
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and resources for population. Nevertheless, as a result of overgrazing without land man-
agement, millions of hectares of pastures are being degraded in northern Morocco which
causes environmental degradation. On the satellite images, the decrease in land cover types
‘Grassland’ and ’sparse vegetation in semi-deserts’ is notable through the comparison of
the classified images.

Tree: 0112028 ecision Tree: 0872023 Docision Trao: 052023

1) lass 1

Figure 7. Results of satellite image classification using supervised ML method with GRASS GIS
‘Decision Tree” algorithm.

Another environmental issue in Morocco is presented by the degradation of forests,
which is mostly caused by human activities such as resource exploration (quarries and
other geologic activities), urbanization with the associated extension of built-up areas and
constructed roads, the effects from agricultural activities which include the replacement
of areas formerly occupied by forest to croplands and agricultural lands, and finally, the
overgrazing and conversion of natural lands to rangeland. Deforestation is visible by
comparing classified satellite images (class “Forests”).

Compared to other land cover types, the mosaic vegetation types of deciduous forests
developed partially and differently for both algorithms, with more density and a homoge-
neous pattern across the entire study area. Figure 8 shows the land cover type patterns over
the Rif Mountains and surrounding areas, defined using an improved ML algorithm. The
analysis of the presented maps approved the previously reported current environmental
problems of Morocco which include deforestation, overgrazing [103], soil erosion, land-
scape deterioration and desertification [104-106], water scarcity, and climate change [107].
Besides natural variability of the Rif region, forest areas are affected by human factors
(socio-demographic, economic, and urban dynamics) and hazards caused by erosion and
forest fires [108]. The expansion of agricultural lands negatively affects the mountainous
forests of the Rif [109-111]. In addition, the contrasts from hot and humid climates and the
varied topography of the Rif facilitates landslides that present geomorphological risks in
Northern Morocco [112-114].
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Figure 8. Results of satellite image classification using supervised ML method with GRASS GIS
‘Extra Tree” algorithm.

5.3. Comparison Between Performance of Algorithms

Selecting the optimal method of land cover modeling ensures the formalization of our
understanding of Earth’s environmental system and dynamics through the quantification
of various landscape elements. By quantifying the distribution of land cover types, car-
tographic models enable the interpretation of relations between patches that constitute a
complex mosaic of Earth’s landscape which integrates different components into a coherent
framework. Therefore, technical improvements of the parameters that differ in various
algorithms “‘MaxLike’, ‘DecisionTreeClassifier’, and “ExtraTreesClassifier” were assessed to
analyse the best performance of the algorithms for land cover mapping.

The most complex landscape patches with high heterogeneity can be better distin-
guished, including sparsely distributed and densely distributed vegetation segments.
Compared to the previous results in Figures 6 and 7, the results of the Extra tree are not
quite similar for the classification maps based on the “Decision tree” (Figure 7) and “Extra
tree” algorithms (Figure 8), because they rely on the extremely random trees method. The
“Extra tree” algorithm is similar to the random forest algorithm in its nature, but it pro-
cesses images much faster. Therefore, technically, this algorithm is an improved ensemble
supervised ML method.

However, this algorithm creates many decision trees using random sampling of pixels
for each tree. The most important and unique feature of the “Extra trees” algorithm is that
it randomly selects a pixel division value. Therefore, compared with the “decision tree”
algorithms, the land cover types are diverse and uncorrelated. The best performance among
the three image processing methods is demonstrated by the “decision tree” algorithms,
which divide the image into land cover classes with precision and detail.
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1: Bimonthly class separability matrices between 10 classes of land cover types in Rif

Mountains, Morocco: January and March 2023 (1).
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2: Bimonthly class separability matrices between 10 classes of land cover types in Rif
Mountains, Morocco: May and July 2023 (2).
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3: Bimonthly class separability matrices between 10 classes of land cover types in Rif
Mountains, Morocco: September and November 2023 (3).

The visualization of Earth landscapes using cartographic methods has many ap-
proaches; one of them is the use of RS data. This method uses satellite images as input data
for their processing and classification. Typically, cartography relies on the use of traditional
GIS methods that can produce a visualization using a defined workflow dependent on a
particular software. The detection of land cover types depicted on these maps is percep-
tible to the human eye depending on the spatial and temporal resolution of the RS data.
However, the use of automation and ML approaches facilitates image processes, thanks to
a more objective and accurate classification of satellite images.

5.4. Bimonthly Evaluation of the Land Cover Types

The bimonthly evaluation of land cover types offers an advantage over annual dynam-
ics, where usually the landscape is evaluated at the same time but with intervals of several
years. In contrast, bimonthly evaluations enable a more close look into the gradual slight
changes that are caused by the seasonal climate effects. Complex interactions between
human activities, climate change, and environmental dynamics result in a high vulnerabil-
ity of landscapes and ecosystems in Morocco. This is particularly important in northern
Morocco, a region which is highly sensitive to the contrasting effects of climate variability,
ranging from the arid Sahara to the humid Mediterranean, and where current land cover
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types are affected by pastoralism. As well as highlighting the current distribution of land
cover types in northern Morocco, using RS data processed by ML algorithms presents
new maps that allow for the quantification of land cover changes computed in pixels. For
instance, numerical analysis has revealed that even for the least modified areas of bare
areas located near desert, regional inventories show slight changes over diverse seasonal
periods during the calendar year. Spatial biases are also apparent if comparing such land
cover types as grassland, croplands, and forests.

5.5. Accuracy Assessment

The accuracy assessment is presented in Figure 9 and the computational results are
available in Tables 2 and 3. The spectral reflectance of these elements can be formally
evaluated through digital numbers read from the satellite images using ML algorithms.
Hence, selecting an optimal approach that accurately discriminates pixels on the image and
identifies their category correctly presents an important process in cartographic framework.
The suitability of algorithms has been assessed according to four criteria: (1) ease of
constructing using functionality of GRASS GIS modules, (2) the ability of the algorithm to
derive physical insight into land cover types from the satellite images for environmental
investigation, (3) the ability to use each model to make quantitations based the processed
satellite data and to generate numerical reports, (4) accuracy assessment in which the
models might be tested.

15 March 2093 10 May 2023

Mo
205%

315

29 July 2023 3 23 September 2023

Figure 9. Accuracy evaluation using computed correctly classified pixels (%), GRASS GIS.

Here, the rejection threshold map contains the index of a confidence level calculated
for each classified pixel in the classified image of the 10 land cover classes in the Morocco
region. Confidence intervals are defined and the rejection map is visualized with lower
values meaning "keep the correctly classified pixel” and higher values meaning “reject a
misclassified pixel that could belong to another class category”. Thus, this map identifies
cells in the classified raster image that have a low probability, i.e., a high rejection index, of
being correctly assigned to the target class.

The maps describing land use in the Rif mountain region are scientific and useful
decision-making tools for Moroccan authorities and educational institutions. The images
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processed by the GRASS GIS methods can be used in research work as the input data

for modeling systems of bimonthly vegetation cycles in the geomorphological context of

the Rif. In addition, they can also be used for the operational monitoring of bimonthly

vegetation changes in northern Morocco in order to apply research recommendations that

require precise knowledge of the Rif territories.

Table 2. Bimonthly evaluation of the class means of Digital Numbers (DN) computed for pixels

assigned to 10 land cover classes in landscapes of Rif Mountains, north Morocco. Each multispectral
band (1 to 7) of Landsat 8-9 OLI/TIRS is evaluated. Period: 2023, January to May.

Class Band 1 Band 2 Band 3 Band 4 Band 5 Band 6 Band 7
2023: January

1 8053.66  8105.74 7961.36 745151 7386.15 741152  7385.87
2 752944 775446  8346.18 8318.72 11,431.1 10,0653 8996.52
3 8054.51 8324.72 9136.1 9317.05 12,308.5 12,7253 11,052.1
4 7889.8 8102.02 894229 874557 14,901.1 12,282.7 10,135

5 8332 8667.33  9728.08 10061.3 14,289.8 14,8188 12,6379
6 8110.13  8324.27 946721 9012.78 17,982.6 13,4409 10,707.4
7 8251.2 844713 983194 9044.77 21,802.8 13,717.8 10,608.9
8 8640.53 903994 10,4075 10,7944 16,8405 16,286.3 13,653.7
9 9111.71 9625.79 11,3169 12,2941 17,7247 19,083.2 16,430

10 11,270 12,124 14,516 16,218.7 21,5059 23,336.4 20,483

2023: March
1 7732.78 792837 < 7997.69 754035 7530.62 7850.57  7839.92
2 7850.68  8119.44  9096.92 898622 16,3133 12,929.6 10,370.1
3 8406.34  8821.78 10,0119 105476 15,3775 14,966.2 12,509.7
4 8377.33 8825.2 10,246.8 10,459 19,4509 15,628.6 12,1959
5 877726 931835 10,7785 11,790.6 16,4885 17,202.7 14,298.8
6 9050.82 9764.11 11,4959 12,894.6 18,940.7 17,954 14,120.4
7 9129.74 9761.09 11,4072 129376 17,6161 19,7879 16,566.3
8 9848.06 10,823.1 12,9514 15,0759 19,854.8 20,511.1 16,312.7
9 957095 10,302.4 12,2404 14,4202 19,123.6 22,705 19,360.4
10 10,759 11,9574 145712 17,3449 21,903.1 24,0004 19,583.5
2023: May

1 811151  8199.08 8100.88 746542  7287.35 733555  7330.84
2 7565.9 7794.02  8480.23  8399.37 13,1053 11,135.9 9540.2

3 794153  8209.27 9135.12 9131.33 14,663.5 13,138.1 10,966.2
4 8278.6 8635.24 9757.47 10183.6 14,710.6 15,182 12,997.8
5 8007.61 8238.4 9379.12  9007.12 18,137.6 13,349.7 10,649.6
6 7959.3 8113.15 9263.84 848851 22,4139 12,7646 9831.97
7 8460.35 8799.31 10,364.7 10,0929 20,8279 15,638.7 12,351.6
8 8552.87 8939.44 10,306.6 10,6609 17,3492 16,3823 13,6244
9 8999.75 9517.87 11,173.8 12,1599 17,889.8 18,838.8 16,259.8
10 10,309.3 11,0764 13,4135 15,1744 20,5655 22,691.1 20,127.9

Additionally, the stability of the computed points during performed iterations of

the classification are summarised in Table 4. They include the convergence of classes in

bimonthly periods: January, March, May, July, September and November 2023.
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Table 3. Bimonthly evaluation of the class means of Digital Numbers (DN) computed for pixels
assigned to 10 land cover classes in landscapes of Rif Mountains, north Morocco. Each multispectral
band (1 to 7) of Landsat 8-9 OLI/TIRS is evaluated. Period: 2023, July to November.

Class Band 1 Band 2 Band 3 Band 4 Band 5 Band 6 Band 7
2023: July

1 7500.81 7646.92 772275 < 7376.19 746438  7798.77  7755.02
2 8127.96  8540.32 9609.1 9705.24 15,2674 134365 11,0154
3 8252.89 875425 10,2173 10,2206 19,7936 15,491.7 12,155.2
4 8632.51 9160.58 10,487.1 11,1454 15,532 15,921.1 13,380.2
5 8846.49 9479.29 11,0464 11,830.1 17,4925 17,6383 14,481.8
6 9201.59  9873.76 11,411 12,488 15,585.3 18,1524 15,358.2
7 9293.07 10,0151 11,685.1 13,029.5 17,033.7 19,8685 16,751.3
8 10,080.1 10,993.2 12,891.2 14,2958 17,3214 20,5184 17,159.1
9 9985.18 10,8423 12,8152 14,613.6 18,2225 22,3329 19,188

10 10,968.9 12,001.6 144749 16,602.5 19,960 24,3533 21,3453

2023: September

8057.65  8039.26  7748.32  7366.06 7277.01 7381.23  7381.57
772642  7990.22  8786.58 882821 14,163.6 12,0419 10,029.1
8247.64  8609.77 9618.74 10,1504 14,170.5 14,536.1 12,265.5
8313.97 8631 9791.5 9795.11 18,703.7 14,820.3 11,736
8759.38 920449 10,3455 11,259.8 13,905.7 16,652 14,282
8851.15 9357.15 10,7244 11,653 16,282.7 17,375 14,5219
9289.65 987835 11,350.2 12,6125 15,641.1 18,960.8 16,187
9656.35 10,336.8 12,0322 13,588.6 16,9115 20,5899 17,615.2
10,122.7 10,879.8 12,8594 14,816 18,2805 22,704  19,758.4
0 11,1729 12,1656 14,8227 17,3515 20,8226 25,700.6 22,8124

2023: November

= O 00N Ul ke WN -

1 798257 797611 774684 737142 737401 7416.82  7387.47
2 7606.96 7848.7 8421.42  8450.72 11,883.1 10,576.5 9345.26
3 8009.92  8271.76 9076.5 911351 14,879.4 13,0075 10,800.5
4 844329 871475 943096  9844.52 11,725.6 13,884.5 12,143.8
5 8688.21  9043.79  10003.6  10602.4 13,6375 15,634.6 13,570.2
6 8371.09 8671.7 9834.34 9692.7 18,5714 14,782.6 11,792.6
7 8804.19 922359 104964 11,154 16,783.6 17,1359 14,444

8 9160.99  9627.78 10,8609 11,8539 14,5132 17,931.3 15,848

9 954227 10,1347 11,8175 13,2585 17,309  20,476.2 18,053.6
10 11,0425 12,0124 14,5544 16,720.1 20,561.1 25,0849 22,211.2

Table 4. Computed points stability for iterations during classification and convergence of classes:
January, March, May, July, September and November 2023.

Iteration 01/2023 03/2023 05/2023 07/2023 09/2023 11/2023

Iteration1  74.15% 81.46% 58.44% 74.15% 81.12% 81.47%
Iteration2  77.52% 88.60% 74.76% 77.52% 88.74% 78.51%
Iteration3  90.02% 88.06% 89.85% 90.02% 92.05% 85.56%
Iteration4  93.59% 93.42% 94.81% 93.59% 94.67% 92.87%
Iteration5  95.31% 95.40% 96.52% 95.31% 95.25% 96.37%
Iteration 6  96.32% 95.94% 96.85% 96.32% 96.21% 97.33%
Iteration7  97.11% 96.88% 97.34% 97.11% 97.09% 97.66%
Iteration 8  97.05% 97.78% 97.60% 97.05% 97.19% 97.97%
Iteration9  97.55% 98.16% 98.03% 97.55% 97.46% 98.24%

Convergence 98.1% 98.2% 98.0% 98.1% 98.0% 98.2%
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The statistical analysis with computed initial means for each class of pixels in multi-
spectral bands of the satellite images are provided in Appendix A. Additionally, standard
deviations for Digital Numbers (DNs) of pixels are computed by 10 corresponding classes
with results reported in Appendix B.

6. Conclusions

The general objective of this paper was to improve the production of land cover
maps in northern Morocco using ML methods of GRASS GIS. Our results clearly show
that the land cover types in northern Morocco are changing. Nevertheless, the dynamics
of such changes are vastly underrepresented in existing case studies on environmental
mapping in northern Africa. At the same time, satellite images present the largest provider
of information on the distribution of landscape patches and vegetation. To this end, we
applied the advanced algorithms ‘Decision trees’ and ‘Extra trees’ for processing a time
series of the Landsat 8-9 OLI/TIRS satellite images.

More than this, however, we have also shown the technical difference between the
unsupervised and supervised classification (clustering) of RS data. This is useful for the
further development of cartographic methods of RS data processing in the paradigm of
information processing systems. Therefore, the specific objective of this paper aims to
improve land cover mapping in northern Morocco from the time series of Landsat satellite
images using ML methods by GRASS GIS and cartographic scripts. Two challenges have
been identified in this work. The first concerns the technical choice of the classification
algorithm (supervised “DecisionTreeClassifier” and “ExtraTreesClassifier” vs unsupervised
clustering by MaxLike) using GRASS GIS, while the second concerns the identification of
seasonal bimonthly landscape dynamics in the Rif Mountains of Morocco using repetitive
data cycles from January to November 2023. A comparison of these data enabled the rela-
tionship between the growth of vegetation and mountain geomorphology to be revealed.

Taken together, this paper shows that the least well recorded region of the northern
Morocco is largely affected by environmental changes: the comparison of presented maps
showed the dynamics of agricultural and forest areas in the order of 7-10% within the year
of 2023, and a slight increase in bare soil of 8% during the same year. Moreover, a notable
change in the areas occupied by deciduous and mixed forest is detected. Currently, there
are no land cover maps available for Morocco that depict bimonthly dynamics of land
cover types for the region of the Rif Mountains. In this regard, this paper contributes to
improve this gap through presenting new maps for further evaluating of biophysical and
environmental parameters in Northern Morocco.

This paper demonstrated the implementation of the ML cartographic approach to
RS data processing, technically performed using GRASS GIS tools. The presented work
enabled the building of a classification workflow of six multispectral satellite images cover-
ing Northern Morocco, around the Rif Mountains. Several applications of the presented
results and the GRASS GIS satellite image processing methods are described in this pa-
per. The demonstrated maps show the dynamics in the land cover of northern Morocco,
which presents the environmental dynamics that reflect the impact factors from regional
ecological, vegetal, and geological settings in North Africa.

Funding: The publication was funded by the Editorial Office of Geomatics, Multidisciplinary Digital
Publishing Institute (MDPI), who provided a 100% discount for the APC of this manuscript.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: Data are contained within the article.



Geomatics 2025, 5,5 21 of 29

Acknowledgments: The authors thank the reviewers for reading and reviewing this manuscript.

Conflicts of Interest: The author declares no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:

API Application Programming Interface

DTC Decision Tree Classifier

ETC Extra Trees Classifier

EO Earth Observation

FAO Food and Agriculture Organization

GRASS Geographic Resources Analysis Support System
GIS Geographic Information System

Landsat OLI/TIRS Landsat Operational Land Imager and Thermal Infrared Sensor
GEBCO General Bathymetric Chart of the Oceans

GMT Generic Mapping Tools

QGIS Quantum Geographic Information System

ML Machine Learning

RS Remote Sensing

SWIR Shortwave Infrared

NIR Near Infrared

USGS United States Geological Survey

WGS84 World Geodetic System 84

Appendix A. Initial Means for Classes of Pixels in Each Multispectral Band of the
Landsat OLI/TIRS Satellite Images

Table Al. January 2023: initial means for each multispectral band of Landsat OLI/TIRS images.

Class Band1 Band2 Band3 Band4 Band5 Band6 Band?7
Class 1 7353.24  7533.21 8177.38 7818.66 10,987.1 10,158.3 8739.9
Class 2 7569.99 777452  8500.84 8237.08 11,888.8 10,959.1 9396.37
Class 3 7786.75  8015.83  8824.3 8655.49 12,7905 11,759.9 10,052.8
Class 4 8003.51 8257.14 9147.76 907391 13,6922 12,560.7 10,709.3
Class 5 8220.27  8498.45 9471.21 949232 14,5939 13,3615 11,365.8
Class 6 8437.03  8739.76  9794.67 9910.73 15,495.6 14,162.3 12,022.2
Class 7 8653.78  8981.07 10,118.1 10,329.1 16,397.3 14,963.1 12,678.7
Class 8 8870.54 922238 10,441.6 10,747.6 17,299 15,7639 13,335.2
Class 9 9087.3 9463.69 10,765 11,166 18,200.8 16,564.7 13,991.6
Class 10 9304.06 9705 11,088.5 11,584.4 19,1025 17,365.5 14,648.1
Table A2. March 2023: initial means for each multispectral band of Landsat OLI/TIRS
satellite images.

Class Band1l Band2 Band3 Band4 Band5 Band6 Band?7
Class 1 8036.12 8397.21 9295.02 9561.14 13,138.1 12,9629 10,897.1
Class 2 8246.35 8665.51 9702.28 10,172.8 14,019.7 13,9722 11,692.2
Class 3 8456.57  8933.81 10,109.5 10,784.5 14901.3 149815 12,487.3
Class 4 8666.8 9202.11 10,516.8 11,396.2 15,783 15,990.8 13,282.5
Class 5 8877.03  9470.41 10,924.1 12,0079 16,664.6 17,000.2 14,077.6
Class 6 9087.26  9738.71 11,331.3 12,619.6 17,546.2 18,009.5 14,872.7
Class 7 929749 10,007 11,738.6  13,231.3 184279 19,0188 15,667.8
Class 8 9507.72 10,2753 12,145.8 13,8429 19,3095 20,028.1 16,463
Class 9 971794 10,543.6 12,553.1 14,454.6 20,191.1 21,0374 17,258.1
Class 10 9928.17 10,8119 12,9604 15,066.3 21,072.7 22,046.7 18,053.2
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Table A3. May 2023: initial means for each multispectral band of Landsat OLI/TIRS satellite images.

Class Band 1 Band 2 Band 3 Band 4 Band 5 Band 6 Band 7
Class 1 7598.78  7764.07 843453 794199 12,2956 10,618.7 8849.61
Class 2 7754.07  7949.13 871898 833556 13,2704 11,401 9511.46
Class 3 7909.36  8134.19 9003.43 8729.14 14,2452 12,1833 10,173.3
Class 4 8064.65 8319.25 9287.89  9122.72 15,2199 12965.7 10,835.2
Class 5 8219.95 8504.31 957234 9516.29 16,194.7 13,748 11,497
Class 6 8375.24  8689.37 9856.79  9909.87 17,169.5 14,530.3 12,158.8
Class 7 8530.53 8874.43 10,1412 10,303.4 18,1443 15,3126 12,820.7
Class 8 8685.82 905949 10425.7 10,697 19,119.1 16,095 13,482.5
Class 9 8841.12 924455 10,710.1 11,090.6 20,0939 16,877.3 14,1444
Class 10 8996.41 9429.61 10,9946 11,4842 21,068.7 17,659.6 14,806.2

Table A4. July 2023: initial means for each multispectral band of Landsat OLI/TIRS satellite images.

Class Band1l Band2 Band3 Band4 Band5 Band6 Band?7
Class 1 814696  8572.74  9528.06 9871.64 12,8022 13,459.3 11,517.8
Class 2 8370.6 8848.08 9926.18 10,412.8 13,5309 14,4319 12,3224
Class 3 859423 912341 10,3243 10,954 14,259.6 15,4045 13,127.1
Class 4 8817.87 9398.75 10,722.4 11,4952 14,9883 16,377.2 13,931.7
Class 5 9041.5 9674.09 11,1205 12,0364 15,7171 17,349.8 14,736.3
Class 6 9265.14 994943 11,5186 12,577.6 16,4458 183224 15,5541
Class 7 9488.77 10,2248 11,916.7 13,1189 17,1745 19,295.1 16,345.6
Class 8 9712.41 10,500.1 12,3149 13,660.1 17,903.2 20,267.7 17,150.3
Class 9 9936.04 10,7754 12,713 14,201.3 18,6319 21,240.3 17,954.9
Class 10 10,159.7 11,050.8 13,111.1 14,7425 19,360.6 22,2129 18,759.6

Table A5. September 2023:

initial means for each multispectral band of Landsat OLI/TIRS images.

Class Band1 Band2 Band3 Band4 Band5 Band6 Band?7
Class 1 8037.45 8299.79  8964.58 925255 11,8929 12,5555 10,819.7
Class 2 825253  8565.39 9363.68 9802.02 12,631.3 13,569.5 11,680.2
Class 3 8467.62 8830.99 9762.77 10,3515 13,369.8 14,583.6 12,540.8
Class 4 8682.7 9096.59 10,1619 10,901 14,108.2 15,597.6 13,401.3
Class 5 8897.79  9362.19 10,561 11,4504 14,846.6 16,611.6 14,261.9
Class 6 9112.87 9627.78 10,960 11,999.9 15,585.1 17,625.6 15,1224
Class 7 932796  9893.38 11,359.1 12,5494 16,3235 18,639.6 15,983
Class 8 9543.04 10,159 11,758.2 13,0989 17,0619 19,653.6 16,843.5
Class 9 9758.13 10,424.6 12,1573 13,6483 17,8004 20,667.6 17,704.1
Class 10 997321 10,690.2 12,556.4 14,197.8 18,538.8 21,681.7 18,564.6

Table A6. November 2023:

initial means for each multispectral band of Landsat OLI/TIRS images.

Class Band 1 Band 2 Band 3 Band 4 Band 5 Band 6 Band 7
Class 1 7805.3 7978.69  8394.85 8339.26 10,618.8 10,876.8 9549.69
Class 2 7994.42 820725 8745.73 8818 11,3984 11,816.7 10,351.8
Class 3 8183.55  8435.81 9096.6 9296.74 12,178 12,756.6 11,154
Class 4 8372.67 8664.38 944748 977548 12957.6 13,696.6 11,956.1
Class 5 8561.79 889294 979836  10,254.2 13,7372 14,636.5 12,758.2
Class 6 8750.92 91215 10,149.2 10,733 14,516.8 15,576.5 13,560.4
Class 7 8940.04 9350.07 10,500.1 11,211.7 152964 16,516.4 14,362.5
Class 8 9129.17 9578.63 10,851 11,6904 16,076 17,456.4 15,164.7
Class 9 9318.29  9807.2 11,2019 12,169.2 16,855.6 18,396.3 15,966.8
Class 10 9507.41 10,035.8 11,552.8 12,6479 17,6352 19,3363 16,7689
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Appendix B. Standard Deviations for DNs of Pixels by 10 Computed Classes

Table A7. Bimonthly evaluation of the standard deviations of Digital Numbers (DN) computed for
pixels assigned to 10 land cover classes in landscapes of Rif Mountains, north Morocco. Evaluated
each multispectral band (1 to 7) of Landsat 89 OLI/TIRS. Period: 2023, January to May.

Class Band 1 Band 2 Band 3 Band 4 Band 5 Band 6 Band 7
2023: January

1 520.366 535.906 762.029 534.589 458.971 261.960 185.243
2 490.239 471.037 624.903 718.469 1108.75 864.994 643.283
3 469.625 475.629 523.194 551.304 924.17 813.025 684.606
4 314.352 297.355 402.396 473.559 946.247 881.536 697.401
5 355.762 363.823 482.001 628.670 1123.910 809.348 943.121
6 398.402 397.373 474.544 609.048 1059.400  1019.420 849.959
7 831.164 913.648 997.848 1243.020  1609.220  1416.340  1089.100
8 602.747 649.726 694.899 843.584 1472.750 926.428 972.410
9 563.373 645.449 846.794 1005.060  1844.240  1204.890  1309.140
10 3912350 4022.450 3523.310 3432.850 3098910 2796.470  2599.350
2023: March
1 490.469 541.212 879.207 716.637 616.488 686.935 613.483
2 255.312 246.682 318.072 462.128 1664.020 929.262 719.619
3 541.560 602.780 686.249 782.835 1273.070 980.419 834.318
4 344.733 387.283 524.843 812.884 1659.040 980.065 855.260
5 377.657 422.529 565.366 724.443 1044.500 753.815 856.870
6 507.082 559.630 652.069 974.570 1023.500 866.568 784.542
7 449.736 488.873 597.974 692.265 1060.560 878.137 929.794
8 532.728 589.376 727.215 948.085 1317.450 934.689 1002.260
9 507.096 562.500 709.818 853.806 1051.740  1083.610  1336.400
10 753.846 857.879 1039.350  1108.080  1502.720  1502.480  2189.920
2023: May
1 465.095 566.529 901.861 522.758 321.154 193.603 120.269
2 277.062 255.083 376.608 450.477 1258.88 804.346 710.667
3 441.646 468.557 562.157 597.613 1136.880 723.626 673.917
4 378.651 385.161 519.410 649.726 1220.780 868.215 1039.880
5 258.976 264.420 393.296 494.295 1055.540 951.268 799.838
6 228.533 221.204 444333 414.391 1722.940 994.491 630.409
7 531.397 586.941 678.976 806.428 1337.73 1061.7 936.166
8 623.942 671.415 760.778 817.799 1089.700 905.306 884.892
9 528.555 602.147 767.459 860.058 1806.600  1088.830  1165.730
10 1210.190  1398.230  1656.380  1682.400 1778.850  1867.540  2167.590

Table A8. Bimonthly evaluation of the standard deviations of Digital Numbers (DN) computed for
pixels assigned to 10 land cover classes in landscapes of Rif Mountains, north Morocco. Evaluated
each multispectral band (1 to 7) of Landsat 8-9 OLI/TIRS. Period: 2023, July to November.

Class Band 1 Band 2 Band 3 Band 4 Band 5 Band 6 Band 7
2023: July
1 401.603 474.680 753.823 554.671 452.066 377.558 279.117
2 444544 494.063 605.472 689.234 1469.020 1074.000 858.682
3 400.815 449.109 548.777 721.564 1773.570 1030.710 912.245
4 329.822 337.588 456.271 617.552 934.712 737.397 693.313
5 383.645 392.394 484.058 558.823 955.127 757.462 640.994
6 369.823 422.794 574.353 625.855 807.736 699.93 634.601
7 380.957 393.860 462.246 493.918 938.201 756.140 818.874
8 389.170 433.991 512.028 543.331 810.822 715.835 672.958
9 585.918 680.160 803.684 738.175 743.199 762.175 944.871
10 994.099 1126.100 1284.760 1153.090 1115.620 1242.490 1575.490
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Table A8. Cont.

Class Band 1 Band 2 Band 3 Band 4 Band 5 Band 6 Band 7
2023: September

437.651 443.108 680.601 464.861 251.267 134.622 109.822
352.790 343.761 458.110 604.993 1647.410  1009.150 737.153
413.844 428.298 527.591 627.276 1270.460 820.868 669.725
609.427 665.603 750.628 922.569 2049.290  1237.420  1107.210
410.913 444.970 557.272 605.301 936.943 802.527 790.452
412.096 463.575 605.626 711.301 1026.750 826.580 710.861
476.481 556.664 690.121 675.737 961.119 727.211 750.357
560.709 661.131 788.185 748.966 878.300 826.902 929.749
734.715 872.060 1021.830 874.668 875.353 1032.820  1289.020
0 1228.510  1477.600  1759.470  1582.050  1479.630  1594.770  1825.860

2023: November

= 0 0N ONUT ks WN -

1 408.799 366.029 518.468 358.299 494.063 288.290 183.250
2 337.779 313.223 378.857 471.889 1236.690 864.664 718.244
3 329.228 309.538 391.118 526.252 1133.950 971.402 842.809
4 357.573 340.276 405.652 474.368 868.293 878.208 719.913
5 407.823 418.715 501.585 583.480 1177.420 746.789 760.614
6 560.647 596.644 680.376 807.904 1923.630  1063.100 992.282
7 404.268 434.357 567.739 689.356 1145.220 911.636 828.516
8 502.947 558.014 686.296 677.680 976.150 885.420 857.641
9 571.593 667.463 845.177 950.398 1288.210  1164.560  1261.840
10 1130.670 1394490 1762.720 1842.670  1953.210  2219.250  2058.000
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