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Ch. 15 Le géographe

- Je suis géographe, dit le vieux Monsieur.

- Qu’est-ce qu’un géographe ?

- C’est un savant qui connaît où se trouvent les mers, les fleuves,
les villes, les montagnes et les déserts.

- Ça c’est bien intéressant, dit le petit prince. Ça c’est enfin un
véritable métier ! Et il jeta un coup d’œil autour de lui sur la
planète du géographe. Il n’avait jamais vu encore une planète
aussi majestueuse.

- Elle est bien belle, votre planète. Est-ce qu’il y a des océans ?

- Je ne puis pas le savoir, dit le géographe.

- Ah! (Le petit prince était déçu.) Et des montagnes ?

- Je ne puis pas le savoir, dit le géographe.

- Et des villes et des fleuves et des déserts ?

- Je ne puis pas le savoir non plus, dit le géographe.

- Mais vous êtes géographe !

- C’est exact, dit le géographe, mais je ne suis pas explorateur. Je
manque absolument d’explorateurs. Ce n’est pas le géographe
qui va faire le compte des villes, des fleuves, des montagnes, des
mers, des océans et des déserts. Le géographe est trop important
pour flâner. Il ne quitte pas son bureau. Mais il y reçoit les
explorateurs. Il les interroge, et il prend en note leurs souvenirs.
Et si les souvenirs de l’un d’entre eux lui paraissent intéressants,
le géographe fait faire une enquête sur la moralité de
l’explorateur.

— Antoine de Saint-Exupéry, Le Petit Prince

ii



Contents

1 Introduction 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Aim . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

2 Method 3
2.1 Study area . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2.1.1 Location . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
2.1.2 Climate . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
2.1.3 Physical geography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2.1.4 Human geography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.1.5 Agriculture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.2 Presentation of data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.2.1 LANDSAT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.3 Presentation of algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.3.1 Segment Mean Shift . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.3.2 Random Forest . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.3.3 ISODATA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.4 Literature study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.5 Selection of scenes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.6 Image processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.6.1 NDVI . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.6.2 Segmentation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.6.3 Random forest supervised classification . . . . . . . . . . . . . . . . . 9
2.6.4 Unsupervised ISODATA . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.6.5 Accuracy assessment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.6.6 Change detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

3 Results 13
3.1 Supervised Random forest classification . . . . . . . . . . . . . . . . . . . . . 13
3.2 Unsupervised ISODATA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
3.3 Change detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

3.3.1 1972-1994 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
3.3.2 1994-2021 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

4 Discussion 19
4.1 Discussion of Change detection . . . . . . . . . . . . . . . . . . . . . . . . . . 19
4.2 Difficulties in classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

4.2.1 Greenhouses . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
4.2.2 Urban areas/humid zone confusion . . . . . . . . . . . . . . . . . . . . 19
4.2.3 Mixed-use cells . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

4.3 The mappers influence on the results . . . . . . . . . . . . . . . . . . . . . . . 22
4.4 Other limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

iii



4.4.1 Inter annual variation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
4.4.2 Cohen’s κ as a metric . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

4.5 Comments on ISODATA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

5 Conclusion 24

A LANDSAT band tables 28

B Classification scheme with picture examples 31

C Climate data for Sidi Bouzid 33

D Location of study area within Tunisia 35

Abstract

Sidi Bouzid, Tunisia is an inland governorate in Tunisia that has undergone a rapid agri-
cultural and urban development since the Tunisian independence in 1952 from being a
rural and largely nomadic region into a hub of irrigated agriculture. In 2010 Mohamed
Bouazizi sparked the Tunisian revolution by lighting himself on fire int he city of Sidi
Bouzid, with some blaming the inequality and water scarcity created by this rapid expan-
sion in the irrigation farming as an important cause (Bayat, 2017; Malka, 2018). Sweden
has aided in this development from 1972-1992, and as part of an evaluation project by
Mårtensson et al (2019) a change detection analysis of the area around the Jabal al Kbar
mountain was requested.

In this thesis two different object based classification methods (supervised random forest
on a segmented image and unsupervised ISODATA on a segmented image) were tested to
map and detect land use changes in a semi-arid environment in 4 areas around the Jabal
al Kbar over the years 1972 to 2021 based on 30m and 60m LANDSAT imagery in 10-year
intervals. Random Forest proved to have the highest accuracy of the two methods tested,
with a total accuracy of 72% and Cohen’s κ of 0.57 in a 60m resolution scene and 73% and
κ of 0.54 for a 30m resolution scene. ISODATA was not deemed adequate as it produced
too few classes with a standard number of iterations to be useful. A map produced with
a low number of iterations had an accuracy of only 51% and κ of 0.13. The resolution
was a limiting factor as it made identification of features difficult in the sampling process.
Nevertheless, the historic development of the study area from the literature in terms of
irrigation development and urbanization could be detected using Random Forest. Most
notably a rapid development in irrigation farming from 2004 to today in the area Hichria
was detected as well as decrease in the same period of irrigated area in the Sidi Bouzid
depression. for all 4 areas, starting trends observed from 2004 to to 2011 continued into
2021, thus not showing any noticeable effect of the revolution in the development.

iv



1 Introduction

1.1 Motivation

The governorate of Sidi Bouzid, is an important inland region in Tunisia at the crossroads
between the lush Atlasian coastal slopes of the Maghreb and the dry Sahara desert. Today
the region is known for being an important agricultural area for Tunisia. Historically, the
region was home to nomadic peoples for millennia herding their grazing animals in this
water scarce area and having only small scale farming (Abaab et al, 1992).
Since Tunisia’s independence from France in 1952, the region has been rapidly urbanised
though the region is still mostly rural (Abaab, 1997).
The region has since the 1990s been very intensely farmed with 93% of the total land area
being used for some form of agriculture, grazing lands included (Abaab, 1997). Develop-
ment of this governorate into a rich agricultural region has been named a national priority
by the Tunisian Government since the independence in order to secure the coherence of
the nation (Abaab et al, 1992). But as precipitation levels are generally very low, though
they can range between 60 and 600mm a year (Abaab et al, 1992), this region requires ir-
rigation in order to maintain a steady production for most crops.

Sweden and FAO has helped funding irrigation projects in Sidi Bouzid starting in 1973
and ending in 1992 (Mårtensson et al, 2019). These irrigation projects are reported to
have brought improvement of living standards in the region, but has also led to an over-
exploitation of the limited groundwater resources in the region (Abaab et al, 1992; Malka,
2018; Mårtensson et al, 2019).
This problem is not limited to Sidi Bouzid, as the exploitation of groundwater has in-
creased steadily in all parts of Tunisia (CNEA, 2007), however the exploitation of ground
water in Sidi Bouzid is severe and was reported to be 150% In 2013 (Hamdi et al, 2015),
which has caused the ground water table to drop, and increased the risk of salinisation of
the irrigation and drinking waters. Hamdi et al (2015) furthermore found that the salinity
of the ground water basin below the Sidi Bouzid depression had increased from 2 g/l in
1973 to 5 g/l. in 2013.

In 2010 Sidi Bouzid became the centre of the worlds attention as Mohamed Bouazizi lit
himself on fire in front of the municipal office in the city (Britannica, T. and Editors of En-
cyclopaedia, 2021). Bayat (2017) performed a sociological field study in the area after the
revolution and accuses the rapid up-scaling and mechanization of the agriculture in the
area for having increased the inequality of income in the region and named it a possible
driver for the revolution. Malka (2018) also mentions how water scarcity might have been
an important contributing factor for the revolution.

Recently, Mårtensson et al (2019) has commenced an evaluation of the impact of the
partly Swedish funded development projects, 25 years after the projects ended in 1992. As
part of this evaluation it was requested that the spatial land use changes affected by the
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projects were detected using modern remote sensing methods, but also how the region
has develop further since the project ended. Tracking the development is not only impor-
tant for the evaluation, but can also be of good use for improving management practices
in order to make the most of the scarce water resources (Diwediga, 2017).

Okin and Roberts (2004) has pointed out that vegetation mapping in arid and semi-arid
regions can be particularly difficult for the following reasons: it is often difficult to get
ground truth data, the vegetation in semi arid areas often experience immediate green-
ing after rain events, and the high influence of the soil’s spectral signature owing to the
vegetation being sparser. In general most of the usual vegetation indices like normal-
ized difference vegetation index (NDVI) tends to underestimate the vegetation in these
areas and have difficulties differentiating between different types of vegetation (Okin and
Roberts, 2004).

There have been done several land use mapping project in the region, most notably the
LADA project by FAO (Biancalani et al, 2013) that covers all of Tunisia, and Diwediga
(2017) who tracked the nationwide changes using MODIS data. Higher resolution map-
ping approaches have been tested in the neighbouring govenorate of Kairouan (Bousbih
et al, 2019), where they achieved high accuracy of their maps with a decision tree ap-
proach that combined vegetation index data with data from a soil moisture model.

Geographic Object-based Image Analysis (GEOBIA or sometimes OBIA) is an image anal-
ysis that involves image segmentation into objects before further classification (Hay and
Castilla, 2008). It seeks to mitigate the many problems that can be attributed with pixel
based analyses, most notably the inherent neglect of features like texture and shape. The
method was developed due to encountered problems with pixel based classification on
high resolution data (Castilla and Hay, 2008), but the method has also been proven use-
ful on medium and low resolution data (Blaschke, 2010). E.g. Katagis et al (2014) used
an OBIA in a change detection analysis of Mediterranean forest fires using 60m and 30m
resolution LANDSAT data with high accuracy. The approach is also tested in many dif-
ferent ecosystems from Chinese wetlands (Dronova et al, 2012) to Brazilian agricultural
mapping (Schultz et al, 2015) with great reported accuracies.

1.2 Aim

This thesis aims to investigate the use of GEOBIA remote sensing techniques for making
land use maps for a change detection analysis using LANDSAT data.

The goal is produce a time series with scenes roughly every 10 years in the period 1972-
2021 to assist in the documentation of some of the land use changes reported by Mårtens-
son et al (2019) in this area, both during the Swedish development projects and after their
termination.
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In this thesis two GEOBIA remote sensing approaches are investigated: supervised ran-
dom forest classification of a segmented image, and unsupervised iterative self-organizing
data (ISODATA) clustering of a segmented image. The two algorithms will be tested on
both a 60m resolution 4 band raster from 2012 and a newer 30m resolution 9 band raster
from 2021 .

2 Method

2.1 Study area

2.1.1 Location

Figure 1: Division of the the study area

The study area for this thesis is the Sidi
Bouzid depression and its immediate sur-
roundings. The area is bounded the gov-
ernorate border to the west until slightly
west of the towns Bir El Huffay and
Sidi Ali Ben Aoun where the area is cut
in a straight line down to the southern
border of the governorate. The study
area is then bounded in the south and
east by the anticline mountain range that
runs from north of the town Majoura to
just east of the town Faid. The P13
road marks the edge to the north. A
screen shot from Google earth showing
the study areas location within Tunisia
can be found as figure 10 in Appendix
D

The area is further divided into 4 subareas
numbered from I to IV and given each area
a name corresponding to the largest town
in area (figure 1). This was done in order
to be able to refer to a specific area in text
more easily, but also to provide zonal statistics to uncover local trends within the study
area. The borders were chosen as primarily physical borders that divided the study area
into 4 similar sized regions.

2.1.2 Climate

The governorate of Sidi Bouzid is a landlocked province in central Tunisia. The region
experiences about between 150 to 250mm in a normal year, however some mountainous
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areas receive considerably more, up to 500-700mm pr year (Abaab et al, 1992). As can be
seen on figure 9 in appendix C, The warmest month of the year is July, with an average
high temperature of 37 degrees, while the coldest is January with an average high temper-
ature of 15 degrees (Climate-data.org, 2021). On top of being the warmest period of the
year, the summer months are also the driest, with July only experiencing less than 5mm
of precipitation on average (figure 8 in appendix C). September is the wettest month of
the year with an average of 32mm followed closely by March (Climate-data.org, 2021).

Precipitation levels vary a lot from year to year. According to Abaab et al (1992) the annual
precipitation varies from 60 to 600mm. As can seen from figure 2 there are actually larger
extremes than that in the data. In 1969 Sidi Bouzid experienced 1146 mm of rain the high-
est ever recorded, due to a very unusual amount of precipitation in the fall, which caused
severe flood damages all over Tunisia that year (Poncet, 1970). From figure 2 we can also
see that even though the precipitation is highly erratic in the period 1972-1991 it doesn’t
seem to have become generally neither drier nor wetter in this time period. Soumaia et al
(2016) who monitored the lowering of the water table in the Sidi bouzid depression did
not find a trend in annual precipitation either in their study period from 1990 to 2015.

1890 1900 1910 1920 1930 1940 1950 1960 1970 1980 1990

Year

0

200

400

600

800

1000

1200
Precipitation (mm)

Figure 2: Annual precipitation in Sidi Bouzid from 1898 to 1991. Data from Institut Na-
tional de la Meteorologie monthly reports 1984-1991

2.1.3 Physical geography

The entire governorate is characterised by relatively flat plains of filled synclines where
the anticlines protrude in the form of the Dorsal, a continuation of the Atlas mountain
range that runs through the entire country in a SW to NE direction (Abaab et al, 1992).
The study area is composed of two such plains, the Sidi Bouzid depression (I in figure
1) and the Hicheria plaine (III and most of IV in figure 1 ) divided by the Jabal el Kbar
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mountain (Doukh et al, 2018). The Oued el Fekka runs from east to west in the north of the
study area through the Sidi Bouzid depression, which is considered the most important
agricultural zone in the governorate (Doukh et al, 2018). South of the mountain there is a
Sebkha or Playa, that only rarely is filled with water and most of the time exists as a salt flat
with little to no vegetation. The natural vegetation is mostly semi arid steppe with small
shrubs and herbs like rosemary and artriplex (Mårtensson et al, 2019). However, the area
is very intensely farmed so a lot of the natural vegetation is limited to the mountains. The
area spans two groundwater basins divided by the mountain: The Sidi Bouzid basin to the
north and the Braga basin south of Jabal al Kbar (Doukh et al, 2018).

2.1.4 Human geography

The population of the governorate of Sidi Bouzid is approx. 430.000 people and is di-
vided into 12 delegations (Statistique Tunisie, 2016), of which the four delegations Sidi
Bouzid Ouest, Sidi Bouzid Est, Bir El Hfay and Souk Jedid are located completely or par-
tially within the study area The largest urban area in the area is the eponymous town of
Sidi Bouzid, with a population just short of 50.000 inhabitants (Doukh et al, 2018), which
is located in the north of the study area in the Sidi Bouzid depression. Sidi Bouzid is both
the economic and political centre of the governorate (Doukh et al, 2018).

2.1.5 Agriculture

The study area is quite diverse in terms of crops. According to the inventory by Doukh
et al (2018) the dominant types of crops in the Sidi Bouzid depression (I on figure 1) are
cereal crops and vegetable crops. The rest of the study area is dominated by olive trees
and the most dominant type of irrigation farming here are orchards. The most common
types of orchards are almonds, peaches and apples (Doukh et al, 2018).

Mårtensson et al (2019) reported that the dominant vegetable crop in the Sidi bouzid de-
pression used to be tomatoes in the 1980’s and 1990’s but have today been replaced with
slightly less water intensive crops like pimiento, some of which might be covered in plastic
greenhouses during the winter.

2.2 Presentation of data

2.2.1 LANDSAT

The LANDSAT-project has been collecting satellite regular imagery of the entire globe
since the 1970’s and is publicly available which makes it ideal for this thesis’ study of long
term changes. LANDSAT is the longest running sattelite image collection of earth that we
have, starting already in 1972, where the Multispectral Scanner (MSS) was used for data
capture, with a spatial resolution of 60m in four bands (Bandwidths in appendix A, ta-
ble 4). MSS captured data in Sidi bouzid only until 1987 after which it was replaced by
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the Thematic Mapper (TM) which has a 30m resolution and 7 bands (Bandwidths in ap-
pendix A, table 5). During 2012 there was however a LANDSAT mission using MSS again,
covering Sidi Bouzid. The scene from this mission will be used in the accuracy assess-
ment.

The most present scene is from Landsat 8 whose scanner is called Operational Land Im-
ager (OLI). OLI has a total of 9 band with 7 bands that are designed to be a continuation
of TM as well as two new bands (NASA and USGS, 2010) (Bandwidths in appendix A, table
6).

2.3 Presentation of algorithms

2.3.1 Segment Mean Shift

Segment mean shift is a method of image segmentation that clusters pixels of a raster in to
larger uniform object with an average value of the pixels in each object as the object val-
ues. Other statistics like size, rectangularity of the object, mean colour and standard devi-
tation are then calculated for the objects and are used to determine whether two objects
should merge or stay separate. The input to the algorithm determines how smooth the
output should be, i.e. how different the objects have to be, compared to their surrounding
objects and how small objects are allowed to be. The more precise mathematical details
that goes into this algorithm is beyond the scope of this thesis to explain. The algorithm
strives to make objects that are discrete, coherent and contrasting their surroundings. Ac-
cording to Castilla and Hay (2008) one of the strength of segmentation is that it clusters
the cells into segments that represents actual features for the mapper which is supposed
to ease machine training.

2.3.2 Random Forest

Random forest is a machine learning technique based on the Monte Carlo approach, were
the machine constructs a great number of independent decision tree models based on the
training input. This results in a normal distribution of outputs which gives a probability
for an object to belong to a certain class after which an object is assigned to the most
probable class. The way the machine creates its trees is by taking random samples or sec-
tions of the training input to use for the making each decision tree. Since each tree is very
sensitive to the training input this will result in significantly different trees. This process
is called bagging or bootstrap aggregation. The algorithm has two parameters: number
of trees, which regulates how many random decision trees are used for the normal distri-
bution and maximum tree depth, which regulates the maximum amount of decisions per
tree.
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2.3.3 ISODATA

ISODATA is an abbreviation for Iterative Self-Organizing Data Analysis Technique. The al-
gorithm works by choosing random cluster centres. Cluster in this sense being equivalent
to classes. Each cell is then classified to belong to the group where the distance in terms of
segment statistics or pixel values are the closest to the centre of the cluster/class. Then the
standard deviation and distance between cluster centres are calculated. If the standard
deviation is greater than a set threshold, the clusters will split in two, and if the distance
between two centres is smaller than a set threshold, then the clusters are merged. Fur-
thermore if a cluster is too small it will be deleted and all objects within it are reclassified
into the remaining clusters. The iterations are performed until a set number of iterations
are performed or the average distance between cluster centres is below a certain value or
the average change in cluster centres between two consecutive iterations is too low. De-
spite the term cluster which might confusingly make the user think of segmentation tool,
the ISO cluster tool in ArcGIS is a classifying tool.

2.4 Literature study

The project started out with a thorough literature study, in order to get acquainted with
area and to fully understand the premise of the project. This proved to be more time con-
suming than expected, as the literature concerning Tunisia, be it technical reports, journal
articles and even encyclopedic texts are primarily written in French and or Arabic. This
was a challenge not only due to a lack of proficiency of scientific terms in French, but also
because it made the search itself more difficult and time consuming. Two especially im-
portant references for this thesis found in literature search were the two publications from
the governorate titled "Atlas du gouvernorat de Sidi Bouzid" (Abaab et al, 1992; Doukh
et al, 2018). The publications includes a collection of land use inventory maps, geologi-
cal maps, thematic maps etc. as well as lexical style background information also on the
history of the governorate. The two reports has been a key source of information for un-
derstanding the background and present state of the region. The first Atlas was published
in 1992, coinciding with the end of Swedish projects and the other was published very
recently in 2018. This also made them ideal sources for expected changes in my change
detection.

In order to align my interpretation of the satellite images with actual features on the
ground. I’ve gone through all of the ground images available on Google Earth in the entire
governorate.

From the findings of Mårtensson et al (2019) it was decided to assume in this study that
all tree crops with a spacing of over 24m between each tree is rainfed as that was the usual
spacing between olive trees prior to the irrigation projects (Mårtensson et al, 2019). All
cereal crops, vegetable crops and tightly packed tree crops are considered irrigated.
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2.5 Selection of scenes

A goal for the thesis was to do a time series analysis of rasters from every 10 years start-
ing in 1972 and ending with the most recent in 2021. some years however there were no
suitable scenes to choose from ,as some scene would have e.g. band failures on one of the
bands or that the study area was cloudy.

From initial testing it seemed like the segment mean shift worked better on some scenes
than others. Specifically if the scene appeared relatively humid with a greener soil colour,
the segmentation would not be able to create objects that matched the visible fields recog-
nised in the scene. It was also harder to manually detect classes in these scenes. To assure
the best possible conditions for the classification I therefore aimed to select the scenes
that I suspected to be the driest. Summer is generally the driest season, but as mentioned
in section 2.1.1 the precipitation in the region is highly erratic and has high inter-annual
variability fig 2, which makes it almost impossible to predict the dryness from seasonal-
ity alone. It was therefore not ideal to select scenes purely from time of year, but rather
multiple candidate scenes were inspected and judged based on their greenness and my
ability to interpret the scene manually. This resulted in a wide range of months in table
1 of selected scenes, though only one scene, MSS 2012, was captured during winter. This
scene was not a difficult scene to interpret, which was lucky as it was the only one to chose
from.

2.6 Image processing

2.6.1 NDVI

In the image classification wizard in ArcGIS Pro, apart from the three visible bands, one
also has the possibility of adding a additional raster to improve accuracy. Despite the
findings by Okin and Roberts (2004) who reported that NDVI tends to underestimate veg-
etation in dry areas, I decided to use this index as my optional layer, as urban areas and
humid zones, two classes that were difficult to separate by colour, had slightly different
NDVI values. NDVI also fulfilled the criteria of being able to be calculated from MSS data
as it only requires the red and NIR bands (eq.1). NDVI has also previously been used to
map vegetation in the governorate in Doukh et al (2018), and as part of a decision tree
based land use mapping in the neighbouring Kairouan governorate by (Bousbih et al,
2019) et al.

NDVI = NIR−Red

NIR+Red
(1)

2.6.2 Segmentation

Segmented Mean Shift was the algorithm used for segmentation. As band inputs were
chosen to be red, green and NIR, which are bands 4-5-6 for the MSS 1 scene, 1-2-3 for
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Scenes selected

Mission
number

Scanner Date

1 MSS August 11 1972

5 MSS July 11 1984

6 TM August 24 1994

6 TM May 31 2004

7 ETM September 08 2011

5 MSS December 31 2012

8 OLI 11 April 2021

Table 1: Table of selected scenes for this thesis

MSS 5, 2-3-4 for TM, and 3-4-5 for OLI (see tables 4, 5 and 6 in appendix A).

According to Castilla and Hay (2008) a good segmentation is a segmentation with no cases
of undersegmentation, where the segmentation creates image objects that the mapper in-
terprets as two or more different geo objects, and few cases of oversegmentation, where
the segmentation creates too many image objects compared to the identified geo objects.
I therefore started with the highest values for spectral and spatial detail to assure not
to have cases of undersegmentation. After the segmentation the layer was inspected to
check if it succeeded in detecting the image objects I interpreted from the scene manu-
ally, if not the input were adjusted to a lower detail until the result was satisfying.

2.6.3 Random forest supervised classification

For the supervised random tree classification each object is classified using a statistical al-
gorithm based on a supervised training through manual classification of sample objects
in a training data file.
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I used 13 different classes for sampling that I believed to be visually different from each
other in the LANDSAT data, but not necessarily representing different land use /land
cover types. The 13 different classes represented 5 parent classes: Olive trees, Irrigated
agriculture, Urban areas, water and other, where other included the 5 subclasses Humid
zones, Dense grazing area, Sparse vegetation, Hillshade and Wadi.

The parent classes were chosen so that I was confident enough that I could distinguish
the classes with high precision and confidence in the accuracy assessment. The 13 sub-
classes with example pictures in TM and Google Earth can be seen as appendix B, table
7. Between 30 and 60 sample objects were selected for each class except for some of the
early years when there were to few urban objects and water objects for selecting 30 sam-
ples. The objects where sampled based on an interpretation of the unsegmented image
with the select object from segmented image tool. This tool allows the mapper to click on
the unsegmented image and see the outline of the corresponding object in the segmented
image and save it as a sample. This process also double checks the segmentation as the
mapper will identify geo objects and click on it to select the sample and check that the
image object outline indeed does match the identified geo object.

I chose 30 trees with a maximum tree depth of 10. These values were found using trial
and inspection. I gradually increased the numbers in both inputs until the output didn’t
seem to change. As a post processing, polygons were drawn around identified mountains
and the sebkha, and all irrigation class objects inside of the polygons were reclassified
using a reclassifying tool to "other".

2.6.4 Unsupervised ISODATA

The other method I’m testing involves using ISODATA cluster unsupervised classification.
This an unsupervised method meaning that it does not require training data. Instead the
algorithm separates (according to some manually set variables/rules) into a number of
classes that it finds significantly different from each other. I aimed to have at least 5 dif-
ferent classes. There is no suggested number of iterations for this algorithm, but accord-
ing to the documentation for the algorithm provided by ArcGIS Pro, too few iterations will
have unstable classes while too many iterations will result in too few and too broad classes
(). The standard number of iterations in ArcGIS Pro is 10. I went with the highest number
of iterations that produced at least 5 classes, which in the case of the OLI scene proved to
be only 2 iterations.

Like with the random forest classification, the images were post processed so that any ir-
rigation inside the previously mentioned mountain and sebkha polygons were corrected
to the class representing other.
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2.6.5 Accuracy assessment

For validation, I generated a stratified random set of 500 points based on my classification
of the 2021 OLI and 2012 MSS scenes. I decided to do a stratified set of points in order to
make sure that all classes were represented in the accuracy assessment, and 500 points to
make sure that there were at least 30 samples within each sub-class. The points were then
exported to Google Earth after which I interpreted each point manually. In this interpre-
tation I only divided the points into my 5 parent classes.

This decision was made because it was too difficult to distinguish the sub-classes properly
in Google Earth, as they were based on distinctiveness in LANDSAT that includes infrared
bands and not in true colour images like Google Earth.

As mentioned in 2.2.1, Sidi Bouzid is one of the areas that were covered by the last LAND-
SAT 5 mission in 2012. In the interpretation of points for 2012 I used the "show historical
imagery" feature in Google Earth as basis for my interpretation. 5 of the locations were
however covered by clouds in the 2012 images on Google Earth. In these instances 2013
imagery were used for the for the interpretation.

After all the points were interpreted, the point layer was exported back into ArcGIS and a
confusion matrix was generated with interpreted ground truth class on one axis and the
mapped class value on the other axis, so that the diagonal contained the amount of cor-
rectly classified samples within each class.

For each class a user’s and producer’s accuracy was calculated (see table 2). User’s ac-
curacy measures the accuracy of the mapped class from the user’s perspective. If the
map says a location is "Class 1", then how likely is this ground truth to agree with this
classification . Producer’s accuracy is conversely the accuracy viewed from the mapper’s
perspective. It measures how many of the sample points within a class that were correctly
classified.

The total accuracy for the matrix was also calculated. As seen in table 2 it is the total
amount of agreements divided by the total amount of samples. Lastly Cohen’s κ was also
calculated. Cohen’s κ is another metric for the accuracy, that corrects the total accuracy
for the likelihood of getting an agreement by chance alone. If we consider table 2 and use
its values, then:

P1 = a +b

a +b + c +d
· a + c

a +b + c +d
(2)

Where P1 is the probability of getting "Class 1" by chance. Similarly:

P2 = c +d

a +b + c +d
· b +d

a +b + c +d
(3)

Where P2 is the probability of getting "Class 2" by chance.
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Accuracy assessment

Mapped

Ground Truth
Class 1 Class 2 User’s accuracy

Class 1 a b a
a+b

Class 2 c d d
c+d

Producer’s accuracy a
a+c

d
b+d

Total accuracy
= a+d

a+b+c+d

Table 2: Example of a confusion matrix, green marks agreement, red marks disagreement

The propability of expected random agreement, Pe is then

Pe = P1 +P2 (4)

Cohen’s κ is then defined as

κ= Total accuracy−Pe

1−Pe
(5)

The Cohen’s κwas the metric I used to judge the performance of each method and against
each other. There are no set values for when a κ is sufficient, which is one of the common
critiques of the statistic (Delgado and Tibau, 2019), however Henry et al (2016) in their
mapping of sugar cane plantations using LANDSAT data interpreted a κ of 0.41-0.6 as
"moderate" and everything less than 0.2 as "poor". As random forest had the highest κ of
the two in both scenes, this was the classification I used in the change detection analysis.

2.6.6 Change detection

The time series analysis, was split it up into two groups sections before and after 1994
which is the scene that is the closest to both the end of the Swedish development projects
and the governorate’s inventory report (Abaab et al, 1992). Spatial patterns of the devel-
opment of selected classes were interpreted manually. The areal sum of each parent class
was furthermore calculated for each subdivision (see figure 1 and presented in bar graphs
in order to quantify the changes and observe local trends.
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3 Results

3.1 Supervised Random forest classification

The classification using Random Forest proved very successful overall with only few no-
ticeable errors to be detected before the accuracy assessment. The most notable error
was an overestimation in the detection of urban areas, which have a very similar spectral
signature to some of the humid zones with sparse vegetation. The method proved sur-
prisingly effective on MSS data despite the coarse resolution and classified the data very
close to how I would have interpreted it manually.

In the confusion matrix it is apparent that some classes were easier to identify than oth-
ers, with the smallest classes, having the lowest accuracy. In tabel 3 one can read that the
total accuracy was 75% with a Cohen’s κ of 0.58 for TM data and a little lower accuracy for
MSS, whith total accuracy of 73% and a κ of 0.56. This can be interpreted as a moderate
accuracy according to Henry et al (2016).

Accuracy assessment

Method Total
accuracy

Cohen’s κ

Random Forest MSS 72% 0.54

Random Forest OLI 73% 0.57

ISODATA MSS 51% 0.12

ISODATA OLI 48% 0.13

Table 3: Table of accuracy assessment statistics for each method and data type
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3.2 Unsupervised ISODATA

The ISODATA cluster method separated the scenes into a very different amount of classes
depending on the scene. It was not possible to obtain a map that resembled how I would
have classified the scenes manually.

Contrary to what I anticipated, the ISODATA-clustring actually resulted in more classes
in the MSS data at 2 iterations (14 classes) than from the OLI data (6 classes). After the
clustering each cluster were then reclassified to the class that it was interpreted to repre-
sent the best.

2 iterations is a very low number of iterations to be the limit for achieving the set number
of classes. This fact alone suggest that the method is not adequate in this setting, which
also showed in the accuracy assessment. None of classifications performed very well, with
both accuracy assessments resulting in a κ value below 0.2 which means that the method
is poor according to Henry et al (2016) and only barely better than a random classifica-
tion. Only one statistic stood out: The irrigated farms class had a 91% user’s accuracy on
the OLI scene. Based on the comparison of the κ-values I decided to use the supervised
random forest classification only for my change detection.
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3.3 Change detection

3.3.1 1972-1994

The change detection in this period showed the positive trend in irrigation farming also
described by Abaab et al (1992) especially in the Sidi Bouzid depression (I) as seen in fig-
ures 4. In 1972 some areas close to Oued el Fekka are still classified as "other", separating
the area into two irrigated zones as is highlighted on figure 5. Due to their location I sus-
pect that these were grazing lands. 12 years later these areas seemed to have been con-
verted to irrigated crop lands instead (figure 5). Abaab et al (1992) furthermore described
a rapid urbanization of the area, another trend that can be seen clearly in all regions but
Hichria (III) (figure 3). The city of Sidi Bouzid was the only urban area that could be de-
tected in 1972 (figure 5). In 1994 the city had already reached almost the same extend as
we see in the 2021 map on figure 6. All of the major towns in the area are visible from 1994.
As seen on figure 5, the total area of irrigated farmland increased a little in Souk Jedid (IV).

Figure 3: Total mapped area of parent classes within each sub region per year. Water
surfaces included in "others" for this chart as it was too small to show
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3.3.2 1994-2021

Since 1994 to 2004 a small irrigated cluster was detected south of Bir al Huffay towards
Sidi Ali ben Aoun (figure 6). This new agricultural area doubled the total area of irrigated
agriculture in Bir al Huffay (II) according to figure 4. This area gradually disappear from
the map towards 2021 which is illustrated in both figure 6 and as a decline in total irri-
gated area for the region in figure 4.

From 2004 to 2021 a drastic increase in irrigation farming area in Hichria (III) was ob-
served on the map (figure 6). In the bar chart on figure 4 One can even between 2004 to
2021 observe a seemingly exponential growth, where the total irrigated area have dou-
bled between each map. From 1994 to 2004 in Sidi Bouzid (I) figure 4 shows a very large
increase in irrigated farmlands of almost 6000ha. Like Bir al Huffay (II), Sidi Bouzid (I) has
experienced a slight decrease in irrigated agricultural area since 2004.

Area of irrigated land

Figure 4: Total mapped area of irrigated land within each sub region per year
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4 Discussion

4.1 Discussion of Change detection

The detected decrease in irrigation farming in the Sidi Bouzid depression(I) since 2004 is
perfectly inline with both Mårtensson et al (2019)’s reportings of water scarcity affecting
especially the tomato production with a subsequent decrease in total vegetable produc-
tion presented in Doukh et al (2018). A very high increase in the amount of irrigated land
were furthermore detected in Hichria (III) which is also described by Mårtensson et al
(2019). The irrigated farming in this area is according to the paper short sighted and un-
sustainable. The extend and growth rate of this trend was not however discussed in that
report. Based on the findings in this report it seems that amount of irrigated land in this
area was very low and stable until around 2004 after which the area of irrigated farming
has roughly doubled every 10 years. In all 4 areas the trends observed from 2004 to 2011
have continued into 2021, and thus does not seem to have been affected by the revolution
(figure 4)

The rapid urbanization from 1972-1994 described in the 1992 atlas (Abaab et al, 1992)
around the town of Sidi Bouzid was also detected. From 1994-2021 there were some con-
fusion in the maps between urban areas and other classes especially in mountainous ar-
eas (see figure 6). The creation of small settlements in Hichria (III) and Souk Jedid (IV)
along with the irrigated agriculture expansion could also be detected (figure 6).

4.2 Difficulties in classification

4.2.1 Greenhouses

As mentioned in 2.1.5 Mårtensson et al (2019) reported that there has been a recent in-
crease in uses of greenhouses, which is not accounted for in this study, as they could not
be detect in the 30m resolution data. It is therefore likely that some irrigated areas may
have been misclassified due to them being covered in plastic. The use of plastic green-
houses was however mentioned to mostly be a case in the winter months, which should
make this an insignificant limitation as all but the 2012 MSS scene were captured in late
spring, summer or early autumn (table 1).

4.2.2 Urban areas/humid zone confusion

An very difficult separation in the TM and OLI data proved to be urban areas, that had a
similar blueish colour to some of the humid range land areas close to the wadis (Classes
"Urban areas" and "Humid zones" in table 7, appendix) and in some of the mountainous
areas. Especially in 1994 and 2021 there are overestimations of urban areas. In the MSS
data however, only the largest towns were detected. I believe the reason for these misclas-
sification to be oversegmentation. In order to avoid undersegmentation in the olive tree
areas I had to accept oversegmentation of the urban areas, whose surfaces are much less
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homogenous than olive tree plantations. When a class is oversegmented it will lose the
statistical benefits of GEOBIA, as it will no longer have it’s characteristic shape, size and
texture. In general Castilla et al (2014) has described how accuracy decreases with object
size for object based mapping. An easy way to potentially solve this confusion problem in
a future change detection study would be to let both urban areas and humid zones be the
same class in the Random forest classification and then reclassify all humid zone cells,
within the boundaries of modern day urban areas.
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4.2.3 Mixed-use cells

Region II near Bir al Huffay was the hardest to classify. This area seems overall dryer,
which can be supported by the lower irrigated agricultural area. The distances between
the olive trees here are also generally larger than the rest of the study area, suggesting a
higher water scarcity. In the driest parts there tend to be, contrary to the rectangular olive
plantations found elsewhere, snaky and long plantation (example figure 7). These snaky
plantations are presumably located in depressions with higher water availability. Other
areas have small rectangular patches of olives in the middle of an otherwise bare land
area. This structure is not as ideal to map for low resolution scenes in particular as it will
lead to many cases of mixed use cells.

Another challenge for mapping the study area was the great variety of soil colours, which
e.g. made for the necessity of creating 4 different olive plantation sub-classes to represent
only 1 single type of land use: olive plantation. The soil colours seem in part to be cor-
related to moisture based on the difference in seasonally depending greenness observed
when selecting the scenes (section 2.5)

Figure 7: An example of a tricky mixed use cell
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4.3 The mappers influence on the results

Especially on the MSS data I was not able to identify the classes any better than the algo-
rithm but someone more familiar with the area and landscape type with more experience
in remote sensing would most probably get a better result than what is presented in this
thesis.

The value of on site experience is difficult to measure, but Mogk and Goodwin (2012)
stresses the importance of immersion in nature as an important step in acquiring knowl-
edge. This is backed by findings of Fuller et al (2003) who polled university students in
geography and environmental sciences during and after an epidemic where field trips
were removed from the curriculum. The perceived learning outcome, motivation and in-
terest in the subjects were found to be much lower even though there were no noteworthy
change in grades.

As an example of how on-site experience can improve image interpretation, the "water
reservoir" shown in appendix B table 7, is not at all a reservoir but in fact a large gulley.
In all of the maps in this thesis however, this gulley has both been missampled in the ma-
chine learning process and misinterpred from google earth as being a water reservoir. A
misinterpretation that could definitely have been avoided through better on site experi-
ence with the area.

Another important limitation for this study is its inability of replication due to the subjec-
tivity involved in both the mapping itself and the accuracy assessment. Castilla and Hay
(2008) names the mapper’s bias an inherent limitation of GEOBIA approaches. The map-
per decides the degree of segmentation based on one’s own interpretation of the land-
scape into geo-objects. Geo-objects are however to a large extend fiat objects whose exact
borders are vague and defined by the viewer and therefore exist only as a product of hu-
man cognition. This also mean that definitions are subjective and contextual for example
in terms of scale and resolution (Castilla and Hay, 2008).

These problems also propagate down to the image validation, different interpreters will
get different results, as humans interpret images by identifying geo objects whose exact
borders are a social construct (Castilla and Hay, 2008).

4.4 Other limitations

4.4.1 Inter annual variation

Seemingly supervised random tree classification performed almost equally well indepen-
dent on input resolution. This is somewhat in line with the findings of Katagis et al (2014)
who also got better results with OLI scenes but also very good results with MSS, when they
mapped forest fires in the Mediterranean with a GEOBIA approach. However the differ-
ences between the performances between the two resolutions was smaller than expected.
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Furthermore the ISODATA cluster method performed better on MSS than on OLI, which
was very unexpected. I suspect this to be attributed to the high inter annual variability of
this region that might as discussed in section 2.5 make some years easier to classify than
others independent of the resolution.

This is potentially an important limitation to the study as that makes the assumption that
the accuracy of the 2012 MSS Random forest classification can reasonably be assumed for
another MSS scenes less certain.

An investigation into the correlation between "segmentability" and monthly or daily pre-
cipitation would therefore naturally be another interesting topic for a future study. Pre-
cipitation data for the given months of the scene were not found in the literature study
despite searched for as a priority, and therefore a such relationship could not be investi-
gated much further.

4.4.2 Cohen’s κ as a metric

Cohen’s κ is the metric used in this study to assess the performance of the methods. κ
is a widely used metric, that takes into account the probability of getting a result by pure
chance. Delgado and Tibau (2019), however, have described the use of kappa as a per-
formance metric as problematic, since it is a relative metric of agreement which makes
it’s absolute interpretation difficult. In other words it is difficult to assess from κ alone
whether an accuracy is sufficient for a given use. Total accuracy is an intuitively easy
metric to understand, but since it doesn’t take random chance into account it is not an
adequate metric on its own either. Delgado and Tibau (2019) suggests using other met-
rics with better absolute interpretation like Mathew’s Correlation Coefficient. This metric
is however much more complicated to calculate and is not, unlike Cohen’s κ, a standard
in the accuracy assessment tool of ArcGIS Pro.

4.5 Comments on ISODATA

Interestingly, despite the generally low κ values and overall accuracy, the ISODATA clus-
ter performed better on MSS than on higher resolution scenes and resulted in more, and
more nuanced classes. I don’t know why this is, as the there seemed to be no noteworthy
difference in the segmentation of these scenes.

In very specific circumstances, where only mapping of a very distinct feature like water
or irrigated agricultural fields with crops (see table in appendix), this could be a preferred
method as it is very fast, and doesn’t require a skilled mapper to train. With more band
combinations available in modern data, it is also easier to chose a band combination that
highlights a specific land use type, which would allow for a multistage approach, where
some classes produced by an ISO cluster are removed from the image after which the
band combination is changed to highlight a different feature and so forth. It would be in-
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teresting to look into the possibilities of that in a future study on high spectral resolution
data.

5 Conclusion

In conclusion, this type of environment was as tricky to map as the literature suggested.
The combination of coarse resolution and the erratic nature of the precipitation makes it
very difficult for to identify the land use especially in the LANDSAT MSS scenes as some
important structural details were not visible in 60m resolution.

The GEOBIA approach proved very helpful as some classes were visually differentiated
just as much based on texture and shape as on colour. The more human intuitive ap-
proach made it both easier and faster to train the algorithm for an unexperienced map-
per. Moisture levels however proved to sometimes make segmentation difficult.

The difference between importantly distinct classes like irrigation farm, shrublands and
tree crops on humid soil were however too subtle for unsupervised classification using
ISODATA-clustering to be recommended using only 4 bands even when performed object
based. A recommendation for a future study, however, would be to investigate multistage
classification on TM or OLI rasters as the method was very effective in detecting certain
very distinct classes. Despite the faced difficulties it was possible to produce maps with
a 73% total accuracy or higher even on MSS data. The change detection anlysis added
to confirmation of reported regional trends in the study area most notably the extreme
growth in use of irrigation in Hichria and the recent years decline in the vegetable pro-
duction in the Sidi Bouzid depression, which were both described by Mårtensson et al
(2019). Based on the experiences acquired in this study I would suggest future mapping
of the Sidi Bouzid depression and surroundings to include some estimation of soil mois-
ture and perhaps a map of soil types that may reduce the amount of classes in the training
of the machine.
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A LANDSAT band tables

Landsat MSS

MSS 1-3 MSS 4 & 5 Colour and
wavelength (µm)

Band 4 Band 1 Green 0.5-0.6

Band 5 Band 2 Red 0.6-0.7

Band 6 Band 3 NIR 0.7-0.8

Band 7 Band 4 NIR 0.8-1.1

Table 4: Table of available bands in Landsat MSS scenes, data from the United States
geological survey (USGS)
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Landsat TM

TM Colour Wavelength
(µm)

Band 1 Blue 0.45-0.52

Band 2 Green 0.52-0.60

Band 3 Red 0.63-0.69

Band 4 NIR 0.76-0.90

Band 5 SWIR 1.55-1.75

Band 6 TIRS 10.40-12.50

Band 7 MIR 2.08-2.35

Table 5: Table of available bands in Landsat TM scenes, data from USGS
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Landsat OLI

Band Colour Wavelength
(µm)

Band 1 Coastal Aerosol 0.43-0.45

Band 2 Blue 0.45-0.51

Band 3 Green 0.53-0.59

Band 4 Red 0.64-0.67

Band 5 NIR 0.85-0.88

Band 6 SWIR 1.57-1.65

Band 7 SWIR 2.11-2.29

Band 8 Panchromatic 0.5-0.68

Band 9 Cirrus 1.36-1.38

Table 6: Table of available bands in Landsat TM scenes, data from USGS
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B Classification scheme with picture examples

Classification scheme and picture examples

Class Example in Landsat TM Example in Google Earth

Colonial style
olive plantation

Small scale olive

Small scale olive
on red soil

Small scale olive
on pale soils

Irrigated field in
rotation

Irrigation
farming
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Urban area

Humid zone

Dense grazing
area

Sparse
vegetation

Hillshade

Wadi

Water reservoir

Table 7: Classification scheme
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C Climate data for Sidi Bouzid

Figure 8: Monthly mean precipitation and temperature in Sidi Bouzid from:
https://en.climate-data.org/africa/tunisia/sidi-bouzid/sidi-bouzid-47420/
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Figure 9: Climate table of Sidi Bouzid from: https://en.climate-
data.org/africa/tunisia/sidi-bouzid/sidi-bouzid-47420/
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D Location of study area within Tunisia

Figure 10: Screen shot from Google Earth showing the location of the study area within
Tunisia
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