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Abstract: The environment is characterised by subtle and major mutations that cause changes in land use/land cover. 
Analysis of its dynamics and identification of vulnerable areas are critical to maintaining ecosystem services. The aim 
of this research is to quantify and qualify land cover dynamics over a 30-year period. It will also highlight forest degrada-
tion from a supervised classification of Landsat satellite imagery (L5 TM1987, L7 ETM+ 2000, and L8 OLI/TIRS 2019). 
The dynamics of land use/land cover were investigated by a maximum likelihood approach using geographic information 
system (GIS) and remote sensing (RS). Six major land use and land cover (LULC) types were mapped (build-up, agri-
culture, forest, clearing, matorral and olive cultivation). The classification reports made it possible to assess a reduction 
in forest cover (from 14 470.11 ha to 5 203.26 ha) and an increase in buildings (from 6 033.69 ha to 9 515.61 ha), and 
agricultural land (from 9 517.59 ha to  12 338.19 ha). The  results were validated by  a  kappa coefficient of  0.93, 0.91, 
and 0.96, which showed that the model had successfully predicted LULC changes. We anticipate that the results will 
provide a basis for decision-making as well as a starting point for further in-depth studies in sustainable management 
and development of natural resources in the study region.
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Land cover changes directly impact forest 
ecosystems, goods and services (Navarro Cer-
rillo et  al.  2019). Despite the biological potential 
of  large valleys, there are many reasons for their 
transformation. Population growth and inappro-
priate management practices are considered the 
main causes (Sangare et al. 2020). It has led to in-

creased demand for natural resources, which has 
affected land use and land cover (LULC) in  dif-
ferent ways (Long, Leveiller  2016). At  the same 
time, the surrounding agricultural land intended 
for food resources is  increasing, and deforesta-
tion is  active (Byun, Chang  2020), affecting sus-
tainable development, disrupting ecological 
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functions and initiating processes that generate 
environmental problems (Izakovičová et al. 2018). 
There are many issues related to  LULC  (Huang 
et  al.  2020). Literature shows that related studies 
are complex and difficult to  analyse and review, 
but at  the same time they are necessary for deci-
sion support in  land use planning  and manage-
ment (Barau, Qureshi  2015). Land use and  land 
cover changes (LULCC) are seen as a fundamental 
variable that influences the physical and human 
environment (Kilama et al. 2020), dramatically af-
fecting Earth-atmosphere interactions, ecosystem 
services, climate change, biogeochemical cycles 
and biodiversity (Chu 2020; Ji et al. 2021). Decades 
of  research have revealed the global environmen-
tal impacts of  LULCC  (Chu  2020). For  example, 
natural vegetation in the Mediterranean region has 
been strongly affected by human activities for mil-
lennia (Xystrakis et al. 2017). Recent research has 
revealed the impact of  LULCC  around the world. 
For example, in many African cities; ecological sus-
tainability is continuously threatened by  intensive 
land cover changes caused by unplanned urbanisa-
tion (Akubia et al. 2020). LULCC coupled with cli-
mate change has directly affected the distribution 
of an important tree family in the Philippines (Pang 
et al. 2021). Land cover change can affect the risk 
of flooding in a peri-urban environment as  in  the 
case of the metropolitan area of Rome in Italy (Re-
canatesi, Petroselli  2020), as  well as  stream flow 
and sediment yield in  the Koga watershed (Ayele 
et  al.  2023), and also can impact soil degradation 
(Ma et al. 2023). Several research studies have been 
carried out on  LULCC, among which we  cite the 
study of Juliev et al. (2019) in the Bostanlik district 
of  Uzbekistan, which describes significant chang-
es occurring in a major class of  land use and land 
cover of this area and observes an increase in for-
est. A  study carried out in  the grasslands of  Rio 
de la Plata from 2000 to 2014 (Baeza, Paruelo 2020) 
showed a strong process of land use change, mainly 
due to the advance of the agricultural frontier at the 
expense of  grassland. Satellite imagery and geo-
graphic information system (GIS) have led to sev-
eral works dealing with LULCC (Shen et al. 2015). 
Satellite imagery is an essential tool for monitoring 
the evolution of LULC over time and space (Bou-
laassal et al. 2020). Examples of research using in-
tegrated GIS and remote sensing include the case 
studies of Sangare et al. (2020) in the Korola water-
shed (Mali), where land use maps were developed 

using Landsat satellite imagery classification and 
the geographic information system. These maps 
show that the watershed has undergone a  depth 
change of  land use, largely due to human activity. 
The study by Fang et al.  (2022) highlights the im-
pact of changes on ecosystem services in ecologi-
cally fragile regions. A very significant change was 
observedin the Bedadung watershed as  a  result 
of human-induced activities (Hakim et al. 2023).

In northern Algeria, unsustainable logging prac-
tices, urban expansion, and the demand for agri-
cultural land, driven by  population growth and 
economic factors, are causing the transformation 
of  forests and  natural habitats into developed ar-
eas and farmland (Amrouni et  al.  2022; Hind 
et  al.  2022). Our study area, with its agricultural 
activities, urbanisation, industrialisation, oil mills, 
sandpits, and public dumps, has become a  front-
line of alarming degradation, the impact and extent 
of which remains unknown. The unchecked human 
exploitation of  these ecosystems, persisting with-
out restraint, has now reached a critical threshold. 
Faced with the urgent need for conservation meas-
ures, decision-makers are grappling with an  in-
creasing demand for information.

In  general, LULCC  identification is  crucial for 
evaluating global, regional, and local environmental 
change. Monitoring land use and land cover chang-
es in the lower Soummam valley is integral to sus-
tainable development, environmental protection, 
and the well-being of  the region's communities. 
This effort not only contributes to a deeper under-
standing of the region's dynamics but also aids pol-
icymakers in developing regulations and guidelines 
for sustainable land-use practices. It directs refor-
estation efforts to potential areas, aligning with the 
United Nations Sustainable Development Goals 
by  enhancing our understanding of  interactions 
between ecosystems, biodiversity, and sustainable 
development. In the context of global changes, hu-
manity deals with several challenges in this century 
such as climate change. The main indicator of cli-
mate change is CO2 emissions, which increase with 
deforestation. This study could provide insights 
into the local impacts of climate change, strength-
ening research on global climate variations.

Despite growing awareness of the climate change, 
global deforestation trends have continued to  ac-
celerate in  recent years. This is  leading to  a  rapid 
degradation of soils and terrestrial ecosystems, with 
associated declines in biodiversity and productivity.
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This study represents a contribution to the restora-
tion of degraded ecosystems in the lower Soummam 
valley. Specifically, its aims to  analyse the spatio-
temporal dynamics and changes in  land use using 
Landsat images from the years 1987, 2000, and 2019. 
The results will serve as a reference point for in-depth 
studies on impacts and future modelling of land use 
and land cover changes (LULCC). Additionally, they 
will serve as support tools for decision-makers, as-
sisting in informed decision-making processes.

MATERIAL AND METHODS

Study area. The  lower Soummam valley shown 
in Figure 1 is located in the northern central part of Al-
geria between 36°43'N and 05°04'E. It covers an area 
of about 808.5 km2, of which only 0.75 km2 is plain, 
all the rest being a  forested mountain area (cork 
forests occupying the high  mountains, shrub for-
mations of kermis oak, holm oak, and Aleppo pine 
formations). The  Mediterranean climate has two 
levels, namely the humid one on the northern slope 

with rainfall higher than 900 mm per year, and 
the sub-humid one in  adret with an  average rain-
fall of 600 mm to 900 mm per year. The topography 
of the study area is characterised by elevations rang-
ing from 200 m  a.s.l. to  1 400 m  a.s.l. (Figure  1D). 
The region contains a dense hydrographical network 
of temporary and permanent wadis that drain into 
the main wadi, Soummam wadi. Human settlements 
take the form of small villages of  rarely more than 
3 000 people, built on hills and ridges.

Data collection. The data used in this study con-
sisted of Landsat satellite imagery collection 1  lev-
el  1, freely downloaded from the Earth Explorer 
(USGS) website Landsat archives (USGS  2017). 
The selection process focused on the use of images 
acquired during the dry season (Karnieli et al. 2014), 
which allowed differentiation between the different 
types of land cover, especially vegetation (Suleiman 
et al. 2017). Each image in Figure 2 contains spectral 
bands and an MTL file in a single folder. The MTL file 
describes the characteristics of  the images. In  ad-
dition, during visits to  the study area, 387  ground 

Figure 1. Study area showing the location of the lower Soummam valley
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control points were recorded throughout the valley 
using a  Global Positioning System (GPS) receiver 
(Garmin, USA) with an accuracy of 5 m.

Data pre-processing. QGIS  information system 
(Version 3.4.3, 2018) was used for image processing. 
Each image underwent simultaneous atmospheric 
correction and conversion of DN values to radiance 
values [TOA (top of atmosphere) reflectance]. For the 
atmospheric correction, we  used the DOS  (dark 
object subtraction) method, which is  widely used 
(Chavez  Jr.  1989).This  method allows to  suppress 
the atmospheric effects on the spectral data, thus al-
lowing the comparison between multi-temporal im-
ages (Vittek et al. 2014). At  the end of  the process, 
we  used the SCP  (Semi-Automatic Classification 
Plugin) multiple clip raster of QGIS and the bound-
ary map shape file to clip the different spectral bands.

Image classification and change detection. 
The first step in classification was to create a band 
set by assigning three spectral bands to each of the 
three primary colours (RGB). This allowed prelimi-
nary distinction between vegetation and other types 
of  land use. When we  selected 4-3-2, we  saw that 
the image colours on the map changed and the veg-
etation was highlighted in red. For L5 TM 1987 and 
L7  ETM+  2000  images, we  have selected the 1,  2, 
3, 4, 5, 7  bands and (1E-6m) wavelength, in  μm 
(microns). For  the L8  OLI/TIRS  2019  image, 
we  have selected 2,  3, 4, 5, 6, 7  bands. The  se-
lected wavelength allowed us  to  display the value 
of  NDVI  (normalised difference vegetation index) 
value on  the image. This is  the NDVI  value of  the 
pixel under the cursor on  the map. The  image 
L8 OLI/TIRS 2019 was used as a reference for the 
classification of  L5  TM  1987  and L7  ETM+  2000. 
The NDVI was useful to identify spectrally clean pix-

els because dense vegetation such a forest has high-
er NDVI values compared to less dense vegetation 
such as olive and matorral. The actual NDVI values 
would, by definition, lie between –1 and +1, with in-
creasing positive values indicating increasing green 
vegetation and negative values indicating non-vege-
tated surface features such as water and barren land. 
The normalised difference vegetation index (NDVI) 
is automatically calculated by the SCP of QGIS ac-
cording to a formula mathematically written

–NIR R
NDVI

NIR R
=

+
,

it  is  calculated as  the ratio between the red (R) 
and near infrared (NIR) values.

In Landsat (Versions 4–7, 2018):
4 – 3

4 3

Band Band
NDVI

Band Band
=

+

In Landsat (Versions 8–9, 2018):
5 – 4

5 4

Band Band
NDVI

Band Band
=

+

where:
NDVI	 – normalised difference vegetation index.

A zero indicates no vegetation and a value close 
to +1 (0.8–0.9) indicates the highest possible den-
sity of green leaves (Landsat Missions 2018).

Secondly, the .csv file of the collected GPS points 
was overlaid on each satellite image to see which pix-
els on these images corresponded to one type of land 
cover or another. In the ROI generation of SCP Dock, 
we  selected several regions of  interest (ROIs) for 

Figure 2. Landsat archive image from (A) 1987, (B) 2000, and (C) 2019
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The data used in this study consisted of Landsat satellite imagery collection 1 level 1, freely downloaded from the Earth Explorer (USGS) website Landsat archives (http://glovis.usgs.gov/). The selection process 56 

focused on the use of images acquired during the dry season, (Karnieli et al. 2014), which allowed the differentiation between the different types of land cover, especially vegetation (Suleiman et al. 2017). Each image 57 

in (Figure2) contains spectral bands and an MTL file in a single folder. The MTL file describes the characteristics of the images. In addition, during visits to the study area, 387 ground control points were recorded 58 

throughout the valley using a Global Positioning System (GPS) receiver with an accuracy of 5 m. 59 
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2.3. Data pre-processing  63 

QGIS version 3.4.3 was used for images processing. Each image undergoes simultaneous atmospheric correction and conversion of DN values to radiance values (TOA reflectance). For the atmospheric correction, we 64 

have used the DOS (Dark Object Subtraction) method, which is widely used, (Chavez Jr 1989).This method allows to suppress the atmospheric effects on the spectral data, thus allowing the comparison between multi-65 

temporal images, (Vittek et al. 2014). At the end of the process, we have used the SCP multiple clip raster of QGIS and the boundary map shape file to clip the different spectral bands. 66 

2.4. Image classification and change detection 67 

The first step in classification was to create a band set by assigning three spectral bands to each of the three primary colours (RGB). This allowed preliminary distinction between vegetation and other types of land use. 68 

When we selected 4-3-2, we saw that the image colours on the map changed and vegetation was highlighted in red. For L5 TM 1987, and L7 ETM + 2000 images, we have selected the (one, two, three, four, five, and 69 
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1987, and L7 ETM + 2000. The NDVI was useful to identify spectrally clean pixels because dense vegetation such a forest has higher NDVI values compared to less dense vegetation such as olive and matorral. The 72 

actual NDVI values would, by definition, lie between -1 and +1, with increasing positive values indicating increasing green vegetation and negative values indicating non-vegetated surface features such as water and 73 

barren land.The Normalized Difference Vegetation Index (NDVI) is automatically calculated by the SCP of QGIS according to a formula mathematically written NDVI = (NIR — R)/(NIR + R), it is calculated as the 74 

ratio between the red (R) and near infrared (NIR) values. 75 
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each land cover class. The  stored ROI  is  shown 
on the map as a dark polygon. As for the classifica-
tion itself, the images were being classified accord-
ing to the so-called supervised method. It is the most 
commonly used method (Zhao et al. 2012). We used 
the maximum likelihood method, which is  also 
used by several authors, namely Hussain and Karup-
pannan (2023); Seyam et  al.  (2023); Shekar and 
Mathew (2023). Images classified in  raster format 
were filtered and vectorised. Change detection was 
automatically calculated using the post-classification 
method of the SCP extension in QGIS by superim-
posing two raster classifications of Date 1 and Date 2, 
of which Date 1 is taken as the reference (Figure 3).

Accuracy assessment. To  assess the accuracy 
of  the cartographic products, the data from the 

ground control points were compared with the clas-
sified data. The  classified images were validated 
using ground control points collected in  the field. 
A confusion matrix was also created to determine 
the probability of correctly identifying pixels and the 
accuracy of pixels' classification (Congalton 1991). 
Congalton (1991) explained the principle of this ma-
trix, which gives two main values, namely the overall 
accuracy and the kappa coefficient (Xu et al. 2012). 
The  overall accuracy characterises the proportion 
of  well-classified pixels and the kappa coefficient 
characterises the ratio between the well-classified 
pixels and the total number of  the probed pixels. 
The kappa coefficient (Figure 4) is always confined 
bounded between –1 and 1. Figure 4 shows the scale 
used to interpret its values (Santos 2010).

Figure 3. Methodological approach for mapping change detection

Figure 4. Kappa coefficient values
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3.1.1. Mapping of land use and land cover change in the study area 98 
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RESULTS

Land use and land cover dynamics
Mapping of  land use and land cover change 

in  the study area. The  overall accuracy reached 
92%, 90%, and 95% with kappa coefficients of 0.93, 
0.91, and 0.96, respectively, which is greater than 
90% for the three dates, respectively. The land cov-
er maps show the spatial distribution of  six land 
use types. The classification reports estimate that 
the area occupied by  each of  these classes var-
ies from one date to  another. According to  the 
data collected, the following trends can be  ob-
served: Infrastructure increased from 6 033.7 ha 
in  1987  to  9 227.25 ha in  2000. In  2019, this ex-

pansion exceeded 9 515.7 ha. The  forest class 
experienced a  sharp decline from 14 470.1 ha 
in 1987 to only 5 203.2 ha in 2000, before recovering 
to 7 675.1 ha in 2016. Agricultural land increased 
from 9 517.6 ha in 1987 to 11 484.9 ha in 2000 and 
12 338.2 ha in  2019. Scrub land increased sig-
nificantly from 15 397 ha to  16 924 ha. The  area 
under olive trees decreased from 21 707 ha 
in  1987  to  15 615 ha in  2019. Finally, for clear-
ing, an increase in area was observed in 2000 and 
2019  compared to  1987, with the area increasing 
from 2 113 ha to  7 171 ha. In  1987  (Figure  5), ol-
ive cultivation dominated the landscape from up-
stream to  downstream and from the Soummam 
wadi to the medium-slope. In the mountainous ar-

Figure 5. Land use and land cover maps of lower Soummam valley in 1987

–80°0'0'' –160°0'0'' 120°0'0'' 40°0'0'' –40°0'0''

–80°0'0'' –160°0'0''

Land cover classes 1987

A
re

a 
of

 e
ac

h 
cl

as
s

Land cover classes Land cover classes

Pe
rc

en
ta

ge

25 000
20 000
15 000
10 000

5 000
0

40

20

0

–20

5 0 5 km

1 – infrastructures
2 – forest
3 – matorral
4 – olive growing
agricultural land
clearing
Soummam wadi

120°0'0'' 40°0'0'' –40°0'0''

20
°0

'0
''

–8
0°

0'
0'

'
0°

0'
0'

'
80

°0
'0

''

20
°0

'0
''

–8
0°

0'
0'

'
0°

0'
0'

'
80

°0
'0

''

https://jfs.agriculturejournals.cz/


128

Original Paper	 Journal of Forest Science, 70, 2024 (3): 122–134

https://doi.org/10.17221/86/2023-JFS

eas to the North, the forest covered 14 470.11 ha. 
Infrastructure and clearings represented only 9% 
and 3%, respectively.

In 2000 (Figure 6), olive cultivation remained the 
dominant class with 31% of the total area. Wood-
land was converted with only 7% of  the total area 
(5 203.26 ha). Matorral replaced it with 31% of the 
total area. There was also a slight increase in agri-
cultural land and clearings which reached 17% and 
11% of the total area, respectively. The area of  in-
frastructures has increased to about 3 000 ha.

The year 2019  (Figure  7) map shows a  signifi-
cant reduction in  olive cultivation, which occu-
pies only 24% compared to  31% in  2000. Forests 
are recovering again to reach 11% of the total area. 

As  far as  infrastructure is  concerned, we  find 
that it  is  increasingly concentrated in  large cit-
ies. There is an increase in agricultural land (18%) 
compared to 2000.

Spatiotemporal quantification of  deforesta-
tion and change of  LULC. Post-classification 
was carried out, and transition matrix was ob-
tained (Table 1). The analysis of the transition ma-
trix from 1987  to  2000  (Table  1) shows that out 
of 14 470.11 ha, only 4 857.93 ha of  forest did not 
change, the rest of  the area is  transformed into 
matorral (6 847.65 ha) and clearing (1 686.05 ha). 
Of  the matorral (15 397.29 ha), only 4 270.77 ha 
remained unchanged. An  area of  10 667.25 ha, 
3 737.43 ha and 24.21 ha remains unchanged for 

Figure 6. Land use and land cover maps of lower Soummam valley in 2000
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olive cultivation, agriculture and clearing, respec-
tively. From 2000  to  2019, the results show that 
out of 5 203.26 ha, only 907.92 ha of forest did not 
change, the rest of the area was transformed into ma-
torral (3 478.02 ha) and clearing (454.86 ha). Of the 
matorral (14 323.23 ha), only 5 345.55 ha remained 
unchanged. An  area of  13 998.15 ha, 4 137.66 ha, 
and 2 117.7 ha remain unchanged for olive grow-
ing, agriculture and clearing, respectively.

Table  1  indicates a  strong dynamic between 
classes. Three major changes are (i)  the in-
crease in  agricultural land and infrastructure, 
(ii)  the decrease in  the olive cultivation area, 
and (iii)  the degradation of  the forest. It  shows 
a  transition of  LULC  towards a  more anthropo-

genic and agricultural environment at the expense 
of forested areas.

From 1987  to  2000, around 9 612.09 ha  of  for-
est have been transformed to  matorral 
(6 847.65 ha), clearing (1 686.15 ha) and olive 
(441.99 ha). Agricultural land increased (from 
9 517.59 ha in 1987 to 11 484.9 ha in 2000 to reach 
12 338.19 ha  in  2019). Two essential classes con-
tributed to this change, namely olive (2 893.05 ha) 
and matorral (2 637.81 ha).

Olive cultivation dominated the landscape 
in 1987 and 2000. By 2019, however, olive cultiva-
tion had moved into second place, with the mator-
ral taking the lead with 23% and 24% of  the total 
area, respectively.

Figure 7. Land use and land cover maps of lower Soummam valley in 2019

–80°0'0'' –160°0'0'' 120°0'0'' 40°0'0'' –40°0'0''

–80°0'0'' –160°0'0''

Land cover classes 2019

A
re

a 
of

 e
ac

h 
cl

as
s

Land cover classes Land cover classes

Pe
rc

en
ta

ge

20 000
15 000
10 000

5 000
0

40

20

0

5 0 5 km

1 – infrastructures
2 – forest
3 – matorral
4 – olive growing
agricultural land
clearing
Soummam wadi

120°0'0'' 40°0'0'' –40°0'0''

20
°0

'0
''

–8
0°

0'
0'

'
0°

0'
0'

'
80

°0
'0

''

20
°0

'0
''

–8
0°

0'
0'

'
0°

0'
0'

'
80

°0
'0

''

https://jfs.agriculturejournals.cz/


130

Original Paper	 Journal of Forest Science, 70, 2024 (3): 122–134

https://doi.org/10.17221/86/2023-JFS

From 1987  to 2019, infrastructure areas contin-
ued to  expand in  the two periods and all classes 
have contributed to this change:
– From 1987  to  2000: forest (44.37 ha), mator-

ral (748.26 ha), olive (903.06 ha, agriculture 
(2 787.75 ha), clearing (1 146.6 ha).

– From 2000 to 2019: agriculture (2 962.26 ha), ol-
ive (891.81 ha), clearing (741.51 ha).

DISCUSSION

In this study, we  have analysed the landscape 
dynamics in the lower Soummam valley, northern 
Algeria, highlighting forest degradation. The  data 
used were selected according to  the purpose 
of  the study. The  downloaded images are freely 
available on  the United State Geological Survey 
[USGS (Suleiman et al. 2017)]. These satellite imag-
es are characterised by their homogeneity in terms 
of  spatial resolution, projection, datum and for-
mat. On the other hand, if our data are of different 
scales and resolutions, it becomes necessary to re-
move this difference in order to make comparisons 
between data (Bamba et al. 2008). The supervised 
classification method is  very advantageous (De-
wan, Yamaguchi  2009). Thanks to  the maximum 
likelihood classifier, it has allowed us to obtain reli-
able results (Fichera et  al.  2012). In  addition, the 
confusion matrix was considered as the best clas-

sification accuracy assessment according to Thapa 
and Murayama (2009) and Usman et  al.  (2015). 
The resulting matrix gave a kappa coefficient that 
is  greater than 0.70  for all classifications. Several 
authors consider its values to be statistically satis-
factory (Zhao et al. 2012).

Land use and land cover change is the result of the 
interaction of socioeconomic, institutional, and en-
vironmental factors (Chu 2020). Driving forces vary 
in time and space, according to specific human-en-
vironment conditions (Verburg et al. 2003). In gen-
eral, changes in land use and land cover are driven 
by a combination of factors that act gradually and 
factors that act intermittently (Lambin et al. 2001).

In  lower Soummam valley, human pressure 
is causing three major changes: the increase in ag-
ricultural land, the decrease in  the olive cultiva-
tion area in the hills and the degradation of forest. 
The  decline of  olive cultivation in  the hills is  due 
to the neglect by the rural population which is leav-
ing the countryside for other areas closer to  eco-
nomic opportunities and urban services. There are 
huge differences between urban and rural areas 
in  terms of  infrastructure, employment opportu-
nities, education levels, and health care. So, cities 
attract a significant proportion of  the rural popu-
lation by  way of  permanent and circulatory mi-
gration, and the wages earned in the city are often 
remitted by migrants to rural homelands, in some 

Table 1. Change detection from 1987 to 2019 (ha)

Classes Infrastructure Forest Matorral Olive Agriculture Clearing 1987
Infrastructure 6 033.69 0 0 0 0 0 6 033.69
Forest 44.37 4 857.93 6 847.65 441.99 592.02 1 686.15 14 470.11
Matorral 748.26 107.37 4 270.77 6 341.94 2 637.81 1 291.14 15 397.29
Olive 903.06 220.41 3 014.46 10 667.25 2 893.05 4 009.23 21 707.46
Agriculture 2 787.75 2.52 94.23 2 702.16 3 737.43 193.50 9 517.59
Clearing 1 146.60 0.27 74.34 359.01 509.04 24.21 2 113.47
2000 9 227.25 5 203.26 14 323.23 21 451.50 11 484.90 7 549.56 69 239.61

Classes infrastructure forest matorral olive agriculture clearing 2000
Infrastructure 9 227.25 0 0 0 0 0 9 227.25
Forest 5.13 907.92 3 478.02 249.57 107.55 454.86 5 203.26
Matorral 122.67 1 010.97 5 345.55 4 503.06 944.73 2 396.25 14 323.23
Olive 891.81 473.94 1 670.85 13 998.15 2 205.54 2 211.21 21 451.50
Agriculture 2 962.26 12.24 343.08 3 620.97 4 137.66 408.69 11 484.90
Clearing 741.51 226.08 524.16 2 862.81 1 077.30 2 117.70 7 549.56
2019 9 515.61 7 675.11 16 924.05 15 615.45 12 338.19 7 171.29 69 239.61

Bold – no change in the class
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cases transforming the use of croplands and creat-
ing 'remittance landscapes' (Lambin et al. 2001).

According to  Xystrakis et  al.  (2017) such socio-
economic changes play an important role in chang-
es in LULC. In the case of climatic hazards, these 
factors are at  the origin of  land use change in the 
lower valley, specifically:
– Extension of  agricultural land, especially tradi-

tional agriculture, which is generally not far from 
the forest (Mekasha et al. 2020). The significant 
increase in  cultivated land in  the sub catch-
ment can be  explained by  the increase in  the 
local population. The  Department of  Planning 
and Budget Monitoring (DPSB) reports that 
the number of  inhabitants per  km2  went from 
412 258 in 1987 to 476 135 in 2019. As a result, 
more land will be  dedicated to  housing, trans-
portation, and industry. According to  the study 
made by  Abadie (2018) on  Mediterranean for-
ests, reforestation can take place in case of abun-
dance of traditional agriculture and grazing.

– Another issue is the sensitivity of the vegetation 
to forest fires, considering that the forests of this 
zone are mainly composed of flammable species 
such as the cork oak, also in the last thirty years 
[1985–2012  (Meddour-Sahar, Bouisset  2013)]. 
This devastation has caused cuts in  the con-
nectivity of  ecosystems and the proliferation 
of  invasive plant species compared to  primary 
vegetation types; the same observation was made 
by Mezgebu and Workineh (2017).

– In  addition, the change in  rainfall affects nega-
tively the forest ecosystem as  it  may prob-
ably affect the density of  tree plants, as  well 
as  their biological ability to  regenerate natural-
ly, as is the case in Savanah woodland in Nigeria 
(Suleiman et al. 2017).
This area, which provides goods and services es-

sential to  human survival, including biodiversity, 
natural resource reserves, fresh water, cultivated 
land and other services, has been severely affect-
ed by these changes.

The study carried out by Mahdi and Kheta (2020) 
reveals that the degradation of vegetation exposed 
the soil to water erosion. A similar study in Malay-
sia shows the impact of LULC on the water quality 
of rivers and how conversion of land to agricultural 
areas greatly increases the introduction of eroded 
soils into water bodies (Razali et al. 2018).

To better explain these variations, we  agree 
on the need to integrate other sources of informa-

tion about causes, which may be at the origin of the 
modifications within landscape. As  suggested 
by Herzog and Lausch (2001), administrative enti-
ties could be subdivided into ecological sub-regions 
for which environmental indicators could be meas-
ured. This would allow a comparison between re-
gions of  similar ecology but located in  different 
administrative units. In  addition, the authorities 
should develop an environmentally sensitive form 
of  agriculture and industry that combines tradi-
tional and modern practices in  order to  develop 
both the environment and the economy.

Scientists associated with the LUCC  research 
community share a  common, geographic, inter-
est: the future of the land, while LUCC simulation 
models are effective and reproducible tools for ana-
lysing both the causes and consequences of future 
land-use dynamics under various scenarios.

Much of  the integration of  knowledge on  land-
use change takes place through spatial models that 
aim to explain the causes, locations, consequences, 
and trajectories of land-use change (Verburg, Veld-
kamp  2005). The  diversity of  disciplinary origins 
of the researchers contributing to the LULCC study 
has resulted in  wide range of  different modelling 
approaches and techniques to  support the analysis 
of the causes and consequences of land-use change 
in order to better understand the functioning of the 
land-use system and to  support land-use planning 
and policy. We can conclude from this study that the 
lower Soummam valley has suffered serious degra-
dation which could be exacerbated in the future. In-
deed, it is desirable to continue this work to predict 
changes by simulation for sustainable development, 
as well as for more in-depth studies, such as studies 
on the impact of LULCC on the environment. The re-
sults of this study deepen the debate on the search 
for solutions for sustainability of the landscape.

CONCLUSION

The objective of  our study was to  qualitatively 
and quantitatively analyse the dynamics of  land 
use and land cover changes over a 30-year period, 
with a  specific focus on  highlighting forest deg-
radation. The  findings from our research clearly 
demonstrate tangible changes in  the Soummam 
valley. The examination of land cover maps reveals 
a  transformation of  the landscape into an anthro-
pogenic environment, where human activities have 
significantly altered the natural trends.
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Between 1987 and 2000, olive cultivation domi-
nated the landscape from upstream to downstream 
and from the edges of the Soummam wadi to areas 
with medium slopes. However, by 2019, olive culti-
vation had taken the second position, with mator-
ral now occupying the leading position at 23% and 
24% of  the total area, respectively. Over the three 
decades from 1987 to 2019, infrastructure and ag-
ricultural areas continued to expand, while forested 
areas experienced a notable decrease. This marked 
shift in land use indicates a transition toward a more 
anthropogenic and agricultural environment, at the 
expense of  forested areas. These transformations 
are primarily attributed to population growth, re-
sulting in significant environmental modifications. 
In order to prevent the loss of ecological resources, 
environmental protection is essential to ensure the 
sustainability of this area. A more in-depth explo-
ration across different scales would enhance the 
efficiency of our approach, providing more precise 
and detailed insights to  explain the various pro-
cesses leading to the regression of the land.
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