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Abstract This study aims at predicting the urban
growth of Djelfa, which is the largest Algerian semi-
arid city, and assessing its impact on Land Use / Land
Cover (LULC). Three satellite datasets (2000, 2010,
and 2020) were classified using Maximum Likeli-
hood Classification (MLC). We employed the LULC
maps of 2000 and 2010 and integrated four urban
growth factors to predict the urban growth of 2020
using Land Change Modeler (LCM) based on Logis-
tic Regression Model (LRM). The predicted urban
growth was compared with the observed urban class
of 2020 to validate the model. Finally, we predicted
future urban growth of 2030, 2040, and 2050. In
effect, the urban growth of Djelfa is rapid. Its annual
rate was 3.05% from 2000 till 2020 and will be 1.85%
between 2020 and 2050. This has caused the loss of
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11.88 km?, 2.01 km?, and 1.76 km? of the steppe, the
forest, and the agricultural land respectively, between
2000 and 2020. According to LCM, the steppe, the
forest, and the agricultural land will lose 28.33 km?,
32.54 km?2, and 10.84 km? sequentially, between 2020
and 2050.

Keywords Urban growth - Spatio-temporal
prediction - Fragile environment - LCM - LRM

Introduction

Rapid and uncontrolled urban growth negatively
impacts the environment and people’s quality of life
(Liu et al., 2019a; Mondal et al., 2020; Yuan, 2010).
This makes the urban growth control an essential task
that the government’s competent services must under-
take. On a global scale, urban growth has caused
significant changes in LULC and has negatively
impacted natural resources. It has been observed, for
example, in the USA (Tayyebi et al., 2013), in Ger-
many (Siedentop & Fina, 2010), in Ethiopia (Getu &
Bhat, 2021), or in a set of Mediterranean countries
(Shalaby et al., 2012; Xystrakis et al., 2017; Ohana-
Levi et al., 2018; Abd El-kawy et al., 2019). It turns
out that regions characterised by a fragile environ-
ment were also exposed to the negative impacts of
urban growth, where the consequences on natu-
ral resources were alarming (Al-sharif & Pradhan,
2015; Amarsaikhan et al., 2009; Salem et al., 2020).
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Therefore, urban growth spatio-temporal predic-
tion studies are very important for planning agen-
cies and policymakers to develop sustainable urban
growth policies that may reduce future environmen-
tal impacts (Grigorescu et al., 2019; Petrov & Sugu-
maran, 2005; Yadav & Ghosh, 2019). In this respect,
the analysis of multi-temporal satellite imagery has
proven its effectiveness (Aljoufie et al., 2013; Amar-
saikhan et al., 2009; Ilyassova et al., 2019; Maitha-
nia et al.,, 2010). However, before that, the satellite
dataset must be classified. The comparison between
several studies does not give unanimity concerning a
better classification method. For example, Srivastava
et al. (2012) study has found that Artificial Neural
Network (ANN) gives more precision in classifica-
tion than MLC, while other studies suggest the adop-
tion of MLC, which has proven its excellent accu-
racy (Patil et al., 2012; Sameen et al., 2016). The
supervised classification based on MLC has proven
efficient, especially if we know the study area well
(Traoré et al., 2013; Zhang et al., 2008). That was
why we chose the MLC method widely adopted in
studies interested in LULC (Brannstrom & Filippi,
2008; John et al., 2020; Sinha et al., 2015) to classify
three LANDSAT satellite images of 2000, 2010, and
2020.

Several studies have successfully adopted many
simulation modeling techniques to analyse the envi-
ronmental impacts of urban growth and make predic-
tions. For instance, empirical and statistical models
such as Cellular Automata-Markov (CA-M) (Ahmed
& Ahmed, 2012; Losiri et al., 2016); dynamic mod-
els such as ANN (Anand & Oinam, 2020; Moham-
mady et al., 2014); integrated models such as CLUE-
S (Grigorescu et al., 2019); and hybrid models such
as LCM (Jain et al., 2017; Nor et al., 2017). We opted
for the LCM, whose process is less complicated and
faster than other models (Altuwaijri et al., 2019; Jain
et al., 2017; Jamali & Ghorbani Kalkhajeh, 2019; Nor
et al., 2017). LCM provides robust tools for analys-
ing LULC change and creating predictions (Eastman
et al., 2005). Based on the change probabilities to
the urban class and the urban growth factors, LCM
adopts two prediction methods: Multi-layer percep-
tron (MLP), which gives the possibility of treating in
a single analysis all the possible transitions from all
the LULC classes to the urban class (Grekousis et al.,
2013; Liu & Seto, 2008; Pijanowski et al., 2014),
or LRM which analyses the transitions from each
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LULC class to the urban class independently (Chen
et al., 2019; Feng et al., 2018; Lafazani & Lagarias,
2016). Our study determines the change probabili-
ties between the LULC classes between 2000 and
2010. Next, we will move on to the potential transi-
tions to the urban class by selecting and integrating
the urban growth factors. Through LRM, we will
obtain the potential transitions from each LULC
class to the urban class to predict the urban growth
of 2020. Finally, the predicted urban growth map will
be validated by comparing it to the observed urban
class 2020. Once the prediction map is validated, it
will be possible to make urban growth predictions by
2050 and quantify its environmental impacts, which
will be necessary for urban planning agencies and
decision-makers.

Here, we are interested in Djelfa City, which has
experienced a significant speed in its demographic
growth. Its population accounts for 97% of the overall
population of the municipality (NOS, 2008). In other
words, nearly the entire population resides in the
urban center, and discussing the municipality’s popu-
lation essentially directs us to the city’s population. Its
population has been multiplied by 2.69 over 21 years,
going from 158,679 inhabitants in 1998 (NOS, 1998)
to 289,226 inhabitants in 2008 (NOS, 2008), then
to 427,491 inhabitants in 2019 (PBMD, 2019). The
undeniable fact in Algeria over the past three decades
has been the rapid increase in the population, espe-
cially in urban areas (Bounoua et al., 2023). Today,
Djelfa is among the largest Algerian cities in popula-
tion and the largest Algerian semi-arid city. To meet
the needs of the new residents, new urban areas have
been created, particularly on the outskirts of Djelfa
City. The incoming population has built illicit con-
structions throughout the city’s outskirts to improve
living conditions (PMBD, 2019). It was the case of a
set of Algerian cities, such as Oran City (Belbachir &
Rahal, 2022), Biskra City (Berghout & Dridi, 2022)
or Sidi Bel Abbes City (Mansour et al., 2023). Djelfa
City belongs to the central highlands region, charac-
terised by a semi-arid climate and low plant diversity.
Forest and steppe lands are threatened by desertifica-
tion (Bouznad et al., 2020). Its rapid urban growth,
combined with the fragility of its ecosystem, imposes
the need to control its urbanisation process properly.

For this reason, this study aims to (1) make future
predictions of its urban growth and (2) quantify the
environmental impacts of its urban growth. The
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outcomes of this study will be of great importance to
urban planning agencies and decision-makers. Based
on the results of our study, urban planning agencies
will be able to develop urban growth plans that will
reduce negative impacts on fragile environments.

Materials and methods
Study area

Djelfa City is 300 km south of the country’s capital
(Algiers). It belongs administratively to the munici-
pality of Djelfa, which covers an area of 528.13 km?.
Figure 1 shows the administrative location of the
study area, including (A: Algeria, B: Djelfa Depart-
ment, C: The Municipality of Djelfa). The region of
Djelfa City is characterised by a semi-arid climate
with a rainfall of 300 mm per year and freezing tem-
peratures in winter, accompanied by frequent frosts
and snowfall and dry and hot summers (NOM, 2017).

Demographically, Djelfa is the largest Algerian
semi-arid city; it has undergone substantial demo-
graphic expansion, with its population surging by
2.69 times over 21 years. This growth is evident as
the population escalated from 158,679 residents in
1998 (NOS, 1998) to 427,491 inhabitants in 2019
(PBMD, 2019). Owing to its strategically advanta-
geous geographical location, Djelfa City serves as a
pivotal junction at a national scale, connecting the
Northern and Southern regions, as well as the Eastern
and Western areas. Its primary focus lies in commerce
directly or indirectly associated with agropastoralism,
extending its impact beyond the Algerian highlands
to a national scale. Furthermore, Djelfa City boasts
an industrial and activity zone accommodating 167
industrial units engaged in various sectors such as
agri-food, construction materials, plastic processing,
manufacturing, and other industrial domains, provid-
ing employment opportunities for 2139 individuals.
These elements have driven Djelfa City into a contin-
uous and rapid transformation (PBMD, 2019).

Data used

Three LANDSAT satellite images (LANDSAT 7
ETM +of 2000, LANDSAT 7 ETM +of 2010, and
LANDSAT 8 OLI/TIRS of 2020) were downloaded
from the U.S. Geological Survey (USGS). The images

were taken during the Algerian highlands’ spring sea-
son, which lasts from March to May, to prevent ambi-
guity between vegetation and other land use classes.
To achieve accurate and reliable results, the preproc-
essing steps, such as geometric registration, radiomet-
ric adjustments, and atmospheric corrections, should
be executed as Lu et al. (2004) emphasised to mitigate
issues that could lead to inaccurate or unreliable out-
comes in remote sensing and image analysis. Regard-
ing our study, all images uploaded were level-1 geo-
metrically and topographically corrected products.
All images were converted from digital numbers
(DNs) to Top-Of-Atmosphere reflectance. To cor-
rect atmospheric effects, Dark Object Subtraction was
used (Chang et al., 2008). All the image preprocess-
ing steps were carried out using TerrSet software. To
detect the different LULC classes in this study, we
primarily opted for the band composition (3, 4, 6) for
LANDSAT 7 ETM +and (4, 5, 6) for LANDSAT 8
OLI/TIRS instead of using all the bands (Yu et al.,
2019). Two other combinations were explored: natu-
ral colour (RGB) by using the combination (3, 2, 1)
for LANDSAT 7 ETM +and (4, 3, 2) for LANDSAT
8 OLI/TIRS, and false colour with a specific focus on
enhancing the identification of urban areas, (7, 5, 3)
for LANDSAT 7 ETM +and (7, 6, 4) for LANDSAT
8 OLI/TIRS. The Algerian Programming and Budget
Monitoring Directorate (PBMD, 2000) obtained the
road network and the administrative boundary shape-
files. It is important to highlight that shapefiles and
satellite images share the same UTM WGS84 projec-
tion. (Table 1).

The choice of urban growth factors

There are no previous studies on our study area based
on which we can choose the urban growth factors.
Thus, the choice was made in light of a study on a
semi-arid zone in Algeria (Sehl et al., 2018), where
the urban growth factors selected in this study were
the distance from roads, the distance from the urban
centre, and slopes. In addition, we selected another
urban growth factor that we considered impor-
tant, adopted in previous studies interested in urban
growth. This factor is the distance from built-up areas
(Aguejdad & Hubert-Moy, 2016; Salem et al., 2020).
However, due to a lack of spatial data, we could not
select other factors such as land use plans (Aguejdad
& Hubert-Moy, 2016; Abd El-kawy et al., 2019) and
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Fig. 1 Location map of the study area (A: Algeria, B: Djelfa Department, C: The Municipality of Djelfa)
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Table 1 Data used in the study

Landsat Spacecraft ID Source Acquisition Date Path/Row Spatial Band Combinations
Resolution
LANDSAT 7 ETM + https://www.usgs.gov/ 06 April 2000 195/36 30m (3,4,6); (3,2,1); (7,5,3)
Accessed on 20 May 04 May 2010
LANDSAT 8 OLITIRS ~ 20?! 07 May 2020 195/36 30m (4.5.6): (4322): (7.6:4)
Shapefiles PBMD 2000 - - -

Table 2 Urban growth factors selected in the study

Urban growth factors Type Source

Distance from roads Physical PBMD

Distance from the urban Physical PBMD

centre
Distance from built-up areas Physical https://www.usgs.gov/
Slopes Physical https://www.usgs.gov/

land value (Salem et al., 2020). The selected urban
growth factors are shown in Table 2.

Methodology

It would be useful to recall the objectives targeted
through this study, which are predicting the future
urban growth of Djelfa City and quantifying its envi-
ronmental impacts. To do this, we must first classify
the satellite dataset. We adopted the MLC method
based on the training zones. For every land use map
(2000, 2010, and 2020), 200 samples were assigned
randomly across the study area. Among these sam-
ples, 70% were allocated for classification, equiva-
lent to 140. While the remaining 30%, equivalent to
60 samples, were reserved for validation. At the end
of this stage, we obtained three LULC maps of 2000,
2010, and 2020 representing five LULC classes:
urban land, bare land, agricultural land, steppe, and
forest. An error classification matrix was produced
to calculate the classification’s accuracy. The Kappa
index showed accuracy rates of 0.92, 095, and 0.94
for 2000, 2010, and 2020, respectively. This means
that the classification is accurate, and these maps can
be used to analyse the LULC change.

After obtaining an accurate classification of the
three LULC maps, we moved on to the prediction
of the Djelfa City urban growth using LCM, which
is a module integrated into TerrSet software, widely

used to analyse the LULC change and predict the
future LULC (Anand & Oinam, 2020; Camacho
Olmedo et al., 2015; Nagabhatla et al., 2012; Pon-
tius et al., 2004b). LCM requires two LULC maps
from two different dates to analyse LULC change.
For our study, we used the LULC maps of 2000
and 2010. As for the 2020 LULC map, we will use
it at the end of the modeling process to validate
the model. LCM allows us to analyse the change
between the five LULC classes from the two entry
maps. We modelled the potential transitions once
we obtained the possible changes between the dif-
ferent classes. For our study, we only considered the
sub-model of changes to the urban class to model
urban growth. In this sub-model, we have four pos-
sible changes: bare land to urban land, agricultural
land to urban land, steppe to urban land, and forest
to urban land. To integrate the urban growth factors
previously chosen, we converted them to a raster
format with a resolution of 30 m, and then we ana-
lysed them with the Distance function using TerrSet
software. To model the maps of potential transi-
tions to the urban class, we chose LRM, which has
proven its effectiveness in model-building (Hu &
Lo, 2007; Phong et al., 2019; Valdez et al., 2019).
LRM requires independent variables and a depend-
ent variable. The urban growth factors represent
the independent variables, whereas the dependent
variable represents the cells that can be changed
to the urban class. The dependent variable follows
a binary logic, where 0 indicates no change to the
urban class, and 1 indicates a change to the urban
class (the urban growth) between 2000-2010. The
following formula gives LRM:

k
exp Zk=() byx;y

P=(Y=1Ix) = 4
1+exp X, bixi,

where:
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P = Probability of Y (the dependent variable)
taking 1.

X = (xo,xl,xz, ...xk) representing the urban
growth factors.

b= (bo,bl,bz, ...bk)
coefficients.

At the end of this step, four potential transi-
tion maps are produced. They will be examined
by the Receiver Operating Characteristic (ROC)
to compare the highest areas of change probabil-
ity to the observed change. We have chosen 2020
as the year for predicting urban growth to compare
the predicted map with the 2020 reference map.
After obtaining the predicted LULC map 2020, we
extracted its urban class and the reference LULC
map 2020. We looked at the effectiveness of the
adopted model using the ROC. We also examined it
by inspecting errors in the quantity and the location
of the predicted change (Pontius et al., 2004a). Con-
cerning the errors in the quantity of the predicted
change (Q), we calculated the difference between
the urban class predicted area (PC) and the urban
class observed area (OC): Q = PC — OC. Regarding
the errors in the predicted change location, by com-
paring the predicted urban class map to that of the
observed urban class through the "Cross Tab" func-
tion integrated into the TerrSet software, we have
highlighted four types of pixels:

representing  regression

a. Pixels correctly predicted as changed: "Hits" (H).

b. Pixels correctly predicted as unchanged: "Null"
(N).

c. Pixels falsely predicted as changed: "False
alarms" (F).

d. Pixels falsely predicted as not changed: "Misses"
M).

The error in locating the predicted change (A) is
the sum of the falsely predicted pixels: A = F + M.
Then, We calculated the total error (T), which is the
sum of the errors in the quantity and the location of
the predicted change: T = Q + A. If the errors in the
quantity and the location of the predicted change
are negligible, we can validate the model and pre-
dict the future urban growth maps. After that, we
can quantify the environmental impacts of the
future urban growth of Djelfa City. Figure 2 shows
our study flowchart.
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Results
LULC change between 2000 and 2020

The study area has experienced a significant LULC
change between 2000 and 2020 (Fig. 3). Three LULC
classes have experienced an increase in their surfaces
between 2000 and 2020: the steppe area has increased
from 307.58 Km2 to 334.27 Km? This increase
occurred over two periods. From 2000 to 2010, the
first period, they witnessed a gain of 70.79 km?, pri-
marily attributed to forest degradation. Subsequently,
from 2010 to 2020, the steppe experienced a decrease
of 44.10 km? in the second period, mainly driven by
urbanisation and desertification. Bare land area has
also increased from 31.88 km? to 35.67 km?. In the
initial period, the bare land area grew 7.68 km?, fol-
lowed by a decline of 3.89 km? in the second period,
primarily caused by urbanisation. Finally, the urban
land area has gone from 14.81 km? to 38.02 km?.
The urban area represented 2.80% of the municipal-
ity’s total area in 2000. It increased to 5.41% in 2010,
then 7.20% of the total surface of the municipality
in 2020. Urban land witnessed uninterrupted expan-
sion throughout both periods, with areas of 13.75 km?
and 9.46 km?, respectively. On the other hand, two
LULC classes experienced a decrease in their sur-
faces between 2000 and 2020: the forest area, which
decreased from 121.60 km? to 100.79 km?. In the ini-
tial period, the forest experienced a reduction of 49.42
km? in its area, followed by a subsequent recovery
of 28.61 km? in the second period. The agricultural
land area has also decreased from 52.26 Km? to 19.38
Km?. In the initial period, agricultural land underwent
a decrease in area, with a loss of 42.80 km?. However,
a notable rebound in the second period resulted in a
gain of 9.92 km?. (Table 3).

Urban growth modeling

After analysing the LULC change between 2000 and
2010 using LCM, we obtained the LULC change
probabilities (Table 4). This matrix displays the prob-
abilities of transitions between the LULC classes and
the probability of each class maintaining its current
state. Regarding class transitions, the matrix indi-
cates that steppe lands exhibit the highest probabil-
ity of converting to other land cover types, favouring
urban lands, bare land, agricultural land, and forest
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land with probabilities of 05.18%, 47.15%, 78.11%,
and 71.90%, respectively. Concerning persistence, the
urban class stands out with the highest probability of
retaining its surface area at 87.95%, while agricultural
land has the lowest persistence probability at 1.03%.

The contribution to net change in urban land came
from all the other classes. It should be noted that the
urban class gained 0.89 km? of agricultural land, 1.17
km? of forest, 6.03 km? of bare land, and 5.67 km?
of steppe. On the other hand, bare land gained sur-
faces to the detriment of all classes except urban land.
Finally, agricultural land and forest also lost their
areas. The contribution surfaces to the net change in
all the LULC classes are shown in Table 5.

To create the potential transition to the urban
class maps, we analysed four urban growth factors

with the Distance function using TerrSet software:
distance from built-up areas, distance from the
urban centre, distance from roads, and Slopes
(Fig. 4). Subsequently, based on the change prob-
abilities matrix and the urban growth factors, we
used LRM to generate the potential transition to the
urban class maps (Fig. 5).

Before the generation of the 2020 LULC predic-
tion map, we examined the accuracy of the potential
transition to the urban class maps through the ROC,
using the observed urban class of 2020 as a refer-
ence. The recorded ROC values were 0.87, 0.79,
0.92, and 0.89 for potential transitions to the urban
class from bare land, agricultural land, steppe, and
forest, respectively.
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We have produced the 2020 LULC prediction map based on the four potential transition maps.
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Table 3 LULC change between 2000 and 2020

LULC classes 2000 2010 area change 2020 Area change Total area
> > between 2000 and ————————— between 2010 and change
Area (km”) % Area (km”) % 2010 (km?) Area (km”) % 2020 (km?) (km?)
Steppe 307.58 58.24 378.37 71.64 70.79 334.27 63.29 -44.10 26.69
Bare land 31.88 6.04 39.56 7.49 7.68 35.67 6.75 -3.89 3.79
Urban land 14.81 280 28.56 541 13.75 38.02 7.20 9.46 23.21
Agricultural land ~ 52.26 9.90 9.46 1.79 -42.80 19.38 3.67 9.92 -32.88
Forest 121.60 23.02 72.18 13.67 -49.42 100.79 19.08 28.61 -20.81
Table 4 . IfULC change Urban land Bare land Agricultural land Steppe Forest
probabilities matrix
Urban land 0.8795 0.0584 0.0090 0.0518 0.0014
Bare land 0.3620 0.1538 0.0098 0.4715 0.0030
Agricultural land 0.0964 0.1051 0.0103 0.7811 0.0070
Steppe 0.0990 0.1062 0.0103 0.7780 0.0066
Forest 0.0544 0.0658 0.0136 0.7190 0.1472
Table 5 C(?ntribution o Steppe Bare land Urban land Agricultural land Forest
net change in LULC classes
between 2000 and 2010 Steppe -10.94 5.67 41.65 45.75
(Km’) Bare land 10.94 -6.03 2.63 0.14
Urban land 5.67 6.03 0.89 1.17
Agricultural land -41.65 -2.63 -0.89 2.37
Forest -45.75 -0.14 -1.17 -2.37

Subsequently, we extracted the urban class from this
map to validate the model based on the observed
urban class 2020 (Fig. 6).

The model’s validation and the future urban growth

Examining the model’s accuracy through the ROC
gave a value of 0.84. We also examined errors
in quantity and location of the predicted change
(Table 6), where the total error (T) recorded was
5.06% of the municipality’s total area. The observed
quantity of change to the urban class (OC) was 7.2%
of the total municipality’s area, while the predicted
quantity of change (PC) was 7.67%, which gives an
error in the quantity (Q) equal to 0.47%. Furthermore,
we found that the predicted change that was not pro-
duced (F) was 2.53% of the municipality’s total area.
The observed change that was not predicted (M) was

2.06%, which gave an error in the change location of
the urban class (A) of 4.59%.

On the other hand, we found that the urban class
change that was correctly predicted (H) represented
5.14% of the municipality’s total area. The area pre-
dicted correctly as not changed (N) represented
90.27%, which means that the correctly located urban
class prediction is 95.41%. Errors/Exactitude in the
location of the predicted change are shown in Fig. 7.
The results of the ROC and the errors in quantity and
location of the predicted urban class have shown that
the model can be validated, and future maps can be
generated.

At this stage, we moved on to predict the future
urban growth of 2030, 2040, and 2050 (Fig. 8). The
surface of the city will increase over time. It will be
56.93 km?, then 71.40 km?* and 85.18 km? in 2030,
2040 and 2050 respectively. The city will gain areas
at the expense of all LULC classes, particularly the
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steppe (Table 7). The urban class share gained at It will be 49.13%, then 14.33%, and 5.86% by 2030,
the expense of the steppe will be 32.36%, 75.94%, 2040, and 2050, respectively.

and 81.55% by 2030, 2040, and 2050, respectively.

We also note that the urban class share gained at the

expense of forest will increase over time; it will be Discussion

5.08% by 2030, and then its share will increase to

7.86% by 2040 and 10.6% by 2050. The urban class Urban growth modeling using LCM has given good
share gained upon bare soil will decrease over time. results. The comparison between the predicted urban

@ Springer



GeoJournal (2024) 89:72

Page 11 0of 22 72

ROC =0.87

1 1
3°E 32°E
|

ROC =0.92

pm High

L Low

0

ROC =0.79

3.25 6.5

ROC =0.89

T

Fig. 5 Potential transition to the urban class in the Municipality of Djelfa (A: From bare land, B: From agricultural land, C: From

steppe, D: From forest)

@ Springer



72 Page 12 of 22 GeoJournal (2024) 89:72
31°E 3:2°E 3.3°E
1 1 1
- -
e E
- z
5 |
Sro s
il
- z
e 3
1 L Ll
31°E 3.2°E 3.3°E
N
0 15 3 6 Km i) Urban class w .
L 1 I I 1 |
———— ! ] Other classes
s

Fig. 6 The predicted urban class (2020) in the Municipality of Djelfa

@ Springer



GeoJournal (2024) 89:72

Page 13 0f 22 72

Table 6 Errors/Exactitude in the quantity and location of the
predicted change to the urban class

Index Surface (Km?) %

Errors/Exactitude in N 476.75 90.27
the location of the F 13.37 2.53
predicted change M 10.88 2.06

H 27.14 5.14
A 24.24 4.59

Errors in the quantity OC 38.02 7.20
of the predicted PC 40.51 7.67
change Q 2.49 0.47

Total errors T 26.73 5.06

class of 2020 and the 2020 LULC map using the
ROC gave a value of 0.84. Furthermore, the error in
the quantity of the urban class predicted change is
0.47% of the municipality’s total area, and the error
in the location of the urban class predicted change
is 4.59%. These values are negligible, thus demon-
strating the effectiveness of LCM in urban growth
modeling. LCM has the ability to incorporate vari-
ous factors, but we have limited the number of fac-
tors, strongly recommended to improve the predic-
tion relevance (Arfasa et al., 2023; Djeddaoui et al.,
2017). Several studies proved the accuracy of LCM
in urban growth modeling (Rodriguez Eraso et al.,
2013; Aguejdad & Hubert-Moy, 2016; Abd El-kawy
et al., 2019; Salem et al., 2020). LCM is not specially
designed for this type of modeling. There are models
like SLEUTH (Jantz et al., 2010; Saeidi et al., 2018)
and UrbanSim (Waddell & Borning, 2004; Waddell
et al., 2003), which are specially designed for urban
simulation, but they require input data which is not
available in our case.

The study area experienced an important LULC
change between 2000 and 2020, characterised by
significant urban growth, which is the case for many
cities in Mediterranean countries (Couch et al., 2007;
Salem et al., 2020; Xystrakis et al., 2017). The urban
land area has multiplied by 2.57 in 20 years, going
from 14,81 km? in 2000 to 38.02 km? in 2020. Results
close to ours have been recorded in semi-arid regions
of Mediterranean countries. The study by Ohana-
Levi et al. (2015) found that the urban land area has
doubled in 19 years, and the study of Shalaby et al.
(2012) showed that the urban land area has mul-
tiplied by 2.68 in 17 years. According to LCM, the

urban growth speed will decrease over time. It will be
1.90 km*/year between 2020 and 2030, 1.45 km?*/year
between 2030 and 2040, and 1.38 kmzlyear between
2040 and 2050. The same result was found by (Yadav
& Ghosh, 2019).

Urban growth has negatively impacted the envi-
ronment, which is evident in numerous cities across
Algeria (Bendjemila & Chaouche, 2022; Hamza
et al., 2022; Saouli et al., 2023). This also was evi-
dent in several semi-arid cities. For instance, 96 km?
of agricultural land was lost between 2010 and 2018
due to significant urban growth in the peri-urban
area of greater Cairo (Salem et al., 2020). In Tripoli
(Libya), 13.97 km? of agricultural land was converted
into urban land from 2002 to 2010 (Al-sharif & Prad-
han, 2015). In Ulaanbaatar (Mongolia), 7.52 km? and
24.72 km? of forest and grassland were lost between
1990 and 2001, respectively. During the same period,
20.41% urban growth was recorded (Amarsaikhan
et al., 2009). In our case, if the local authorities do
not intervene the decline of the steppe in our investi-
gation area will be considerably substantial. Between
2000 and 2020, this class lost 11.88 km? due to urban
growth, and it will lose an additional 28.33 km?
between 2020 and 2050. If this happens, it could
negatively influence the regional pastoral activities,
and disrupt the ecological and socio-economic sys-
tems, hence making our research critical. Therefore,
we encourage the authorities to implement neces-
sary measures against this urbanization. The situation
is even more alarming as we know that the regional
urban population rate has grown steadily, rising from
45% in 1987 to 74% in 2003, according to the Minis-
try of Territorial Planning (MTP 2014). The built-up
areas were also at the expense of agricultural land. It
was the case in several cities in Mediterranean coun-
tries, such as Barcelona in Spain (Serra et al., 2018)
or Attica in Greece (Salvati et al., 2013), or such as
Qalubiya Governorate in Egypt (Shalaby et al., 2012).
In our study case, 1.76 km? of agricultural land was
lost between 2000 and 2020 due to urban growth.
LCM shows that agricultural land will lose 10.84
km? between 2020 and 2050. It should be mentioned
that only 1880 of 21,523 illicit constructions located
on the outskirts of the city, in particular on agricul-
tural land, were demolished between 2000 and 2020,
thus recording a very low rate which does not exceed
8.73% (Municipality of Djelfa, Technical Department,
2020). It is important to highlight that the detrimental
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S effects of urban expansion on the environment were
2 2lg "8 evident in the transformation of 2.01 Km? of forest
g v =% = into urban areas from 2000 to 2020. Illicit construc-
= “— tions on forest land have accentuated deforestation in
z E Djelfa, which was probably also due to other factors
E" 8 linked to the aggressiveness of the semi-arid climate.
N . .
g s “g bR This was the case in Iran, where nearly 50,000 km?
,Elal s S~ of forest was converted to farmland and urban areas
o uring the period o 0 ecause of illici
» during the period of 1950 to 2008 b f illicit
constructions on forest land and the aggressiveness
M truct forest land and the agg
- g - 2 . of the semi-arid climate (Emadodin & Bork, 2012).
o |5 a3 g Our results showed that 32.54 km? of forest will be
ISR N 6 o O .
converted into urban land between 2020 and 2050,
5 S equivalent to an annual loss of 1.08 kmz/year. Affor-
=1 ~ <t . . . .
2 2@ g3 g estation remains insufficient when we know that onl
2 S13 8238 y
] 0 A
g Ml—— & 4.50 km? was reforested between 2000 and 2020, with
g (\’.E* an annual average of 0.23 kmz/year (Forest Direc-
; ) torate of the Djelfa Department, Statistics Depart-
g’ g o . ment, 2020). In addition, the municipality services
£ 588223 must take the demolition of illegal constructions in
the forest seriously. Across Algeria, urbanization has
NE impacted agricultural and forest lands, particularly in
<) densely populated Tellian zones. Thus, the authori-
- E S o - ties at local scale are advised to prioritize residential
@ - . .
§ ;:: e X2 development in designated new urban extents and on
- privately-owned agricultural lands to preserve agri-
-% S I - cultural and forest land on the fringes of major Alge-
2 5 T xe8 rian cities. Many studies can be found in this context,
§ Tome including research conducted in cities such as Algiers
g °E (Bellout et al., 2020) and Annaba (Noui et al., 2023).
g ¥4 Oppositely, in other Algerian regions, including the
g iﬁ o s o central highlands region, to which our study area
= g ;:; gz 2 belongs, loss of agricultural land is primarily driven
] by illegal construction by individuals (Dechaicha
o' E et al., 2021; Slimani & Raham, 2023). This difference
§ % exists because authorities in those areas can access
slo | & 2 o % el suitable non-agricultural land for development. How-
1 [sa) 1= : . . .
% S| a = ever, forest heritage, including natural forests and
RPN afforestation, is highly important throughout Algeria.
g E o Consequently, unauthorized construction that ignores
69 2 é the distinction between natural and planted forests
g e g R - was primarily responsible of forest loss in our study
g § g DR =S area, particularly in near city outskirts areas, similarly
2 o oo oo to others Algerian cities (Mostari et al., 2021; Slimani
E :% & Raham, 2023; Zerouali et al., 2023).

é = - As per LCM, Djelfa City’s urban growth will be in
- 2 § g all directions. Mountainous areas with steep slopes,
] - . . .

2 ' é § 2 _§ primarily located west of Djelfa City, are expected to
& &8 L2ES have the least urban development. The gently sloping
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land to the east of the city is projected to experience
the most significant urbanisation. It should also be
noted that during all phases of future urbanisation,
the new built-up areas will be adjacent to the old.
These geographic features collectively indicate that
Djelfa City’s future urban growth is expected to be
anarchic (Fig. 9).

Djelfa City has experienced very rapid urban
growth. Its annual rate is 3.05% between 2000 and
2020. Djelfa City will continue to grow, with an
annual urban growth rate of 1.85% between 2020 and
2050. Rapid and uncontrolled urbanisation causes
environmental and social problems (Alam et al.,
2006; Haas & Ban, 2014; Faysal Ahmed, 2014)
Query. It is also considered one of the causes of
health problems for city dwellers (Firdaus, 2012; Gra-
ham et al., 2004). This study could be succeeded by
other studies focusing on environmental degradation
due to rapid and uncontrolled urbanisation because
rapid urban growth in semi-arid regions could cause
degradation of environmental sustainability (Liu
et al., 2019b). It could hurt groundwater quality in
semi-arid regions (Carlson et al., 2011). Degradation
of soil health is also among the consequences of rapid
and uncontrolled urban growth in semi-arid regions

(Wang et al., 2018). Furthermore, the rising tempera-
tures in semi-arid urbanised areas (Rasul et al., 2017)
can lead to multiple ecological changes at the local
level, such as early flowering in urbanised areas. This,
in turn, results in earlier and extended allergy seasons
(Neil & Wu, 20006).

Conclusion

This study predicted the future urban growth of the
largest Algerian semi-arid city and then quantified its
environmental impacts by 2050. We found that Djelfa
City has grown rapidly. It gained 23.21 km? between
2000 and 2020 and 47.17 km? between 2020 and
2050. In other words, the urban growth between 2000
and 2050 will be 82.61%. Significant areas of steppe,
forest, and agricultural land were lost in the urban
growth, and according to LCM, more areas will be
lost by 2050. Results similar to ours have been found
by previous research, particularly in regions charac-
terised by a fragile environment. Based on our results,
policymakers must take drastic measures against ille-
gal urban growth, especially on agricultural land and
forests. Although the Master Plan’s intention aims

34.75

34.65

34.6

3455

I Urban Land (2040)
— Urban Growth (2040-2050

Fig. 9 The predicted urban growth of Djelfa City in 2030, 2040, and 2050
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to preserve sensitive areas by prioritizing budget-
friendly land, the actual situation is different. We
observe alarming agricultural and forest land loss,
which often surpasses planned development time-
lines. This highlights the significance of our model as
it serves as an early warning and prediction tool, ena-
bling planners to achieve a sustainable Master Plan.
Moreover, regarding the model adopted in this study,
we found that LCM was effective; it helped us predict
urban growth and quantify its environmental impacts.

The outcomes of this study could be useful for
urban planning and environmental agencies. This
study could be followed by in-depth studies on the
environmental problems caused by rapid and uncon-
trolled urban growth in fragile environments.
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