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Abstract

In this research work, the separation of built-up areas from bare lands in El Khroub city is carried
out using a supervised classification approach involving several indices and combining spectral
bands of the Sentinel-2A images sensor.

The multi-index approach is based on the combination of seven indices in order to discriminate
between the three main categories of land cover, which are water bodies, green areas and
buildings. 3First, this operation requires the use of NDVI, BAEI, NDBI, NDTI, BUI, MNDWI
and the NDVIre index, which have a strong discrimination capacity between build-up area and
the other land cover features. The neo-images obtained from the combination of the above
indices are then classified with the Likelihood algorithm for the extraction of the six class types
of land cover (built-up areas, bare land, vegetation, forest, water bodies and asphalt). The multi-
index obtained from the combination of BUI, NDTI and NDVIre is the most effective; shown by
the evaluation values, where the Overall accuracy is of 96.44%, the Kappa Coefficient (K) of
95.72% and a User Accuracy for built-up class of the order of 100%, with a zero rate of
commission.

Therefore, the multi-index (BUI, NDTI and NDVIre) is retained for build-up area extraction due
to its best discrimination capability.

Keywords: Sentinel-2A, multi-index, built-up areas, Algeria, El Khroub, overall accuracy,
kappa, user’s accuracy and commission.
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1. Introduction

Cities in the developing world are gradually being expanded due to the rapid population growth
and the exodus phenomena due to the people migration from the surrounding poor rural areas
looking for better life and opportunities (Kieffer Emilen 2013; Sinha et a/. 2016). Urban areas as
well as land covers tend to change more significantly in a short time due to the incessant
urbanization (Zha et al. 2003). The replacement of vegetated land with urban land has negative
environmental impacts on the urban area (Xu 2008). Urbanization is the main cause of
administrative promotion which may generate morphological changes that cities were
experiencing (Abdaoui ef al. 2020). In the Maghreb, urbanization has undergone an astonishing,
rapid and visible upheaval in recent decades (Rousseaux V. 2004). The population growth rate in
Algeria between 1960 and 2015 has had direct consequences on urbanization; it has sufficiently
modified the urban landscape of Algerian cities (Elodie RUCH 2006). Recent studies have
shown that in Sri Lanka the increase in built-up area has had serious negative consequences on
the living environment, even leading to an increase in the mortality rate (Ranagalage et al. 2017),
and sometimes disastrous effects on public health as in Shanghai (Tan et al. 2010), but also can
aggravate local climatic conditions (Liu and Zhang 2011).

To study and monitor these mutations, remote sensing technics prove to be a reliable tool which
can be used to describe the state of the surface (Bouzekri ef al. 2015). To discriminate between
the components, vegetation, water, buildings with their soil materials, of a heterogeneous
ecosystem such as a city, remote sensing image data processing is the best tool to be
considered(Sinha ef al. 2016). The major challenge of this research is the extraction of the urban
area and the detection of the changes that have taken place in the city of El Khroub, by other than
conventional means, using a Sentinel 2A satellite scene.

GIS mapping using satellite images leads to a dynamic expression of time (Cauvin et al. 2007-
2008) As a result, it enable us to analyze the spatio-temporal mutations of urban lands, which
play a considerable role in urban environmental research (Tien Nguyen 2020). The processing of
satellite images makes it possible to draw up maps of urban areas and to identify the changes that
have occurred in land use between bare land and building land due to the different classification
algorithms, in particular when using satellite images at the most recent high resolution (Zhang et
al. 2002). Several studies have recommended the use of urban indices to improve the accuracy of
urban land cover classification. Ridd (RIDD 1995) configured the city from three VIS
components (vegetation, impermeable surfaces and soil). To assess changes, this configuration
has been widely used in studies on urban land cover classification, although it does not take into
account the water component (Xu 2007). Zha et al (Zha et al. 2003) proposed the Built-up
Normalized Difference Index (NDBI) for the classification of building land with a reflectance in
the mid-infrared (MIR) range, much higher than the near infrared (NIR). Xu (Xu 2005)
suggested the use of a Built-up Index (BUI) based on three components SAVI (Soil Adjusted
Vegetation Index), MNDWI (Modified Normalized Difference Water Index) and building land
(NDBI). In addition, (Linh and N.H.K. 2011) used the IBI index for mapping land distribution of
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in the city of Hue. As-syakur et al. As-syakur et al (As-syakur et al. 2012) proposed EBBI
(Enhanced Build up and Bareness Index) to observe urban land fluctuations in Bali (Indonesia).
The EBBI index has also been used to classify building and bare lands in urban areas (Bramhe et
al. 2018; Li et al. 2017; Rasul et al. 2018; Sekertekin ef al. 2018). Bouzekri et al ((Bouzekri et
al. 2015) calculated the Built-up Area Extraction Index (BAEI) based on short-wave (red and
green infrared) to extract the built-up area of the city of Djelfa (Algeria). Similarly, Gadal and
Ouerghemmi (Gadal and Ouerghemmi 2019) applied it for the same purposes in Yakutsk
(Russian Federation). Ettehadi Osgouei (Ettehadi Osgouei et al. 2019) applied NDTI
(Normalized Difference Tillage Index) for the first time in the Land Cover/Land Use (LULC)
domain in some Turkish cities (Istanbul, Ankara and konya). This index is based on the short-
wave infrared of sentinel-2A images. Indeed, some researchers have been able to discriminate
the vegetation theme with its classes, based on the calculation of the NDVI (Delegido et al.
2011; Frampton ef al. 2013; Hansen and Schjoerring 2003). They were able to demonstrate that
the application of the normalized vegetation index based on the difference Red-edge BS (705
nm) and Red B4 (665 nm) (NDVIre) for the Sentinel-2 bands provide high vegetation area index
values.

This work resumes the calculation of the aforementioned indices (BUI (He et al. 2010), NDTI
(Deventer van et al. 1997), BAEI (Bouzekri ef al. 2015), NDBI (Zha et al. 2003), MNDWI (Xu
2006), NDVI (Rouse, J.W., Haas, R.H., Schell, J.A. and Deering, D.W. 1973) and NDVIre
(Hansen and Schjoerring 2003)) using the Sentinel-2A image of the year 2020 as well as the
calculation of the following multi-index (BAEI-NDVIre-MNDWTI), (NDBI-NDVIre-MNDWI),
(NDTI-NDVIre-MNDWI), (BUI-NDVIre-MNDWI). Moreover, these calculated multi-indices
are correlated with a new established multi-index (BUI-NDTI-NDVIre) to extract the built-up
areas. This extracted build-up areas are compared to reality on the ground, in order to better read
and understand the evolution of the land cover/use in El Khroub city and verify the reliability of
our new established multi-index (BUI-NDTI-NDVIre) in the process of built-up area extraction.
This article is above all a model that can be transposed to other similar spaces allowing the
analysis and differentiation of urban landscapes involved in urban environmental studies.

The main objective of this research is the extraction of the different components of the soil, as
well as the spatio-temporal growth of the city of El Khroub. It allows urban planners and
managers to better understand and assess the spatial growth pattern and changes in land covers
that are likely to occur and to enable rational and sustainable management of land capital.

2. Study area

El Khroub city covers an area of 968 hectares. It is located to the south of the Wilaya of
Constantine North East Algeria. It is located between 6° 41' and 6° 43' East longitude, and 36°
15" and 36° 17' North latitude (Institut National de Cartographie et Télédétection 2009) (Figure
1). Its altitude varies between 600 meters in the west and 750 meters in the east. Concerning the
lithology of the geological formations, the substrate is composed of clay, limestone and marl (Th
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Raven. 1957). The climate is semi-arid, with a rainfall varying between 500 and 560 mm per
year (Bouteraa er al. 2019). It has a bus station and it is located on the railway line linking
Constantine to all parts of the country of the country. It has an important road infrastructures;
towards Batna by National Road N° 03, towards Guelma by RN N° 20 and towards Tebessa by
RN N° 10 (Hioul 2002) (Figure 1).

Figure 1: Aerial view showing the location of El Khroub city.
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3. Materials and methods

3.1 Topographic maps, administrative documents and statistical data

The georeferencing and digitalization of the built space appearing on the various maps and
graphic documents constitute essential bases in this diachronic study. Indeed, the cartographic
marker from which this study started is the topographical map with a scale 1/25000 (Institut
Géographique National 1960) established in (1960), the topographical map of 2009 scale
1/25000 (INCT) (Institut Géographique National 1960; Institut National de Cartographie et
Télédétection 2009), as well as the summary report of the Master Plan for Urban Developppment
and Planning (PDAU) of 1998 of the city of El Khroub (URBACO 1998). More documents are
the urban perimeter of the year 1987 and the updated intercommunal PDAU (2014) for
Constantine, EI Khroub, Didouche, Mourad, Hamma Bouziane and Ain Smara (URBACO
2014). All these documents constitute the main used cartographic base and which were the
subject of georeferencing and digitalization.

The statistical data used in this study are provided by the National Office of Statistics, they
concern the general population and the censuses for the years 1966, 1977, 1987, 1998, 2008
(Office National des statistiques 2008).

3.2 Sentinel-2A images

The Sentinel-2A satellite was launched on June 23, 2015 and was followed by Sentinel-2B on
March 7, 2017 (Agro-geoinformatics 2021); the two maintain a synchronous solar path at an
altitude of 786 km. The chronological resolution is five days from the two satellite constellations,
at the equator. The multi-spectral imager covers 13 spectral bands with a swath of 290 km. The
spatial resolution of 10 m covers three visible bands (B2, B3, B4) and a wide near infrared (NIR)
band. The 20 m spatial resolution, however, covers three red-edge bands (B5, B6 and B7), and a
band B8a of the interval near infrared, and two SWIR bands (B11 and B12). For the 60 m
resolution, three bands (B1, B9 and B10) are distributed in the intervals (VIS, NIR and SWIR)
respectively (Figure 2). The Sentinel-2A Level-1C image dated 04/06/2020 has been
downloaded from the Sentinels Scientific Data Hub (https://scihub.copernicus.eu/). The image is
offered radiometrically corrected, and provides the Top of Atmosphere (TOA) reflectance, with
0% cloud cover and geometrically corrected to the Universal Transverse Mercator (UTM) WGS
1984 projection system (Xu et al. 2018). Sentinel-2 data provides similar medium resolution
images to SPOT and LANDSAT images (Immitzer et al. 2016; Wulder et al. 2012).

For a better understanding of the interactions between the different factors that make up the
urban environment, we integrated all the documents and images into a Geographic Information
System (GIS) environment. In this study all maps are made using ArcGIS 10.7 software.
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VIS NIR SWIR

Figure 2: Sentinel- 2A images
3.4 Image processing

An index is defined as a synthetic and digital variable determining the increase of a complicated
phenomenon difficult to be subdivided into a number of parameters easy to deal with (Caloz et
al. 2001).

The spectral indices are calculated using the raster calculator tool of the ArcGIS v10.7 software.
Considering the complexity of the soil components and the soil spectral signatures, the products
obtained hide a disturbance, but remain acceptable for interpretation (Ettehadi Osgouei et al.
2019).

3.4.1 Implemented Indices

The spectral bands that were used in our work to create the indices, according to Land
cover/Land use (built, vegetation and water) are summarized in Table 1.

The building discrimination indices combine Green, Red, Nir and SWIR bands. The reflectance
for buildings is relatively high for SWIR 1 than for the other bands, hence its involvement in the
different formulas (NDBI, BUI, NDVI, NDTI, BAEI) described in the literature (Ettehadi
Osgouei et al. 2019) (Figure 3).
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Figure 3: (a) Normalised Difference Built-up Index (NDBI), (b)Normalised difference Tillage index
(NDTI); (c) Normalised Difference Vegetation Index (NDVI); (d)Red-Edge-based Normalized
Vegetation Index (NDVIre); (e) Built - up index (BUI); (f) Modified Normalized Difference Water Index
(MNDWI); and (g) Built-up area extraction index (BAEI).
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Table 1: Summarizes spectral indices

Index Name Index ID Bands Used Formula Application Référence
Normalised (SWIRI Automatically
i IR, NIR ] Mappi Zh 2
Plfference NDBI SWIR, NIR)/(SWIRI-NIR) apping (Zha et al. 2003)
Built-up Index Urban Areas
Automaticall
Normalised (NIR-RED)/(NIR+ uN([);na il:l:a Y (Rouse, J.W., Haas,
Difference NDVI NIR, RED RED) Ve Sgtifn R.H., Schell, J.A. and
Vegetation Index & Deering, D.W. 1973)
Mapping Urban

Built - up index BUI SWIR, NIR, Red NDBI - NDVI (He et al. 2010)

Built - Up Areas

Discriminate and

Normalised
] (SWIR1-SWIR2) / Separate (Deventer van ef al.
IR1 IR2
difference NDIL  SWIRL 5W (SWIRI+SWIR2)  Built - Up areas 1997)
Tillage index
and bare land
Built-up area Red, Green, (Red + L)/(Green + Extraction of .

B kri ef al. 2015
extraction index BAEI SWIR SWIR1), L=0,3 built-up area (Bouzekri ef a )
Reﬁ;‘iiga“;b:;ed (Red Edge 1- Extraction of (Hansen and

iz
. NDVIre RedEdgel,Red Red)/(Red Edge . .
Vegetation vegetation cover Schjoerring 2003)
1+Red)
Index
Modified
Normalized (Green-SWIR 1) /
MNDWI  Green, SWIR 1 Xu 2006
Difference Water 1D V1 Gireen (Green+ SWIR 1) (Xu 2006)
Index

3.4.2 Multi-index images

The different spectral indices applied in this research (BUI, NDBI, BAEI and NDTI) can
discriminate buildings to different degrees, but the challenge remains how to get better
discrimination. Indeed, the concept of the multi-index image, which stipulates the combination
of several indices, actually meets this need and makes it possible to sort out built-up areas from
other land uses (He et al. 2010; Zhang et al. 2005). The RGB composite: NDTI, NDVlre,
MNDWI proposed and applied for the first time by Paria Ettehadi Osgouei (2019) on Turkish
metropoles, inspired us with the idea of making the following similar compositions: BAEI-
NDVIre-MNDWI, NDBI-NDVIre-MNDWI, BUI-NDVIre MNDWI and BUI, NDTI, NDVIre.
These multi-index images establish a good differentiation between the three essential categories
of land cover: built-up areas in green, vegetation cover in red and water bodies in blue. The
multi-index dataset represents a simple answer for the main concepts of Land Cover/Land Use
than the original image strips, indicating better separation capability (Figure 4).



Bull. Soc. R. Liege, 2023,92(1), 1 - 22 doi: 10.255118/0037-9565.11175

Figure 4: Methodology adopted in the study.
3.4.3 Classification

To examine the ability of the indices used and the multi-index approach to define land use and
cover, and to determine the built-up area, we used the supervised classification method. Many
authors have applied it for the characterization and identification of different soil components
(Asmala Ahmad 2012; Diagi Bridget Edewede 2018; Fonseca et al. 2009; Mahmon.Nur 2015).
The classification process is a multi-step working process (Choudhary et al. 2016). The
possibility that pixels have a singular class is the principle key of the maximum likelithood
classifier (GebreMedhin et al. 2019; Morgan et al. 2015) which uses spectral signatures acquired
from training samples to classify an image (Pushpendra et al. 2014). Using the image
classification toolbar, we created training samples to image out the classes we want to extract,
and establish a signature file from the training samples. This signature file is then used by multi-
varied classification tools to classify the image. The use of supervised classification has allowed

9
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good image readability and a more accurate typology of the territory in classes (Mohamed and
El-Raey 2020). For discriminating each land use class, we used the classification algorithm (D1
Palma ef al. 2016). These algorithms have been used to improve mapping accuracy at the pixel
and object level (Cleve et al. 2008). The monitoring of urban growth from cartographic
documents and the use of satellite imagery is integrated into a geographic information system
(Soriano et al. 2019).

In order to correct the errors caused by the pre-processing prior to classification, several studies
have made it possible to carry out this phase (Smith et al. 1985), by using manual methods
(Congalton ef al. 1983a), automated methods (Congalton et al. 1985; Story et al. 1984) , imaging
system (Williams et al. 1983), and by the techniques of sampling and accuracy calculation and
comparison of the results (Aronoff 1982; Congalton et al. 1983b; Ginevan 1979; Hay 1979;
Hord et al. 1976; Van Genderen et al. 1977). The classification adopted in this work, we used the
"likelihood" algorithm, which is based on the random sampling of 60 samples distributed in
ranges of built-up areas and bare land, in order to compare the accuracy of the extraction
established from our treatments, and assess the difference between them. Regarding the multi-
index images, the same method was used but with 240 samples and six classes (built-up area,
bare land, asphalt, vegetation, forest and water bodies). The mapping accuracy was validated
quantitatively in the form of a confusion matrix and a Kappa coefficient () (Russell et al.
2009).

Figure 5: Evolution of El Khroub city 1960-2020.

10
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4. Results and discussion

4.1. Spatiotemporal evolution

Overlaying the various geo-referenced and digitized cartographic documents in the GIS
environment as well as the image data, has enabled us to draw up maps showing the evolution of
El Khroub city. Over the last 60 years, the change in the built-up is significant. However,
calculations reveal that the built-up area shows a substantial overall increase of 276% (which
occurred during the periods 1960-1987, 1987-2009 and 2009-2020 when the increase is of the
order of 25.30%, 40.56% and 69.90% (Figure 5).This self-wiled population migration from the
old and crowded megacity of Constantine towards El Khroub is the main reason for this increase
to which ads the urban policies practiced during the same period.

4.2. Discrimination of built-up areas

4.2.1 Discrimination using Indices

The correlation of spatio-maps a, b, ¢ and d, corresponding respectively to the classifications of
the NDTI, BAEI, BUI and NDBI indices (Figure 6), show that the best discriminating index for
built-up areas is the BAEI index. However, these indices confuse agricultural land of binary
rotation from the built-up areas, in particular in the north of El Khroub city, and also the built-up
areas and the outcrops of rocks located in the south-eastern periphery of the city, because rocks
have a spectral response similar to that of building materials.

The assessment of the classification accuracy which is based on the ratio of the number of well-
classified pixels to the total number of pixels (Table 2) shows that the most important value is
that of the BAEI index with an overall accuracy of 91.80% and a Kappa coefficient value of
0.83. Second, the NDTI with an overall accuracy of 83.60% with a coefficient of 0.67, then the
BUI with an overall accuracy of 81.96% whose coefficient equals at 0.63. Finally, the NDBI
with an overall accuracy of 78.33% and a Kappa coefficient of 0.56.

In our study case and according to these spatial data, the accuracy evaluation shows that the
BAETI index can be used to obtain much better results for the extraction of the built-up area, The
same Table) shows that the NDTI indices, BUI, and NDBI accuracy is lower than that of BAEL
Using the Green and SWIR bands with the Red band in a normalized difference ratio reinforces
the built-up areas and vegetation(Bouzekri et al. 2015).

11
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Table 2: Summary of accuracy assessment results

Indices BAEI NDBI NDTI BUI
Overall accuracy (%) 91.803 78.333 83.605 81.967
Kappa Coefficient (K) 0.83628 0.56666  0.67204  0.63944

Figure 6: Classified results of: (a)NDTIL;(b)BAEIL;(c)BUIL;(d)NDBI
4.2.2 Discrimination using Multi-index images

Among the classifications of the BAEI-NDVIre-MNDWI, NDBI-NDVIre-MNDWI, NDTI-
NDVIre-MNDWI, BUI-NDVIre-MNDWI multi-indexes, the classification and accuracy
estimation measures proved that the RGB composite of the indices NDTI, NDVIre, MNDWI,
provides the greatest discrimination against other assemblies (Table 3, Figure 7).

12
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Table 3: comparison of the overall accuracy and Kappa statistics

Overall accuracy

Data type (%) Kappa Coefficient (K)
(1)
Multi-index (BAEI -NDVIre-
88.8 0.8661
MNDWI)
Multi-index (NDBI -NDVlIre-
78.66 0.7439
MNDWI)
Multi-index (NDTI- NDVlIre-
94.22 0.9304
MNDWI)
Multi-index (BUI -NDVIre-MNDWI) 86.66 0.83917

Accuracy data are derived from the error matrix through individual accuracies and usage classes
(Story Michael et al., 1986). The calculations of accuracy by class shown in Table 4 and 5, show
that the multi-index image of the BAEIL, MNDWI, NDVIre provides overestimated accuracies of
the built-up area class, where the Producer's Accuracy is 92.5%, and therefore omission is 7.5%
and commission 5.12%. In other words, the classification is not only good for the built-up area,
but also good for the other classes (bare land, vegetation, forest, water and asphalt). The User's
Accuracy or alternatively the reliability Congalton (Congalton ef al. 1985) evaluated at 94.87%.
This data that most interests the user of the image, it is a faithful representation of the field
conditions (Story Michael ef al. 1986). Bare land is also overestimated by this image with a
“commission” rate equals to 30.43%.

BUI-MNDWI-NDVIre multi-index image overestimates the bare land with a commission rate of
around 42.1%, the User's accuracy provided by the error matrix represents 57.89% and an
omission rate of 60.71%. The same table (5) reveals the effectiveness of this image and the need
to improve the extraction of the built-up area with a commission rate of 2.7%; the lowest value in
comparison with the other images. Regarding the NDBI-MNDWI-NDVIre multi-index image,
the data provided show that they overestimated the built-up areas as well as the bare land, with a
commission of around 10.81% and 63.33%.

Concerning the NDTI-NDVIre -MNDWI multi-index image, it has revealed lower "commission"
rates than those of the other indices (7.14% for bare land and 3.03% for built-up areas). For this
purpose, the count of the accuracy of the classification generated by random sampling of the
classified data, and expressed in the form of the error matrices confirms that the NDTI-NDVIre-
MNDWTI composite improves the segregation between built-up areas and bare land and greatly
corrected the misclassification of bare land as built-up areas.

13
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On the other hand, the classes of water and forests are well discriminated in all the multi-index
images, this is explained by the introduction of the NDVIre index as well as the MNDWI index.

The NDTI-NDVIre-MNDWI multi-index image provided better accuracies for most land cover
classes, especially built and bare land classes. The overall accuracy "Overall accuracy" and the
coefficient "Kappa" (Table 3), indicate that the composite based on the NDTI has improved the
result and offers an image with consistent ranges for each class of LULC, compared to Sentinel-
2A and classified multi-index images from the NDBI, the NDVIre and the MNDWI. The Overall
accuracy and kappa measurement presented in Table 4 and 5 indicate that the NDTI-based
combination improve accuracy measurements with consistent ranges for each individual LCU

class.
Table 4: Producer’s and user’s accuracy of the different images muti- index
Multi-index Multi-index Multi-index Multi-index
(BAEI-NDVIre- (NDBI-NDVlIre - (NDTI -NDVlIre- (BUI-NDVIre-
MNDWI) MNDWI) MNDWI) MNDWI)
Land Producer’s User's Producer’s User's Producer’s User's Producer’s User's
Cover Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy
Class (Y0) (Y0) (Y0) (Y0) (Y0) (Vo) (“0) (%)
Built - up 92.5 94.87 82.5 89.19 80 96.97 90 97.30
Bare land 53.57 65.22 46.43 36.11 92.86 92.86 39.29 57.89
Végétation 80 71.11 40 53.33 95 95 80 64
Forest 100 100 100 100 100 90.91 100 100
water 100 100 100 100 100 100 100 100
Asphalt 97.30 94.74 94.59 83.33 97.30 90 97.30 92.31
Table 5: Commission and omission of the different images multi-index
Multi-index Multi-index Multi-index Multi-index
(BAEI-NDVIre - (NDBI-NDVlIre - (NDTI-NDVlre - (BUI-NDVlre-
MNDWI) MNDWI) MNDWI) MNDWI)
Omission Commission Omission Commission Omission Commission Omission Commission
Built - up 7.5 5.12 17.5 10.81 20 3.03 10 2.7
Bareland  46.42 30.43 50 63.33 7.14 7.14 60.71 42.1
Vegetation 0 0 0 0 0 0 0 0
Forest 0 0 0 0 0 0 0 0
water 0 0 0 0 0 0 0 0
Asphalt 0 0 0 0 0 0 0 0

14
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In addition to the assemblies mentioned above, we have attempted an additional practice to the
work of Ettehadi Osgouei ef al., (2019); in this case the BUI-NDTI-NDVIre composite (Figure
7), which offers better discrimination of built-up areas. This composite fellow the same working
methodology (supervised classification, random sampling and evaluation of precision). Thus, the
results are presented in the Table 6.

Table 6: Overall accuracy and Kappa statics

Data type Multi-index (BUI, NDTI, NDVIre,)
Overall accuracy (%) 96.44
Kappa Coefficient
(%) 95.72

Table 7: Commission and omission, Producer's Accuracy and User’s accuracy of the different
images multi-index image

Multi-index (BUIL, NDTI, NDVIre,) Multi-index (NDTI, NDVIre, MNDWI)
Producer's Omission User's Comission Producer’s Omission User's Commission
Class Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%)

(Y0) (Vo) (o) (%0)
Built — up 87.5 12.5 100 0 80 20 96.97 3.03
Bare land 89.29 10.71 96.15 0 92.86 7.14 92.86 7.14
Vegetation 100 0 93.02 0 95 0 95 0
Forest 100 0 100 0 100 0 90,91 0
Water 100 0 100 0 100 0 100 0
Asphalt 100 0 100 0 97.30 0 90 0

Table (7) shows that the percentage of the overall accuracy of the last multi-index image is
96.44%, in other words, the pixels are correctly classified as well as the highest rate compared to
the other different multi-index images. The kappa coefficient is evaluated at 95.72% where it can
be considered that the correspondence between the sampling pixels and the reference pixels is
almost perfect. The analysis of the classification error matrices (Table 7) shows that the precision
of the Producer's Accuracy for the class of built-up areas is higher by about 87.5%. This is
reflected by a lower omission rate (12.5%) compared to the result of the NDTI-NDVIre-MNDWI
index image which is of 20%; the accuracy of the User's Accuracy is 100% and 0% commission,
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which corresponds to the reality on the ground. Regarding bare land, despite the high omission
rate (10.71%) compared to the NDTI-NDVIre-MNDWI combination (7.14%), the commission
rate remains zero (0%), which clearly confirms that our approach separates built-up areas from
bare land with high precision.

Figure 7: (a) RGB image of Sntinel-2A; (b) The classified multi-index (BUI-NDVIre-MNDWI); (c)
classified multi-index (BAEI-NDVIre-MNDWI); (d) classified multi-index (NDBI-NDVIre-MNDWI);
(e) classified multi-index (NDTI-NDVIre-MNDWI); and (f) The classified multi-index (BUI-NDTI-
NDVTre).
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4. Conclusion

The multi-index image was applied in the area of El Khroub city, Algeria, to map the urban area
over a period of 60 years (from 1960 to 2020). The built-up area of the city of El Khroub
increased by almost 276% during this period, which led to a significant change in land use.

Segregating built-up areas from bare land in cities is among the most challenging tasks in
mapping urban areas. In order to improve the classification accuracy and solve the problems of
misclassification and overestimation, we used spectral indices based methodology that allows us
to distinguish three main land cover classes. Multi-index images instituted with distinct
combinations of indices underwent supervised classification using the method of likelihood
algorithm. In this work, we have introduced the multi-index composite BUI, NDTI, and NDVIre,
which proves to discriminate relatively better the built-up areas from the bare lands. The choice
of the indices involved is based on the results of the precision of the multi-index images NDTI-
NDVIre-MNDWI and BUI-NDVIre-MNDWI, which are respectively of the order of 97.30%,
96.97% for the built-up area and 92.86%, 57.89% for bare land. The results of this study can
constitute a useful base for the orientation of the future urban extension, management and
sustainable urban planning.

The main limitation of this paper is linked to the difficulty to determine how the typology of
built-up areas that need high-resolution images could be undertaken. Our future researches will
be to determine the suitability of the land for the planning of urban services in the city of El
Khroub, we will develop a field study to address issues affecting the effectiveness of urban
planning (services, housing, various networks).
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