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Abstract:	 Accurate detection of built-up areas in semi-arid regions is vital for urban 
planning and environmental monitoring. However, built-up surfaces and bare 
soils often produce very similar spectral responses. As a result, this similarity 
causes confusion in satellite image classification. Additionally, spectral over-
lap among urban materials, bare soil, and sparse vegetation further complicates 
detection. This study evaluates several spectral indices, including DBSI, NDTI, 
NDVI, BRBA, and BSI, combined with Principal Component Analysis (PCA) to 
enhance built-up area extraction from Sentinel-2A imagery. Images captured 
during the driest season were selected to maximize spectral contrast. Three 
classification schemes based on Support Vector Machine  (SVM) were tested. 
The first scheme used DBSI, NDTI, and NDVI. The second used BRBA, NDTI, 
and  NDVI. The third relied on PCA-derived components. The results indi-
cate that the PCA-based approach achieved the highest classification accuracy 
at 95%. In comparison, the DBSI/NDTI/NDVI combination reached 93%, while 
the BRBA/NDTI/NDVI scheme achieved  92%. Therefore, PCA  helps reduce 
spectral confusion and enhances the identification of built-up areas in semi-arid 
environments. Overall, combining multiple spectral indices with dimensionality 
reduction offers a reliable method for urban analysis using Sentinel-2 imagery.
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1.	 Introduction

Accurate identification of built-up areas plays a key role in urban development, 
land-use assessment, and long-term sustainability [1, 2]. As cities expand rapidly, 
especially at their fringes, remote sensing has emerged as an efficient and affordable 
tool for mapping urban surfaces across large regions and extended timeframes [3]. 
Unlike official topographic datasets, satellite imagery provides frequent updates, 
which are essential for monitoring rapid urban change. Moreover, many govern-
ment databases are unavailable, prohibitively expensive, or outdated in several 
regions, including the study area. To achieve this, numerous studies have relied 
on medium-resolution imagery from sensors such as Landsat and Sentinel-2, along 
with supervised classification methods to detect built-up features  [4,  5]. In addi-
tion, historical maps and administrative records help trace long-term settlement pat-
terns [6–8]. These methods enable consistent quantification of building footprints, 
counts, and densities [9–11]. Advances in automated building detection from image-
ry further facilitate scalable mapping of built-up areas [7]. However, distinguishing 
these features remains challenging in semi-arid zones, where sparse vegetation and 
soil reflectance often mimic urban materials [12].

Detection of built-up areas, particularly during dry seasons, has received consid-
erable attention [13]. Many techniques depend on spectral indices that emphasize the 
contrast between impervious surfaces and surrounding land in dry conditions [14]. 
To improve this separation, several indices have been developed to better differenti-
ate built-up from non-built-up areas. One of the most widely used is the Normalized 
Difference Built-up Index (NDBI) [1], which utilizes the difference in reflectance be-
tween near-infrared (NIR) and short-wave infrared (SWIR) bands to provide a simple 
yet effective method for detecting urban areas [15]. However, NDBI has drawbacks, 
including confusion caused by mixed pixels, prompting the creation of alternative 
indices. In response, researchers such as Sameen and Pradhan [16] have worked to 
overcome the limitations of earlier methods. Ghosh et al. [15] evaluated several im-
proved indices, including the Enhanced Built-up and Bareness Index (EBBI) [17], the 
Index-Based Built-up Index (IBI) [18], the Urban Index (UI) [19], and the Normalized 
Difference Bareness Index (NDBaI) [20]. In semi-arid environments, however, built-
up surfaces frequently resemble dry soil, complicating accurate extraction.

To address this, the Automated Built-Up Extraction Index (ABEI) was intro-
duced, offering improved performance in mapping urban areas using Landsat-8 
Operational Land Imager (OLI) data [21]. Consequently, Rasul et al. [22] developed 
indices such as the Dry Built-up Index (DBI) and the Dry Bare-Soil Index (DBSI) 
to further enhance the distinction between built-up and bare land [14]. Addition-
ally, Harrak et al. [23] evaluated several indices under dry-season conditions, in-
cluding the Built-up and Low-Frequency Enhanced Index (BLFEI) [24], the Short-
wave Infrared-Based Index for Urban Extraction (SWIRED) [25], and the Built-up 
Index  (BUI)  [26]. Their findings indicated that these indices achieved strong 



Optimizing Built-Up Area Extraction in Semi-Arid Regions Using Sentinel-2A Imagery...	 27

separability even under low-moisture conditions. Aside from single-index methods, 
many spectral indices are sensitive to seasonal changes and often perform poorly 
during dry periods because of spectral overlap [27]. Built-up area indices often rely 
on global settlement masks to distinguish built-up from non-built surfaces [28]. The 
Global Urban Footprint offers such global built-up layers and is widely used as a ref-
erence for calculating and comparing built-up indicators [28, 29].

Multi-index approaches have proven to be more reliable, as they combine 
the strengths of several indices. For instance, Bouhennache et al. [24] proposed the 
Built-up Area Extraction Method  (BAEM), which integrates outputs from indices 
like  NDVI  [30], MNDWI  [31], and  NDBI. Similarly, Xu  [32] introduced themat-
ic combinations of indices to bolster the resilience of built-up detection in diverse 
environments. Huang and Lu [33] demonstrated that such multi-index techniques, 
especially when trained on large datasets, are generally more accurate and adapt-
able than single-index models. Rouibah and Belabbas  [34] used Sentinel-2 data 
to integrate the Normalized Difference Tillage Index  (NDTI)  [35], Bare Soil In-
dex (BSI) [36], DBSI, and NDVI, applying unsupervised classification to assess built-
up areas in semi-arid northeastern Algeria. Their combined strategy enhanced the 
accuracy of urban-area mapping. Likewise, band-ratio indices such as the Band Ra-
tio for Built-up Area  (BRBA)  [37], BAEM  [38], and the Visible Red Near-Infrared 
Built-up Index (VrNIR-BI) [39] have demonstrated promising results in arid and dry 
regions [14]. Furthermore, integrating the Urban Index (UI) [19] with NDBI using 
multi-temporal Landsat imagery has proven effective for tracking built-up changes 
over time, even during dry seasons [40]. The development of index-based methods 
for urban-area detection reflects a shift from basic spectral indices to more advanced, 
optimized, and multi-source techniques. Indices like ABEI [21] and EBBI [17], along 
with newer indices developed through optimization strategies, illustrate this evo-
lution. As a result, selecting and combining indices based on the distinct spectral 
characteristics of dry-season imagery is crucial. This strategy helps improve both the 
precision and consistency of built-up area extraction. However, accurately identify-
ing urban features in dry climates remains a challenge.

Despite the wide range of available indices, combining multiple spectral in-
dices often introduces redundancy and collinearity within the feature space  [41]. 
Instead of offering complementary information, these mixed compositions may 
produce overlapping predictors that reduce model efficiency. Such redundancy 
can negatively affect machine learning algorithms such as SVM, leading to reduced 
performance. Therefore, selecting relevant features is key to improving the perfor-
mance of machine learning algorithms across different tasks [42]. However, while 
combining indices can enhance their descriptive capacity for urban classification, it 
may also amplify existing noise and errors in individual indices, thereby increasing 
uncertainty throughout the classification process  [43]. A further limitation of this 
approach is the high computational cost and time needed to select suitable index 
combinations. When numerous indices are available, determining the most effective 
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mix, particularly in trichromatic setups, requires extensive testing, often involving 
supervised classification and accuracy evaluation  [44]. This trial-and-error meth-
od can significantly prolong analysis, particularly in large or diverse study areas. 
Moreover, many index combinations yield only minimal improvements, leading to 
extended computation times without corresponding gains in accuracy [45].

To address these challenges, researchers have employed data reduction tech-
niques such as Principal Component Analysis (PCA), which minimizes redundancy 
and emphasizes the most informative features in multispectral data [46]. When ap-
plied to original bands, PCA is mainly used for band selection and noise removal, 
helping reduce redundancy and improve the separability of classes [47]. However, 
limited research has examined the application of PCA to combined spectral indices, 
particularly in dry-season imagery, leaving this area under-investigated. In  2007, 
Xu  [32] applied  PCA to enhance urban area extraction from satellite imagery in 
China. By combining  PCA with three normalized difference indices and spectral 
mixture analysis, the study improved urban land classification using Landsat data. 
PCA  effectively reduced dimensionality while preserving key features associated 
with built-up areas. Xu  also demonstrated that combining indices like SAVI  [48] 
and MNDWI with PCA increased accuracy by better capturing urban surface char-
acteristics. Similarly, studies by Bhatti and Tripathi  [38] and Adeyemi  et  al.  [49] 
confirmed PCA’s value in urban mapping, particularly when used with multiple 
indices. This growing body of research supports PCA’s potential to enhance urban 
classification by simplifying complex spectral data. For instance, PCA condenses 
spectral information, making critical features more distinguishable. This simplifica-
tion improves classification accuracy, and PCA combined with SVM proved effec-
tive for urban land classification [50].

This study builds on previous work by proposing a hybrid method that ap-
plies PCA to five carefully selected spectral indices, each chosen for its specific role. 
DBSI, BRBA, and BSI were selected for their proven effectiveness in highlighting 
built-up features, particularly in semi-arid regions where built-up areas often re-
semble bare soil spectrally [32, 44]. NDTI was included to reduce confusion between 
dry soil and urban surfaces, a common challenge in such climates [51]. NDVI was 
used to identify and exclude vegetation, thereby focusing the classification on 
non-vegetated areas and enhancing overall accuracy. This research targets built-up 
area extraction during the driest month (August) using Sentinel-2 data, contributing 
to the field by introducing an index-based PCA  approach specifically tailored to 
dry-season conditions. While individual indices have shown promise, their com-
bined use as input for dimensionality reduction remains underexplored. Integrat-
ing these indices before applying PCA may improve class separation by combining 
thematic importance with statistical efficiency [52]. Additionally, a comparison with 
traditional index-based approaches using SVM classification highlights the practi-
cal advantages of the proposed method. After testing several trichromatic combina-
tions, two were identified as the most effective for reducing confusion with bare soil 
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and vegetation: BRBA/NDTI/NDVI and DBSI/NDTI/NDVI. The results demonstrate 
superior classification accuracy, supporting the robustness of this approach. This 
study shows that combining multiple index layers, followed by PCA and SVM, out-
performs current methods, achieving accuracies above 95%. The goal is to demon-
strate the proposed approach’s effectiveness and adaptability for reliable built-up 
area extraction under harsh seasonal and climatic conditions.

2.	 Materials and Methods

The research followed a structured methodological approach comprising image 
preprocessing, spectral index computation, dimensionality reduction, and super-
vised classification. The detailed workflow is presented in Figure 1.

Fig. 1. Schematic representation of the methodology

2.1.	 Study Area

The study area is located in northeastern Algeria, within the Aurès Mountains, 
part of the Saharan Atlas range (Fig. 2). The elevation exceeds 980 m above sea level. 
Batna has become an important city and economic center in the region due to its 
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strategic location. The area has a semi-arid climate characterized by a distinct dry 
season. Average temperatures vary significantly throughout the year. In January, 
the lows are around 4°C, while in July, the highs can reach 35°C. Nighttime temper-
atures often fall below freezing in winter, while summer daytime temperatures can 
approach 40°C.

These climatic and topographic conditions significantly affect land use, which 
includes a wide range of urban zones, dry plains, forests, and mountainous terrains. 
Batna’s built environment is primarily composed of concrete buildings, with roof-
tops made of concrete, tiles, or metal. The city center is densely developed, whereas 
the outskirts exhibit a more dispersed settlement pattern. The urban fabric integrates 
residential, commercial, and industrial zones, along with essential public services. 
Peri-urban expansion is increasingly noticeable, driven by population growth and 
economic development. This outward growth creates transitional zones that blend 
urban and rural characteristics, resulting in mixed land-use patterns.

Fig. 2. Geographical location of Batna city

2.2.	 Data Collection

Sentinel-2A imagery was selected for its high spatial resolution and suitability 
for distinguishing various land cover classes. This dataset enables detailed analysis 
of surface characteristics, supporting the recognition of both vegetation types and 
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urban features [53]. The imagery was acquired from the Copernicus Open Access 
Hub. To ensure high image quality and minimize atmospheric distortions, scenes 
captured in August 2024, the driest month of the year, were chosen. This period 
reduces vegetation interference, enhancing the spectral distinction between built-up 
areas and exposed soil.

Images with cloud cover below 1% were prioritized, and only pre-orthorectified 
scenes in the WGS84 UTM Zone 32 coordinate system were used to ensure geomet-
ric accuracy. After downloading, all spectral bands were merged into a single stack. 
The resulting composite image was then clipped to the study area using its vector 
boundary in ArcGIS 10.8. To enhance spatial detail, pan-sharpening was applied to 
the multispectral bands using the nearest neighbor resampling method in ENVI 5.6, 
standardizing all bands to a 10-m spatial resolution.

2.3.	 Spectral Indices Calculation

Selecting appropriate spectral indices is a critical step in extracting urban are-
as using remote sensing, as it significantly affects the accuracy and consistency of 
classification findings. Moreover, both prior research and preliminary tests have 
demonstrated the effectiveness of these indices in semi-arid environments, support-
ing their relevance for this study. Accordingly, five spectral indices were selected, as 
presented in Table 1.

Table 1. Spectral indices calculated for the study

Index Abbreviation Formula on Sentinel-2A Application Reference

Band Ratio for Built-
up Area BRBA (float(b4))/(float(b11)) Highlights built-up areas [37]

Bare Soil Index BSI

((float(b11) + float(b4)) 
− (float(b8) + float(b2)))/
((float(b11) + float(b4)) 
+ (float(b8) + float(b2)))

Enhances the contrast of 
bare soils [36]

Dry Bare-Soil Index DBSI

((float(b11) − float(b3))/
(float(b11) + float(b3))) 
− ((float(b8) − float(b4))/
(float(b8) + float(b4)))

Enhances the contrast of 
bare soils [22]

Normalized Difference 
Tillage Index NDTI (float(b11) − float(b12))/

(float(b11) + float(b12))
Differentiates between 
bare soil and built-up areas [35]

Normalized Difference 
Vegetation Index NDVI (float(b8) − float(b4))/

(float(b8) + float(b4))
Identifies vegetated 
regions [30]
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2.4.	 Feature Extraction

The spectral profile clearly indicates distinct separability among land cover types 
based on their reflectance patterns across the selected indices (Fig. 3).

Fig. 3. Derived spectral indices, false color composition: a) false color composite;  
b) BSI Index; c) BRBA Index; d) NDTI Index; e) DBSI Index; f) NDVI Index

	a)	 b)

	c)	 d)

	e)	 f)

NDVI values are highest for forest  (0.7) and grassland  (0.6), reflecting dense 
vegetation cover, while built-up areas and bare soil exhibit much lower values 
(0.2 and 0.1, respectively). Indices like DBSI and BRBA are effective in distinguishing 
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non-vegetated surfaces. Bare soil records the highest values (0.7 for both indices), while 
built-up areas exhibit moderate values ranging from 0.4 to 0.5. NDTI further empha-
sizes soil exposure, with bare soil reaching values between 0.6 and 0.7, and grassland 
showing intermediate values around 0.3.

Two indices were consistently included in the band combinations: NDVI, which 
assists in identifying vegetated and forested areas, and NDTI, which increases the 
contrast between built-up surfaces and bare soil. Together, these indices facilitate 
the effective separation of four land cover classes: built-up areas, bare soil, forest, 
and grassland (Fig. 4).

Fig. 4. Spectral profile

To identify which indices best complement NDVI and NDTI for built-up area 
extraction, a covariance analysis was performed to assess their correlation and over-
all effectiveness, as shown in Table 2.

Table 2. Correlation statistics of the selected indices

Index NDVI NDTI DBSI BSI BRBA

NDVI 1.000000 0.784572 −0.884386 −0.886906 −0.777529

NDTI 0.784572 1.000000 −0.621572 −0.653740 −0.634788

DBSI −0.884386 −0.621572 1.000000 0.986672 0.435025

BSI −0.886906 −0.653740 0.986672 1.000000 0.441576

BRBA −0.777529 −0.634788 0.435025 0.441576 1.000000

This correlation analysis ensured that the chosen indices provided unique in-
formation for classification, avoiding redundancy and improving the accuracy 
of built-up area extraction. NDVI and NDTI demonstrate a strong positive corre-
lation  (0.784572), indicating similar behavior in identifying vegetation and soil. 
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In contrast, DBSI shows a strong negative correlation with NDVI (−0.884386) and 
a moderate negative correlation with  NDTI  (−0.621572), whereas it shares a very 
high positive correlation with BSI (0.986672). This indicates that DBSI captures dis-
tinct yet relevant information useful for detecting built-up areas.

Although BRBA is responsive to urban features such as roads and buildings, it 
shows weak correlations with the other indices, making it less suitable for effective 
built-up area extraction. The negative correlation between DBSI and NDVI/NDTI 
underlines DBSI’s  independent contribution, offering critical information that en-
hances the separation between built-up and non-built surfaces. While the high corre-
lation between DBSI and BSI (0.986672) suggests overlapping spectral characteristics 
of urban surfaces, the explained variance (eigenvalues) indicates that DBSI contrib-
utes more significantly than BSI, suggesting that BSI is comparatively less effective 
for this purpose.

Based on covariance analysis and basic statistical measurements (Table 3), nu-
merous index combinations were tested to enhance the visual detection of built-
up areas. Using image-derived statistics, visual contrast, and photo-interpretation, 
two combinations were identified as the most effective: DBSI/NDTI/NDVI 
and  BRBA/NDTI/NDVI. These index sets provided the highest visual distinction 
between built-up areas and other land-cover types, supporting more accurate and 
reliable interpretation.

Table 3. Basic statistics of the selected indices for the study area

Index Min Max Mean St. dev. Eigenvalue

NDVI −0.114519 1.000000 0.145029 0.078530 0.016132

NDTI −0.332509 1.000000 0.082526 0.036750 0.002996

DBSI −0.770318 0.393075 0.154949 0.076215 0.000542

BSI −0.844044 0.269987 0.113551 0.049844 0.000073

BRBA 0.000000 1.692287 0.643576 0.063036 0.000042

2.5.	 Dimensionality Reduction  
Using Principal Component Analysis (PCA)

The spectral similarity between urban surfaces and bare land in semi-arid 
areas can lead to classification errors. To reduce this confusion, PCA was applied 
using ENVI 5.6 to enhance the separation between built-up regions and soils with 
similar spectral features. This approach utilizes five selected spectral indices: NDTI, 
NDVI, DBSI, BRBA, and BSI (Fig. 5). Although each index highlights different fea-
tures, their combination provides a more comprehensive representation of surface 
conditions.
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Fig. 5. Derived PCA of selected indices:  
a) PCA1; b) PCA2; c) PCA3; d) PCA4; e) PCA5

a)		  b)

c)		  d)

	 e)

Although the indices already reduce dimensionality, they remain partially 
correlated due to similar spectral characteristics of built-up areas and bare soils. 
PCA  was therefore used to eliminate redundancy and combine the most inform-
ative content into fewer independent components. Crucially, the goal of applying 
PCA was not to test multiple configurations but to optimally combine all selected 
indices and avoid manually testing various trichromatic visualizations. The meth-
od retains only the components that most effectively address urban discrimination. 
Full-band PCA was initially tested but intentionally excluded due to its poorer per-
formance in these environmental conditions.
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By extracting three principal components (PC1 to PC3), the classification pro-
cess was streamlined, enhancing speed and reducing issues of multicollinearity. 
Together, these components account for more than 92% of the total variance, pre-
serving essential information from each index while eliminating overlap. Specifi-
cally, PC1  accentuates contrasts between built-up areas and bare soils within the 
SWIR bands, PC2 reflects the interaction between vegetation and impervious surfac-
es, and PC3 filters out short-term noise.

This reduction in data dimensions enhances the clarity of distinguishing fea-
tures, thereby increasing classification accuracy during the validation process. The 
three principal components contribute to class separation as follows:

	– PC1: Captures urban-bare soil contrasts;
	– PC2: Separates vegetated (forests, active agriculture) from non-vegetated 

classes (urban, bare land);
	– PC3: Suppresses noise from seasonal variations and temporary soil moisture 

in agricultural fields.

The interpretation of PCA  components involved examining eigenvectors to 
determine each input index’s contribution and visually inspecting the PCA output 
images to evaluate which surface features were highlighted. This method provides 
an approximate yet reliable understanding of the main spectral patterns for each 
component.

2.6.	 Classification Method

In this study, classification was performed using Support Vector Ma-
chines (SVMs) to separate satellite imagery into built-up and non-built-up classes. 
SVM was chosen for its demonstrated accuracy in remote sensing applications. First, 
three different feature combinations were prepared. For each combination, the corre-
sponding three bands were stacked into a single dataset: (1) DBSI, NDTI, and NDVI; 
(2) BRBA, NDTI, and NDVI; and (3) the first three principal components (PCA1, 
PCA2, PCA3). For the third dataset, PCA was applied to reduce dimensionality be-
fore classification. Finally, SVM was used to classify all prepared datasets, producing 
built-up and non-built-up maps.

2.7.	 Validation Using Ground Truth Data

For this classification process, high-resolution images from Google Earth as 
of May 2, 2024, were used to derive the training samples, as they provide reliable 
visual information. Their positional accuracy was verified against the official cadas-
tral orthophoto and assessed using stable features such as road intersections and 
building corners. The residual misalignment was less than one Sentinel-2A pixel, 
confirming the images’ suitability for quality control. Training samples were manu-
ally delineated to ensure accurate spatial outlines for both built-up and non-built-up 
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categories. The built-up class included features such as buildings, roads, industrial 
sites, military zones, and other impervious surfaces. In contrast, the non-built-up 
category encompassed vegetation, bare soil, and forested areas.

High‑resolution pure polygons were delineated using Google Earth imagery. 
The spectral values for training were derived solely from Sentinel-2A pixels entirely 
within these polygons, with a safety margin applied to prevent edge mixing. To en-
hance the reliability of these samples, additional resources, including land use data, 
expert judgment, and local field knowledge, were consulted. Although the manual 
sampling approach required considerable time, it provided a level of accuracy that 
automated methods may not achieve. Pure training polygons were created in varied 
shapes and sizes to reflect land-cover uniformity and to align with the spatial scale 
of the analysis, reducing spectral ambiguity and ensuring representative coverage 
across the study area.

3.	 Results

The PCA results (Fig. 6) reveal that the first three components (PC1–PC3) con-
tain the highest proportion of variance within the dataset. PC1 shows the largest 
eigenvalue, followed by  PC2 and  PC3. In contrast, PC4 and  PC5 show minimal 
eigenvalues  (0.000072 and 0.000028, respectively), reflecting a negligible contribu-
tion to the overall variance.

Fig. 6. Scree plot with cumulative variance



38	 W. Touati, M. Kalla, L. Kacha

The first three components account for 96.69% of the total variance, as shown 
by both the scree plot (Fig. 6) and the explained variance table (Table 4). Therefore, 
these components are sufficient for accurate data representation, with no significant 
loss of meaningful information.

Table 4. PCA component statistics of selected indices

PCA Components Eigenvalue Explained Variance  
[%]

Cumulative Variance 
[%]

PCA1 0.011235 72.37 72.37

PCA2 0.003338 21.51 93.88

PCA3 0.000435 2.81 96.69

PCA4 0.000072 0.46 97.15

PCA5 0.000028 0.18 97.33

Based on these results, the comparative analysis of the three classification ap-
proaches revealed notable differences in their performance for urban-area extrac-
tion, as presented in Table 5.

Table 5. Accuracy assessment

Used dataset DBSI/NDTI/NDVI
[%]

BRBA/NDTI/NDVI
[%]

PCA-based index
[%]

Overall accuracy 93.9856 92.6917 95.2130

Kappa coefficient 0.8796 0.8536 0.9042

The PCA-based classification using the first three principal components (PCA1, 
PCA2,  PCA3) achieved the highest overall accuracy at  95.21%, accompanied by 
a strong kappa coefficient of 0.9042, indicating excellent agreement with the ref-
erence data. The trichromatic combination of DBSI/NDTI/NDVI followed closely, 
with an overall accuracy of 93.99% and a kappa value of 0.8796. In  comparison, 
the BRBA/NDTI/NDVI trichromatic method demonstrated slightly lower perfor-
mance, with an accuracy of 92.69% and a kappa coefficient of 0.8536.

The locations of the accuracy assessment points are shown in Figure 7, indicat-
ing the exact positions used for validation across all land cover classes

An examination of class-specific accuracies (Table 6) reveals that the non-built-
up category exhibited stable producer’s accuracy across all methods, ranging nar-
rowly between 95.82% and 95.90%. However, its user’s accuracy improved progres-
sively, increasing from 91.25% with the BRBA/NDTI/NDVI method to 94.90% using 
the PCA123 approach.
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Fig. 7. Accuracy assessment points

Table 6. Study area map accuracy results

Composite 
Band/Index Class

Commission 
Error  
[%]

Omission 
Error  
[%]

Producer’s 
Accuracy  

[%]

User’s 
Accuracy  

[%]

DBSI/NDTI/NDVI Non-built-up
Built-up

6.81
5.14

4.76
7.33

95.24
92.67

93.19
94.86

BRBA/NDTI/NDVI Non-built-up
Built-up

8.75
5.65

5.14
9.60

94.86
90.40

91.25
94.35

PCA-based index Non-built-up
Built-up

5.10
4.45

4.18
5.43

95.82
94.57

94.90
95.55

Similarly, the built-up class showed improvements in producer’s accuracy, ris-
ing from 92.67% in the DBSI/NDTI/NDVI method to 94.57% with the PCA-based 
classification. The highest user’s accuracy for the built-up class was also achieved 
by PCA1, PCA2, and PCA3 at 95.55%.

Error analysis further supports these findings. Commission errors for the non-
built-up class decreased from 8.75% to 5.10%, while omission errors for the built-up 
class dropped from 9.60% to 5.43% when applying PCA1, PCA2, and PCA3. This notable 
reduction in classification errors highlights the superior discriminatory power of PCA-
based dimensionality reduction compared to direct spectral index combinations (Fig. 8).
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Fig. 8. Binary images of the SVM classifier: a) multi-index BRBA/NDTI/NDVI;  
b) multi-index DBSI/NDTI/NDVI; c) PCA-based approach

a)

b)

c)
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4.	 Discussion

This study compared three classification methods for extracting built-up areas 
using Sentinel-2A imagery in a semi-arid zone. The methods included two spectral in-
dex combinations, DBSI/NDTI/NDVI and BRBA/NDTI/NDVI, as well as a PCA-based 
approach applied to five selected indices.

The classification results revealed notable differences in performance, with 
the PCA-based method consistently achieving the highest accuracy, as presented 
in Table 5. PCA achieved the highest overall accuracy  (95.21%) and kappa coeffi-
cient (0.9042), indicating strong agreement with ground truth. The built-up class also 
recorded a producer’s accuracy of 94.57%, surpassing the index-based approaches. 
These findings highlight PCA’s effectiveness in capturing spectral variability, reduc-
ing overlap, and enhancing separability between built-up and non-built-up areas.

To further evaluate classification accuracy, commission and omission errors 
were analyzed. For the non-built-up class, the PCA method exhibited a commission 
error of 5.10% and an omission error of 4.18%. For the built-up class, commission and 
omission errors were 4.45% and 5.43%, respectively. Although these figures were 
close to those of the index-based approaches, the PCA method still outperformed 
them, as reflected in its higher overall accuracy and kappa score.

Area estimation further supported the classification results  (Table 7). The 
PCA-based method indicated 44.13 km2 of built-up land, representing 26.10% of 
the total area. In comparison, the DBSI/NDTI/NDVI method produced results simi-
lar to those of PCA, demonstrating its effectiveness for built-up area extraction. The 
DBSI/NDTI/NDVI combination outperformed the BRBA-based method.

Table 7. SVM classification for built-up area

Composite  
Band/Index

Built-up  
[km2]

Non-built-up  
[km2]

Built-up Area  
[%]

Non-built-up Area  
[%]

DBSI/NDTI/NDVI 44.1942 124.9329 26.14 73.86

BRBA/NDTI/NDVI 43.1967 125.9304 25.55 74.45

PCA-based index 44.1287 124.9984 26.10 73.90

This finding suggests that the first group of indices delineates built-up surfaces 
more clearly. However, in mountainous regions, it occasionally confuses built-up 
areas with rocky outcrops or bare soil. Sparse vegetation and rugged terrain contrib-
ute to these errors, as exposed rock and compacted earth often reflect light similarly 
to artificial materials.

Conversely, the BRBA/NDTI/NDVI method extracted 43.20 km2 of built-up land, 
slightly less than the DBSI-based result. This lower figure indicates that BRBA is less 
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reliable in complex or mixed land covers, leading to a higher rate of misclassified 
pixels. The built-up share was 25.55%, suggesting that this method may underesti-
mate urban areas in such environments. The better performance of DBSI/NDTI/NDVI 
results from combining indices that target built-up features (DBSI), soil types (NDTI), 
and vegetation masking  (NDVI). These findings align with those of Ettehadi Os-
gouei et al. [51], who also demonstrated the effectiveness of NDTI in differentiating 
built-up areas from bare soils within Mediterranean urban environments.

Nonetheless, even with this improved combination, some confusion persists 
in mountainous terrain. Features such as rock or dry soil can still be misidentified 
as built-up land due to spectral similarities. On the other hand, the PCA approach 
identified 44.13 km2 of urban area, slightly higher than the DBSI/NDTI/NDVI result. 
With 26.10% built-up and 73.90% non-built-up, PCA provided a clearer distinction 
between land classes. This clarity was particularly evident in bare regions with little 
vegetation. PCA performs well in these areas by reducing data complexity and cap-
turing key spectral patterns associated with materials and surface textures. Unlike 
individual indices, PCA detects subtle differences between urban and natural sur-
faces, such as concrete versus weathered rock, leading to better results in challeng-
ing settings.

Moreover, PCA  results showed well-defined built-up zones, clearly distinct 
from bare soils and rocks  (Fig. 8). In contrast, index-based maps suffered from 
mixed pixels. PCA  extracts essential data from multiple indices, removes redun-
dant signals, and enhances the visibility of urban features, similar to the conclusions 
drawn by Xu [32], who underscores the utility of thematic index combinations and 
PCA-based methods for advanced urban feature extraction. These results suggest 
that PCA  could also support future deep learning applications aimed at refining 
classification tasks. Applying PCA to NDVI, NDTI, DBSI, BRBA, and BSI proved 
highly effective.

Combining all five indices allowed the method to capture complementary sig-
nals. The method was particularly successful in bare zones, where minimal vege-
tation often leads to misclassification. Additionally, BSI, which was excluded from 
the traditional trichromatic composites, added value within the PCA  framework. 
Its brightness component contributed additional variance not captured by the other 
indices. By reducing dimensionality, PCA isolated key spectral patterns linked to 
materials and textures. Although materials like concrete, asphalt, or metal exhibit 
significant spectral variations, these differences are often masked by visually similar 
features, such as dry rock or compacted ground. PCA highlighted these distinctions, 
resulting in more accurate urban mapping.

In summary, combining multiple indices through PCA not only increased ac-
curacy but also improved urban detection by leveraging the strength of each index 
while minimizing its individual limitations. These results demonstrate that PCA ef-
fectively extracts the most informative spectral features, reduces noise, and enhanc-
es the distinction between built-up and non-built-up areas. Therefore, applying PCA 
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to all five indices represents a more robust classification approach than relying on 
fixed index combinations alone. Future research should explore integrating  PCA 
with deep learning models and higher-resolution data to further improve urban 
area detection.

5.	 Conclusion

This study focused on detecting built-up areas in Batna, Algeria, a semi-arid re-
gion, using Sentinel-2A imagery. Batna was selected for its diverse landscape, which 
includes urban settlements, farmland, forest, and bare soil, conditions that compli-
cate land cover classification. Additionally, the region’s semi-arid climate causes 
seasonal shifts in vegetation and soil reflectance, necessitating careful selection of 
both spectral indices and classification methods.

To address these classification challenges, several approaches were examined. 
Initially, well-known spectral indices such as DBSI, NDTI, NDVI, BRBA, and BSI 
were tested, as they are commonly used to detect built-up areas. A covariance-based 
statistical analysis identified DBSI, NDTI, and NDVI as the most effective combina-
tion, which was subsequently evaluated using the SVM algorithm. This trio deliv-
ered strong classification results, with the highest accuracy reaching 93%. However, 
further refinement was still necessary.

To enhance classification results, PCA was employed to reduce data redundan-
cy and increase spectral contrast. The PCA123 configuration, consisting of the first 
three principal components, was tested and achieved the highest classification accu-
racy of 95.21%. This result demonstrates the benefits of dimensionality reduction for 
distinguishing built-up areas from other land-cover features.

Throughout the study, multiple classification strategies and input configura-
tions were systematically compared, leading to consistent improvements in accu-
racy. While the combination of BRBA, NDTI, and NDVI was also tested, it yield-
ed weaker results. Ultimately, the combination of PCA with well-chosen spectral 
indices proved most effective for mapping built-up areas in Batna’s semi-arid 
environment.

The findings offer valuable insights for urban monitoring in arid and semi-arid 
zones, where the spectral similarity between man-made and natural surfaces pos-
es challenges for accurate mapping. Nevertheless, some limitations were observed, 
particularly in areas where different land covers overlap spectrally, or because of the 
moderate spatial resolution of Sentinel-2A.

Looking ahead, future studies should explore the integration of PCA with ad-
vanced classifiers, such as deep learning models, and assess the effectiveness of 
higher-resolution satellite data. Applying this method across diverse climate regions 
and urban forms could improve its reliability and extend its applicability to broader-
scale urban land cover mapping efforts.
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