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Abstract 

 

Optical remote sensing offers a time and cost-effective manner to monitor urban-form expansion 

over time. The availability of recent and historical remote sensing data together with the wide 

coverage of these data make remote sensing application further favorable for the purpose. However, 

urban areas surrounded by barren land/ bare soil tend to be overestimated due to the similar spectral 

behavior of both urban areas and their surroundings. This paper aims to develop a methodology that 

overcomes the interference between urban areas and barren land/ bare soil and thus enhances the 

urban areas’ extraction in a semi-automated manner. For this purpose, SAVI, NDBI and MNDWI 

indices, PCA and thermal band were employed to extract urban areas from their surroundings in two 

Landsat images for the years 1998 and 2016. The developed methodology was applied to extract 

urban form of Idku Town, one of the coastal urban centers of the Nile Delta, with an overall accuracy 

of 96.48% and 93.39% for the images of 1998 and 2016, respectively. The results have revealed that 

the urban form of Idku Town was tripled over the last two decades with an annual growth rate of 

about 12%. 

 

Keywords: urban-form, Barren land, bare soil, remote sensing 
DOI 10.14456/cast.1477.9 

 

 

1. Introduction 
 

Unplanned rapid urban expansion and its associated change in land use/land cover pattern place a 

heavy burden on environmental resources and have serious environmental consequences, for 

example, urban expansion usually alters local climate (usually referred to as microclimate), creates 

heat island effect and accordingly increases energy demand and costs of new infrastructure  [1-10]. 

Therefore, regular and continued monitoring of urban-form expansion is required [11-13] to predict 

urban growth, to understand its dynamics, to define energy needs and to learn about changes in 

microclimate. Monitoring urban-form expansion starts with delineating urban areas out of their 

surroundings in a fast and cost-effective manner. Delineating urban areas is a basic step in many 

researches especially those related to heat islands, microclimate and climate change [7]. 
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Optical remote sensing provides a reliable mapping of urban areas through many 

techniques including automated and semi-automated techniques [14, 15]. Due to the dynamic nature 

of urban areas expansion, applying conventional approaches in monitoring urban expansion such as 

aerial photography, surveys and/or cartography is questionable. This is because they are usually 

time, money and effort consuming in addition to their unavailability over long time span in many 

cases [11, 12]. Instead, remotely-sensed data provides a powerful source of knowledge in 

monitoring rapid urban expansion over long periods of time. For this reason, remote sensing imagery 

has been used repeatedly in monitoring and assessing urban expansion and consequent changes in 

land use/land cover through discriminating urban land from non-urban land in a fast and cost-

effective manner [16, 17]. 

Delineating urban areas from remote sensing imagery depends mainly on their spectral 

behavior that, in turn, determined by their physical characteristics and chemical composition. Thus, 

it is important to understand the physical characteristics of urban areas that govern their spectral 

behavior in order to distinguish them as a first step towards identifying their spatial extent and 

quantifying their development through remotely sensed data [12]. 

There are two distinguished approaches to extract urban areas from remote sensing data 

which are classification techniques [18, 19] and spectral indices [20, 21]. Both of these approaches 

depend on the spectral behavior of different land covers, but they work differently. Both have their 

advantages and limitations but indices have a virtue over classification in terms of time needed to 

generate them [22]. Classification techniques are laborious, time-consuming and expert-dependent 

techniques. Moreover, there is a problem in differentiating urban areas and barren land/ bare soil 

under classification techniques as both have similar response at some places leading to 

overestimation of urban lands [7]. Spectral indices are favorable and frequently employed to 

enhance a desired land cover in order to detect its changes over time. The powerful point about 

indices is that they are selective, fast and easy to implement and totally automated. Indices use the 

spectral response of a certain land cover to enhance and manifest it on the expense of other land 

covers. Normal Difference Water Index (NDWI) and Modified Normal Difference Water Index 

(MNDWI) [17, 23] are examples of these selective indices as they make water bodies much more 

remarkable on the expense of vegetation and land. The same goes for other indices such as Normal 

Difference Vegetation Index (NDVI) [24], Soil-Adjusted Vegetation Index (SAVI) [25] and Normal 

Difference Built-up Index (NDBI) [17, 20, 21]. Each of these indices focus on the desired land cover 

and make it easier to be extracted and make it possible to identify different classes related to this 

particular land cover in a relatively higher accuracy. 

Many indices, such as NDBI, have been developed to enhance built-up areas in order to 

extract them in an automated manner. Although NDBI enhances the urban areas in a notable manner, 

it has its limitations when the scene contains barren land/ bare soil, dry vegetation and/or water of 

high-suspended matter. Urban areas tend to mix up with barren land/ bare soil leading to 

overestimation of built-up areas [3, 7, 9, 14, 15]. Likewise, some vegetation and water surfaces 

under certain conditions may give positive value in the NDBI and hence misclassified as urban areas 

[17]. 

Despite the limitations of NDBI, it still works well to separate built-up and barren land 

from other land covers (water and vegetation). Yet, mapping urban areas out of barren lands through 

such an index is challenging due to the similarity in spectral behavior of both [3, 7, 9, 14, 15] 

especially in Mediterranean cities as they have very low vegetation cover in rural areas, scarce rains 

and land covers lacking moisture [7]. Therefore, there is always a need for improved techniques 

considering the similarity of urban areas spectral response with their adjoining barren land/ bare 

soil. Several studies suggested that NDBI should not be used alone but in a combination with NDVI 

and NDWI [15, 17, 26] to enhance its performance. 

The purpose of this paper is to develop a systematic, semi-automated methodology to 

extract urban areas out of barren land/ bare soil areas using remote sensing data and to detect the 
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long-term change in urban-form. The developed methodology is applied to one of the Nile Delta 

coastal urban areas; Idku Town, Egypt. 

 

 

2. Materials and Methods 

 

2.1 Study area 
 

Idku Town is one of the Egyptian urban centers located in the coastal zone of the Nile Delta. As 

many of the Mediterranean coastal towns [7], it undergoes rapid population growth and rapid 

expansion of urban areas in an undersigned manner mostly. The urban environment in Idku is 

characterized by high densities in the south adjacent to the road and moderate to low densities and 

mixed land-uses as approaching the Mediterranean coastal barren land/ bare soil. The town has been 

expanding rapidly during the last two decades. Such rapid expansion was largely motivated by 

transportation network development and population growth. The physical setting of the surrounding 

landscape is mostly barren land/bare soil (Figure 1). 

 

 

 
 

Figure 1. Situation of Idku Town 

 

2.2 Data source 
 

To detect changes in the urban areas in Idku, two multi-temporal Landsat images are used with a 

time span of 18 years (Table 1). The Idku Town is covered by the scenes of path 177 and row 38. 

Both scenes are cloud-free and high quality. No atmospheric correction has been performed for the 

data. Sub-scenes covering the Idku Town and its surroundings are clipped from the original scenes 

for data analysis. 

 

Table 1. Landset scene metadata 

 

Year Satellite Sensor Path Row Date 

1998 Landsat 5 TM 177 38 11-04-1998 

2016 Landsat 8 OLI/TIRS 177 38 18-04-2016 
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2.3 Methodology 
 

The developed methodology is based on separating urban areas from their surrounding barren land 

and bare soil through utilizing the thermal band. It is well-known that urban areas can cause land 

surface temperature (LST) to increase in a phenomenon known as “heat island” [2, 9]. Such urban 

heat island can be used to better separate built-up areas from other land covers [22] such as water 

and vegetation. But barren land and bare soil emit more energy in the thermal band compared to the 

built-up areas. Therefore, applying a careful threshold can separate both. The difference in emitted 

heat between both of them is not huge but it is sufficient to define a threshold. 

The extraction process of the built-up areas can be performed according to the following 

steps which are illustrated in Figure 2: 

 

Step 1: Generate the indices images 

 

There are three general land covers in the sub-scene image which are vegetation, land and 

water. These land covers are enhanced using specified indices which depend mostly on the spectral 

properties of these land covers (Figure 3). Three indices were used to reduce the redundancy of 

multispectral data and maximize the difference among different land covers. These indices are: Soil-

Adjusted Vegetation Index (SAVI), Normal Difference Built-up Index (NDBI) Modified Normal 

Difference Water Index (MNDWI). The multispectral bands of each image are used to generate the 

three indices: SAVI, NDBI and MNDWI using the equations given in Table 2. Therefore, each 

multispectral image would generate three images each of which represented one of the up mentioned 

indices. SAVI was used to discriminate vegetation from soil. It is considered to be a better 

replacement for the well-known Normal Difference Vegetation Index (NDVI) because it is more 

sensible for the low plant cover as in built up areas [17] and in low vegetated agricultural land. SAVI 

can discriminate vegetation in an area of plant cover as low as 15%, whereas NDVI can only 

discriminate vegetation effectively in an area when the plant cover is higher than 30% [25]. SAVI 

has more advantage of the remarkable reflection of vegetation in the near infrared (NIR) region of 

the spectrum when compared to the red one. In the used sub-scenes, the vegetation cover is 

moderate, therefore, a value of 0.5 was assigned to the “I” term in the SAVI equation. NDBI has the 

advantage of the unique response of the built-up areas in which they have higher response in the 

middle infrared (MIR) than in the NIR [20] to discriminate them from their surroundings. This 

would hold true in areas of healthy vegetation and water bodies. However, some vegetation under 

certain circumstances of dryness would have high values in MIR and sometimes even higher than 

in the NIR resulting in positive values under the NDBI [27, 28] and get confused for the urban areas. 

The same goes for barren land/bare soil and accordingly they are misclassified as built-up areas, 

which is the case in our case study. MNDWI developed by Xu [29], was employed to enhance the 

NDWI to better discriminate between water and built-up areas as both reflect green light more than 

reflect NIR light [17]. MNDWI used the MIR instead of the NIR in the NDWI (Table 2). 

 

Step 2: Replace the multispectral image by the different indices’ images 

 

The multispectral data with their high redundancy is replaced by indices so that the 

differences among the major land covers are maximized. 

 

Step 3: Apply principal component analysis (PCA) to the indices’ images 

 

Principal Component Analysis (PCA) is used to reduce the interference among different 

land covers produced by the three indices. The three indices’ images represent the input for the PCA 
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to generate three principal components (PCs). The first principal component (PC1) contains most of 

the data (about 90% of the data) then followed by the second and third principal components (PC2 

and PC3). The amount of data contained in each PC is given in Table 3. 

 

Step 4: Choose the PC in which the land is most discriminated from other features 

 

Out of the three PCs, there is one PC image in which the land features are more 

discriminated than both water and vegetation. This would appear in one of the PCs as areas of either 

remarkable brightness or darkness according to the sign of its value (if the sign is positive, land 

features would appear as bright areas while negative value means dark areas). The PC that reveals 

the land sharply either in positive or negative values (bright or dark features, respectively) was 

selected. Determining the suitable PC could be attained by analyzing the Eigen vectors and Eigen 

values for each date. In the chosen PC, land features would have an Eigen vector with a sign that is 

opposite to those of both water and vegetation. 

 

Step 5: Separation of land  

 

The chosen PC was then employed to extract the built-up areas in an automated manner by 

the means of applying a threshold [17]. By applying a careful threshold on the chosen PC image, 

the land areas which contain both built-up areas and barren land/bare soil, are separated from both 

water and vegetation. The resulting image would be a land-only image. 

 

Step 6: Generate a mask image out of the land-only image  

 

The land-only image was converted into a binary image in which all values of land are 

given as a value of 1 and elsewhere as a value of 0. 

 

Step 7: Extract the thermal values corresponding to the land 

 

The generated mask was multiplied by the thermal band of the original data (band 6 for 

1998 image and band 10 for 2016 TIRS image) to generate an image which contains the thermal 

range of land. In the land-thermal-range image, the built-up areas would appear darker than the 

barren land/bare soil areas. 

 

Step 8: Extract the built-up areas 

 

By applying a careful threshold on the thermal values of land, land class is separated into 

two subclasses: built-up areas and barren land/bare soil areas. The difference between the thermal 

values of the built-up areas and the barre land/bare soil is not huge but it is enough to differentiate 

between them. The threshold choice in this step is crucial and requires a great deal of attention. The 

built-up areas are given a value of 1 and elsewhere in the image is given the value of 0. The resulting 

image represents the built-up areas with a minimal noise from barren land/bare soil.  

 

Finally, the accuracy of the resulted thematic images was assessed using 256 randomly 

distributed points. The same exact points have been employed for both images. Visual interpretation 

has been applied to check on the points using False Color Composite (30 m) of RGB 7, 5, 2 for the 

L5, 1998 image and a High Pass Filter (HPF) panchromatic sharpened image (15 m) with RGB 7, 

5, 2 for the L8, 2016 image. 
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Figure 2. Methodology for semi-automated built-up area extraction 



Current Applied Science and Technology Vol. 20 No. 1 (January-April 2020) 

96 

 

 
 

Figure 3. Spectral signatures of different land covers for (a) L5 TM image for the year 1998 and 

(b) L8 OLI/TIRS image for the year 2016 
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3. Results and Discussion 

 

The three-indices images for the years 1998 and 2016 are illustrated in Figure 4 whereas Table 3 

shows the Eigen vector and Eigen values of the principal component analysis of the multi-temporal 

indices. The second principle component (PC2) is the one in which built-up areas are most 

distinguished from water and vegetation as the different sign indicates. The positive sign of the 

NDBI Eigen vector indicates areas of brightness in the PC 2 whereas negative values of SAVI and 

MNDWI Eigen vectors indicate areas of darkness (Figure 5). 

 

Table 2. Different indices and the formulae used to generate them 

 

Indices Formulae Reference 

SAVI 
𝑆𝐴𝑉𝐼 =

(𝑁𝐼𝑅 − 𝑅𝑒𝑑)(1 + 𝐼)

𝑁𝐼𝑅 + 𝑅𝑒𝑑 + 𝐼
 

 

Where I is a correction factor that ranges from 0 (in case of dense 

vegetation cover) to 1 (in case of lack of vegetation or a very low 

vegetation cover). 

 

[25] 

NDBI 
𝑁𝐷𝐵𝐼 =

𝑀𝐼𝑅 − 𝑁𝐼𝑅

𝑀𝐼𝑅 + 𝑁𝐼𝑅
 

 

[20] 

MNDWI 
𝑀𝑁𝐷𝑊𝐼 =

𝐺𝑟𝑒𝑒𝑛 −𝑀𝐼𝑅

𝐺𝑟𝑒𝑒𝑛 +𝑀𝐼𝑅
 

 

[27] 

Table 3. Eigen vector and eigen values of the principal component analysis of the multi-temporal 

indices 
 

 INDICES 

IMAGES 
1998   2016 

 PC1 PC 2 PC 3   PC1 PC 2 PC 3 

 SAVI 0.74 -0.53 0.42   0.89 -0.18 0.43 

Eigen Vectors NDBI 0.07 0.68 0.73   -0.24 0.60 0.76 

 MNDWI -0.67 -0.51 0.54   -0.40 -0.77 0.49 

% Eigen Values  90.9 8.8 0.3   92.9 6.9 0.2  
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Figure 4. Indices images for multi-temporal sub-scenes 
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Figure 5. Principal component analysis (PCA) for the multi-temporal index images 
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Figure 6 shows the histograms of the second principal components (PC2s) of the indices’ 

images for the years 1998 (a) and 2016 (b). The x-axis of the histogram represents the PC2 values 

while the y-axis refers to the frequency which means how many pixels are belonging to a certain 

value. The last peak of the histogram represents the values of the land as these values are the highest 

values of the image. The low frequency of the peak is due to the land that is not the dominating 

feature in the image. Applying a threshold to separate the values of the last peak would result in the 

separation of land values from the image. A threshold of 0.2 and a double threshold of 0.05 and 0.15 

for the PC 2 of the 1998 and 2016 images, is applied to extract the land features as shown in Figure 

6. Figure 7 shows the extracted land features for the multi-temporal sub-scenes. This method is 

successful in regard to extracting land features from water and vegetation. However, it can not 

differentiate between built-up areas and their adjoining barren land and bare soil. Therefore, the 

need for the thermal band integration arose.  

 

 
 

Figure 6. Histogram of the PC 2 with the threshold(s) for the years (a) 1998 and (b) 2016 
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Figure 7. Extracted land features from the multi-temporal indices PC2 images for the 

years (a) 1998 and (b) 2016 and the Town of Idku is zoomed-in 

 

The thermal values for the land features were separated in a new image (land-only thermal 

image). Then a threshold was applied to separate built-up areas and barren land/ bare soil. A double 

threshold has been assigned to extract thermal ranges of 152 to 157 and 29400 to 33800 out of the 

land thermal values of the years 1998 and 2016, respectively. These ranges have been found to be 

corresponding to built-up areas. The built-up areas’ separation is thus much enhanced and the 

borders of the town is much more realistic (Figure 8). The idea behind the thermal band integration 

in differentiating built-up areas from barren land/bare soil is that built-up areas are course textured-

areas reflecting more light than the smooth-natured barren land/ bare soil does. As built-up areas 

reflect more light, they are expected to emit less light. This is always the case; good reflectors are 

bad emitters and vice versa [28]. Although the proposed methodology is able to improve the 

extraction of the built-up areas, it can not totally eliminate barren land/bare soil from the scene, none 

of the methodologies does [7, 15, 17, 22]. But this methodology reduced the interference 

significantly and increased the accuracy of extraction remarkably. 



Current Applied Science and Technology Vol. 20 No. 1 (January-April 2020) 

102 

 

 

 
 

 

Figure 8. Idku Town as extracted by integrating the thermal band for the years (a) 1998        

and (b) 2016 

 

 

The overall accuracies were found to be 96.48% and 93.39% with overall Kappa statistics 

of 0.6488 and 0.7305 for the images of the years 1998 and 2016, respectively (Table 4). For the 

image of L8, 2016, the panchromatic sharpened image allowed better error avoidance during the 

accuracy assessment due to the relative easiness of visual interpretation compared to the 

unsharpened RGB image. Unfortunately, this was not the case for the L5, 1998 image due to the 

absence of the panchromatic band. 

The coarse resolution of the thermal band compared to other multispectral bands (60 m for 

ETM+ and 100 m for TIRS) does not much affect the accuracy of estimation in this study as it is 

concerned with the urban form expansion of Idku Town. Therefore, the border of the town is what 

matters. Mixed pixels of concern would be restricted only to those on the margin of the town. These 

mixed pixels could be a source of error together with the different resolution of both L5 and L8 

thermal bands but compared to the bulk urban area of the town, it would be much like applying a 
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filter to smooth its appearance. In case of using the same sensor, the error would be distributed 

evenly through different scenes and the changes in urban areas would still hold true. 

Spatial analysis of urban form extracted from remotely-sensed data showed that the built-

up area of Idku Town has expanded from 2502 km2 in 1998 to 8003 km2 in 2016. This means that 

the built-up area has enlarged three times its original area in 1998 with an annual expansion rate of 

about 12% during almost 20 years. Such rapid expansion can be related mainly to demographic 

deriving forces as well as the construction of new road infrastructure. For instance, the population 

size of Idku Town increased from 87,848 in 1996 to 97,168 in 2006 [29, 30]. In addition, it was 

noted that the town expansion during this time span was directed towards the northern parts of the 

town. This is mainly due to two reasons, i.e. the construction of the International Coastal Highway 

in the north of the town in 2002 and the existence of Idku lake in the south of the town which acts 

as a natural barrier that hinders town expansion southward (Figure 9). 

 

Table 4. Summary of accuracy assessment results  
 1998  2016 

Class 

Name 
Urban 

Non-

Urban 
Total 

Overall 

Accuracy  
Kappa  Urban 

Non-

Urban 
Total 

Overall 

accuracy 
Kappa 

Urban  9 7 16 96.48% 0.6488  28 16 44 93.39% 0.7305 
Non-

Urban  

2  238 240    1 212 213   

Total 11 245 256    29 228 257    

 

 
 

Figure 9. Urban Form Expansion from 1998 to 2016 
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4. Conclusions 

 

It was revealed that the proposed methodology for delineating urban areas within barren land/ bare 

soil background in a semi-automated manner yielded satisfactory results. This developed 

methodology was capable of decreasing the high interference between the urban areas and their 

adjoining barren land/bare soil. The use of the thermal band to differentiate between these two 

classes was successful and increased the accuracy of the extraction in a remarkable manner. 

Furthermore, it was found that the coarse resolution of the thermal band compared to other 

multispectral bands (60 m for ETM+ and 100 m for TIRS) has marginal impact on the accuracy of 

estimation. 
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