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Abstract. Surabaya, the largest metropolitan city in East Java Province, has 
experienced rapid urban growth driven by population increase, economic 
development, and migration from surrounding regions. This growth has 
accelerated the expansion of built-up areas, particularly in suburban zones 
that were previously dominated by productive land such as rice fields and 
forests. These land use changes present significant challenges for sustainable 
urban spatial management, highlighting the need for efficient and reliable 
monitoring techniques. This study employs Synthetic Aperture Radar (SAR) 
based remote sensing, which enables consistent data acquisition regardless 
of weather conditions or illumination. ALOS PALSAR-2 Single Look 
Complex (SLC) data were utilized and analyzed using the SAR-based 
Impervious Built-up Index (IBUIsar) method to identify and map built-up 
areas based on backscatter characteristics. The application of the IBUIsar 
method aims to produce an accurate spatial distribution map of built-up land 
in Surabaya. The results indicate that higher IBUIsar values are concentrated 
in the city center and areas with intensive development activities. This 
information is expected to support urban spatial planning and contribute to 
sustainable urban development strategies. 

  

 
 

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons 
Attribution License 4.0 (https://creativecommons.org/licenses/by/4.0/).

BIO Web of Conferences 216, 06002 (2026)	 https://doi.org/10.1051/bioconf/202621606002
SRCM 2025



1 Introduction 
Surabaya as the largest metropolitan city in East Java Province has experienced significant 
growth, becoming a center of migration for people from surrounding areas [1]. Rapid 
economic growth and the availability of adequate infrastructure and facilities are the main 
factors behind the increase in population and the expansion of built-up areas [2]. This growth 
has led to notable land-use changes, especially in peri-urban areas that previously consisted 
of agricultural fields or forested land but have now been converted into residential areas and 
supporting urban facilities. Rising population density continues to pressure land resources, 
resulting in further land-use transformation to accommodate housing and public services [3]. 
The expansion of urban infrastructure has also intensified land demand and accelerated 
changes in urban land patterns. 

In the context of monitoring built-up areas, remote sensing technology offers an efficient 
and effective approach. Among these, Synthetic Aperture Radar (SAR) stands out for its 
strong capability to observe highly developed urban environments. SAR can overcome 
common limitations of optical imagery, such as cloud cover, atmospheric disturbances, and 
dependence on sunlight [4]. Its ability to operate regardless of weather conditions further 
enhances its utility for continuous monitoring. Moreover, SAR’s geometric sensitivity allows 
for more accurate extraction of surface characteristics [5]. 

Urban area identification using SAR data can be performed through SAR-based built-up 
indices. One method that has shown strong potential is the Impervious Built-up Index 
(IBUIsar) introduced by [6]. This index relies on radar backscatter information to improve 
the detection of urban surfaces. The study by [6] showed that IBUIsar, which utilizes ALOS 
PALSAR imagery, was able to extract built-up areas in three locations with overall accuracies 
of 90%, 98%, and 87.6% respectively. This highlights the effectiveness of the method as a 
reliable approach for mapping built-up surfaces. 

Detecting urban built-up areas through built-up index algorithms represents a key method 
in mapping urbanization patterns. Previous studies have shown that the use of SAR for 
detecting built-up areas still faces challenges such as speckle, backscatter variations, and 
limited spectral information [7], [8], [9]. Several studies have combined SAR and optical 
data [10], [11], [12], [13], but the results remain dependent on the quality of the optical 
imagery. Meanwhile, built-up index approaches such as NDBI, EBI, and UI [14], [15] are 
mostly effective only for optical imagery and are less optimal when applied to SAR data.  

This study employs ALOS PALSAR-2 imagery using the IBUIsar built-up index, which 
combines dual-polarization data (HH and HV) to enhance the differentiation of urban 
surfaces. IBUIsar utilizes radar backscatter information to more accurately identify built-up 
features. This research aims to analyze urban areas using a built-up index to obtain clearer 
and more reliable information on urban characteristics. 

 
 

2 Methods  

2.1 Study Area 

The research is located in Surabaya City, East Java Province, as shown in Figure 1. 
Geographically, The city of Surabaya borders Gresik Regency to the west and the Madura 
Strait to the north and east. 

 
Fig. 1. Study Area 

2.2 Dataset 

In this study, the instruments used include satellite imagery, vector spatial data, and field 
observation data. The primary instrument is ALOS PALSAR-2 SLC dual-polarization (HH 
+ HV) imagery, which provides a spatial resolution of approximately 10 m and a temporal 
resolution (revisit time) of about 14 days, allowing consistent observation of surface 
characteristics and changes over time. This data is consisting of 2 scenes acquired in 2022 
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and 2024. In addition to satellite data, a shapefile of the administrative boundary of Surabaya 
City was utilized. To validate the results of the image processing, field observations (ground 
truth) and Google Earth data were employed as reference sources for comparison with the 
built-up land index classification outcomes. 

2.3 Method 

The processing stage began with the use of ALOS PALSAR-2 imagery to calculate the radar-
based Built-up Index (IBUIsar), which utilizes backscatter values from HH and HV 
polarizations to identify built-up areas. The first step involved preprocessing the ALOS 
PALSAR-2 data using SNAP software. The raw Single Look Complex (SLC) SAR data were 
converted into power or intensity data. A multi-looking operation was then applied to reduce 
speckle noise and enhance the signal-to-noise ratio, while slightly decreasing spatial 
resolution. The azimuth-to-range look ratio was set at 3:1 to optimize speckle reduction, as 
this ratio represents a practical compromise between reducing speckle noise and preserving 
spatial resolution, thereby improving radiometric stability without excessively degrading the 
geometric quality of urban features [14]. Radiometric calibration was subsequently 
performed to convert digital number values into backscatter coefficients (σ⁰), ensuring that 
the data have consistent physical meaning across time and space. To further refine the image, 
a Gamma Map filter with a 3×3 moving window was applied for additional speckle 
suppression without compromising critical spatial details. Geocoding and terrain correction 
were then conducted using a Digital Elevation Model (DEM) to correct geometric distortions 
caused by terrain variations and to accurately project the imagery into the UTM-WGS84 
coordinate system. The process employed the Range-Doppler terrain correction approach 
with SRTM DEM resampled to a 25 m pixel size using the nearest neighbor method. The 
final calibrated and corrected backscatter data were clipped to the administrative boundary 
of Surabaya City to prepare the dataset for subsequent classification and analysis. 

The next step is to calculate the built-up land index (IBUIsar). The index value is 
calculated based on a mathematical combination of HH and HV backscatter values that 
describe the intensity of the impervious surface. The calculation involves three main 
components: first, parameter a represents the normalized difference between HH and HV 
backscatter (Eq. 2), emphasizing the relative contrast of surface scattering; second, parameter 
b expresses the direct ratio of HH to HV backscatter (Eq. 3), which reflects the surface 
roughness and orientation characteristics. These two parameters are then combined in an 
exponential normalization form, producing the final IBUIsar equation [14]:  

 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = 𝑎𝑎 − [(𝑒𝑒𝑎𝑎 − 𝑒𝑒𝑏𝑏)
(𝑒𝑒𝑎𝑎 + 𝑒𝑒𝑏𝑏)] (1) 

𝑎𝑎 = [(𝐻𝐻𝐻𝐻𝜎𝜎
0 − 𝐻𝐻𝐻𝐻𝜎𝜎

0)
(𝐻𝐻𝐻𝐻𝜎𝜎

0 + 𝐻𝐻𝐻𝐻𝜎𝜎
0)

] (2) 

𝑏𝑏 = [(𝐻𝐻𝐻𝐻𝜎𝜎
0)

(𝐻𝐻𝐻𝐻𝜎𝜎0)
] (3) 

This formulation enhances the distinction between built-up and non built-up features. 
Negative or near-zero IBUIsar values typically indicate built-up areas, while positive values 
correspond to vegetation, bare soil, or water surfaces. 

The accuracy of the built-up area classification was assessed using a confusion matrix to 
compare both indices against the validation data, employing 30 validation points representing 
built-up areas and 30 validation points representing non built-up areas. The selected points 
represent areas that remained unchanged in 2022 and 2024.   

3 Result and Discussion 

3.1 Result 

The preprocessing stage of the ALOS PALSAR-2 imagery produced calibrated backscatter 
values (σ⁰) for both HH and HV polarizations, which serve as the fundamental inputs for 
generating the IBUIsar index. These backscatter signals reflect the interaction between radar 
energy and surface features, allowing differentiation between built-up areas and other land-
cover types based on their scattering characteristics.  

 
Fig. 2. ALOS PALSAR-2 backscatter in 2022, (a) HH polarization, (b) histogram of HH polarization, 
(c) HV polarization, (d) histogram of HV polarization 
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Fig. 3. ALOS PALSAR-2 backscatter in 2024, (a) HH polarization, (b) histogram of HH polarization, 
(c) HV polarization, (d) histogram of HV polarization 

The backscatter σ⁰ ALOS PALSAR-2 value range in 2022 (Figure 2) and 2024 (Figure 
3) shows a clear difference in dispersion response between HH and HV polarizations, which 
can be directly related to surface and land-cover characteristics. In 2022, HH values ranged 
from –31.128 to 29.883 dB (Figure 2b), where high HH values are typically associated with 
strong surface and double-bounce scattering from built-up areas and other hard surfaces, 
while low values correspond to smooth surfaces such as water bodies or bare land. In contrast, 
HV values ranged from –43.342 to 26.883 dB (Figure 2d), indicating a mixture of very low 
returns from smooth surfaces and very high returns from hard objects or urban structures. In 
2024, HH values showed a similar range, from –30.626 to 29.16 dB (Figure 3b), indicating 
the continued presence of stable hard surfaces and urban features. Meanwhile, HV values 
range decreased from –40.823 to 19.704 dB (Figure 3d), suggesting a reduced contribution 
of volume scattering, potentially due to changes in vegetation cover or increased dominance 
of surface scattering. The consistent maximum HH values across both years highlight the 
persistence of built-up areas, whereas the reduced HV response in 2024 indicates changes in 
land cover that affect vegetation-related and complex structural scattering mechanisms. 

The IBUIsar algorithm is formulated using normalized combinations of HH and HV 
backscatter values to improve the separation between built-up and non built-up. By 
calculating the mean and standard deviation (SD) of the IBUIsar output across different land-
cover types, the index demonstrates a strong ability to isolate built-up areas from other 
classes. Built-up pixels consistently show negative or near-zero IBUIsar values, while non 
built-up areas such as vegetation, bare soil, and water surfaces produce positive values 

without overlap in the SD range. This clear separation allows the classification threshold to 
be determined directly from the distribution of IBUIsar values. Following the approach in a 
previous study [14], the threshold is adopted by assigning negative IBUIsar values to built-
up areas and positive values to non built-up areas. The IBUIsar algorithm result in 2022 and 
2024 is shown in Figure 4. 

  
(a)     (b) 

Fig. 4. IBUIsar Algorithm Results in 2022 (a) and 2024 (b) 

 
Fig. 5. Built-up Area Map of Surabaya City in 2022 
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Figure 5 presents the built-up area map of Surabaya City in 2022, shows two classification 
categories represented by distinct colours. The map is predominantly shaded in no colour, 
indicating that non built-up areas occupy most of the city’s surface. Built-up areas, shown in 
orange pixel are concentrated in central, eastern, and northern parts of Surabaya, with denser 
patterns visible around industrial zones and the port area along the northern coastline. Smaller 
clusters of built-up pixels also appear in the western and southern sections, reflecting mixed 
land-use characteristics. 
 Similar to previous years, figure 6 shows a map of built-up areas in Surabaya in 2024. 
This map is dominated by no colour, indicating that non built-up areas still dominate most of 
Surabaya's land area. Built-up areas, shown in orange pixel, form dense concentrations in the 
center, east, and north of the city, with significant intensification around industrial areas and 
port complexes along the north coast. Additional clusters of built-up areas are also visible in 
the west and south, reflecting ongoing urban expansion and diverse land use patterns in the 
city's suburbs. 

 
Fig. 6. Built-up Area Map of Surabaya City in 2024 

A comparison of the areas in 2022 and 2024 indicates a slight change in the distribution 
of built-up and non-built-up areas in the city of Surabaya. In 2022, the built-up area was 

recorded at around 6,429.360 ha, slightly higher than in 2024, which reached 5,899.696 ha. 
This decrease may indicate a change in classification for several pixels that were previously 
detected as built-up but were later identified as non-built-up, mainly due to backscatter 
variations or differences in surface conditions. Meanwhile, the area of non-built-up land 
increased from 27,157.394 ha in 2022 to 27,684.249 ha in 2024. Overall, these changes 
reflect relatively stable urban surface dynamics with insignificant shifts in area over a two-
year period. 

The accuracy assessment was carried out using 60 validation points, consisting of 30 
points representing built-up areas and 30 points representing non-built-up areas. All 
validation points were selected from locations that remained unchanged between 2022 and 
2024 to ensure consistency in evaluating the index performance. Based on the confusion 
matrix shown in Table 1, the IBUIsar algorithm demonstrates a strong ability to separate 
built-up from non built-up areas. In 2022, the method achieved an overall accuracy of 
86.67%, while in 2024 the accuracy increased to 90%, indicating improved classification 
reliability. The index also shows consistently better performance in detecting built-up areas, 
suggesting that the backscatter-based formulation effectively captures the scattering 
characteristics of impervious surfaces. Meanwhile, misclassifications in non-built-up areas 
are likely influenced by surface heterogeneity and local backscatter variations, highlighting 
the importance of stable validation points in ensuring reliable accuracy estimation. 

Table 1. Confusion Matrix Result 

Year Predict Actual Total Accuracy (%) Built-up Non Built-up 

2022 
Built-up 25 3 28 

86.67% Non Built-up 5 27 32 
Total 30 30 60 

2024 
Built-up 24 0 24 

90.00% Non Built-up 6 30 36 
Total 30 30 60 

 

3.2 Discussion 

 The identification of built-up areas in Surabaya using ALOS PALSAR-2 imagery from 
2022 and 2024 provides an overview of the city's development dynamics over two years. 
IBUIsar based analysis was used to distinguish between built-up and non-built-up areas, 
while also evaluating the consistency of the algorithm in complex urban environments. The 
comparison between the two years not only shows patterns of change in the city's surface, 
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IBUIsar based analysis was used to distinguish between built-up and non-built-up areas, 
while also evaluating the consistency of the algorithm in complex urban environments. The 
comparison between the two years not only shows patterns of change in the city's surface, 
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but also helps assess the extent to which IBUIsar is able to represent actual conditions in the 
field.  

 
Fig. 7. Built-up Area Change Map 2022 and 2024 of Surabaya City 

Figure 7 illustrates the built-up area change in Surabaya City between 2022 and 2024, 
derived from the IBUIsar built-up land index. The map categorizes change into three classes: 
positive change, negative change, and no change. Areas marked in red represent positive 
change, indicating locations that were classified as non built-up in 2022 but transitioned into 
built-up by 2024. The positive change extending across the northern part of Surabaya from 
east to west is likely influenced by a combination of physical surface conditions and 
limitations of the IBUIsar method. This area is dominated by port activities, industrial zones, 
and coastal infrastructure characterized by hard surfaces that generate high backscatter and 
are therefore prone to being detected as built-up areas. However, the clear linear pattern also 
suggests the influence of backscatter variations related to surface moisture, tidal conditions, 
or radar acquisition geometry, indicating that part of the detected positive change may reflect 
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the sensitivity of IBUIsar to coastal and industrial environments rather than actual new urban 
expansion. 

Areas shown in green correspond to negative change, where land previously identified as 
built-up in 2022 shifted to non built-up in 2024. These pixels are relatively dispersed and 
appear in small patches, reflecting inconsistencies likely arising from the IBUIsar 
classification rather than actual land-cover reduction. 

Meanwhile, the yellow pixels dominate the map, representing no change between the two 
years. However, the overwhelming extent of this yellow class, especially in areas that are 
known to be highly urbanized, indicates potential misclassification in the 2024 IBUIsar 
output. Overall, the spatial pattern suggests that the algorithm did not fully capture the true 
extent of built-up development in Surabaya, as evidenced by unexpectedly large zones 
labeled as unchanged non built-up. 

 
Fig. 8. Area Proportions of Built-up Change in Surabaya (2022 and 2024)  

According to Figure 8, the results of the area proportion show that most of Surabaya, 
around 83%, did not experience any changes between 2022 and 2024 according to the 
IBUIsar algorithm. Areas that experienced negative changes, namely those that shifted from 
built-up to non built-up, covered around 9% of the total area. Meanwhile, areas with positive 
changes, namely changes from non built-up in 2022 to built-up in 2024, only cover about 
8%. This distribution indicates that the majority of the area remains in the same condition, 

3126.483 (9%)

27733.464 (83%)

2660.002 (8%)

Negative Nol Positive
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while the detected changes are relatively small and likely reflect the limitations of the 
accuracy of the IBUIsar classification in 2024. 

The overall findings of this study highlight both the potential and the limitations of using 
the IBUIsar index derived from ALOS PALSAR-2 data for identifying built-up areas in 
Surabaya. While the method provides a general indication of surface conditions and captures 
certain patterns of urban expansion, inconsistencies particularly in the 2024 classification 
show that the algorithm still requires refinement to better reflect real world urban 
characteristics. The minimal proportion of detected changes and the unexpected dominance 
of non built-up classifications in heavily urbanized zones suggest that the index alone is 
insufficient for detailed urban monitoring. Future research would benefit from integrating 
additional SAR or optical datasets, adjusting thresholding methods, and incorporating more 
robust validation points to enhance the reliability and accuracy of built-up area detection in 
complex urban environments. 

4 Conclusion 
  The IBUIsar index derived from ALOS PALSAR-2 imagery is able to provide a 
general overview of the distribution of built-up areas in Surabaya in 2022 and 2024, but its 
accuracy remains limited for more detailed urban analysis. The decrease in built-up area from 
approximately 6,429.360 ha in 2022 to 5,899.696 ha in 2024, the dominance of unchanged 
areas, and the appearance of unexpected classifications in several urban zones indicate 
inconsistencies in the algorithm, which are more related to weaknesses in threshold 
determination and the sensitivity of IBUIsar to dense urban areas rather than actual surface-
cover changes. Therefore, this method requires improvements through threshold calibration, 
incorporation of supporting datasets, and refinement of validation samples to produce more 
accurate and representative built-up area mapping. 
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Surabaya. While the method provides a general indication of surface conditions and captures 
certain patterns of urban expansion, inconsistencies particularly in the 2024 classification 
show that the algorithm still requires refinement to better reflect real world urban 
characteristics. The minimal proportion of detected changes and the unexpected dominance 
of non built-up classifications in heavily urbanized zones suggest that the index alone is 
insufficient for detailed urban monitoring. Future research would benefit from integrating 
additional SAR or optical datasets, adjusting thresholding methods, and incorporating more 
robust validation points to enhance the reliability and accuracy of built-up area detection in 
complex urban environments. 

4 Conclusion 
  The IBUIsar index derived from ALOS PALSAR-2 imagery is able to provide a 
general overview of the distribution of built-up areas in Surabaya in 2022 and 2024, but its 
accuracy remains limited for more detailed urban analysis. The decrease in built-up area from 
approximately 6,429.360 ha in 2022 to 5,899.696 ha in 2024, the dominance of unchanged 
areas, and the appearance of unexpected classifications in several urban zones indicate 
inconsistencies in the algorithm, which are more related to weaknesses in threshold 
determination and the sensitivity of IBUIsar to dense urban areas rather than actual surface-
cover changes. Therefore, this method requires improvements through threshold calibration, 
incorporation of supporting datasets, and refinement of validation samples to produce more 
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