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Abstract: Urbanization in Indonesia's cities is increasing, leading to various impacts, including negative
consequences due to insufficient investment in local public infrastructure. Urbanization assessment
primarily relies on examining changes in built-up areas over the past decade. These changes serve as an
indicator that can be effectively derived from remote sensing data. In our study, we applied remote
sensing data from the Google Earth Engine (GEE) catalog to delve into the urbanization dynamics within
Greater Surabaya area, Indonesia. We employed satellite imagery from Landsat 7 Enhanced Thematic
Mapper Plus (ETM+) and Landsat 8 Operational Land Imager and Thermal Infrared Sensor (OLI TIRS) for
2012 and 2022. We used Support Vector Machine (SVM) classification techniques to construct precise
urban expansion models. Our analysis revealed distinct urban expansion trends in Mojokerto and
Sidoarjo, which contrast with the relatively stable urban development trends in northern Surabaya due
to the construction of toll roads. The findings provide valuable inputs for urban management,
necessitating targeted interventions and strategies to address the urbanization disparities between
these two areas. It underscores the critical importance of resource allocation, infrastructure
development, and urban planning initiatives, with a specific focus on Gresik, to ensure sustainable urban
growth and mitigate potential challenges associated with rapid expansion.

Keywords: urbanization; built-up expansion; secondary city; GEE catalog; Greater Surabaya

1. Introduction

Cities in Indonesia are experiencing significant levels of urbanization. This phenomenon
mirrors a global trend toward forming extensive mega-urban regions, where the traditional
boundaries between rural and urban areas are becoming increasingly blurred. For instance,
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the development of Jakarta Metropolitan Area and Bandung Metropolitan Area exemplify
this transformative shift in the urban landscape (Firman, 2009). As such, understanding the
dynamics of urbanization in Indonesia is not merely an isolated concern, but it is intricately
connected to broader worldwide urbanization trends. Individuals from rural areas are drawn
to thriving urban centers by the prospect of enhanced employment opportunities,
prompting them to relocate from their hometowns to improve their quality of life (Jones,
2016). This migration-driven urbanization profoundly impacts the development of cities in
Indonesia. It has the potential to act as a driving force behind overall economic growth, a
phenomenon extensively documented in the literature (Prasodjo, 2018).

In Indonesia, urbanization has various effects, including the proliferation of cities, the
emergence of non-statutory towns, and the development of extended urban regions
(Mardiansjah et al., 2021). As a result, development imbalances are not limited to the rural-
urban divide, but also extend to the regional disparities between Java and non-Java
regions, as well as between the western and eastern regions of Indonesia (Wilonoyudho et
al., 2017). In addition, urban population growth is also often accompanied by adverse
effects resulting from inadequate spending on local public infrastructure (Lewis, 2014).
Consequently, it is essential to monitor urbanization, with one critical indicator being urban
expansion.

Despite the existing research on global and national urbanization trends, there is a
notable research gap that our study aims to address. While the effects of urbanization on
city development and economic growth have been explored, there remains a need for a
detailed examination of the specific spatial patterns and drivers of urban expansion within
Greater Surabaya area, Indonesia. Our study seeks to bridge this gap by utilizing remote
sensing data and advanced classification techniques to gain insights into the unique
urbanization patterns in this region, with a particular focus on change detection and its
implications for urban management. Our research contributes to the broader understanding
of urbanization trends and provides valuable insights for policymakers and urban planners in
Indonesia and beyond.

Remote sensing data can be a highly effective tool for measuring urbanization, allowing
for accurate and comprehensive monitoring of urban expansion, land use changes, and
other critical factors that shape city development (Hegazy & Kaloop, 2015; K & Angadi,
2021). The use of multi-temporal remotely sensed data enables the analysis of change
detection at the urban footprint level in terms of monitoring of spatiotemporal dynamics
and urbanization trends (Taubenbodck et al., 2012). Furthermore, the capabilities of remote
sensing technology have been continuously advancing with each new satellite launched,
longer operational lifetimes, and increasingly higher spatial resolution (Belward & Skgien,
2015), which can contribute to a higher level of analysis accuracy. In addition, the
development of artificial intelligence and cloud computing has facilitated the processing of
remote sensing data considering more streamlined workflows, for example, using Google
Earth Engine (GEE). GEE provides convenient access to high-performance computing for
processing extensive geospatial datasets, even for individuals without programming
expertise (Gorelick et al., 2017). As a result, there has been a steady rise in the utilization of
GEE since 2017 (Amani et al., 2020).

The application of GEE for urbanization monitoring is not a new concept, as numerous
similar studies have been conducted in various countries. In most of these studies, the focus
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lies on tracking land cover and land use changes from non-urban to urban areas. For
instance, Aryal et al. (2023) employed GEE to examine urbanization in Kathmandu, Nepal.
The study revealed a substantial increase of approximately 67 km? in built-up areas over a
span of 20 years, resulting in the conversion of agricultural and forested land. Shetty et al.
(2022) analyzed the impact of urbanization on climatic variables using GEE and observed a
decline in forested areas along with an expansion of built-up areas within the study area.
Similarly, Zurgani et al. (2019) utilized GEE to identify urbanization trends in the upstate
region of South Carolina, revealing transformations from forested areas to newly developed
lands, bare lands, and non-forested areas.

Given the similar developments occurring in Indonesia, it is crucial to conduct research
on urbanization monitoring in the country. Therefore, our study has utilized remote sensing
data from GEE to examine urbanization within secondary cities, specifically focusing on
Greater Surabaya area. The region is undergoing significant development as its morphology
transforms, leading to the creation of metropolitan areas like Jakarta Metropolitan Area and
Bandung Metropolitan Area. Given its rapid growth and its strategic location, Greater
Surabaya is an intriguing area to observe, especially considering the changing global and
national politico-economic landscapes that have contributed to its development (Katherina
& Indraprahasta, 2019).

The main objective of this study is to assess urban expansion in Greater Surabaya area
using remote sensing data and the GEE platform. By analyzing changes in urbanization
patterns and land use over a specific period, this research aims to provide valuable insights
into the extent and dynamics of urban growth in secondary cities in Indonesia. The findings
will contribute to a better understanding of the ongoing urbanization process in Greater
Surabaya area and its implications for regional development, land management, and
sustainable urban planning. This research also highlights the significance of utilizing remote
sensing and GEE as effective tools for monitoring and analyzing urban expansion, which can
support evidence-based decision-making and inform policies for future urban development
in the country.

2. Materials and methods

2.1. Study area

The study area is centered in Greater Surabaya region, locally referred to as
Gerbangkertosusila, which is an acronym derived from the names of its constituent cities:
Gresik, Bangkalan, Mojokerto, Surabaya, Sidoarjo, and Lamongan (Figure 1). This region holds
immense significance as it falls under Indonesia's national strategic areas category, signifying
its critical role in expediting macro-level development initiatives. These initiatives encompass a
wide range of projects, including establishing arterial and toll road systems, continuously
enhancing the Suramadu Bridge area, and improving regional seaports (Pamungkas et al.,
2016). However, it is essential to note that despite its strategic importance, Greater Surabaya
area is not exempt from ongoing urbanization challenges, as alluded to in the Introduction.
The rapid urbanization trend observed in Indonesia and globally has a profound impact on
these challenges. As an area that drives economic activity within East Java Province and at the
national level, Greater Surabaya region faces complex urbanization problems that warrant
closer examination (Santoso et al., 2022).
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Figure 1. Study area.

2.2 Data

The satellite Landsat 7 Enhanced Thematic Mapper Plus (ETM+) and Landsat 8 Operational
Land Imager and Thermal Infrared Sensor (OLI TIRS) (Google Earth Engine, 2023) were used
in this study to build urban agglomeration models. Landsat 7 ETM+ was used for urban
mapping in 2012, along with Landsat 8 OLI TIRS for mapping urban conditions in 2022.
These two satellites have similar specifications (Roy et al., 2016), but Landsat 8 OLI TIRS, as
the most recent generation, has advantages in terms of band numbers and wavelength
range. These classifications were based on the composite data derived from bands 742 of
Landsat 7 and 432 of Landsat 8 However, at all wavelengths except thermal and
panchromatic waves, they have the same spatial resolution of 30 m. The image scenes used
in this research were LEO7_119065, LE07_118065, LCO8_119065, and LC08_118065 with average
cloud cover on Landsat 7 imagery of 31.92% and Landsat 8 of 40.48%. This research used
Landsat 7 data with the time range from 2012-01-01 to 2012-12-31 and Landsat 8 with the
time range from 2022-01-01 to 2022-12-31.

2.3. Methods

Data processing was divided into three phases: pre-processing, processing, and post-
processing. GEE was used for these phases, which include several functions that use the
JavaScript programming language, such as ImageCollection, CloudRemoval, GapFilling, and
ImageComposite (Figure 2). These commands were used to retrieve all available images for
the recording year chosen for this study, to perform cloud removal, to fill in gaps caused by
damage to the recording system, and to merge images in the form of composite bands. Due
to the damage to the acquisition system, Landsat 7 ETM+ required a GapFilling process in
addition to the Scan Line Error (SLE) correction process. Composite images provided data
for training and validation.
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The research utilized training data derived from point and polygon samples. A total of
6,278 samples were employed for training purposes, selected based on the density of built-
up areas in the region. The choice between polygon and point for training data depended on
the extent of built-up areas. Larger areas favored polygon data, while rarer built-up areas
were represented by point data. This approach aimed to enhance the precision of
classification results and yield more detailed outcomes. We use stratified sampling as it
considers different types (polygon and point samples) based on the density of built-up areas,
ensuring that each stratum is adequately represented. Simultaneously, purposive sampling is
employed since the selection of samples is purposeful and driven by specific criteria related
to the built-up areas. This combination enables a more tailored and precise sampling strategy
that considers the region's unique characteristics (Stehman & Foody, 2019).
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The training data were used to construct a classification scheme that is based on the
Support Vector Machine (SVM) method (Rijal et al., 2023). SVM is a non-parametric
supervised machine learning technique based on kernels that are used for image
classification and commonly gives consistent results, especially for urban area classification
compared to other machine learning algorithms and any traditional classifier such as
maximum likelihood and minimum distance (Elhamdouni et al., 2022). The selection of
kernel is crucial in SVM because it will highly influence the results. In this study, we used
Linear kernel to reach promising mapping accuracy (Razaque et al., 2021).

The accuracy testing in this research employed a clustered random sampling technique,
stratified by city areas. Within each city area, 50 test points were designated for urban class
and additional 50 points for non-urban class. The overall sample size for accuracy
assessment comprised 600 points encompassing both urban and non-urban classes. The
evaluation method employed was the confusion matrix, providing comprehensive accuracy
figures to gauge the final outcomes of the conducted accuracy tests. The accuracy of the
model was represented by the Cohen’s Kappa (K) that was calculated from the confusion
matrix (Wicaksono & Lazuardi, 2018). Beyond evaluating the accuracy of data classification,
the study also assessed the accuracy of urban expansion. For this purpose, 100 sample
points were allocated for the whole study area. Change detection was confirmed by a
Google Earth (2024) which can display urban conditions from time to time.

3. Results

3.1. Classification results

The research yielded two distinct classifications within the study area, categorized explicitly
as built-up and non-built-up areas. Within the research context, objects falling under the
classification of built-up areas encompass various structures, such as residential zones,
industrial facilities, and other physical constructions intended to support diverse human
activities. Conversely, objects classified as non-built-up areas encompass fields, agricultural
lands, plantations, forests, vacant lots, and bodies of water.

Implementing the Support Vector Machine (SVM) algorithm for classifying built-up and
non-built-up areas revealed a noteworthy trend across all cities within the study area
between 2012 and 2022 (Figure 3). The findings underscore a significant expansion in the
extent of residential and industrial zones, with Sidoarjo exhibiting the most substantial
increase in built-up area compared to other regions.

One significant finding in this study is the major change from built-up to non-built-up
areas, especially in the Bangkalan area. Land cover changes usually include shift from non-
urban to urban areas, which makes this finding distinctive. An accuracy assessment
demonstrates that the classification results for 2012 were less precise than those for 2022
(Figure 4). The transformation of Bangkalan from a built-up area to a non-built-up area can
be attributed primarily to suboptimal visualization of Landsat 7 images for analyzing built
areas in the region. Furthermore, in 2012, Bangkalan featured vacant land that, when
observed through Landsat 7 imagery, resembled built-up areas. To mitigate this issue, we
harnessed the composite data from band 742 in Landsat 7 to enhance the accuracy of the
2012 classification results.
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Figure 4 illustrates the confusion matrix used to assess the accuracy of classification
results in 2012 and 2022. In the accuracy testing stage of this research, a total of 300 sample
points were used for the built-up class and additional 300 sample points for the non-built-
up class. The confusion matrix presents the accuracy values of producers and users from two
periods of observation data; even K accuracy values show differences between 2012 and

2022.
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Figure 4. Built-up area and non-built-up area classification results: (left) in 2012 and (right) in 2022.
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After examining the accuracy Figure 4, there is a clear difference: the accuracy of the
built-up area classification in 2012 is much lower than the accuracy achieved in 2022. This
difference is primarily due to the superior visual quality of the region. Landsat 8 imagery is
different from Landsat 7 imagery. As a result, this difference in image quality significantly
affects the overall accuracy value, and data from 2022 show higher overall accuracy when
compared to the value obtained in 2012.

3.2. Change detection results

Figure 5 depicts an indication of urban change in the study area. Urban expansion is
represented by red color on the map, while, yellow, and orange are the existing built-up
areas in 2012 and 2022. The figure clearly illustrates that Sidoarjo has a dominant red color,
showing a sizeable urban expansion toward the south of Surabaya. In contrast, the northern
region of Surabaya has a slightly red color distribution, which indicates relatively lower urban
expansion than the opposite region. These results highlight Sidoarjo as the region
experiencing the most significant urban expansion, while Gresik is relatively stable in urban
development.
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Figure 5. Urban expansion in Greater Surabaya during 2012-2022.

Table 1 provides support for those findings by presenting the area changes of each
region. According to the table, sthe total changed area amounted to 278.16 km?. Sidoarjo
and Bangkalan have had the most significant changes, while Gresik has had the least.
Significant changes have been observed in urban areas bordering Surabaya in the last
decade. In terms of distribution, it was evident that the spread pattern occurred south of
Surabaya, where the most apparent expansion occurred in Sidoarjo area (Figure 5).
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Table 1. The transformation of urban areas in each city and regency in Greater Surabaya

Surabaya  Sidoarjo  Mojokerto Lamongan  Gresik  Bangkalan
Area change (km?) 34.43 97.31 28.66 47.36 16.06 51.96
Ratio of each region (%) 10.44 13.48 1.75 2.69 153 3.97

Meanwhile, out of 100 test points used to analyze the accuracy of change detection, 70
points truly experienced changes based on historical images from Google Earth (2024). Thus, it
can be concluded that the accuracy of the resulting change detection was 70%. This result was
quite satisfactory and can represent the quality of the generated model. Based on the accuracy
test conducted, most of the changes observed were from bare land to industrial areas. Another
portion involved the expansion of residential areas, although the quantity was not substantial.

4. Discussion

4.1. Urban expansion patterns in Greater Surabaya

Our research findings highlight significant urban growth and expansion in Greater Surabaya
region from 2012 to 2022. This expansion pattern predominantly extends southward from
Surabaya and aligns with infrastructure development initiatives, notably arterial and toll
roads, particularly in the Java region. These changes have significant implications for land
use in Greater Surabaya, with various land conversion patterns observed in urban areas. In
Sidoarjo, the transformation primarily involves a shift from agricultural land to industrial
zones or factories. However, coastal areas in Bangkalan have undergone conversion to built-
up areas, encompassing buildings, settlements, and ports. It underscores the impact of
coastal development and the utilization of available land for infrastructure and economic
activities. It signifies a transition from agriculture-based activities to industrialization and
emphasizes these areas' crucial role in accommodating economic growth and attracting
development investments (Grabowski & Self, 2020; Rustiadi et al., 2021).

The observed urban growth in Greater Surabaya raises questions about regional disparities
in Indonesia. Although Jakarta Metropolitan Area and Bandung Metropolitan Area have
traditionally served as hubs for urban development and economic growth (Dorodjatoen, 2009;
Firman, 2009), the emergence of secondary cities like Surabaya signals a potential shift in the
regional landscape. Meanwhile, as the regional economic center, Surabaya exhibits relatively
minor changes in the city expansion. This could be attributed to the pre-existing urban
development and limited available land for further expansion within the city. Consequently, the
growth focus in Surabaya may center on redevelopment and densification, as opposed to
outward expansion. Conversely, the Sidoarjo area, with its larger land area and potentially
greater land availability, is noticing substantial urban growth. At the same time, it stresses the
potential for further economic development and urbanization in these regions.

4.2. The implications and challenges of its expansion

These results highlight the dynamic nature of urbanization in Greater Surabaya area and
indicate the spatial distribution of urban growth across different administrative units. Urban
growth in that region is not limited to the main urban center of Surabaya but extends to
neighboring cities and regencies, creating an interconnected and integrated metropolitan
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region. A metropolitan area has traditionally been the focus of urban development and
economic growth; the emergence of secondary cities such as Surabaya indicates a potential
shift in the regional landscape (Santoso et al., 2022). However, it is crucial to ensure that
urban development is not concentrated solely in specific regions, exacerbating existing
disparities. Policy interventions and targeted investments should be implemented to
promote balanced urban development across different regions in Indonesia, reducing
regional disparities and fostering inclusive growth. The identified changes from croplands to
factory areas and settlement development highlight the importance of planning and
providing infrastructure to support industrial activities, housing needs, and transportation
networks (Kuller et al., 2022).

The rapid urban growth observed in Greater Surabaya area poses several implications
and challenges. It is crucial to consider the environmental and ecological implications of
urban expansion. First, it raises concerns about the pressure on natural resources and the
environment, as urban expansion often leads to the conversion of agricultural land, loss of
biodiversity, and increased pollution (Rustiadi et al., 2021). It is important to strike a balance
between urban development and environmental conservation, preserving green spaces,
promoting sustainable land use practices, and mitigating the adverse impacts of
urbanization on natural resources, biodiversity, and ecosystems (Kapucu et al., 2021).

Furthermore, expanding urban areas necessitates providing adequate infrastructure and
public services to meet the population's growing demands. Ensuring access to clean water,
sanitation facilities, transportation networks, and healthcare services becomes increasingly
vital in sustaining the quality of life for residents (Zeng et al., 2022). This research underlines
that infrastructure planning should apply an approach that considers the long-term
implications of urban growth to create sustainable and resilient urban environments.

Finally, the disparities in urban growth among different cities and regencies within
Greater Surabaya area underscore the broader global challenge of balancing regional
development. While some areas experience rapid growth, others may need to catch up,
leading to regional inequalities (Kim et al., 2020). Policy interventions must promote inclusive
and equitable development across the entire region, considering factors such as
infrastructure investment and social services provision.

5. Conclusion

In conclusion, our study has provided compelling evidence of the substantial urban growth and
expansion within Greater Surabaya area over the studied decade. We have identified critical
implications of these urbanization patterns, including the discernible influence of coastal
development, the transformation of croplands and ponds into built-up areas, and the varying
degrees of development concentration observed across different regions within the area. These
findings collectively highlight the importance of leveraging remote sensing and GEE as robust
and reliable tools for monitoring and analyzing urban expansion. Moreover, they underscore
the need for continuous research and monitoring efforts dedicated to comprehensive
understanding of urbanization dynamics in Indonesia. Such endeavors are essential for
addressing development imbalances and fostering sustainable urban growth nationwide.
Ultimately, this research contributes to a better understanding of the ongoing urbanization
process in secondary cities in Greater Surabaya, Indonesia. It provides valuable evidence-based
insights that can inform decision-making and guide the formulation of policies for future urban
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development in the country. By embracing these findings and integrating them into urban
planning and management strategies, Indonesia can work toward achieving more balanced
and sustainable urbanization, ensuring a prosperous future for all its regions.
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