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Abstract: The urban sprawl phenomenon refers to the expansion of urban areas driven by high population growth 
and migration. A spatio-temporal approach is indispensable in urban sprawl research. Monitoring and evaluating ur-
ban sprawl in a region is crucial for controlling drastic environmental changes. Integrated Remote Sensing (RS) and 
Geographic Information System (GIS) technologies can serve as essential tools for this purpose. The aim of this sys-
tematic literature review paper is to gather information on the latest data, methods, and findings to be considered in 
future urban sprawl research. The PRISMA method was employed, involving filtering from the Scopus database, re-
sulting in 30 papers selected for an in-depth review to address the objectives of this paper. Landsat data remains the 
preferred choice for monitoring changes due to its extensive historical archive compared to other data sources. Land-
scape metrics represent a more advanced method compared to conventional change detection in quantifying urban 
sprawl. Other indices and quantifiers are also used to support the quantification of urban sprawl. Two perspectives 
exist in selecting the study's temporal intervals: consistent and inconsistent, which are adjusted based on the natural 
characteristics of "change," namely "abrupt" and "gradual." Suggestions for future research include using data with 
detailed spatial resolution and narrow study intervals while considering the patterns of urban sprawl formation. 
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Highlights: 

●   Spatio-temporal approach: Vital for understanding urban sprawl dynamics. 
●   Remote Sensing and GIS integration: Key for monitoring and controlling sprawl. 
●   Indices and landscape metrics: Crucial tools for quantifying sprawl change. 

 

1.Introduction 

Urbanization is a powerful driver of dynamic changes in both time and space, as it continues to reshape the global landscape (Rahman et al., 
2024). As noted by the UN Department of Economic and Social Affairs (2018), 56% of the world's population resided in urban areas in 2020, with 
projections suggesting an increase to 68% by 2050. The rapid urbanization process often leads to the phenomenon of uncontrolled urban sprawl, 
which has already impacted many major cities and megacities around the world (Mun et al., 2024; UN Department of Economic and Social Affairs, 
2018) 

Urban sprawl, characterized by the expansion of urban areas into surrounding rural lands, is a critical consequence of urbanization. This 
phenomenon results in landscape fragmentation, increased automobile dependence, and the depletion of natural resources, significantly altering 
the socio-economic and environmental fabric of cities (Bhatta, 2010; Cramer-Greenbaum, 2023; Yan et al., 2024). As urbanization continues at an 
unprecedented rate, it becomes crucial for city planners, policymakers, and environmental observers to understand the underlying dynamics of 
urban sprawl (D’Agata et al., 2024; Hysa et al., 2024) 

The impacts of urban sprawl are not limited to physical expansion alone. Social and economic disparities often become exacerbated within 
urban areas, leading to unequal access to resources, services, and opportunities (D’Agata et al., 2024; Taubenböck et al., 2009). Furthermore, the 
environmental consequences of sprawl, such as increased air and water pollution, loss of biodiversity, and higher carbon emissions, present sig-
nificant challenges to sustainability and public health (Anand & Deb, 2024; Hysa et al., 2024; Raza et al., 2024). Understanding these multifaceted 
dynamics is essential for devising effective urban planning strategies that promote equitable development while mitigating environmental degra-
dation (Hamidi et al., 2015; Raza et al., 2024). 

The role of Remote Sensing (RS) and Geographic Information Systems (GIS) in monitoring, analyzing, and visualizing urban growth cannot be 
overstated. These technologies have revolutionized the field by enabling the collection and interpretation of vast amounts of spatial and temporal 
data, providing deep insights into the patterns and processes driving urban expansion (Alzahrani et al., 2024; Miller et al., 2024; Nolè et al., 2014; 
Torrens, 2008). RS and GIS facilitate the detection of land-use changes, quantification of urban sprawl, and uncovering of underlying drivers with 
unprecedented precision (Frenkel & Ashkenazi, 2008; Rana et al., 2024; Sudhira et al., 2004). 

However, measuring urban sprawl remains a contentious issue among scholars. Various methods have been developed, each with its 
strengths and limitations. The complexity of these methods often renders them impractical for underfunded or data-deficient regions (Fuladlu et 
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al., 2021). In response, some studies have developed more accessible and adaptable methodologies for monitoring urban sprawl in developing 
regions (Frenkel & Ashkenazi, 2008). These advancements are critical as they enable a broader application of sprawl metrics across different 
geographic and socio-economic contexts. 

This paper systematically reviews previous studies on the application of change detection using RS and GIS for quantifying urban sprawl. The 
review focuses on the data, methods, and findings from these studies, assessing the prominence of specific countries in urban sprawl research, 
the types of data used, the change detection techniques employed, and the indices used to quantify urban sprawl (Bhatta, 2010; Page et al., 2021). 
Additionally, a bibliometric analysis will be conducted to identify research trends, influential studies, and emerging themes within the literature, 
offering a comprehensive overview of the current state of urban sprawl research (van Eck & Waltman, 2010). This research offers a comprehensive 
assessment of global trends and methodological advancements using some research for sampling. By combining both bibliometric analysis and 
systematic review, we not only map the evolution of urban sprawl research but also identify emerging techniques and regional disparities that 
have been overlooked in the existing literature. 

2. Literature Review 

2.1. Factors contributing to urban sprawl 

 The phenomenon of urban sprawl, or urban expansion, refers to the extensive urbanization, which is a global phenomenon primarily trig-
gered by large-scale population growth and migration (Deng et al., 2009; Habibi & Asadi, 2011; Smith, 2020).  Referring to the term "expansion" 
indicates that the phenomenon of urban sprawl is associated with the spatial dimension, which is an effect of urbanization (Brueckner, 2000). 
Besides urbanization, various other factors contribute to the phenomenon of urban sprawl, rendering it a global occurrence (Sudhira et al., 2004). 
Factors such as social, economic, and environmental elements contribute to urban sprawl, rendering it a global phenomenon (Galster et al., 2001; 
Glaeser & Kahn, 2003; Gordon & Richardson, 2000). These factors serve as "units" in quantifying urban sprawl phenomena, including physical 
patterns, extent developments, leapfrog development, and density change (Downs, 1999; European Environment Agency, 2008; Fulton et al., 
2001).  

The continuous progression of urban sprawl shapes the dynamics and spatial distribution of urban expansion fragments or urban sprawl 
(Irwin & Bockstael, 2007; Taubenböck et al., 2009). Uncontrolled urban sprawl emerges and proliferates due to population pressure resulting from 
the urbanization process, leading to unplanned urban sprawl (Wu et al., 2016). Monitoring the phenomenon of urban sprawl is crucial to safe-
guarding quality of life, the environment, social well-being, and even economic stability, ensuring sustainable urban management and preventing 
environmental degradation and the loss of valuable land (Kumar et al., 2007). 

2.2. Indicators and approaches for monitoring urban sprawl 

 Indicators that refer to the "units" used in monitoring urban sprawl typically include: growth rate (population and urban area), density 
(residential and population) (L. Liu et al., 2018; Sultana & Weber, 2014)., human footprint (Gilbert & Shi, 2023), accessibility (Sohn et al., 2012), 
landscape patterns (Triantakonstantis & Stathakis, 2015), and even economic indicators such as the GDP of a region (Salvati et al., 2012). The 
spatial-temporal approach employed in monitoring urban sprawl research facilitates a thorough analysis of urban expansion patterns over time 
(Kar et al., 2018). The integration of spatial and temporal dimensions offers a comprehensive understanding of the dynamics and distribution of 
urban sprawl within the framework of environmental changes and urban development (Jain et al., 2016; Kumar et al., 2007; Sun et al., 2013).  
Conversely, employing landscape metrics offers a detailed analysis of spatial patterns and their changes over time, providing valuable insights into 
the drivers and impacts of urban sprawl too (Berila & Isufi, 2021; Jain et al., 2016; Triantakonstantis & Stathakis, 2015). 
 Urban sprawl manifests through specific spatial patterns such as leapfrog development, edge expansion, and infill development, each in-
fluencing landscape structure in measurable ways (Jiao et al., 2015, 2018; X. Liu et al., 2010; C. Xu et al., 2007). These patterns are often analyzed 
using landscape metrics or indices, such as fragmentation, patch density, and edge contrast, which quantify the effects of sprawl on land use and 
urban form. Leapfrog development leads to high fragmentation and increased patchiness, disrupting ecological connectivity, while edge expansion 
results in elongated urban fringes that can be measured by edge density and shape complexity. Infill development, though sometimes intended 
to optimize land use, can intensify core area metrics, contributing to congestion and infrastructure strain (G. Xu et al., 2020). Landscape metrics 
to better understand and compare these spatial patterns, particularly in rapidly urbanizing regions where traditional sprawl dynamics may differ 
significantly from those observed in developed countries (Balandi et al., 2023; Behnisch et al., 2022). 

2.3. Advantages of Remote Sensing and GIS in Quantifying Urban Sprawl 

 Remote sensing (RS) and Geographic Information System (GIS) offer advantages that can be implemented in quantifying urban sprawl 
(Berila & Isufi, 2021; Yulianto et al., 2020). Starting from consistent data availability, comprehensive spatial analysis, and the ability to formulate a 
prediction model, RS and GIS can accommodate spatio-temporal approaches in urban sprawl research (Al-shalabi et al., 2013; Baqa et al., 2021). 
RS technologies, including satellite imagery and aerial photography, provide valuable spatial data with improved spatial resolution and temporal 
coverage, enabling more accurate and detailed assessments of urban land cover changes over time (Taubenböck et al., 2009). GIS complements 
RS by offering powerful tools for spatial analysis and modeling, facilitating the integration of diverse datasets related to urban development, such 
as land cover, land use, population density, infrastructure, and environmental factors (Berila & Isufi, 2021; Yulianto et al., 2020).  

Furthermore, the emergence of advanced RS and GIS techniques, such as object-based image analysis (OBIA) and machine learning algo-
rithms, has enhanced the capability to extract relevant information from remotely sensed data and automate the process of urban sprawl detec-
tion and monitoring (Pokhariya et al., 2021; Rana et al., 2024). These advancements have greatly contributed to the refinement of methodologies 
for quantifying urban sprawl, providing urban planners, policymakers, and researchers with valuable insights for sustainable urban development 
and land management strategies. 
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3. Materials and Methods 

The systematic literature review (SLR) was conducted using the Preferred Reporting Items for Systematic Reviews and Meta-Analyses 
(PRISMA) methodology, which facilitates the various stages of filtering numerous research studies (Page et al., 2021). Apart from PRISMA, there 
is bibliometric analysis to enrich information related to the review carried out. Bibliometric analysis helps to understand how a specific field evolves 
over time and highlights the new areas of focus within it (Donthu et al., 2021). 

3.1. Data source 

The Scopus database is the sole data source in this SLR paper. Scopus is a comprehensive abstract and citation database covering a wide 
range of academic disciplines, offering tools for citation analysis and tracking research impact (Pranckutė, 2021). Data extraction was conducted 
on February 27, 2024, using the TITLE-ABS-KEY feature. Articles were searched using the following query: TITLE-ABS-KEY ( "GIS" "Remote Sensing" 
"Urban Sprawl" ), which was then exported in BibTeX and CSV formats for all required information. 

3.2. Screening 

The screening stage aims to limit the number of studies from the search results obtained through the query. In this paper, the screening was 
conducted by limiting papers to the time frame of 2000-2024, written in English, and restricting the document types to only include Articles and 
Conference papers (Figure 1). The final query format for this screening was as follows: TITLE-ABS-KEY ( "GIS" "Remote Sensing" "Urban Sprawl" 
) AND ( LIMIT-TO ( DOCTYPE , "ar" ) OR LIMIT-TO ( DOCTYPE , "cp" ) ) AND ( LIMIT-TO ( LANGUAGE , "English" ) ) AND ( LIMIT-TO ( PUBSTAGE 
, "final" ) ). 

3.3. Eligibility 

Eligible papers are those that meet the following criteria: (1) relevance to the topic, (2) inclusion of GIS and RS elements, and (3) incorpora-
tion of change detection within the article. A total of 30 articles were reviewed to represent a broad overview of the data, methods, and findings 
of RS and GIS applications in the urban sprawl phenomenon (Figure 1). The deep review criteria for inclusion were centered around the articles' 
citation counts, with a minimum of 20 citations to ensure the consideration of well-regarded and impactful research. Furthermore, the relevance 
of each article to the core topics of change detection, remote sensing methodologies, and the application of landscape metrics and indices was a 
key factor in their selection. 

 

Figure 1. PRISMA flow diagram for SLR and bibliometric analysis. 

4. Results 

4.1. Findings 

All papers that are included in the included stage are tabulated to obtain the acquired information. This information includes the data of the 
hospitals used, the temporal interval of the study period, the use of landscape metrics/index, other indices and quantifiers used, and the countries 
examined in the research. This tabulation is depicted in Table 1. 
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Table 1. Tabulation of reviewed literature. 

Ref. Remote  
Sensing and 
GIS Data 

Interval  
Temporal 

Landscape metric/index Indices and other 
quantifier 

Country 

Usability Metric/index 

(Al-shalabi et al., 2013) Quick bird, 
Aerial Pho-
togrpahy,  

1994-2003 No     Yemen 

(Sun et al., 2013) Landsat 3 
MSS, 5 TM, 7 
ETM+ 

1979-1990-
1995-2000-
2008 

Yes Patch Density (PD) NDWI8 China 

Landscape Shape Index (LSI) 

Euclidean Nearest-Neighbour Distance 
(ENN) 

Mean Patch Size (MPS) 

Landscape Expansion Index (LEI) 

(Alsharif & Pradhan, 2014) Landsat, SPOT 
5 

1984-2002-
2010 

No     Libya 

(Boori et al., 2015) Landsat 5 TM 
dan Landsat 7 
ETM+ 

1989-2001-
2014 

No   Urban density, Urban 
growth rate 

Malaysia 

(Zeng et al., 2015) Landsat 5 TM, 
7 ETM+, 
ALOS/AVNIR-
2, Landsat 8 
OLI/TIRS 

1990-1995-
2000-2005-
2010-2013 

No   Spatial autocorrelation 
index (Moran’s I) 

China 

Shannon’s entropy (SE) 

Gravity center migra-
tion (GCM) 

(Jain et al., 2016) Landsat 3 
MSS, 8 
OLI/TIRS. IRS 

1977-1993-
2006-2014 

Yes No. of patches   India 

Patch density 

Total edge 

Edge density 

AWMSI 

AWM-PFD 

CI 

(El Garouani et al., 2017) Landsat 8 
OLI/TIRS 

1984-2013 No   VSW3 Morocco 

Urban Sprawl Index 

(Ahmed, 2018) Landsat 5 TM, 
7 ETM+, 8 
OLI/TIRS, AS-
TER 

1988-2008-
2011-2014 

No   NDVI1, NDBI4, UTFVI5 Egypt 

(E. Dai et al., 2018) Landsat 5 TM 
dan Landsat 7 
ETM+ 

1985-1990-
2000 

Yes Largest patch index (LPI)   China 

Mean patch area (AREA_MN) 

Contagion index (CONTAG) 

Interspersion and juxtaposition index 
(IJI) 

Shannon’s diversity index (SHDI) 

Shannon’s evenness index (SHEI) 

(Kar et al., 2018) Landsat 5 TM 1991-2010 No     India 

(Patra et al., 2018) Landsat 7 
ETM+ and 5 
TM, Indian Re-
mote Sensing 
(IRS) 

1975-1989-
2000-2009-
2015 

No   NDBI4 India 

(Shaw & Das, 2018) Landsat 5 TM 
dan Landsat 7 
ETM+ 

1987-2003-
2015 

No   The Urbanization in-
tensity index (UII) 

India 

Shannon’s entropy (SE) 

(Akubia & Bruns, 2019) Worldview 2 
imagery, 
2017Quickbird 
+Worldview 2 
imagery, 
2008/2009 

2008-2017 No   AUERi  (Annual Urban 
Expansion Rate) 

Ghana 

UGC (Urban Growth 
Coefficient) 

UEII (Urban Expansion 
Intensity Index) 

UEDi (Urban Expansion 
Differentiation Index) 

(Dutta & Das, 2019) 1991-2001-
2011-2016 

Yes Landscape Expansion Index (LEI)   India 

Landscape Shape Index (LSI) 
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Landsat 5 TM 
dan Landsat 8 
OLI/TIRS 

Euclidean Nearest-Neighbour distance 
(ENN) 

Aggregation Index (AI) 

Ratio of open space (ROS) 

(Yulianto et al., 2020) Landsat 1990-1996-
2000-2003-
2009-2016 

No   Shannon’s entropy (SE) Indonesia 

(Baqa et al., 2021) Landsat 5 TM, 
Landsat 8 
OLI/TIRS 

1990-2000-
2010-2020 

No     Pakistan 

(Berila & Isufi, 2021) Landsat 7 
ETM+ and 8 
OLI/TIRS 

2000-2020 Yes Class area (CA)   Kosovo 

Mean Patch Edge (MPE) 

Total Edge (TE) 

Number of Patches (NUMP) 

Edge Density (ED) 

mean patch size (MPS) 

Patch Size Coefficient of Variation 
(PSCOV) 

Patch Size Standard Deviation (PSSD) 

Mean shape index (MSI), Area Weighted 

Mean Patch Fractal Dimension 
(AWMPFD) 

Mean Perimeter–Area Ratio (MPAR) 

(X. Dai et al., 2022) GlobeLand30 
remote sens-
ing image 
data, 
NPP/VIIRS 
nighttime light 
data 

2000-2010-
2020 

Yes Richardson index (RI) ACx (Accessibility of a 
certain urban settle-
ment) 

China 

Cole index (CI) Nighttime light inten-
sity (NLI)  
Point Density (PD) 

  POIs mixed index (PMI) 

(Al-Dousari et al., 2023) Sentinel 2 
Level 1C 

2016-2021 No     Iraq 

(Aslam et al., 2023) Landsat 5 TM 
and Landsat 8 
OLI/TIRS 

1990-2000-
2010-2020 

No     Pakistan 

(Aurora & Furuya, 2023) Landsat 5 TM 
and 8 OLI/TIRS 

1990-2021 Yes Total Edge (TE) Shannon’s entropy (SE) Japan 

Perimeter–Area Fractal Dimension 
(PAFRAC) 

Mean Fractal Dimension Index 
(FRAC_MN) 

Mean Shape Index (SHAPE_MN) 

Mean of Euclidean Nearest-Neighbour 
Distance (ENN_MN) 

Number of Patch (NP) 

Landscape Shape Index (LSI) 

Landscape Division Index (DIVISION 

(Gogoi et al., 2023) Landsat 4-5 
TM dan 
Landsat 8 
OLI/TIRS 

1990-2020 No   NDVI1, UI2 India 

(Medayese et al., 2023) Landsat 1999-2019 Yes Landscape Expansion Index (LEI) SAVI9, UI2, MNDWI6 Nigeria 

Euclidean Nearest-Neighbour distance 
(ENN) 

Urban Expansion In-
tensity Index (UEII) 

Aggregation Index (AI) Urban Expansion Dif-
ferentiation Index 
(UEDI) 

MGRATE   

(Rana et al., 2024) Landsat 5 TM, 
Landsat 8 
OLI/TIRS 

1991-1996-
2001-2006-
2011-2016-
2021 

No   NDVI1, NDBI4, NDWI8, 
UTFVI5 

India 
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(Selmy et al., 2023) Landsat 5 TM, 
Landsat 7 
ETM+, Landsat 
8 and 9 
OLI/TIRS, AS-
TER 

1984-2002-
2013-2022 

No   MNDWI6, NDVI1, 
NDBI4, DBSI7 

Egypt 

(Wang et al., 2023) Landsat 5 TM, 
7 ETM+, 8 
OLI/TIRS 

1990-2000-
2010-2020 

Yes Fractal Dimension (St) NDBI4 China 

Compactness index (Ct) Urban expansion rate 

Shannon’s diversity index (SHDI) Urban expansion in-
tensity index 

Shannon’s evenness index (SHEI) Contribution of urban 
expansion 

Aggregation Index (AI)   

(Gilbert & Shi, 2023) Landsat 7 
ETM+ and 
Landsat 8 
OLI/TIRS, 
MODIS, 
DMSP-OLS da-
taset covers 

2000-2010-
2020 

No   NDVI1 Nigeria 

(L. Zhang et al., 2023) DMSP- OLS 
and NPP-DNB 

2000-2020 
(for each 
year) 

No   Urban Sprawl Index, 
Vertical Sprawl Index, 
NDVI1 

China 

(Bozkurt & Basaraner, 2024) CORINE (Land 
Cover dataset) 

1990-2018 Yes Mean shape index (MSI) Shannon’s entropy (SE) Turkey 

Area weighted mean shape index 
(AWMSI) 

Mean perimeter-area ratio (MPAR) 

Mean patch fractal dimension (MPFD) 

Total edge (TE) 

Edge density (ED) 

Mean patch edge (MPE) 

Mean patch size (MPS) 

Number of patches (NumP) 

Class Area (CA) 

Shannon’s diversity index (SHDI) 

Shannon’s evenness index (SHEI) 

(Waleed et al., 2024) Landsat 5 TM, 
8 OLI/TIRS 

1990-200-
2010-2020 

No     Pakistan 

1 NDVI: Normalized Difference Vegetation Index. 
2 UI: Urban Index. 
3 VSW: Visible and Shortwave Infrared. 
4 NDBI: Normalized Difference Built-up Index. 
5 UTFVI: Urban Thermal Field Variance Index. 
6 MNDWI: Modified Normalized Difference Water Index. 
7 DBSI: Dry Bare Soil Index. 
8 NDWI: Normalized Difference Water Index. 
9 SAVI: Soil Adjusted Vegetation Index. 

4.2. The distribution of research based on countries and its population size 

Research on urban sprawl typically focuses on countries undergoing significant urbanization and experiencing high population growth, as 
these conditions are strongly linked to the emergence and intensification of urban sprawl (Deng et al., 2011; Mdari et al., 2022; Waleed et al., 
2024). In Table 1, research examining areas in China amounts to 6 (E. Dai et al., 2018; X. Dai et al., 2022; Sun et al., 2013; Wang et al., 2023; Zeng 
et al., 2015; L. Zhang et al., 2023) and India amounts to 7 (Dutta & Das, 2019; Gogoi et al., 2023; Jain et al., 2016; Kar et al., 2018; Patra et al., 
2018; Pokhariya et al., 2021; Shaw & Das, 2018). This distribution suggests a correlation between population size and the prevalence of urban 
sprawl research. However, high population alone does not directly correlate with the highest levels of urbanization. In 2023, China has an urban 
population of 65% with an urban growth rate of 1.5%, whereas India has 36% of its population urbanized with an urban growth rate of 2.2% (World 
Bank, 2024). Thus, a comparative analysis, considering global urbanization trends, could provide a deeper understanding of the interplay between 
population size, urbanization, and urban sprawl. However, the relationship between urbanization and urban sprawl is complex and can be influ-
enced by various factors, including economic conditions, government policies, and historical contexts (Fuladlu et al., 2021; Hall & Jones, 1999).  

Figure 2 represents the bibliometric results of 349 eligible papers, showcasing the amount of research produced by a country and its collab-
orations. This supports the idea that countries with high populations, such as India, China, and the United States, which are the top three in terms 
of population, are producing a significant amount of research. Urban sprawl develops as a result of uncontrolled and unplanned expansion of 
urban areas into surrounding rural or undeveloped land. Initially, cities expand outward in a fragmented fashion due to factors such as rapid 
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population growth and insufficient urban planning. This results in scattered low-density developments that eventually merge into larger intercon-
nected urban sprawl. As these areas coalesce, researchers focus on urban sprawl to address its environmental, social, and economic impacts. 
Methods such as remote sensing, GIS, and landscape metrics are used to analyze and quantify these changes, providing critical insights into the 
challenges of managing sprawling urban growth (Al-Dousari et al., 2023; Aslam et al., 2023; Dutta & Das, 2019; Jain et al., 2016). The dynamics of 
this phenomenon can be interpreted from various perspectives, such as growth (urban growth), expansion/spread (urban sprawl), development 
(urban development), and planning (urban planning) (Aurora & Furuya, 2023; Baqa et al., 2021; Shaw & Das, 2018; L. Zhang et al., 2023). These 
perspectives are reflected in the bibliometric results (Figure 3), which illustrate the emergence of relevant terms related to the topic of urban 
sprawl. 

 

 

Figure 2. Bibliometric result for country scientific production and collaboration. 

4.3. The utilization of Remote Sensing and GIS data in urban sprawl research 

Based on Table 1, which indicates the publication range of research spanning from 2000 to 2024, various types of remote sensing (RS) data 
are used. Landsat 4-9 (TM, ETM+, OLI/TIRS) data (Gogoi et al., 2023; Selmy et al., 2023), SPOT 5 (Jain et al., 2016), Sentinel 2 (Al-Dousari et al., 
2023), IRS (Patra et al., 2018), WorldView 2 (Akubia & Bruns, 2019), Quickbird (Akubia & Bruns, 2019), DMP-OLS (nighttime lights) (L. Zhang et al., 
2023), NPP/VIIRS (nighttime lights) (X. Dai et al., 2022), dan aerial photography (Al-shalabi et al., 2013) are examples of multispectral RS data, most 
of which include at least visible bands. The dominance of Landsat (4-9) is evident, with 24 out of 30 reviewed studies choosing Landsat (4-9) data 
as the primary RS data for monitoring urban sprawl dynamics or change detection (Aurora & Furuya, 2023). The availability of long-term Landsat 
data is considered advantageous compared to other RS data, such as Sentinel 2, which was launched in 2015, despite having higher spatial reso-
lution (10 m) compared to Landsat (30 m). Landsat has been available since 1982 for Landsat 4 TM (Gogoi et al., 2023). The dominance of Landsat 
data usage is also reflected in Figure 4, which indicates the relevance of keywords in the 349 studies analyzed bibliometrically. 

Multispectral data other than Landsat, such as SPOT 5, Sentinel 2, WorldView 2, Quickbird, and aerial photography, indeed have a disad-
vantage in terms of long-term availability. However, they offer the advantage of higher spatial resolution (Akubia & Bruns, 2019). Data with detailed 
spatial resolution but low temporal availability are often used as training data for classifying lower spatial resolution RS data, in addition to ground 
truth data or field surveys. 

Other thematic data such as MODIS, DMP-OLS (nighttime lights), NPP/VIIRS (nighttime lights) (Gilbert & Shi, 2023), and ASTER  (Selmy et al., 
2023) play a role as parameters for climate, topography, and human footprint to investigate the relationship between these parameters and the 
phenomenon of urban sprawl. Additionally, data such as CORINE (Bozkurt & Basaraner, 2024) and GlobeLand 30 (X. Dai et al., 2022) are datasets 
derived from RS data and are widely used as reference data for classifying other RS data. CORINE Land Cover (CLC) provides land cover data for 
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Europe with updates in 2000, 2006, 2012, and 2018. It includes 44 land cover classes, with a spatial resolution of 25 hectares for areal features 
and 100 meters for linear features. The dataset also features change layers at a higher resolution of 5 hectares (Copernicus, 2020). GlobeLand 30 
offers global land cover data for the years 2000 and 2010, with a spatial resolution of 30 meters and 10 land cover classes (Chen et al., 2015). This 
finer resolution allows for detailed monitoring of land cover changes. 
 

 

Figure 3. Bibliometric result for most relevance word. 

 

Figure 4. Bibliometric result for collaboration word network. 
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4.4. Method for quantifying urban sprawl 

The methods used in quantifying urban sprawl range from simple to complex methods. The variety of these methods can be seen from the 
temporal data intervals used, analysis of change patterns, and indices as well as quantifiers to provide urban sprawl quantification results. From 
these 30 studies, there are at least two types of temporal data interval usage, as referred to in Table 1: consistent and inconsistent temporal 
intervals. Consistent temporal intervals mean that each remote sensing data used has the same temporal distance, such as the studies by Aslam 
et al. (2023) and Wang et al. (2023) which have intervals of 10 years (1990, 2000, 2010, and 2020). In contrast to these two studies, Sun et al. 
(2013) used inconsistent intervals (1979, 1990, 1995, 2000, and 2008), and the same is done by Jain et al. (2016), also inconsistent in determining 
the interval of data used (1977, 1993, 2006, and 2014). If observed, there are two views of "change" used, namely "abrupt" and "gradual" as 
proposed by Woodcock et al. (2020) dan Coppin et al. (2004). 

The landscape metrics method in investigating urban sprawl is the next step from “conventional” change detection, which only calculates 
the area of land use land cover (LULC) changes. Research from Aurora & Furuya (2023); Berila & Isufi (2021); Bozkurt & Basaraner (2024); E. Dai 
et al. (2018); X. Dai et al. (2022); Dutta & Das (2019); Jain et al. (20160; Medayese et al. (2023); Sun et al. (2013); dan Wang et al. (2023) used 
landscape metrics to monitor changes resulting from urban sprawl, or at least a third of the reviewed studies utilize landscape metrics for quanti-
fying change detection due to urban sprawl.  

According to Table 1, the indices discussed serve as critical tools from the spectral aspect of remote sensing, enabling a comprehensive 
analysis of urban sprawl. These indices provide vital insights into various dimensions of urban expansion and its environmental impact. The Nor-
malized Difference Vegetation Index (NDVI) (Rouse, J. W. et al., 1974) and Soil Adjusted Vegetation Index (SAVI) (Huete, 1988) are fundamental 
for assessing vegetation cover, allowing for monitoring the reduction of green spaces as urban areas spread. The Urban Index (UI) (Kawamura et 
al., 1997) and Normalized Difference Built-up Index (NDBI) (Y. Zha & Ni, 2003) are essential for measuring the extent and intensity of urbanization, 
enabling the mapping of built-up areas and their encroachment into natural landscapes. Visible and Shortwave Infrared (VSW) (N. Zhang et al., 
2013) analysis further enriches this understanding by offering detailed information on land cover changes. The Modified Normalized Difference 
Water Index (MNDWI) (H. Xu, 2005) and Normalized Difference Water Index (NDWI) (Gao, 1996) provide crucial insights into the effects of urban 
sprawl on water bodies, often impacted by increased runoff and pollution as cities grow. The Urban Thermal Field Variance Index (UTFVI) (L. Liu & 
Zhang, 2011) is indispensable for evaluating the urban heat island effect, a frequent consequence of sprawl, while the Dry Bare Soil Index (DBSI) 
(Rasul et al., 2018) aids in identifying exposed soils, which often indicate areas transitioning from natural or agricultural land to urban uses. Col-
lectively, these indices form a comprehensive toolkit from the spectral remote sensing perspective, offering both classification capabilities and 
detailed information on urbanization degrees, vegetation loss, water body changes, and thermal variations across sprawling urban landscapes. 

Other indices and quantifiers in those 30 studies are divided into two, namely indices implemented in remote sensing such as the Normalized 
Difference Vegetation Index (NDVI), Normalized Difference Built-Up Index (NDBI), Normalized Difference Water Index (NDWI), Modified Normal-
ized Difference Water Index (MNDWI), Urban Index (UI), Dry Bare Soil Index (DBSI), and Soil Adjusted Vegetation Index (SAVI) (Ahmed, 2018; 
Gilbert & Shi, 2023; Gogoi et al., 2023; Medayese et al., 2023; Patra et al., 2018; Rana et al., 2024; Selmy et al., 2023; Wu et al., 2016; L. Zhang et 
al., 2023) Another index or quantifier is an index designed to evaluate the extent of new urban area expansion, such as the Urban Sprawl Index 
(USI), Urbanisation Intensity Index (UII), Urban density, Urban growth rate, Nighttime light intensity (NLI), Point Density (PD), POIs mixed index 
(PMI), Annual Urban Expansion Rate (AUERi), Urban Growth Coefficient (UGC), Urban Expansion Intensity Index (UEII), and Urban Expansion Dif-
ferentiation Index (UEDI) (Akubia & Bruns, 2019; Boori et al., 2015; X. Dai et al., 2022; Dutta & Das, 2019; El Garouani et al., 2017; Medayese et 
al., 2023; Wang et al., 2023; L. Zhang et al., 2023). 

5. Discussion 

Among the 30 papers on urban sprawl that meet the criteria, the research output is notably high in countries with significant urbanization, 
such as China, India, the United States, and several European nations. This suggests that these countries are not only active in urban sprawl 
research but may also serve as major research hubs in the field. The substantial urban growth in these regions highlights the urgency for compre-
hensive studies on the consequences and management of urban sprawl. Further investigation could reveal whether these countries are indeed 
central research centers for urban sprawl or if their research output is a result of their extensive urbanization challenges. This disparity highlights 
a varied geographic focus within urban sprawl research. For instance, while research in China and India frequently targets rapidly urbanizing 
metropolitan areas, studies in the U.S. may address urban sprawl in different contexts or regions, reflecting unique local challenges. Furthermore, 
research from African countries and Kosovo presents additional perspectives on urban sprawl, emphasizing the global nature of the issue and the 
diverse scenarios in which urban expansion occurs. The global distribution of research underscores the complexity of urban sprawl and the need 
for localized solutions that account for regional differences (Deng et al., 2009; Taubenböck et al., 2009; Waleed et al., 2024). This study compre-
hensively reviews previous research, focusing on data, methodologies, and findings related to urban sprawl. Although the discussion of data and 
methodologies is robust, this paper enhances the exploration of findings to better align with the research objectives. By further exploring the 
spatial patterns observed and their implications, the study strengthens its contributions to the understanding of urban sprawl dynamics and their 
monitoring. 

Landsat data, despite its moderate spatial resolution, has become a cornerstone in urban sprawl studies because of its extensive historical 
coverage (Selmy et al., 2023). he ability to perform long-term change detection is crucial for identifying trends and shifts in land cover patterns. 
However, the limitations of Landsat's resolution necessitate the use of higher-resolution remote sensing data to enhance the accuracy of classifi-
cation and interpretation. By integrating higher-resolution data, researchers can overcome the spatial limitations of Landsat imagery, allowing for 
more detailed examinations of urban sprawl's spatial characteristics. 

Remote sensing data with higher spatial resolution plays an important role in classifying satellite imagery with lower or moderate spatial 
resolution. This detailed remote sensing data is often used as reference or training data (Roelfsema, 2010), aiding in improving classification 
accuracy and interpretation of satellite imagery with lower resolution. This provides an opportunity to examine changes in land cover patterns in 
more detail. The discussion also highlights the importance of using various types of thematic data, such as climate data, human footprint indices, 
and topographic information, to complement satellite imagery. These additional data sources provide a more nuanced understanding of the fac-
tors influencing urban sprawl, enabling a holistic analysis of its causes and effects. The integration of such data is essential for developing compre-
hensive management strategies that address the multifaceted nature of urban sprawl. 
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In selecting temporal data intervals, two common approaches are used: "abrupt" and "gradual." The "abrupt" approach emphasizes sudden 
changes that occur over a short period, while the "gradual" approach focuses more on changes that occur gradually over a longer period. For 
example, the expansion of an urban region does not occur suddenly, yet neither does it proceed in a uniformly gradual manner. Instead, it often 
manifests as a series of numerous minor abrupt alterations. Although the exact delineation of "abrupt" and "gradual" may pose challenges in 
terms of precise definition, they are undeniably valuable as comparative descriptors. It is evident that remote sensing has proven highly effective 
in examining abrupt transformations, while also facilitating the surveillance of more gradual shifts (Vogelmann et al., 2016; Woodcock et al., 2020). 
The use of landscape metrics is the next step in quantifying urban sprawl to gain a deeper understanding of the emerging patterns of urban sprawl 
over time. Landscape metrics have proven invaluable in quantifying the spatial patterns of urban sprawl. These metrics allow for the assessment 
of urban sprawl's structural characteristics, providing insights into how urban areas evolve over time. The use of indices and quantifiers in con-
junction with these metrics enables a more comprehensive analysis, facilitating the identification of specific patterns and trends that might oth-
erwise go unnoticed. 

The role of GIS and RS in understanding urban sprawl cannot be overstated. From the data availability perspective (Kadhim et al., 2016), 
this technology provides access to various spatial and non-spatial data sources needed to analyze urbanization phenomena holistically (He et al., 
2023). By combining data from various sources, including satellite imagery, climate data, and socio-economic data, GIS and RS analysis can provide 
a comprehensive picture of the patterns (E. Dai et al., 2018; Jain et al., 2016), causes (Taubenböck et al., 2009), and relationships of urban sprawl 
with other spatial-temporal factors. 

Furthermore, the spatial-temporal approach supported by GIS and RS enables researchers to analyze urban sprawl changes dynamically 
over time. By leveraging spatial-temporal analysis tools, such as change detection analysis, spatial modeling, and space-time interpolation, we can 
map and understand the evolution of urbanization better. Additionally, by integrating advanced computational techniques such as machine 
learning (Rana et al., 2024), deep learning (Miller et al., 2024), and artificial intelligence (AI) (Kulwant & Patel, 2024), we can identify complex 
patterns, analyze deeper cause-and-effect relationships, and explore the relationships between urban sprawl and other spatial-temporal 
phenomena in more detail. Thus, GIS and RS not only provide tools to understand urban sprawl but also open opportunities to gain new insights 
into the complexity of urban development and their interactions with the environment and society. 

The integration of GIS and RS technologies has significantly enhanced our ability to analyze urban sprawl. By combining spatial and non-
spatial data, these technologies offer a powerful toolset for understanding the complex relationships between urban sprawl and other 
environmental and socio-economic factors. The use of advanced computational techniques, such as machine learning, deep learning, and artificial 
intelligence, further enhances our capacity to model, predict, and manage urban sprawl, offering new avenues for research and innovation. 

5.1. Limitation 

This review study has several limitations. Firstly, the number of papers reviewed may be constrained by the availability of relevant literature 
on the same topic. This could affect the overall representation of the studied spatio-temporal patterns. Secondly, although this study provides 
comprehensive bibliometric analysis, it has not yet reached the stage of conducting in-depth evaluations of the results from the reviewed papers. 
This could be a starting point for further research that is more critical. 

5.2. Future research recommendation 

Regarding future research, there are several areas that can be further explored. Firstly, the use of artificial intelligence (AI), machine learning 
(ML), and deep learning (DL) in spatio-temporal analysis could enhance the ability to detect and understand urban sprawl patterns more accurately 
and efficiently. Secondly, research could focus on the use of increasingly dense temporal data, such as shorter time intervals or even daily data, 
to gain a more detailed understanding of changes over shorter periods. Furthermore, the use of data other than Landsat with higher detail and 
resolution could provide deeper insights into urban sprawl dynamics. Finally, exploration of hyperspectral remote sensing could provide additional 
information about urban environmental composition and quality that is not available through conventional remote sensing.  

6. Conclusions 

The systematic literature review on spatio-temporal analysis of urban sprawl using remote sensing (RS) and GIS applications indicates that 
research is predominantly focused on countries with high levels of urbanization, such as China, India, the United States, and several European 
nations. This concentration suggests that these nations play a significant role in advancing research on urban sprawl. However, it would be bene-
ficial to explore whether these countries are leading the research due to their urbanization challenges or if they serve as principal research centers 
more broadly. This deeper exploration could provide insights into the factors driving research productivity in the field of urban sprawl. This pattern 
highlights the critical need for focused research in areas experiencing rapid urban expansion, where effective sprawl management is essential. 
Landsat data, valued for its extensive historical record, remains a cornerstone in sprawl studies, offering valuable insights despite its moderate 
spatial resolution. To complement Landsat data, high-resolution thematic datasets—such as climate variables, anthropogenic impact measures, 
and topographical data—are increasingly pivotal in enhancing analytical accuracy and providing a comprehensive understanding of sprawl 
dynamics. 

The integration of diverse data sources and advanced analytical techniques is fundamental for elucidating the complex patterns of urban 
sprawl. By using different temporal data intervals and advanced landscape metrics to quantify urban sprawl, we gain a detailed understanding of 
how sprawl patterns evolve over time. Temporal data intervals allow us to track and compare changes in land use across different periods, 
revealing trends and rates of expansion. Advanced landscape metrics, such as fragmentation indices and patch connectivity measures, provide 
insights into the spatial distribution and organization of urban areas. These metrics help in assessing the degree of sprawl, identifying patterns of 
fragmentation, and evaluating the impacts on ecological and social systems. Future research should leverage advanced computational methods, 
including artificial intelligence (AI), machine learning (ML), and sophisticated image processing algorithms, to refine sprawl detection and analysis. 
Expanding research to include regions with varying levels of urbanization could reveal unique sprawl characteristics and patterns not evident in 
highly urbanized areas. Furthermore, employing high-resolution spatial data and shorter temporal intervals will improve the detection of fine-
scale sprawl changes. Exploration of hyperspectral remote sensing may also offer enhanced insights into urban environmental quality. Overall, 
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this review underscores the importance of methodological innovation and comprehensive data integration in advancing the field of urban sprawl 
research and informing sustainable urban management strategies. 
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