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ABSTRACT: Urban sprawl affects the sustainable development of the world’s economy and society. Confirming urban
sprawl trends and proposing countermeasures have received significant attention. Cities are self-organizing systems
with dissipative attributes, and city development is accompanied by urban entropy changes. Urban entropy change
reveals the essence of urban sprawl; thus, it can be used to measure urban sprawl and better understand its phenomena.
However, the literature on entropy change in urban sprawl research is limited to qualitative descriptions, and no
convenient or effective quantitative metrics exist. This study bridges entropy changes and urban form metrics, analyzing
the driving forces in Beijing as a demonstration case. The main contributions and results are as follows: (1) A new method
was constructed to confirm compact or sprawling urban form development. (2) This research shows that the essence
of urban sprawl is urban form distortions in an urban self-organizing system resulting from dominant driving forces.
(3) This research also shows that urban development with general sprawl characteristics is accompanied by temporally
fine-grained compact urban development, and the empirical results show that the urban development state paradigm
was neither sprawl nor compact. In future urban management work, it is necessary to regularly monitor changes in
various driving factors to prevent urban entropy increases and formulate or adjust urban development plans based on
effective assessments. This study contributes by developing a new universal analysis tool and exploring the urban sprawl
mechanism, with potential application scenarios that can be extended to any city or region worldwide.

KEYWORDS: Entropy; urban sprawl; spatial expansion degree index; driving forces; Beijing

1 Introduction

In today’s world, urban sprawl has become a worldwide phenomenon, particularly in the process
of urbanization [1-4]. To date, urban sprawl lacks a uniform definition but is generally understood as a
low-density land use model involving a population shift to the suburbs, the expansion of built-up land
in a disorderly and fragmented manner, and the adverse impacts on natural resources and the ecological
environment [5-9].

Global urbanization continues to advance, and the urban sprawl phenomenon continues to inten-
sify [10,11]. By 2050, approximately 68% of the world’s population will live in urban areas, and China’s urban
population will reach 255 million [1]. From 2008 to 2018, China’s urban population increased by 30.36%,
while the urban built-up area increased by 54.91% [12]. China’s urbanization deepens owing to the urban form
as an outcome of urbanization [13]. Therefore, urban landscapes tend to be homogeneous and fragmented,
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accompanied by serious demographic and environmental problems [14]. It is imperative to solve the problem
of urban sprawl.

A city is an enormous self-organizing system with dissipation properties metabolized through entropy
changes [15]. The metabolic function must act on the urban form, known as urban form dependence [13].
Therefore, monitoring urban form changes can help detect urban entropy changes. In this study, urban
entropy is conceptualized as the degree of spatial disorder within an urban system, drawing on prin-
ciples from thermodynamics and information theory. It quantifies the complexity and irregularity of
urban land-use configurations. Higher urban entropy typically indicates more fragmented and scattered
development—commonly associated with sprawl—whereas lower entropy reflects compact and orderly
spatial structures. This definition enables entropy to function as a theoretical and computational bridge
between urban self-organization processes and observable morphological dynamics.

In the present literature, entropy change theory is mostly used to quantitatively describe urban
equilibrium attributes. However, it is limited to descriptive explanations (see Section 1.1) because there
remains a lack of quantitative methods to bridge entropy change and urban sprawl. This study attempts to
address this aspect, with Beijing chosen as the case city.

L1 Urban Sprawl Metrics

Urban sprawl metrics vary by study content, researcher habits and value orientations, and country.
Therefore, no unanimous conclusions can be drawn. In the early stages, urban sprawl research relied on
single morphological indicators such as population density, built-up area or built-up density, and landscape
metrics [16-20]. However, a follow-up study found that low density is not an essential or inevitable
characteristic of urban sprawl in developing countries such as China, India, and Mexico [21]. The limitations
of either built-up area or built-up density cannot describe urban form changes, and landscape metrics have
difficulty reflecting internal urban spatial differences [6,22].

As research has progressed, scholars have begun to use multi-indicator methods to evaluate the degree
of urban sprawl [1,18-21]. Galster et al. pioneered research on urban sprawl based on eight dimensions:
land use density, continuity, concentration, and aggregation [20]. Yue et al. used the comprehensive sprawl
index, economic efficiency, spatial form, and population density to assess the urban sprawl degree of 106 key
cities in China [1]. Moreover, Jiang used 13 indices to study the urban sprawl in Beijing from three aspects:
urban sprawl form, urban sprawl efficiency, and urban sprawl impact [6]. Yang et al. used seven indices to
quantify and study the spatiotemporal patterns of urban sprawl from 1985 to 2013 in Beijing [23]. Hu et al.
studied the close connection between urban-land expansion and farmland loss using six indices, including
urban expansion intensity [24]. Jiang et al. employed kernel density estimation (KDE) and other indices to
investigate the differences in the internal composite structure during urban built-up land sprawl [25]. Bhatta
et al. discussed the ambiguity of the sprawl concept and reviewed various measurement techniques based
on remote sensing data [26]. However, causality and correlation among different metrics always exist; these
different metrics may often result in contradictory conclusions [27].

1.2 Entropy Methods Progress in Urban Sprawl Research

Entropy change is a substantive characteristic of large self-organizing systems [28]. Owing to urban form
dependency [13], entropy change in a city must be accompanied by urban form change. Bridging entropy and
urban form changes provides an avenue for researchers to understand the urban sprawl phenomena. Dietzel
et al. divided urban development into compact and sprawl states and described it as a process of dynamic
oscillations between the two states under the action of multiple driving forces [29,30]. Wang et al. developed
the entropy change formula (Eq. (1) in Section 2.1) to qualitatively elaborate the game process among different



Revue Internationale de Géomatique. 2025;34 463

urban development driving forces. Additionally, they suggested that comprehensive action could lead to
urban structural changes that include urban forms [15]. Shannon’s entropy provided a new approach for
measuring urban sprawl [31] and was considered a gate connecting entropy change and urban development;
however, its limitation in describing the degree of spatial expansion is obvious [22]. Based on binary entropy,
Chen et al. developed the spatial expansion degree index (SEDI) to measure urban sprawl degrees, which has
an evident advantage over other commonly used measures [22]. However, the SEDI building process does
not consider the relationship between urban entropy changes and urban form measurements.

1.3 Research Framework

This paper aims to construct a new analytical framework that bridges the entropy theory and urban mor-
phological metrics, to better understand urban sprawl. By extending the SEDI with entropy-based dynamics,
we provide a novel tool that enables both spatial pattern quantification and driving force interpretation.
Although many researchers have investigated urban sprawl using entropy-based approaches [32,33], our
study offers three distinct innovations beyond existing work:

1. A formalized entropy framework is proposed, linking thermodynamic entropy principles with morpho-
logical transformations through the SEDI. This transition from descriptive entropy to a dynamic causal
model enables explicit representation of cyclical sprawl mechanisms.

2. The Boosted Regression Tree algorithm is introduced to capture temporal shifts in the relative influences
of socioeconomic and geographical factors. This approach moves beyond static correlations and allows
identification of stage-specific dominant factors across the urban evolution timeline.

3. A new interpretation of morphological dynamics is proposed, emphasizing the cyclicality of urban form.
Based on refined spatiotemporal entropy trajectories, the analysis reveals a recurrent “compact-sprawl-
compact” pattern, providing a more granular alternative to dichotomous evolutionary models.

The remainder of this paper is organized as follows. Section 2 builds the entropic model and introduces
SEDI. Section 3 details the study area, data, and preprocessing procedures. Section 4 presents the spiral
trends of urban development in Beijing and analyzes the dominant influencing factors. Section 5 reflects on
the implications of the findings and the utility of the entropic approach. Section 5.4 summarizes key insights
and provides future directions.

The specific aims of this study are threefold. First, we aim to construct a novel entropy-based quantitative
model—SEDI—that bridges urban morphological metrics with thermodynamic entropy to better charac-
terize the spatial structure of urban sprawl. Second, we seek to apply machine learning techniques BRT, to
disentangle and quantify the stage-specific driving forces behind urban expansion. Third, we endeavor to
explore the dynamic evolution of urban form in Beijing from 1980 to 2020, highlighting the shift between
sprawl and compact phases and revealing the cyclical nature of urban spatial restructuring.

2 Methods

In a self-organizing system, positive incentive factors lead to entropy accumulation and negative entropy
reduction, and the game results cause city development fluctuations [15]. Simultaneously, negatively oriented
city development, including urban sprawl, is attributed to mismatches among various driving factors [15].
Thus, the above theory provides a basis for bridging entropy change and urban spending degree. To satisfy
the former, the entropy change formula is first developed, followed by the introduction of the SEDI [22].
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2.1 Developing the Entropy Change Formula

We develop an entropy change formula [15] to discuss the game process among the different urban
development driving forces.

de=d,+d,, 1)

d, is the surplus entropy, and d, is the entropy change caused by the positive driving factors that can
stimulate a city’s development, such as measures that reduce the urban sprawl degree. Thus, it has a negative
value. Similarly, d,, represents the positive entropy change produced by the negative driving factors. When
d; is greater than zero, this indicates that the negative driving factors hold a dominant position in urban
development, and vice versa. When d; is zero, the two driving forces mentioned above are in the hedging
stage, and the city maintains balanced development.

2.2 Introducing the Spatial Expansion Degree Index (SEDI)
The SEDI [22] is introduced as follows:

W(i i*) 21’(,- i*)
SEDI=n) ——————, )
[22/2714)]
where 7 is the number of subzones and r(; ;+) represents the straight-line distance between two points (each
point is located in the geometric center of each subzone in the study area). W (i, i*) is the two-point weight,
which can be calculated as follows:

W (i, i") = B(i,i") (pi + pir)» (3)

where p; or p;« is the proportion of the built-up land area in the i-th or i*-th subzone to the built-up land
area in the entire area. B (i, i*) denotes the binary entropy function used to measure the area configuration
at each point. B (i,i*) is calculated as follows:

B(i,i*) = —P;log, P; — P;~ log, P;~, (4)
pi
p=—"" (5)
(pi+pir) N
Pu=1-P =t ©)
(pi+pir)

When the situation of 0log,0 is met, the value of B(i,i*) is set to zero. The values of the index range
from 0 to 1; the greater the value, the greater the expansion degree in a city.

2.3 Bridge Entropy Change and Urban Sprawl Measurement

Due to SEDI, d;, d s and d,, being a state parameter, we conduct the time parameter ¢, ¢ € [i, j], where i
and j represent the start and stop dates, respectively. Eq. (1) becomes:

ds(i,j) = dp(i,j) + dn(ij) @

The greater the value of SEDI, the greater the urban sprawl degree; thus, we take the change value of
SEDI as positive in Eq. (8). Therefore, the bridging entropy change and SEDI are expressed as follows:

ds(i,j) = dp(i,j) + dn(i,j) = YSEDI(Z-)]') = YSEDIJ- -YSEDI;, (8)
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where y is a positive constant. When d;; ;) is less than zero, the city is compact. When dy(; ) equals zero,
the compact city is in a state of equilibrium development. When d(; ;) is greater than zero, an urban
spawn emerges.

s(isj

From Eq. (8) and Fig. 1, dy(; jy can be completely characterized by the slopes (trend lines in Fig. 1). In
other words, the magnitude of the positive slope represents the urban sprawl degree in a city. When analyzing
the driving forces of urban development, due to the dominant factors determining urban development in a
city, we only discuss the dominant driving factors in the case city.

equilibrium development sprawl development sprawl reduction

/4 ( compact)

1d4s

( compact) % (sprawl)

1a4s

—————— trend line

artificial line
of SEDI values

Figure 1: Relationship between urban development and d; ;)

In practical terms, entropy in an urban context can be interpreted as the level of spatial disorder in land
use patterns. A city with a compact and continuous structure tends to have lower entropy, while one that
is sprawling and fragmented reflects higher entropy. The SEDI index, which measures the degree of spatial
expansion and dispersion, captures this variation. Therefore, a higher SEDI value indicates a more disordered
urban form and thus corresponds to a larger entropy change. This understanding provides an intuitive link
between the thermodynamic concept of entropy and the spatial dynamics of urban sprawl.

2.4 Analysis Methods for Urban Expansion Drivers
2.4.1 The Landscape Expansion Index (LEI) for Urban Expansion Pattern Identification

To quantitatively describe the spatial expansion morphology of built-up land, the LEI is employed to
identify its expansion patterns.

Ag
LEI = 100 x ——2 (9)
AO + Av

Ay represents the overlapping area between the buffer zone (set at a distance of 1 m) of the newly
added built-up land patches and the original built-up land. Contrastingly, Ay represents the overlapping
area between the buffer zone and the non-built-up land. According to the LEI value, the expansion patterns
can be classified into three types: Leapfrog (LEI = 0), Edge-expansion (0 < LEI < 50), and Infilling (50 <
LEI <£100).

2.4.2 Gradient Belt Analysis

The landscape gradient analysis method can effectively reflect dynamic changes in urban landscape
patterns. This study adopts the gradient belt analysis method. Taking Tiananmen Square in the city center
of Beijing as the origin, 16 equidistant radial gradient belts are established outward, with a distance of
5 km between each gradient belt. This is used to study the variation patterns of built-up land along the
urbanization gradient. Meanwhile, Fragstats 4.2 was utilized to calculate the landscape pattern indices within
each gradient belt.
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2.4.3 Machine Learning Methods

Machine learning methods can effectively address the shortcomings of conventional logistic regression
by accounting for non-linear relationships. This study uses the boosted regression tree (BRT) method for
driver analysis. The BRT method is a self-learning approach based on classification and regression trees,
integrating a boosting algorithm and the classification regression tree method, significantly improving
prediction accuracy and result stability. During computation, a series of new training datasets are obtained
using a resampling method to randomly extract data from the training dataset. A classification regression
tree is constructed for each new training dataset to analyze the impact of independent variables on dependent
variables. Subsequently, the remaining data is cross-validated for the results, and the average of the generated
multiple regression trees is used as the output.

The impact of the driving factors is quantified primarily through two methods: (1) The relative impact
of each independent variable on built-up land expansion and SEDI (the contribution of each independent
variable to the explained variation of the dependent variable, with the sum of the relative impacts of the
independent variables being 100%); and (2) the relationship between a particular independent variable and
SEDI when other independent variables are held constant. Therefore, in this study, the BRT method was uti-
lized, using the “gbm” package in R language (version 4.3.0) to analyze the influence of multiple geographical,
social, and economic factors on the landscape pattern of built-up land. Following the recommendation of
Elith et al. [34], the learning rate is set to 0.001.

3 Study Case and Materials
3.1 Study Area

Beijing is the capital and political, economic, and cultural center of China. As Fig. 2 shows, Beijing has
16 districts under its jurisdiction with a total area of 16,410.54 square kilometers, and its central coordinates
are 116°20" E and 39°56' N. Beijing is the only city in the world that has successfully hosted both the Summer
and the Winter Olympic Games. In 2022, Beijing, with a permanent population of 21.84 million, achieved a
nominal GDP of 4.16 trillion yuan, and a per capita regional GDP 0f190,000 yuan [35]. Beijing has been rated
as a world-class city by the Globalization and World Cities Study Group and Network (GaWC). Moreover, it
ranks second in the human development index among Chinese cities (United Nations report).
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Figure 2: Location of the study area (source: Ministry of Natural Resources of the People’s Republic of China)
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3.2 Data Source and Data Processing

With a resolution of 30 m, the land use data (1980, 1990, 1995, 2000, 2005, 2010, 2015, and 2020) (Data
in Supplementary Materials) used in this study were sourced from the Resource and Environment Science
and Data Center [36]. Its classification system includes arable land, forestland, grassland, water body, unused
land, and built-up land. In this study, no strict distinction between urban and rural areas exists, thereby
allowing us to cover the entire city of Beijing. Built-up land includes urban areas (field grid code 51 in the map
layers in Supplementary Materials), rural residential areas (field grid code 52), as well as road and factory
areas (field grid code 53). To express the dynamic changes in built-up land over time, we divided built-up
land into newly developed and past built-up land. The reclassified land use types are shown in Fig. 3.
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Figure 3: The land use in 1980, 1990, 1995, 2000, 2005, 2010, 2015, and 2020. To facilitate the expression of the
district names, we used the acronyms in the map, detailed as follows: DC—Dongcheng, FS—Fangshan, XC—Xicheng,
TZ—Tongzhou, CY—Chaoyang, SY—Shuiyi, FT—Fengtai, CP—Changping, SHS—Shijingshan, DX—Daxing, HD—
Haidian, HR—Huairou, MTG—Mentougou, PG—Pinggu, MY—Miyun, and YQ—Yanqing (a-h)

The selected years were chosen to ensure decadal consistency and reflect significant urban development
phases. These years also coincide with stable and comparable national land-use datasets provided by official
statistical sources, allowing for consistent cross-period comparison.

To calculate the SEDI values of Beijing in 1980, 1990, 1995, 2000, 2005, 2010, 2015, and 2020, land-use
types were classified as built-up and non-built-up land. The ArcGIS Pro 3.0 software, obtained from ESRI
(Environmental Systems Research Institute, Inc., Redlands, CA, USA), was used for data processing. Owing
to the high computational costs, procedures were developed to improve the calculation efficiency (Codes in
Supplementary Materials).

Considering previous studies [37,38] and data availability for Beijing City, this study explored the drivers
of urban expansion from three main aspects: geography, economy, and society. Geographical indicators
include elevation and slope; economic indicators include nighttime light index and real estate transaction
area; and social indicators include population quantity and distance from the city center. Real estate
transaction data were obtained from the Beijing government statistics, whereas other spatial data were
sourced from the Resource and Environment Science and Data Center [36].

4 Results and Driving Force Analysis
4.1 General Trend Description

Fig. 4 shows the resulting values of the SEDI of 1980, 1990, 1995, 2000, 2005, 2010, 2015, and 2020. The
overall trend of the resulting values appears to be a spiral structure in which urban development follows the
law of compact (1980-1990)-sprawl (1990-1995)-compact (1995-2000)-sprawl (2000-2015)-compact (2015-
2020). According to the slope magnitude in Fig. 4, we can infer the urban development in Beijing with sprawl
trends from 1980-2020. The overall urban development characteristics can be described as follows: the sprawl
during the entire period and the compact and sprawl are alternatives in subphases.
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Figure 4: The resulting values of SEDI

4.1.1 Compact Stage: 1980-1990

At the outset of China’s reform and opening up, the nascent state of the labor, capital, and other
production factor markets at the national level slowed the urban development process. As shown in Fig. 3a,b,
the newly developed land presented a punctiform scatter with less area on the urban exterior and had not
yet formed relatively large parcels. Therefore, the national economic and social background led to a compact
city at this stage.

4.1.2 Sprawl Stage: 1990-1995

In the second stage, urban development exhibited obvious sprawl. As shown in Fig. 3b,c, the spatial
expansion form manifested as strip development along the urban center, and the latter presented punctiform
scatter in the suburbs concentrated in the Shunyi, Changping, Fangshan, Tongzhou, and Daxing districts.
The main driving forces causing these changes were analyzed as follows:

Policy driven. In 1993, Beijing built 14 satellite cities and ten edges. These large projects caused the radial
spread of built-up land along the transportation route between the main and satellite cities.

Research has shown that the growth of built-up land during this period was highly positively correlated
with GDP [39], with economic pull being the most important and fundamental driving factor. Economic
development has pushed migrants into Beijing, and the increase in population has led to the creation of
housing markets and urban infrastructure. The acreage of the central urban area was not sufficient to support
the rapid growth in demand, resulting in Beijing’s urban development spreading to the suburbs.

4.1.3 Compact Stage: 1995-2000

As shown in Fig. 3¢,d, the urban development at this stage is evidently compacted in the empty area of
the central city and along the perimeter of the original built-up land area, mainly concentrated in Changping,
Chaoyang, Fengtai, Tongzhou, and Daxing. During this period, Beijing began to implement the affordable
housing system. Huilongguan, Tiantongyuan, and other affordable housing residential areas are typical of
this period. Affordable housing was located close to peri-urban areas.
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4.1.4 Sprawl Stage: 2000-2015

The sprawl degree was the most severe at this stage. Newly developed land was distributed as scatter and
leapfrog outside the urban areas (from Fig. 3d-g). The main driving forces were as follows:

Event driven. During this period, the 2008 Olympics events and policy were the driving forces behind
the large amount of newly developed land. Under the “New Beijing, Great Olympics” concept and the unified
scientific planning by the government, the urban construction and layout were orderly and reasonable, which
made Beijing a typical compact city. During this process, the urban infrastructure, ecological environment,
transportation capacity, and modernization level of the city significantly improved. In 2012, Tongzhou
District was approved as the Beijing Municipal Administrative Center, focusing on the evacuation and
transfer of Beijing’s administrative institutions and related service departments.

4.1.5 Compact Stage: 2015-2020

Depopulation pulls. Improvements at the overall economic and urban levels attracted more people, with
the permanent population rapidly increasing from 2000-2010. Fig. 5 shows that the permanent population
curve of Beijing from 1978 to 2015 was upward and downward from 2015 to 2020.
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Figure 5: Permanent population of Beijing (sourced from the Beijing Statistical Yearbook (https://nj.tjj.beijing.gov.cn/
nj/main/2024-tjnj/zk/indexeh.htm, accessed on 29 June 2025))

4.2 Driver Analysis

In the preceding sections, the SEDI provided a detailed revelation of the phased urban development
characteristics of compactness-spread-compactness, and corresponding descriptions were provided for each
developmental stage. To further elucidate the urban development mechanisms of each stage, this study
delves into spatial expansion patterns, comprehensive landscape pattern indices of gradient belts, and
various driving factors influencing urban expansion. Simultaneously, it reveals the degree of response of the
SEDI to various driving factors, aiming to explore the role of new quantitative entropic methods in urban
expansion research.

4.2.1 Urban Expansion Patterns from 1980 to 2020

The built-up land area continuously increased from 1399 km? in 1980 to 3744 km? in 2020, representing
a total expansion of 2344 km? and a growth of 167.5%. Three expansion modes (leapfrog, edge, and infill)
were observed across seven study periods (1980-1990, 1990-1995, 1995-2000, 2000-2005, 2005-2010, 2010—-
2015, and 2015-2020), with infill expansion being predominant (1068 km?), followed by edge expansion
(1040 km?) and leapfrog expansion being the least (236 km?). As illustrated in Fig. 6, the growth of Beijing’s
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urban area is primarily characterized by the infill and edge expansion modes. Significant occurrences of both
infill and edge sprawls were observed during the periods 1990-1995 and 2010-2015, while leapfrog urban
sprawl appeared more prominently. With an equal expansion of the particle area, leapfrogging urban particles
at greater distances contributed to higher overall entropy and SEDI values [22]. According to Fig. 4, the
quantitative entropy of the city overall also showed a similar upward trend from 2000 to 2015, corresponding
to a period of severe disorderly development during 2000-2015, demonstrating the SEDT’s effective capacity
to reveal changes in urban expansion patterns.

Water

B Leapfiog
I Edge-expansion
I Infilling

I Old patches
l:] City Boundary

0510 20 30 40
W Kilometers

Figure 6: Spatial distribution of sprawl modes of built-up land in Beijing from 1980 to 2020

4.2.2 Gradient Belt Landscape Index Analysis

Landscape pattern indices can comprehensively reflect the structural composition and spatial configura-
tion characteristics of urban expansion, making them important indicators for detecting gradient features of
urbanization and changes in processes [40]. The SEDI, used with other landscape indices, is essential to better
depict spatial patterns and changes in urban sprawl at the regional level. Drawing on relevant studies [41-43],
this study selects several landscape indices, including the Percentage of Landscape (PLAND), Mean Patch
Size (MPS), Edge Density (ED), Patch Density (PD), Landscape Shape Index (LSI), and Aggregation Index
(AI), to characterize the pattern of urban expansion through gradient analysis.
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As illustrated in Fig. 7, the first to third gradient belts represent the urban center area, the fourth and
fifth represent the outer urban area, the sixth to ninth represent the suburban area, and the tenth to sixteenth
represent the exurban area. Among them, the sixth to sixteenth gradient belts can be collectively referred to
as the urban-suburban area.

* Tiananmen Square

Arable land
I rorcstland
[0 Grassland
[0 Water body
B Built-up land

Unused land

0510 20 30 40
W W Kilometers

Figure 7: Setting of gradient bands in the study area

Fig. 8 illustrates the developmental status of different landscape indices. The PLAND in Beijing shows a
decreasing trend from the city center towards the outskirts, indicating a gradual decrease in the dominance of
built-up land further away from the city center. The MPS of built-up land in Beijing exhibits a sharp decrease
along the gradient belts, with a nearly “cliff-like” decline between the second and third gradient belts after
2005. This reflects the extreme imbalance in regional development levels and the evident disorderly urban
development after 2005.

PD represents the aggregation degree of built-up land. Before and after 1990, two distinct patterns have
existed, with peak values in the third and fourth gradient belts appearing primarily before 1995. This reflects
the emergence of large-scale development after 1995 and a significant expansion of dispersed patches. ED is
used to characterize the complexity of the edge patches. Overall, an “n” shaped trend was observed over the
years, with peak values shifting from the third gradient belt in the 1980s to the fifth to seventh gradient belts,
thereafter, indicating a transition from compact development to disorderly expansion, with complex patches
moving outward.
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Figure 8: The results of landscape indices on each gradient band

LSI reflects the regularity of built-up land patches. The index values in the outskirts were similar across
the years, with greater irregularity observed in the urban area from 1980 to 1990, followed by a decrease
in subsequent years, indicating the effectiveness of integrated planning and development in the urban area.
AT values indicate a stronger spatial correlation between built-up land patches. After 1990, the AI values
showed an upward trend across all gradient belts, indicating an overall improvement in the regional integrity
of Beijing, with increased connectivity between various urban blocks, particularly after 2015, presenting a
trend towards compact development.

In summary, the six landscape indices explain changes in Beijing’s urban expansion patterns to varying
degrees. The development characteristics of the city after 2000 differed significantly from those before 2000;
however, an alternation between fragmentation and regularization was evident throughout the development
process, with a spiral rise in regularization development. This is consistent with the “compact-sprawl” urban
expansion pattern reflected in the SEDI for various years.

4.2.3 The Relative Influence of Each Driving Factor on Urban Expansion and SEDI

Owing to China’s initial stages of reform and opening up before the 2Ist century, the national-level
production factor market has not yet fully developed. Considering the characteristics of Beijing’s urban
development around 2000 and data availability, this study primarily focuses on the driving forces behind
urban expansion and SEDI during the 21st century, specifically from 2000 to 2020. The RMSE for the
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calculations for each of the five years ranged from 0.008 to 0.159, indicating a small RMSE that effectively
explains the variations in urban expansion and SEDI. Fig. 9 depicts the relative influence of geographic,
social, and economic factors on Urban expansion and SEDI.
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Figure 9: Relative influence of geographic, social, and economic factors

Through an in-depth analysis of the driving forces behind urban expansion and SEDI evolution, this
study reveals that geographical factors generally exerted the greatest relative influence on urban expansion
(24.89%-43.73%), followed by social factors (22.24%-39.28%) and economic factors (20.46%-37.62%).
Regarding SEDI evolution, social (44.88%-64.43%) and economic (20.37%-46.94%) factors far outweighed
geographical factors (7.77%-15.29%). These factors changed in importance with city development, with
economic factors showing a declining trend in their impact on urban expansion.

Related urban studies indicate that rapid economic growth significantly alters urban patterns [44].
This study confirms this point while revealing the distinct phase-specific nature of economic influence. At
the beginning of the 21st century, the effects of various factors on urban expansion were similar. However,
after 2000, with the acceleration of Beijing’s urbanization and rapid economic development, the influence
of various factors diverged significantly. From 2000 to 2010, factors, such as slope and economic indicators
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represented by the nighttime light index, exhibited a higher influence. Subsequently, from 2010 to 2020,
social factors, such as population, replaced the dominance of the nighttime light index in influencing urban
expansion. This reflects the phase-specific decline in urbanization following the slowdown in economic
growth in 2010, leading to further planning and control measures for urban expansion.

Regarding the SEDI changes, the alternating spiral pattern of population and elevation impacted
SEDI. Overall, after the transitional period of the first decade of the 21Ist century, the population largely
explained the built-up land expansion (21.2%-26.23%) and SEDI variation (25.03%-53.06%) for each year.
This indicates that population is the primary driving force behind the current urban expansion in Beijing. As
the economic, political, and cultural center of China, Beijing has experienced a significant influx of migrants
for a long time. With the population increase, the housing provided by cities has become increasingly
insufficient to meet housing needs, leading to significant urban expansion. Without proper urban planning,
disorderly expansion is inevitable in the urbanization process, leading to the growth of SEDI along with the
expansion of built-up land patches during the urban construction process. Moreover, the spatial expansion
of urban sprawl in the middle and later stages of urban development was influenced more by complex
socioeconomic factors than that by geographical factors. The slow population growth from 2015 to 2020 led
to a shift in the pattern, driving the compact development of Beijing’s urban area.

4.2.4 Stage-Specific Mechanisms in Urban Expansion Dynamics

To further interpret the dynamic evolution of driving mechanisms across different stages, we classified
the period from 2000 to 2020 into two distinct phases. From 2000 to 2010, Beijing’s urban expansion
was predominantly shaped by economic and geographic indicators, such as the nighttime light index and
slope. This reflects a phase of infrastructure-led expansion, where mega-events like the 2008 Olympics
catalyzed large-scale spatial restructuring. During this stage, urban growth followed a policy-induced model
emphasizing rapid land conversion for construction and transportation hubs [45].

However, from 2010 to 2020, the mechanism shifted: social forces—particularly population density and
administrative realignment—became the principal drivers. For example, the designation of Tongzhou as
Beijing’s administrative sub-center triggered infill development and structural compactness. Simultaneously,
land use regulation and market stabilization policies constrained further economic-driven outward sprawl.
The declining influence of the nighttime light index and growing impact of slope and elevation during this
period indicate spatial resistance due to land scarcity [46,47].

Notably, these transitions were captured by corresponding fluctuations in the SEDI, which increased
significantly during the sprawl-dominated phase (2000-2010), reflecting higher spatial disorder, and stabi-
lized or declined during the compact-driven phase (2010-2020), consistent with population-led structural
consolidation. This suggests that SEDI not only quantifies spatial dispersion but also indirectly encodes the
dominant mechanisms of expansion by responding sensitively to shifts in the spatial configuration and actor
dominance. Recent studies emphasize that entropy-based metrics are valuable not only for pattern detection
but also for revealing latent systemic drivers of urban morphology evolution [48,49].

This stage-specific evolution illustrates how urban sprawl is a product of not just static factors but a
dynamic interaction of shifting policy regimes, market responses, and ecological constraints. These findings
align with the urban agglomeration literature, which emphasizes how institutional change mediates the
spatiotemporal rhythm of expansion through a nonlinear, phased trajectory [50,51].
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4.2.5 The Relationship between SEDI and Geographic, Social, and Economic Factors

In-depth research was conducted on the marginal effects of specific driving factors on the SEDI to
further explore the role of the novel method used for uncovering spatial expansion patterns and the urban
sprawl phenomena.

According to Fig. 10, the influence of distance from the city center and geographic factors (elevation
and slope) on the extent of urban-land expansion exhibits a decreasing trend. A distance of 20,000 m is
a critical threshold that significantly divides the city’s spatial expansion capability, with rebounds in SEDI
values occurring in all years except 2005 and 2010. Across all years, 200 m served as the boundary influenced
by elevation. Conversely, differences were observed regarding slope, where a sharp drop occurred around 5
degrees, separating into two distinct gradients, and an inverted U-shaped variation was evident between 7
to 12 degrees of slopes. This suggests that a slope of 7 degrees marks an edge boundary for urban expansion,
where urban construction patches may struggle to continue expanding, with a slight increase beyond 12
degrees. This could be attributed SEDI fluctuations caused by rural built-up land, with the effect becoming
more pronounced as the year approaches 2020. This indicates the potential of SEDI in the field of urban-rural
integration research.
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Figure 10: Partial dependences of geographic, social, and economic factors on SEDI
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Figure 10: (Continued)
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Figure 10: Partial dependences of geographic, social, and economic factors on SEDI

Compared with geographic elements, the differences in social and economic factors in spatial expansion
were more pronounced. On the horizontal axis, the early population levels were relatively low, requiring
relatively small population changes to drive urban spatial expansion or contraction. However, from 2010 to
2020, a larger population (over one million people) was needed to reach the marginal limit of SEDI growth,
thus demonstrating the differential impact of population levels at different stages of urban development.
The effect of the real estate transaction area on the SEDI also showed significant differences over different
periods, with considerable disparities in the maximum impact level on the horizontal coordinate values
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(e.g., approximately 50 km* in 2020 and approximately 10 km* in 2000). This is partly due to non-market
factors such as government, public facilities, and agency real estate transfers, which are largely influenced by
policies and administrative orders rather than market mechanisms. The nighttime light index also exhibited
variability, as evidenced by the “inverted U-shaped” collapse observed in 2010, which was not as prominent
in other years. The nighttime light index effectively depicted economic activities [52,53], thus suggesting that
the collapse may be associated with economic fluctuations at the time, such as the 2008 economic crisis.

5 Discussion

Previous studies on urban sprawl have primarily employed either entropy-based metrics or mor-
phological indices to detect expansion patterns, but often lack integrative modeling frameworks. For
instance, Kumar [33] applied Shannon entropy to assess sprawl dynamics in Tumkur, India, while Sen [54]
explored migration-driven sprawl in Gaziantep, Turkey. Both studies offer valuable insights but remain
confined to descriptive characterizations. Similarly, recent reviews such as Tavares [55] examined the socio-
environmental consequences of sprawl in Brazilian cities but did not incorporate entropy into a structured
model of underlying mechanisms.

By contrast, our study not only introduces the SEDI to quantify entropy, but also incorporates phase-
specific driver analysis via boosted regression trees. This integrative approach allows us to link spatial
disorder with dominant social, economic, and geographic forces at different urbanization stages, establishing
a dynamic feedback mechanism between entropy, urban morphology, and drivers. This approach shifts the
analytical focus from static spatial descriptions to a structured, mechanism-oriented framework capable of
capturing stage-specific interactions between urban entropy, morphology, and driving factors.

5.1 New Method Bridges Urban Morphological Analysis and Environmental Behavior Research

Urban morphology (form) research has always followed two approaches: (1) an approach based on
spatial scale and emphasizes the procedural way of urban morphology from urban components to urban
wholeness [56]; and (2) based on temporal scale and emphasizes the evolution process of urban form
under driving factors such as political, social, economic, and planning processes, and other environmental
behaviors [57]. By bridging the mathematical relationship between urban morphology and the factors driving
urban development, our new method successfully connects the two approaches.

5.2 Urban Sprawl Is the Morphological Distortion of an Urban Self-Organizing System

Urban sprawl presents different characteristics in different cities at different stages, driven by different
policy, social, market, and terrain factors [6,58,59], and is characterized by the process of entropy change
under the action of driving factors. Cooperation and competition among driving forces are the source of the
“ebb and flow” of urban forms. Urban sprawl or compaction at different stages results from the cumulative
effects of entropy change. Thus, urban sprawl is an unhealthy urban form or a morphological distortion of
an urban self-organizing system.

5.3 Outside of the Research Paradigm of Urban Development, either Sprawl or Compact

Urban form is an outcome of urbanization [13]. Batty argued that urban form is a function of urban
spatial growth and time evolution, a concept that is reflected in the dynamic process of urban center to urban
periphery development [60]. Beijing’s urban sprawl is evident, and falls within the paradigm of either sprawl
or contact development [6,23-25]. However, this is rarely discussed outside of research contexts.
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As described in the Results section, urban sprawl in Beijing exhibits periodic characteristics over
time. Fig. 11 shows that only the trend line oscillates within the zone bounded by two lines between the
two highest peaks or the two lowest valleys and that city development must appear with sprawl features.
Simultaneously as in the Results section, Fig. 11 shows that urban development in the general sprawl
characteristics is simultaneously accompanied by temporal fine-grained urban compact development, as
evident in the 1980-1990 and 1995-2000 periods.
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Figure 11: Urban sprawl trend map

These periodic features suggest that urban form does not evolve in a strictly linear trajectory but
oscillates within alternating sprawl and compact phases. To further validate and enrich this cyclical
understanding, future research may employ higher-frequency land-use data. Such data could help identify
transient shifts—such as infill bursts or sudden regulatory responses—that are not visible in decadal trends,
thereby refining the granularity and interpretability of the observed sprawl-compaction rhythms.

5.4 Conclusions and Suggestions

Evidently, urban sprawl has affected the world’s sustainable economic and social development and
has become the subject of many debates. A city is a self-organizing system with a dissipative function
accompanied by entropy change, which is widely accepted in theoretical urban development circles. Entropy
change theory has been used as a qualitative tool in urban sprawl research; unfortunately, no successful
quantitative tool exists. Thus, building a method that bridges entropy changes and urban sprawl metrics
should open a new window to understanding urban sprawl. In this study, a new method was successfully
developed and used to demonstrate urban changes in Beijing.

Research has shown that the new method can completely confirm urban sprawl trends and analyze
urban form changes by dominant driving factors. This method contributes to the conclusion that urban
sprawl is a form of distortion of an urban self-organizing system. In addition, combined with example
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verification, the new method is useful in leaving the research paradigm of either sprawl or a compact state
in urban development.

An empirical study on Beijing shows that the city-form change appears to be a sprawl trend from
1980-2020 at a coarse temporal granularity. Evidently, the periodicity at fine temporal granularity follows
the law of compact-sprawl-compact-sprawl-compact. In-depth research was conducted through the spatial
identification of urban expansion patterns, comparative analysis of the gradient band landscape, and driving
force analysis using machine-learning methods, thus confirming the characteristics of each developmental
stage. Further exploration was performed using the emerging SEDI method. The driving factors of city form
change include important events, politics, economy, population growth, and market pull. The development
and change of the urban form in Beijing result from cooperation and games among the different driving
factors. Moreover, the extent of urban sprawl is more influenced by complex socioeconomic factors than
geographical factors in the later stages of urbanization development.

The SEDI-entropy framework proposed in this study provides a practical diagnostic tool for analyzing
spatial disorder in urban growth. Urban planners can integrate this method into existing workflows by
embedding SEDI indicators into GIS-based land monitoring systems or urban information platforms. It can
be used to identify morphological instability at the urban fringe, assess the impact of growth boundaries,
or guide zoning revisions. Entropy-based metrics, as employed in recent studies, have also proven useful
in delineating urban boundaries and anticipating infrastructure requirements in sprawling contexts [61]. In
particular, SEDI thresholds may serve as early-warning signals for uncontrolled sprawl, triggering planning
reviews. While real-time monitoring is currently limited by the updated frequency of land-use data, routine
assessments based on satellite imagery or land surveys are highly feasible. The required data includes
consistent multi-temporal land-use maps, administrative urban boundaries, and auxiliary layers such as
elevation, infrastructure, or planned land-use designations. These datasets are typically accessible from
national remote sensing programs, cadastral archives, or municipal spatial planning departments.

Suggestions and future work. In urban management, regularly monitoring changes in various driving
factors and effectively assessing the impact of these factors is imperative. Urban development plans should
be formulated or adjusted to prevent urban sprawl deterioration based on the periodic law of urban form
spread. This study contributes to a new universal analysis tool to confirm the urban sprawl trend in urban
development. Therefore, its application scenario can be extended to any city or region worldwide.

Evidence from other urban systems reinforces this potential. Entropy-based metrics similar to SEDI
have been effectively applied in cities like Changwon and Gimhae in Korea [62], and in various European
metropolitan regions [32], where they captured spatial expansion dynamics under diverse regional settings.
These examples confirm that the entropic framework developed in this study is not only theoretically
transferable but also empirically adaptable, making it a promising tool for multi-city comparative studies.

In our follow-up research, we plan to apply the SEDI method to a broader range of cities with differing
spatial structures and development paths. This extension will help further examine the method’s robustness
and adaptability across various urban contexts, and refine threshold settings for identifying early-warning
signals of spatial disorder. In particular, we intend to incorporate higher temporal resolution—such as annual
or biennial land-use data—to capture short-term morphological fluctuations that may be masked by decadal
trends. These steps will contribute to strengthening the method’s applicability in practical urban analysis and
planning scenarios.
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