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Abstract: Regions represent complex landscapes where production, living, and ecological functions
intersect, yet rapid urbanization has exacerbated conflicts within the human-land-environment
system, resulting in the disordered construction of functional spaces. To address these challenges
and optimize territorial spatial planning, China introduced the concept of production-living-
ecological spaces (PLEs) in 2012. The evolution of PLEs strongly reflects the land-human activity
interactions driven by human needs amid urbanization, yet few studies have quantitatively
characterized and compared the dynamics of urbanization through the lens of PLE functional spaces.
Adopting a land use-to-functional space perspective, this study examines the Beijing-Tianjin-Hebei
(BTH) region, which is a key area for coordinated development since 2015. By integrating POI and
land use data, 5 km grid-based PLEs mapping was conducted for 2016, 2020, and 2024. Findings
show BTH’s urbanization is defined by mutual conversion of built-up land and farmland, plus
coexisting ecological restoration and degradation. PLEs exhibit clear spatial differentiation: high-
intensity living-production overlap in Beijing-Tianjin; fragmented production space expansion in
their southern peripheries; and expanded but fragmented ecological spaces in Zhangjiakou-Chengde.
These changes tie closely to regional coordination policies. This study offers a novel perspective
and methodology for urbanization research, providing insights for balanced functional space
construction and sustainable development. It also supports BTH’s 2030 integration goals aligned
with China’s 15th Five-Year Plan.

Key Words: urbanization characterization; functional space patterns; POI data; land use change;

production-living-ecological space mapping

1 Introduction

In the Anthropocene era, the region, as a huge complex landscape integrating production, living,
and ecological functions, has become a central focus of sustainable development. Due to differences
between land use and resource distribution, various kinds of landscapes, such as cities, rural areas,
lakes, forests etc., showing functional intersections and landscape heterogeneity. Currently, rapid
urbanization is occurring across the globe. Cities play a central role in human technological progress
and have been the primary locations for the accumulation of an estimated 30 trillion tons of human-
made materialst'l. As of 2023, the global urban population has reached 57%, with North America
(83%) far exceeding the global average, while Africa (45%) and Asia (53%) remain below this
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level®!. Industrialization drives urbanization, promoting economic development and modernization.
This process of urbanization is reflected in the transition from agricultural to industrial and service-
based economiesll. As a shared global challenge, the complex interplay between urbanization and
the people-land-environment system has been revealed. For instance, Ebenezer Howard’s “Garden
City” concept, proposed in the 19th century, imagined a harmonized and sustainable urban design
that connected cities with nature. This concept not only highlights the interplay between them but
also underscores the accompanying significant changes in regional functional spaces.

Specifically, People’s needs and preferences are the main drives behind the complex spatial
patterns of region’s functional spaces during urbanization. People, as both the primary element of
urban development and end-users of functional spaces, play an important role in shaping
urbanization processes. According to Maslow’s hierarchy of needs theory, the process of fulfilling
the five levels of needs (physiological, safety, social belonging, esteem, and self-
actualization)*ldeeply promotes changes in urban architectural styles, modern development
trajectories, and urban hierarchy classification. Particularly, regional functional spaces have
gradually transformed from being primarily oriented toward agricultural production and living
functions, complemented by commercial trade, into multifunctional hubs integrating economic,
medical, educational, cultural, and commercial activities. This transformation has led to the rapid
rise of modern cities and growing differences between urban and rural areas. Among the above
process, rapid and extensive land use has provided essential resource capacity and spatial support
for regional construction driven by people’s needs in urbanization. Mainly through the marketization
of land, which has accelerated urban expansion and economic development, attracting rapid flows
of resources and population clusters into the region. As shown in the patterns of functional spaces,
the increasing demands for commercial spaces, residential housing, and industrial manufacturing
have led to the saturation of core built-up land. Consequently, conflicts between the people-land-
environment system and urbanization have become increasingly apparent. For instance, suburban
urbanization has occurred, leading to the relocation of industrial manufacturing spaces to these areas
and exacerbating the spatial separation in job-housing spacesl® % 71, while damaging urban residents’
well-being and migrant workers’ access to social security and sense of belonging. As time passes,
the environment’s capacity to sustain urbanization is reaching its limits, leading to worsening
conflicts and severe threats to ecological spaces. Urban diseases are a particularly clear example of
this. Specifically, urbanization as a primary driver of climate changel®]. In 2021, cities accounted for
approximately 75% of fossil fuel-related CO, emissions, encompassing both household and
industrial emissions!®!. Concurrently, biodiversity and biological evolution face significant threats!!%
", Furthermore, urbanization directly endanger food security, with about 80% of global cropland
loss linked to urban expansion, particularly in Asia and Africal'?l. In agriculture, human-induced
factors such as extreme heat and drought('3!'4l, Urbanization has also caused a series of urban
diseases, including the heat island effect!'>!] traffic congestion, and urban flooding!'”.
Compounding these issues, infrastructure inequality!'®/further impacts residents’ quality of living
and health!"”), Facing such conflicts, urbanization must strike a balance in regional functional spaces
among production development, living equality, and the safeguarding of ecological space stability
to achieve sustainable development.

China, as the world’s most populous country with over 1.4 billion people (as of 2023) and the
second-largest economy, has undergone rapid urbanization over the past four decades since its
reform and opening-up in 197812%, The urbanization rate has increased significantly from 17.92%
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in 1978 to 66.16% by 2023. Along with China’s historical background as a major agricultural nation
(211 these conflicts were also evident and more severe in China. In dealing with them, in 2010,
China’s National Major Function-Oriented Zone Planning was proposed to optimize national
territorial spatial structures based on the principles of “developed production, affluent living, and a
well-preserved ecology”. Then, in 2012, the official concept of the Production-Living-Ecological
Spaces (PLEs) was introduced for the first time at the 18th National Congress of the Communist
Party of China. In 2013, the Central Urbanization Work Conference reaffirmed the importance of
PLEs!??l. Since then, PLEs have become an important research perspective in spatial planning,
attracting significant attention from scholars and urban planners. However, existing research on
PLEs remains relatively limited, lacking direct research into the relationship between urbanization
dynamics and PLEs. Current studies primarily rely on data sources such as land-use data, statistical
data, and remote sensing data, focusing mainly on: identification and spatiotemporal distribution
characteristics of PLEs[?*26l: PLEs functions?’!; PLEs evaluation or functional assessment,
particularly coupling measurement evaluationl*>33]; and scenario simulation and prediction of
PLEsP4-36],

The Beijing-Tianjin-Hebei (BTH) region, one of China’s three major development regions, has
experienced rapid urbanization, leading to severe “urban diseases” in Beijing and long-standing
challenges related to internal development imbalances. In response, the Chinese government
implemented the BTH Coordinated Development Strategy in 2015, with the primary objective of
relocating Beijing’s non-capital functions to restructure its functional spaces. This involves the
transfer of four categories of functional spaces—general manufacturing, certain tertiary industries,
social public services, and administrative institutions—out of the capital area, primarily to Tianjin
and Hebei. By 2024, this strategy has led to significant changes in production, people’s living
standards, and the environment over the past decade. First, more than 3,000 manufacturing
enterprises have moved out of Beijing, the permanent population in Beijing’s six core districts has
decreased by 15%, and over 9,200 hectares of vacated land have been converted into green spaces.
Additionally, the construction of Beijing’s sub-center and Xiong’an—key areas for relocating non-
capital functions—has progressed significantly. The living environment in the sub-center has
improved, and administrative as well as public institutions are gradually relocating to the area.
Meanwhile, Xiong’an has developed its production and living spaces through comprehensive job-
housing integration, advanced transportation networks, expanded educational facilities, and
improved healthcare services37-381. In terms of economic structure, the share of the tertiary sector in
the BTH region has increased by 9.6 percentage points to 67.7%. Regarding eco-environmental
quality, PM2.5 concentrations have dropped by over 60% in 202337], and the water quality of
Baiyangdian Lake has improved to Class III standards. Additionally, Zhangjiakou City has
strengthened its role as an ecological barrier for the region, with forest coverage in the Three-North
Shelterbelt Project area rising to 35.56%!*"). Although by 2024, the BTH’s GDP has exceeded the
five-trillion-yuan threshold over the past decade, it still lags behind the Yangtze River Delta, a
world-class urban agglomeration®”l. All in all, efforts to establish an integrated regional framework
by 2030 and build a world-class city agglomeration centered on the capital are still underway.

Points of Interest (POI) data, as a popular form of geospatial big datal®*], along with mobile
signaling and trajectory data, has gained wide application across various research areas!**-4?l, POI
data effectively represents socio-economic activities spatially, with significant strengths in

timeliness, precision, cost-effectiveness, and attribute richness*3-#1, This unique combination of
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features enables POI data to effectively address the limitations of traditional statistical data, which
often lack spatiotemporal characteristics, and geospatial approaches like nighttime light data and
remote sensing, which typically lack socio-economic attributes!*®l. Consequently, researchers
frequently employ POI data as a supplementary data source in urban geography, economic studies,
and planning research!*’], with applications ranging from functional space identification*®! and
commercial district pattern analysisi***%lto job-housing space recognition®!l, building usage
identification[*?], urban built-up area extraction!?], spatial structure studies*’> 53], land use function
identification[*], industrial spatial distribution analysist*!} 44} [54-56] " fine-scale population
mapping[*), and regional development assessment?]. In recent years, a growing number of scholars
have also utilized POI data to conduct research related to PLEs[26) 291 571,

Thus, we select the BTH region as the research area and adopt PLEs as our research object,
given the deep relationship between urbanization and functional space patterns, as well as the lack
of direct research on the relationship between urbanization dynamics and PLEs. In this study, we
explore urbanization from the perspective of visualizing it through the identification and mapping
of PLEs. Specifically, we innovatively build an optimized mapping methodology for PLEs by
integrating POI data with land use data and standardizing data classification based on the China’s
Industrial classification for national economic activities (GB/T 4757-2017). This approach not only
integrates socioeconomic processes with natural ecological foundations to enhance accuracy and
conciseness but also considers the heterogeneity of urban landscapes. Building on this, the study
conducts a full-scale mapping of PLEs at a grid level across the BTH region, combined with land
use changes, aiming to address two key scientific questions: (1) How can spatial mapping analysis
quantify the interaction between urbanization and functional spaces, as well as their dynamic
changes? (2) What are the spatiotemporal evolution patterns of PLEs during the implementation
period of the BTH Coordinated Development Strategy (2016-2024)? Above all, this study not only
provides new perspectives and methodologies for urbanization research but also offers important
quantitative insights to support the final phase of the BTH region’s integration goals during China’s
upcoming 15th Five-Year Plan period.

The following structure of this research is presented in four parts. Firstly, Section 2 describes
the study area, the research data employed, and the methodology of the study. Secondly, Section 3
presents the results, including land use changes, the mapping and spatiotemporal patterns of PLEs
in 2016, 2020, and 2024, and the urbanization dynamics characterized by land use changes and
PLEs patterns. Then, Section 4 discusses the evaluation of the BTH Coordinated Development
Strategy through PLEs, the advantages of the methodology, and its limitations. Finally, Section 5
provides the conclusions, the flowchart of research was shown in figure 1 and the details of

methodology was shown in figure 3.
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Figure 1: flowchart of research

2. Study area and Materials

2.1 Study Area

The BTH region comprises 13 cities(36°05'N - 42°37'N, 113°11'E - 119°45'E), including
Beijing (China’s capital) and Tianjin (both direct-controlled municipalities), along with 11
prefecture-level cities in Hebei Province that surround these two major urban centers, covering an
area of 216,000 square kilometers (approximately 2.25% of China’s total land area) in the Bohai
Sea region of Northeast Chinal*3-%], The terrain features a distinct northwest-to-southeast elevation
gradient (Figure 2 (a) and (b)). With a population exceeding 100 million, the BTH region contributed
10.4442 trillion yuan to China’s GDP in 2023, accounting for 8.29% of the national total. However,
significant development differences remain within the region, particularly between Hebei and the
Beijing-Tianjin area. Such as, the urban disposable income gap between Hebei and Beijing has
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expended over the years, increasing from 24,400 yuan in 2014 to 38,300 yuan in 2020, and further
to 42,700 yuan in 202287], Urbanization rates also exhibit significant regional differences. As shown
in Figure 2(c), Beijing has maintained a consistently high urbanization rate above 80%, while
Tianjin over the 80% threshold in 2011 (reaching 80.5%) and has since stabilized. They have
consistently exceeded the level of national. In contrast, Hebei’s urbanization rate, despite steady
growth, remains relatively low, only exceeding 60% in 2020 (60.07%) and reaching 62.77% by
2023. We hope that mapping the BTH region’s PLEs patterns to characterize urbanization dynamics
can provide quantitative evidence for achieving BTH regional integration by 2030 and balancing
people-land-environment relationships.
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Figure 2. study area
Note: Figure 2(a) shows the geographical location of China in a global context, providing a spatial reference for the
study area. Figure 2(b) displays a detailed topographic map of the 13 cities in the BTH region, using Digital Elevation
Model (DEM) data to highlight the region's terrain features. All vector-based geographical elements in the figure.
were obtained from the National Platform for Common Geospatial Information Services
(https://www.tianditu.gov.cn/?4), which uses the WGS-84 coordinate system. The DEM data were sourced from the
Google Earth Engine (GEE) platform (https://earthengine.google.com/), a powerful cloud-based geospatial analysis
tool. The urbanization rate statistics in Figure 2(c) were collected from the National Bureau of Statistics of China

(http://www.stats.gov.cn/).

2.2 Data Resource

This study primarily utilizes two datasets: POI data and Landsat-8 remote sensing imagery.
Firstly, as a type of location-based service dataset and social sensing data, POI data has been widely
applied in various fields with the advancement of internet and mobile terminal technologies!*. POI
data represents geographical entities of varying sizes and shapes (e.g., shopping malls, mountains,
companies) as point features, each containing functional attributes (e.g., company, scenic spot) and
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geographic coordinates (latitude and longitude). These attributes are organized into categories,
subcategories, and sub-subcategories. For instance, Table 1 illustrates four POI data points (A to D)
from the BTH region in 2016. The POI data used in this study spans from 2016 to 2024 and covers
the BTH region, sourced from “Amap”4., one of the three major map service providers in Chinal*?l.
Specifically, we collected POI data across 23 categories annually for 13 cities within the region.
Secondly, we selected the Dynamic World dataset for our analysis, a remote sensing product that is
accessible through Google Earth Engine (GEE). This dataset provides 10-meter resolution near-
real-time land use data and covers the entire globe, while it is also compatible with the full Sentinel-
2 L1C image archive that has been available since June 27, 2015. Built on Sentinel-2 Top of
Atmosphere (TOA) imagery, Dynamic World delivers global land cover updates every 2 to 5 days,
with the update frequency differing according to geographic location. Google developed this dataset
in partnership with the National Geographic Society and the World Resources Institute for the
Dynamic World Project, and it is hosted as an Earth Engine Image Collection under the identifier
“GOOGLE/DYNAMICWORLD/V 17160,
Table 1 Main field attribute of POI data

N Location Field Attribute of Connotation of POI Data
ame
longitude latitude Category Subcategory Sub-subcategory
. . Temples and Taoist
A 115.47%*  39.46%* Scenic Spots Scenic Spots .
Sites
B 115.77%%  39.27%* Scenic Spots Scenic Spots Scenic Spots
Business and ) ) Residential
C 114.48**  36.60** ) ) Residential Areas o
Residential Communities
Geographical Natural .
D 115.61** 39.61%** ) Mountains
Names Geographical Names

Note: The “***” symbol and the names of points “A, B, C, D” were used for privacy protection, and the geographical

coordinates are based on the WGS-84 system. The website of Amap and GEE are (http://www.amap.com) and

(https://earthengine.google.com/), respectively.

2.3 Methodology of Research

In the existing literature, the identification and mapping of PLEs have been conducted using
various data sources and methods. These include: directly utilizing the attributes of POI datal?¢],
relying only on land use interpretation?3-24} 331, [61-621 " combining land use interpretation with POI
datal®’], integrating land use interpretation with socio-economic data such as population [?],
combining POI data with remote sensing data like nighttime light®®], and employing machine
learning to integrate land use interpretation, POI data, and multi-source remote sensing datal?’l.
Regarding the classification of POI data for PLEs, most scholars categorize based on the specific
functions of geographic entities, while some refer to relevant national classification standards. For
instance, Wang et al. (2024) used the Urban Land Use Classification and Planning and Construction
Land Use Standards (GB50137-2011)14%], and Ni et al. (2023) applied the Current Land Use
Classification (GB/T 21010-2017) and the Code for Classification of Urban and Rural Land Use
and Planning Standards of Development Land (GB 50137-2019)171,

However, the current classification and mapping processes have several significant limitations.
Firstly, the selection of certain indicators is overly subjective, particularly when distinguishing
between production and living attributes. Secondly, relying on remote sensing data and land use
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interpretation data often neglects the socio-economic attributes of PLEs and the heterogeneity of
built landscapes. Additionally, using only POI data, which is recorded by map navigation websites,
may result in incomplete coverage of the study area and overlook the natural attributes of ecological
functional spaces. Lastly, when multiple data sources are utilized, the process becomes time-
consuming and complex, and the essential attributes of PLEs may not be immediately represented
due to the excessive and overlapping data attributes.

Above all, in this study, we primarily use POI data, supplemented by land use interpretation,
to map PLEs. We classify POI data into PLEs categories based on their attributes, following China s
Industrial classification for national economic activities (GB/T 4757-2017), to clearly differentiate
between production and living spaces. To address the coverage limitations of POI data at the
regional scale, we overlay land use data to integrate socio-economic development with natural
ecological processes. Overall, we categorized 23 types of POI data in the BTH region into three
space types based on their field attributes. Further details are provided in Table 2.

Table 2: Classification of POI data

Space Type Field attribute of connotations of POI data

Agricultural, forestry, animal husbandry, and fishing bases; industrial
parks; factories; power business halls; water supply business halls;
corporate enterprises; shopping services; healthcare services; life

Production Space services; transportation facility and road services; dining and
accommodation services; financial and insurance services; motor
vehicle services; educational, scientific, and cultural services;
government agencies and social organizations, etc.

o Residential areas, public facilities, scenic spots and historic sites,
Living Space
place names and addresses, etc.

Ecological Space Natural place names include mountains, rivers, etc.

Additionally, considering the timeline of the BTH coordinated development strategy and the
more complete POI data records after 2016, we select three time points—2016, 2020, and 2024—
for mapping and comparative analysis. The detailed and overall research methodology are presented
in Steps 1-4.

Step 1: Input remote sensing data and POI data

In Step 1, we input remote sensing and POI data. Specifically, Landsat-8 imagery with 30m
resolution was processed using Google Earth Engine, while POI data for the BTH region in 2016,
2020, and 2024 were handled in RStudio 4.3.2 and ArcGIS 10.8.

Step 2: Remote sensing interpretation and POI connections

In Step 2, we conducted remote sensing interpretation and POI spatial connections. The land
use data were sourced from Dynamic World, which classifies land into nine types: water, forest,
grassland, flooded vegetation, farmland, shrub and scrub, built-up land, bare land, and snow and ice.
For the BTH region, we applied this classification to the years 2016, 2020, and 2024. The final land
use datasets were generated by prioritizing mode values for 10-meter pixels across each full year,
with median values used as a supplementary method. Next, we created a 5 km x 5 km grid across
the BTH region, clipped by its administrative boundaries, resulting in 150,088 grid cells. Based on
the classification system in Table 2, POI points were categorized into three functional attributes:
“production space”, “living space”, and “ecological space”. These points were spatially connected
to the grid cells using their latitude and longitude coordinates. In the next step, we aim to define and
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map each functional space cell based on its connected points.
Step 3: Integrating two types of data for PLEs mapping

For mapping, we adopted the natural breaks method, using a color gradient with five intervals.
The shading of each grid cell was based on the percentage (formula (1)) of a specific POI category
within the total number of that category in the region. To better visualize and compare the dynamics
of the three functional spaces, we generated individual maps for each category rather than
integrating them into a single map. However, due to the large scale of the region and limited POI
coverage, some grid cells did not have any type of POI data to connect to. These cells, referred to
as “NA,” numbered 1,528 in 2016, 958 in 2020, and 382 in 2024, representing a small proportion
of the total. In Step 3, we supplemented these “NA” cells using land use data. Since POI data is
closely tied to socio-economic and urbanization development, areas without POI records are likely
to be less developed. Therefore, we used a simplified land use classification to fill these gaps.
Specifically, built-up land was assigned to the “living space” attribute, farmland was assigned to the
“production space” attribute, and the remaining four land use types (water, forest, grassland, and
bare land) were assigned to the “ecological space” attribute. We then calculated the “area proportion”
(formula (2)) of each land use type within the “NA” cells relative to the total area of that type across
all “NA” cells and used these proportions for data filling. Finally, we integrated these results with
the POI-based mapping to complete the global grid-based mapping of the PLEs in the BTH region.

n..
Percentage; = W”,(i =P,L,E; j=cell,...,cell ) (1)

a.
Area_ Persentage; = i,(i =P,L,E;j=cell,...cell) )

In formulas (1) and (2), [ represents the attribute type of POI data or land use, categorized
as production (P), living (L), or ecological (E); | represents a specific cell being analyzed; m
is the total number of cells that belong to P, L, or E; X denotes the total number of cells that are
not connected to any POI data; N denotes the number of POI data points of a specific type within
a given cell; N represents the total number of POI data points of that type across all cells; a
refers to the land use area of type P, L, or E within a specific cell; and A represents the total land
use area of that type across all cells.
Step 4: Urbanization dynamics characterization

In Step 4, we characterized the urbanization dynamics of the BTH region from a functional
spatial perspective. This approach enabled a bottom-up analysis, examining both land use changes
in 2016, 2020, and 2024, as well as the spatial patterns of the PLEs, while integrating functional
zoning with the landscape heterogeneity of built environments. Here, we use the land use transition
matrix (formula (3)) to facilitate the extraction of land use changes. By utilizing the land use
transition matrix, we can clearly observe the increase and decrease in the six land use types, as well

as their specific transitions!?3l [63.641 which helps us further interpret urbanization dynamics.
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In formula (3), i represents the initial land use type, M represents the converted land use

type, and S represents the specific area.
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Figure 3: Flowchart of the Methodology in the Research

3. Results

3.1 Land Use Change Characteristics in the BTH Region

During the two study periods, the land use structure in the study area exhibited stage-specific
differences: “intense adjustment in the first period and stable restoration in the second period”, with
significant variations in the magnitude and direction of change across different land use types (Table
3 and Fig.4 (A)).

In terms of area scale, farmland (1.4x10°, 1.5x10° m?), forest (8.9x108, 1.1x10° m?), and built-
up land (5.2x108, 6.2x10% m?) were the dominant land use types, accounting for over 80% of the
total area. In contrast, snow and ice (9.6x10°, 2.1x107 m?) and flooded vegetation (2.1x10°, 5.8x10°
m?) had the smallest areas, contributing less than 1% of the total.

Regarding system stability, the retention rate of most land use types increased in 2020-2024
compared to 2016-2020. The most significant increase was observed for forest (from 76.11% to
90.59%), followed by water (from 77.82% to 82.45%). Only flooded vegetation showed a slight
decrease in retention rate (from 52.19% to 38.18%). These trends indicate a gradual enhancement



323  in the resilience of the land use system in BTH.

324 Additionally, from the overall land use data of the Beijing-Tianjin-Hebei (BTH) region and the
325  changes in the built-up areas of Beijing, Tianjin, and Shijiazhuang (the capital city of Hebei Province)
326  presented in Figure 4, the rapid expansion of the built environment and the evolutionary changes in
327  the land use patterns associated with such expansion can be observed in a straightforward and
328  intuitive manner.

329 Table 3 Core Indicators of Land Use Change in the Study Area (2016-2024)
Type Net Change Area (x10° m?) Net Change Rate (%) Retention Rate
Land Use Type

Code 2016-2020 2020-2024  2016-2020 2020-2024 Change (%)
0 Water -0.82 +1.45 -0.77 +1.36 77.82 — 82.45
1 Forest -190.50 +65.42 -17.53 +7.30 76.11 — 90.59
2 Grassland -37.62 -10.19 -52.17 -29.54 34.84 — 41.96
3 Flooded Vegetation +3.72 -0.74 +178.23 -12.82 52.19 — 38.18
4 Farmland +83.73 -56.75 +5.93 -3.79 91.46 — 89.92
5 Shrub and Scrub +108.67 -0.32 +32.01 -0.72 71.63 — 73.60
6 Built-up Land +56.64 +35.95 +10.75 +6.16 92.96 — 93.68
7 Bare Land -39.84 -12.23 -47.24 -27.49 26.20 — 39.91
8 Snow and Ice +16.02 -19.68 +346.87 -95.33 15.78 — 1.30
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331 Figure 4: Land use change in the BTH region for the years 2016, 2020, and 2024
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3.2 Spatial Patterns of PLEs in the BTH Region

The map uses the natural breaks method to divide the color scale into five levels, with
percentages determining the color intensity. Gray grid cells represent non-functional space cell,
allowing us to observe the expansion or reduction of specific functional spaces by tracking changes
in the number of gray cells out of the total 150,088 space cell. The intensity of color changes also
indicates shifts in the strength of these functions. By comparing the mapping results for 2016, 2020,
and 2024, the spatiotemporal evolution of the BTH region’s PLEs can be summarized as follows:

Specifically, in the BTH region between 2016, 2020, and 2024, living spaces were the dominant
type, with the highest number of functional cells and a balanced distribution across the region. The
expansion of living spaces was the most noticeable, though most of the newly added cells fell into
the lowest intensity category. The number of gray non-living space cells gradually decreased from
1,727 in 2016 to 376 in 2020 and further dropped to 254 by 2024. This expansion was evenly
distributed across 11 cities in Hebei Province, with a similar degree of growth. Additionally, high-
intensity living space cells were notably concentrated in Beijing, Tianjin, Shijiazhuang, Tangshan,
and Baoding. Between 2016 and 2020, there was little change in high-intensity living space cells.
However, from 2020 to 2024, these cells began to extend northeast and southwest from Beijing and
Tianjin into Hebei Province, forming small clusters and showing a trend of significant increase and
fragmentation (Figure 5 (b), (e), and (h)).

For production spaces, the distribution of functional cells across the region was less extensive
compared to living spaces but still relatively concentrated. Non-production space cells were mainly
found in Zhangjiakou, Chengde, and the border areas of Qinhuangdao and Baoding. The expansion
and reduction of production space cells were primarily observed in Zhangjiakou and Baoding. High-
intensity production space cells were concentrated in the same areas as living spaces, such as Beijing,
Tianjin, Shijiazhuang, Tangshan, and Baoding. From 2020 to 2024, the increase in high-intensity
production space cells followed a trend similar to that of living spaces, but their distribution was
more fragmented and covered a wider area (Figure 5 (a), (d), and (g)).

Finally, ecological space cells were not only the least distributed but also the most fragmented.
The relatively concentrated cells were mainly located in Zhangjiakou and Chengde, with a smaller
number in Beijing, Tianjin, and Baoding. The expansion of ecological spaces was most significant
between 2016 and 2020, with non-ecological space cells decreasing from 9,510 in 2016 to 8,139 in
2020. From 2016 to 2024, the changes can be summarized as follows: significant expansion of
ecological space cells in the Beijing-Tianjin-Zhangjiakou area and its northern regions, with a
notable increase in high-intensity cells; meanwhile, areas to the south (especially around Baoding
and the western border of Shijiazhuang) showed a trend of increasing in ecological space cells, with
fragmentation(Figure 5 (c), (f), and (i)). Additionally, the overlap between ecological space cells

and production or living spaces was relatively low.



369
370

371

372

373
374
375

BTH’s PLES in 2016

(1). 2016
Production space
|| Non-production space

(b). 2016
Living space

(c). 2016
Ecological space

| Non-living space | Non-ccological space

T KM T KM ML kM
o so 160 200 0 50 100 200 6 50 {90 200

S

=

N

=]

-

7]

28]

—

A~

hm

s

E

m

‘‘‘‘‘ (d). 2020 (e). 2020 (0. 2020
Production space Living space Ecological space
|| Non-production space | Non-living space | Non-ccological space
M AM I — [ N ——
o 50 o 200 0 50 100 200 [ 200
L TS [ | I

<

N

o]

N

=}

.-

2]

83

]

=9

'\(I}

i

=

m

(h). 2024
T.iving spacc

(). 2024
Feological space

£). 2024
Production space
ﬁ Non-production space

| Non-living space \ \T\'on-ccnlogical space

L kM L kM L | €0 4
0 50 rap 200 56 1on 200 o 50 rop 200

Figure 5: Mapping of PLEs in the BTH region for the years 2016, 2020, and 2024

3.3 Characterizing Urbanization Dynamics: From the Lens of Land Use to

PLEs Patterns

By integrating land use change data with the spatiotemporal evolution of grid-based PLEs, this
study characterizes the urbanization dynamics of the BTH region from a perspective shifting from
land use morphology to functional space attributes, and further reveals the intrinsic coupling
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relationship between land use types and PLEs. This dual-perspective analysis enables a more
comprehensive understanding of how the human-land-environment system interacts with the
urbanization process in the BTH region.

3.3.1 BTH Urbanization Dynamics Foundation from the Lens of Land Use: Two-Stage
Evolution

The 2016-2020 period manifested as an intense adjustment stage of land use in the BTH region,
shaped by the dual drivers of natural climate fluctuations and early-stage rapid urbanization. This
stage was marked by two core characteristics, ecological type polarization and artificial type steady
expansion, which directly mapped onto the structural changes of PLE functional spaces.
Ecologically, the extreme differentiation of land use types (snow and ice/flooded vegetation growth
vs. forest/grassland/bare land loss) translated to the fragmentation and shrinkage of ecological space
in the BTH region, with grassland’s 52.17% reduction (the highest among all types) and forest’s
190.50x10° m? loss leading to the degradation of ecological buffer zones, while the growth of
flooded vegetation (178.23%) partially compensated for wetland ecological space in limited areas.
For artificial land use types, the synchronous expansion of built-up land (10.75% growth, 92.96%
retention rate) and farmland (5.93% growth) corresponded to the rapid expansion of production and
living spaces: built-up land growth directly drove the sprawl of urban living space and industrial
production space, while farmland expansion ensured the stability of agricultural production space,
reflecting the BTH region’s attempt to balance urbanization and food security in the early stage. The
reduction of bare land (47.24%) also represented a positive transformation—idle land was converted
into production or living space via land consolidation, improving the efficiency of land use for PLE
functions.

The 2020-2024 period transitioned to a stable restoration stage, characterized by ecological
restoration initiation and artificial expansion deceleration, with the coupling between land use types
and PLEs becoming more coordinated under the guidance of ecological policies. The most
prominent land use change (forest’s 7.30% growth) directly drove the expansion of ecological space
in the BTH region’s mountainous areas (e.g., Taihang and Yan Mountains), verifying the
effectiveness of the “Grain for Green” program in reconstructing ecological functional space;
meanwhile, the slowed reduction of grassland (from “- 52.17%” to ““- 29.54%") and bare land (from
“-47.24%” to “- 27.49%”) mitigated the continuous shrinkage of ecological space. Conversely, the
near-disappearance of snow and ice (95.33% reduction) due to regional warming led to the loss of
alpine ecological space, and the 12.82% reduction of flooded vegetation weakened wetland
ecological function, revealing the vulnerability of climate-sensitive land use types in supporting
ecological space stability. For artificial-built types, built-up land’s shift from “scale-driven” to
“quality-oriented” expansion (growth rate down by 4.59 percentage points) meant the optimization
rather than sprawl of production and living spaces, the BTH region focused on improving the quality
of existing urban functional spaces instead of occupying new land, while farmland’s moderate
reduction (3.79% decline) reflected a rational adjustment of agricultural production space to
accommodate the moderate expansion of urban production and living spaces under the coordinated
development strategy.

3.3.2 BTH Urbanization Dynamics from the Functional Space Perspective: reflection
for the Interaction Between Humans and Land

Shifting from land use morphology to functional space attributes further unveils the
heterogeneous and unbalanced characteristics of BTH’s urbanization dynamics, which are
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inherently rooted in the spatial differentiation of land use type changes. Production spaces showed
a core-periphery fragmentation feature: the sharp increase and fragmentation of high-intensity
production cells in southern Hebei (adjacent to Beijing and Tianjin) were directly caused by the
spillover of built-up land expansion from core cities to the periphery—industrial land (a subset of
built-up land) in Beijing and Tianjin was relocated to southern Hebei, leading to the scattered
distribution of production functional cells in the peripheral region. Living spaces exhibited a
regional universal expansion feature, with coverage approaching full scale across the BTH region,
which stemmed from the widespread improvement of residential land (another subset of built-up
land) in both core cities and peripheral areas, reflecting the comprehensive advancement of
population urbanization and living facility construction in the region. Ecological spaces presented a
northern expansion with fragmentation feature: the significant expansion of ecological spaces in
Zhangjiakou and Chengde was mainly driven by forest land restoration and grassland protection in
these areas, while the increased fragmentation of ecological functional cells was a result of the
patchy distribution of restored forest land and the remaining scattered bare land, highlighting the
challenge of connecting ecological space patches despite positive land use restoration.

In terms of spatial overlap, the BTH region’s urbanization was characterized by high
integration of PLEs and low overlap of ecological spaces, a pattern closely tied to the land use type
combination. Production and living spaces overlapped extensively (especially in Beijing and Tianjin)
because industrial land and residential land, two key components of built-up land, were highly
mixed in core urban areas, forming integrated production-living functional units that remained
concentrated and balanced. In contrast, ecological spaces showed low overlap with other functional
types and increasing fragmentation, as ecological land use types (forest, grassland, wetland) were
intentionally separated from artificial land use types (built-up land, farmland) in the BTH region’s
land use planning to protect ecological barriers, resulting in the isolated distribution of ecological
functional cells. This spatial pattern reflects the inherent trade-off between urban development
(based on artificial land use types) and ecological protection (based on natural land use types) in the
rapid urbanization of the BTH region.

4 Discussion

4.1 Evaluating BTH Coordinated Development Strategy through PLEs

To build a world-class city agglomeration centered on the capital, the Chinese government
implemented the BTH Coordinated Development Strategy. This strategy aims to address current
issues such as urban challenges in Beijing and the significant development disparities among Beijing,
Tianjin, and Hebei. Over the past decade, up to 2024, the strategy has achieved remarkable progress,
as evidenced by statistical data. In this section, we evaluate the policy’s effectiveness through a
spatial lens by analyzing the spatiotemporal evolution of PLEs maps. Specifically, Figure 5
illustrates that production and living spaces in Hebei Province have continued to expand,
accompanied by a significant increase in high-intensity functional space cells in both categories.
Meanwhile, Hebei, designated as the target area for ecological functions under the policy, has shown
notable improvements in ecological spaces on the PLEs maps. This is particularly evident in regions
like Zhangjiakou and Chengde. Overall, the evolution of PLEs aligns closely with the achievements
described in the introduction, particularly those related to the policy’s primary objective of
relocating Beijing’s non-capital functions. This demonstrates the effectiveness and utility of the
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PLEs spatial analysis in achieving the policy’s goals by 2030.

Additionally, given the significant achievements made over the past decade, the experience of
the Chinese government in implementing the BTH Coordinated Development Strategy serves as a
valuable reference for addressing urbanization challenges. These experiences can be summarized in
three key aspects. Firstly, strong policy measures were implemented to remove barriers to the flow
of economic, demographic, housing, industrial, and technological factors, preventing their
concentration in specific regions and thereby promoting regional integration. Secondly, economic
activities, population, and industries were redirected to surrounding areas, fostering resource
spillover and shared development through optimal resource allocation. Finally, new built-up areas,
such as Xiong’an and the Beijing Sub-Center, were established to accommodate and redistribute
functional spaces, supporting sustainable urban development and the integration of the BTH region.

4.2 Advantages of the mapping Methodology

The advantages of the whole methodology can be summarized into three aspects: (1) efficient
data integration: Combining POI data with land use data seamlessly integrates socioeconomic
activities and natural ecological processes, avoiding complex data layering and excessive statistical
processing while directly reflecting PLEs attributes; (2) scientific classification: POI data is
categorized into PLEs based on China’s national economic industry standards, strengthening the
link between socioeconomic and ecological processes and highlighting each space’s unique
characteristics; (3) Simplicity and applicability: Grid-based functional cell mapping simplifies
spatial comparisons and visualization, streamlining the mapping process and enhancing the
method’s logical consistency and broader applicability.

4.3 Limitations

The main limitation of this study lies in the hierarchical constraints of the mapping process,
which prevent further refinement to a more detailed level. Specifically, some attribute fields in the
POI data lack clear categorization, making it difficult to accurately distinguish different types of
enterprises. For example, under the broad “company and enterprise” category, diverse technology
firms are grouped together despite significant functional differences. Additionally, certain fields
contain recording inconsistencies, further reducing classification accuracy. As a result, the current
PLE mapping framework remains relatively coarse and does not fully capture finer spatial
characteristics. To enhance the effectiveness of PLEs as indicators of urbanization, it is crucial to
refine classification standards and improve mapping precision. This will allow for a more detailed
and dynamic representation of urban functional changes, better aligning with the complexities of
rapid urban development.

5. Conclusion

This study addressed the insufficient exploration of the link between urbanization dynamics
and PLEs by focusing on the BTH region, a typical area facing integrated development demands.
Through innovatively integrating POI and land use data, we developed an optimized grid-level PLE
space mapping methodology, one that integrates socioeconomic processes with natural ecological
foundations while accounting for urban landscape heterogeneity.

The findings are as follows:

(1) Significant Land Use Changes: From 2016 to 2024, the BTH region underwent a distinct
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two-phase evolution in land use rather than following a uniform long-term trend. During the intense
adjustment phase (2016-2020), grassland (52.17% reduction), forest (17.53% reduction), and bare
land (47.24% reduction) all experienced substantial losses. In contrast, the stable restoration phase
(2020-2024) brought a marked reversal: forest cover expanded by 7.30%, while the rate of decline
for grassland (29.54% reduction) and bare land (27.49% reduction) slowed significantly. Water
bodies remained relatively stable across both phases, with net change rates within +1.5%. Built-up
land continued to grow but at a decelerated pace, with its growth rate falling from 10.75% to 6.16%.
Farmland shifted from a 5.93% increase in 2016-2020 to a moderate 3.79% decrease in 2020-2024.
These shifts were driven by the dual forces of urbanization transition and the need to balance
regional food security in the BTH region.

(2) Evolutions of PLEs Patterns: Among the PLEs, living spaces dominated, featuring the
highest number of functional cells and a relatively uniform distribution across the BTH region. By
2024, their coverage neared full scale across the region. Production spaces were spatially
concentrated, with high-intensity production cells showing significant overlap with living spaces,
particularly in core urban areas such as Beijing and Tianjin. Ecological spaces had the fewest
functional cells and remained highly fragmented. They were primarily concentrated in Zhangjiakou
and Chengde, the key ecological barrier areas of the BTH region, with only limited distribution in
Beijing, Tianjin, and Baoding.

(3) Characterization of Urbanization Dynamics: Urbanization in the BTH region from 2016 to
2024 was centrally characterized by the mutual conversion of built-up land and farmland, alongside
the coexistence of ecological restoration and degradation. Spatially, high-intensity production space
cells increased sharply and became more fragmented, especially in southern Hebei adjacent to
Beijing and Tianjin. This pattern reflects the spillover of industrial functions from core cities to
peripheral areas. Ecological spaces expanded notably in Zhangjiakou and Chengde, driven by forest
restoration efforts, yet their functional units became increasingly fragmented. Production and living
spaces maintained a high degree of overlap, embodying mature mixed urban functions in core cities.
While ecological spaces were fragmented, their concentrated distribution in northern BTH formed
a complementary ecological protection pattern amid the region’s urbanization process.

In summary, our work enriches the understanding of the interplay between urbanization
dynamics and urban functional spatial patterns during regional integrated development. It not only
provides a novel case study perspective for characterizing urbanization but also offers a new
quantitative lens and empirical insights to support the BTH region in achieving its integrated
development goals by 2030.
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