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Abstract15

Decades of rapid urbanization have reshaped China’s cities, yet fine-scale built environment disparities remain
unclear due to scarce building-level data. Here, we present SinoBF-1, a national building functional map of China
that delineates 110 million buildings across 109 major cities using 1-meter multi-modal satellite data. Using nine
indicators spanning urbanization intensity, facility accessibility, and infrastructure sufficiency, we quantify disparities
across city tiers, geographic regions, and intra-city zones. Analyses reveal that: (1) Across city tiers, accessibility
and amenity diversity decline sharply from top- to low-tier cities, while mid tiers show more equitable housing
allocation; (2) Geographically, southern cities exhibit the highest access to healthcare, education, and public
services but suffer from infrastructure overcrowding; and (3) Within cities, later-expanding zones exhibit greater
disparities than early-established urban cores. This study reflects legacies of national development policies over
the past half-century and offers a framework for evaluating urban inequality in rapidly urbanizing regions.

16

Introduction17

Cities—home to more than half of the global population—serve as major engines of socio-economic18

development and generate 80% of the world’s gross domestic product (GDP)1. Nowhere is this urban19

dynamism more evident than in China, where four decades of rapid urbanization, driven by reform and20

opening-up policies, have transformed the nation into a global economic powerhouse, contributing one-21

fifth of the world’s GDP and hosting 66% of its population in cities2. Yet beneath this growth lies a deep22

and persistent spatial disparity3. Despite massive investments, industrialization, and modernization, cities23

across China exhibit striking disparities in livability, access to infrastructure, and economic opportunity4.24

Although administrative city tiers are not standardized metrics of urban form or function, they serve as25

a practical proxy for China’s urban hierarchy, where higher-tier cities have historically received greater26
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policy support and infrastructure investment than lower-tier counterparts5. Geographically, the 1935-27

proposed “Hu Huanyong Line” divided China into two contrasting parts, where the southeastern part with28

43% of China’s total area carries 94% Chinese population and produces 95.7% of China’s GDP6. National29

policies, such as the “Northeast Industrial Revitalization Plan”7, were introduced to mitigate enduring30

scars of inequalities brought by historical legacies of war preparedness and industrial relocation8. These31

geographic and socio-economic disparities undoubtedly challenge equal residential environments across32

China. The inequalities that manifested in resources9, facilities10, housing11, etc., threaten long-term33

socio-economic advancement and harm sustainable development12, 13. However, efforts to monitor and34

understand urban disparities have been hampered by the absence of fine-scale, nationwide data and by the35

lack of comprehensive frameworks capable of capturing the multi-dimensional nature of disparities. Here,36

we overcome both limitations and present a national-scale building functional map of China (SinoBF-1),37

covering 110 million buildings. Our results revealed a systematic, multi-dimensional disparity spanning38

urbanization intensity, facility accessibility, and infrastructure sufficiency. Our analysis provides a valuable39

framework that situates today’s patterns in their policy legacies, contributing to the ongoing discourse on40

inequality in the built environment.41

As the most granular units of urban form, buildings are the foundational elements of both residential42

life and economic activity. Their spatial distribution and functional composition directly shape the fabric43

of cities14 . Understanding the attributes of individual buildings is therefore essential for capturing the44

fine-scale structure of urban environments and the inequalities embedded within them15. Advances in45

high-resolution satellite imagery now offer an opportunity to observe cities at the scale of individual46

buildings16, 17. To date, most building-level studies have focused on geometric attributes, such as footprint,47

height, and density, to evaluate their effects on transportation systems18, public health19, and energy48

use20. Many studies of building footprints or rooftop mapping have achieved significant success at a49

global scale21, 22. However, while we now know where buildings are and how they are distributed, we50

still know remarkably little about what individual buildings are used for. This functional blind spot51

represents a critical limitation in current urban research. Recent effort has developed a dataset that52

provides functions for 31 million buildings23 in China, yet research in this field remains at its early stages,53

severely constraining our ability to analyze national-scale disparities using fine-grained building functions54

and resource distribution.55
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Numerous studies have sought to assess disparities in the built environments, yet most have been56

constrained by coarse spatial resolution and a narrow, single-dimensional focus. For instance, global-scale57

travel-time maps at a 1-km resolution have been used to measure accessibility as a proxy for resource58

disparities24. Similarly, unequal allocation in infrastructure25, public services26, green spaces27, and59

household water28 have been evaluated using low-resolution grids (≥ 200 m) or aggregated statistical60

data—each study addressing isolated dimensions in fragmented ways. These unidimensional approaches,61

though insightful, fall short in capturing the complexity of spatial disparities, which are inherently multi-62

faceted and spatially heterogeneous. As a result, current knowledge is limited in both resolution and63

scope, leaving many critical indicators and their interactions underexplored. Addressing this gap requires64

a paradigm shift toward high-resolution and multi-dimensional assessments that can reveal the full extent65

and structure of urban disparity.66

A multi-level system is also needed to understand how spatial disparities unfold within China’s unique67

socio-institutional context. First, the city tiers reflect China’s administrative and economic hierarchy,68

shaping how resources are distributed among cities29. Second, geographic regions capture historical and69

environmental divides —the coastal–inland gradient—that continue to structure disparities in development70

and population4. Finally, intra-city zones reveal differences between early established urban cores and71

later-expanding urban zones, where residents directly experience unequal access to infrastructure and72

services.73

Here, we present SinoBF-130, a national-scale building functional map of China derived from more74

than 69 terabytes of multi-source satellite data, including optical imagery, nighttime lights, and altimetry75

observations. This fine-grained dataset captures the attributes and functions of approximately 110 million76

buildings across 109 cities, covering a total area of 1,094,344 km2. To systematically assess residential77

inequality and its drivers, we introduce a multi-dimensional framework31 comprising nine fine-scale indi-78

cators that are closely associated with the built environment and residents’ daily lives (see Supplementary79

Table 1). They are grouped into three core dimensions: urbanization intensity, facility accessibility, and80

infrastructure sufficiency. Each assessment dimension is explained as follows: (1) Urbanization intensity is81

represented by building height, density, and nighttime light intensity; (2) Facility accessibility is quantified82

by the travel time from each residential building to the nearest education, healthcare, and public service83

facilities, reflecting residents’ access to essential urban services; (3) Infrastructure sufficiency captures the84
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diversity and adequacy of local urban form, using metrics of neighborhood amenity diversity, housing85

inequality, and per capita infrastructure occupation. We then address how institutional, geographical, and86

local mechanisms shape patterns of disparities across the urban landscape by answering two questions:87

(1) What are the national patterns of building function across China’s urban landscape? (2) How do88

disparities in the residential built environment vary across city tiers, geographic regions, and intra-city89

zones? By addressing them, this study provides a lens to understand the structure of disparities in rapidly90

urbanizing contexts. This approach establishes a scalable way for assessing global urban development’s91

spatial inequality, helping design more equitable, inclusive, and sustainable cities.92

Result93

Overview of building function distributions in urban China94

To classify the functions of buildings, we define eight building categories according to the construction95

classification standards of China. These include residential, commercial, administrative, healthcare,96

sport and art, educational, industrial, and public service. Representative examples and visual legends97

are presented in Fig. 1a. According to China’s city hierarchical system, there are five city tiers which98

reflects decreasing gradients of political influence, economic activity, industrial capacity, and population99

size from Tier 1 to Tier 529. We selected 109 cities that cover all city tiers and geographical regions,100

accounting for about half of China’s population and 70% of its GDP (Fig. 1b, Supplementary Fig. 1).101

To assess the reliability of our building-level functional classification, we conducted validations at the102

statistical, building, and point levels using two independent sources: (1) official government reports from103

the National Bureau of Statistics32 and the Ministry of Housing and Urban-Rural Development of China33;104

(2) large geospatial reference point sets comprising 5,280,695 field observation samples from Amap Inc.105

As shown in Supplementary Fig. 2a and Supplementary Table 2, the resulting functional map achieved106

strong agreement with external benchmarks, with an average R2 of 0.8208 at the statistical level and an107

overall accuracy of 84.65% at the individual building level (see method for details).108

Analysis of the national building function (Fig. 1c, Supplementary Fig. 2b) reveals a clear alignment109

between urban functional structure and economic specialization of cities in GDP compositions across110

tiers34. Higher-tier cities, particularly Tier 1 and Tier 2, are characterized by a greater prevalence of111

commercial buildings, reflecting the dominance of service-based economies. For example, Macau, a Tier112
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2 city in southern China, exhibits the highest proportion of commercial buildings among all cities analyzed113

(36.81%), reflecting its exceptional service-oriented economy in which the tertiary sector accounted for114

92.26% of GDP in 2021. In contrast, Tier 5 cities in the southwest show a predominance of industrial115

buildings, indicating their manufacturing- and resource-based economic structures. Panzhihua, a major116

hub for steel, vanadium, titanium, and energy production, recorded the highest share of industrial buildings117

(54.1%), with the secondary sector comprising 54.8% of its GDP.118

We assess the residential built environment across 109 cities using nine building-level indicators grouped119

into three key dimensions: urbanization intensity, facility accessibility, and infrastructure sufficiency (Fig.120

2). Together, these indicators enable a multi-dimensional evaluation of spatial disparities at a fine scale.121

In the following sections, we apply this framework to examine how disparities manifest across China’s122

urban hierarchy—first among city tiers, then across broad geographic regions, and finally within individual123

cities.124

Urban Disparities Along China’s City Hierarchy125

Urbanization intensity (Fig. 2a), as captured by building height, density, and nighttime light intensity,126

varies systematically across China’s city tiers, yet reveals notable and unexpected patterns (Fig. 3a).127

The distribution of building height in Tier 2 cities shows a surprising deviation: the mode value is the128

lowest among all tiers (10 meters). By contrast, Tier 2 cities exhibit the highest average building density129

across all tiers, where the representative city, Zhengzhou (Fig. 1b), stands out as the most spatially130

compact city, with a density exceeding 400 buildings per km2. This suggests that Tier 2 cities, despite131

their economic significance, may favor horizontally expansive development over vertical growth. These132

patterns indicate that density and height—though often correlated—may follow divergent trajectories133

depending on development strategy and planning constraints at the tier level. Overall, the results show that134

Tier 1 cities have the tallest buildings, but the differences among tiers remain relatively modest, ranging135

from 13 m to 10 m. In the building density, Tier 2 cities exhibit a slightly higher density than Tier 1, while136

both are substantially higher than the other tiers.137

Facility accessibility was evaluated using the high-resolution map that integrates our building functions138

with a hierarchical traffic network and 1-meter land-cover product that we previously produced (Supple-139

mentary Fig. 3). This map quantifies the minimum travel time required for each residential building to140
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reach its nearest education, healthcare, and public services (Fig. 2b, 3b). Tier 1 cities exhibit markedly141

higher accessibility. Over 78% of residential buildings in Tier 1 cities are within a five-minute walk of142

the nearest education facilities, compared to 22% in Tier 5 cities. Similar disparities are observed for143

healthcare (52% vs. 28%) and public service (47% vs. 16%). In Tier 5 cities, more than 70% of residents144

must travel over 15 minutes to access at least one of these essential facilities. Furthermore, similar145

accessibility patterns were observed using either population or residential buildings on the y-axis, with Tier146

1 and 2 residents reaching facilities substantially faster than those in lower-tier cities. The accessibility147

maps across five representative cities (Fig. 3c, Supplementary Fig. 4) further reveal a consistent pattern:148

areas with high population density tend to coincide with zones of high facility accessibility.149

Infrastructure sufficiency, the third dimension to evaluate spatial disparities in cities, reveals substantial150

variations across city tiers (Fig. 4). The first indicator, neighborhood amenity diversity, captures both151

the richness and availability of six facility types (e.g., commercial, sport and art, etc.) within 15-minute152

walking zones. Tier 1 and 2 cities cluster in the high-diversity, high-availability quadrant of Fig. 4a. In153

contrast, the majority of Tier 4 and 5 cities fall in the low-diversity, low-availability quadrant, reflecting154

more limited neighborhood amenity diversity. The second indicator, housing inequality, is quantified155

using the Gini coefficient (see method for details), offering a proxy for equity in housing volume across156

the population (Fig. 4b). Tier 3 cities exhibit the lowest median disparity (0.56), outperforming Tier157

1 and 2 cities. These results suggest that moderately developed cities may offer more equitable living158

conditions, despite having fewer total resources. The third indicator measures per capita occupation of159

healthcare and public service, reflecting the adequacy of infrastructure supply relative to local demand (Fig.160

4c,d). Metropolises like Shanghai report the highest per capita provision overall. Conversely, major Tier 1161

cities such as Shenzhen and Guangzhou exhibit lower-than-expected healthcare space per person, trailing162

behind many Tier 3 and 4 cities. Together, these findings challenge the assumption that infrastructure163

sufficiency scales directly with economic development. While metropolises are often presumed to offer164

more equitable amenities, our analysis reveals that mid-tier cities can outperform higher-tier cities. These165

patterns highlight the potential advantages of moderately developed urban systems.166
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Uneven development across China’s geographic regions167

China’s residential built environments also exhibit deep regional disparities, shaped by long-standing168

imbalances in population distribution, economic development, and infrastructure investment3. In terms169

of facility accessibility (Fig. 2b, Supplementary Fig. 2c), the southern and eastern regions consistently170

demonstrate the highest accessibility to educational, healthcare, and public services, reflecting more inte-171

grated urban facilities. Central and northern regions show particular strength in educational accessibility,172

supported by resource-rich cities like Wuhan and Beijing35. In contrast, the northwestern regions face173

substantial deficits in facility access, especially for healthcare and public services.174

Regional patterns of infrastructure sufficiency echo these divides (Fig. 2c). The eastern region reports175

the highest neighborhood amenity diversity, with a Shannon entropy index of 0.76 (Fig. 4a, Supplementary176

Fig. 5c), while the northwest lags far behind at 0.27, indicating a more monotonous and insufficient facility177

landscape. Housing inequality also varies markedly: the northern and northeastern regions show the178

greatest disparities in residential capacity allocation, despite having the highest proportion of residential179

buildings (84.06% and 83.97%, respectively). Cities like Hohhot and Anshan exhibit the most unequal180

distributions, with Gini coefficients of 0.77 and 0.74, respectively. By contrast, the southern region181

demonstrates the most equitable housing distribution, with an average inequality index of 0.54. However,182

equity in housing is not necessarily related to adequate infrastructure provision. Southern cities generally183

face more overcrowded public infrastructure, with per capita space for healthcare and public services184

averaging just 0.006 m2 and 0.031 m2, respectively—substantially lower than values in central, eastern,185

and northern regions (Fig. 4c,d). Northwestern cities, meanwhile, confront compounded challenges of186

both limited facility access and low functional diversity (Fig. 2c), reinforcing spatial disadvantage across187

multiple dimensions.188

Built environment disparities within cities189

To evaluate spatial disparities within cities, we further divided each studied city into three zones—urban190

core, intermediate zone, and urban periphery—based on their development stage, functional planning,191

and administrative boundaries. This zoning approach enables a consistent comparison of infrastructure192

and service disparities across urban gradients. As a typical sample illustrated in Fig. 5a, the delineation193

of zones in Beijing shows distinct population concentrations. In the assessment, we focused on facility194
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accessibility (Fig. 5b) and infrastructure sufficiency (Fig. 5c) because the first dimension (i.e., urbanization195

intensity) is inherently defined at the city-wide scale rather than intra-urban zones.196

In terms of facility accessibility, urban cores consistently offer the shortest travel time to essential197

facilities. On average, residents in urban cores reach education, healthcare, and public service facilities198

within 15, 9, and 18 minutes, respectively. In contrast, those in intermediate zones face substantially199

longer travel time—43, 24, and 51 minutes—while residents in urban peripheries endure the heaviest200

travel burdens, requiring 69, 37, and 83 minutes, respectively, to access these functional buildings. These201

patterns reflect a classic core–periphery structure, consistent with global urban trends26, and highlight the202

persistent service accessibility challenges faced by populations in expanding peripheral zones.203

With regard to infrastructure sufficiency, our analysis challenges the common assumption that inter-204

mediate zones represent sites of future urban advantage36. Instead, we find that these zones exhibit the205

highest disparities in residential capacity allocation, with a Gini coefficient of 0.56—compared to 0.41 in206

urban cores and 0.54 in urban peripheries. Meanwhile, peripheries that typically have lower population207

densities report the highest per capita public infrastructure provision (0.18 m2), exceeding both urban208

cores (0.16 m2) and intermediate zones (0.10 m2). This suggests that while peripheral areas may benefit209

from lower demand, intermediate zones are marked by both high population pressure and insufficient210

infrastructure expansion. To further compare the effects of different intra-city regional division methods on211

the results, we attempted to delineate these areas based on population and building density, and the results212

showed strong consistency. The overall assessments of infrastructure sufficiency indicate that urban cores213

continue to offer the most well-resourced residential environments, largely due to their early development214

and historic concentration of facilities37. Despite targeted planning initiatives aimed at rapidly developing215

intermediate zones38, these areas still suffer from overcrowded infrastructure (low per capita allocation)216

and housing problems (high inequality index).217

Discussion218

This study offers a previously unavailable, high-resolution perspective on spatial disparities across urban219

China by linking building-level functional classifications with multi-dimensional indicators of urbanization220

intensity, facility accessibility, and infrastructure sufficiency. By mapping and quantifying disparities across221

city tiers, geographic regions, and within cities themselves, we uncover spatial structures of disparities222
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that were not detectable using conventional, coarse-scale data. In the following parts, we interpret these223

findings in the context of major national development strategies over the past half-century—demonstrating224

how state-led policies have shaped, and in some cases intensified, spatial disparities in urban China.225

Our analysis reveals distinct patterns in building function distributions across both city tiers and226

geographic regions, shaped in part by legacy national development policies. In particular, we find that the227

spatial allocation of industrial buildings strongly reflects the influence of the “Third Front Movement”, a228

strategic government initiative launched in the 1960s to relocate heavy industries to inland southwestern229

cities for national defense purposes8. Over the past six decades, this industrial transfer has contributed230

to the economic stagnation of northeastern China, where many state-owned enterprises were originally231

located and later downsized or relocated39. While previous studies have documented high vacancy232

rates in residential housing in northern China20, our study provides spatially explicit evidence that233

residential buildings now overwhelmingly dominate the built environment in northern and northeastern234

cities (Supplementary Fig. 2b). These regions also exhibit the sparsest distribution of educational235

facilities—nearly half the density observed in central and eastern cities—and continue to show the lowest236

per capita GDP and the highest shares of primary industry in their economic composition. Although237

revitalization efforts such as the “Northeast Industrial Revitalization Plan” were introduced in the early238

2000s7, our building-level assessment shows that foundational infrastructure in these cities continues239

to lag behind. Furthermore, we also find significant disparities across city tiers. Low-tier cities contain240

disproportionately high concentrations of industrial buildings, while the share of commercial buildings241

increases steadily with tier level (Fig. 1c). These divergent functional structures imply systematic242

differences in economic orientation and urban livability, which may contribute to ongoing population loss243

and internal migration from lower-tier cities—trends that align with observed urban mobility patterns244

reported in previous studies3, 12.245

A clear core–periphery gradient in facility accessibility emerges within Chinese cities, consistent with246

global observations of urban disparities. We find from building-level attributes that residents in urban247

cores consistently enjoy the shortest travel times to essential facilities, while those in intermediate zones248

and peripheries face substantially higher time costs (Fig. 5b). This pattern aligns with prior findings at249

coarser resolutions in global metropolises24, 26, but our results provide a more granular and systematic250

view across 109 cities. By moving beyond large cities and incorporating underdeveloped areas, we uncover251
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far more pronounced disparities than previously reported. At the national scale, facility accessibility252

varies sharply across both city tiers and geographic regions. Although previous studies have primarily253

investigated the healthcare accessibility in China40, 41, our analysis reveals that severe inequalities also254

exist in access to education and public services. For public services, the modal travel time in Tier 5 cities255

is 25 minutes—more than sevenfold higher than the 3.5 minutes observed in Tier 1 metropolises (Fig. 3b).256

The typical time of northwestern cities to reach public services is six times longer than in southern China257

(24 vs. 4 minutes). In response to these challenges, the government introduced the “Western Land-Sea258

New Corridor Plan” in 2019 to improve infrastructure in northwestern cities42. Our findings suggest259

that efforts to enhance public service and healthcare accessibility should be prioritized as part of China’s260

broader strategy to alleviate disparities among tiers and regions.261

This study introduces an approach for evaluating infrastructure sufficiency by measuring both the262

diversity and adequacy of infrastructures. The fine-grained building-level details allow us to uncover263

disparity patterns that remain hidden in conventional gridded or administrative datasets26. Our results264

show that neighborhood amenity diversity is highly stratified by city tier and geography. Tier 1 cities265

exhibit, on average, four times greater amenity diversity than Tier 5 cities (Fig. 4a), while eastern cities266

show great advantages over northwestern counterparts (Fig. 4a, Supplementary Fig. 5). Our results move267

beyond prior global-scale assessments of infrastructure disparities25, 43 by revealing how disparities in268

both diversity and adequacy are embedded at the scale of individual buildings. For example, residents269

in Tier 1 cities benefit from dramatically more infrastructure: per capita public service space is eight270

times larger than in Tier 5 cities (Fig. 4c), while healthcare provision shows a fivefold difference (Fig.271

4d)—inequities that remain obscured in aggregate-level analyses25, 43. Furthermore, we find that housing272

equity does not increase linearly with city development. Instead, residential capacity allocation exhibits273

a U-shaped trajectory across tiers, with Tier 3 cities demonstrating the lowest disparity index (Fig. 4b).274

This trend aligns with prior findings on land carrying capacity44 and housing affordability45, but our study275

further shows how this pattern manifests at a building level through China. Regionally, housing inequality276

is most pronounced in northern and northeastern cities, while the most equitable conditions appear in277

the south (Fig. 4b)—consistent with prior county-scale patterns29. While previous social surveys have278

revealed broad trends in infrastructure disparity across China46, they lack the resolution to identify where279

and how these disparities emerge.280
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Our findings underscore the need to examine spatial disparities in cities as a multidimensional system,281

rather than through isolated indicators. By quantifying disparities in facility accessibility and infrastructure282

sufficiency, and synthesizing them into a composite score, our study provides a comprehensive picture283

of the residential experience in China (Fig. 5d,e, Supplementary Table 3). Despite persistent challenges284

like housing inequality, metropolises consistently score highest in overall residential conditions. These285

advantages are likely driven by the concentration of high-quality infrastructure, but may also intensify286

demand and exacerbate residential space scarcity. This divergence suggests that high urban livability may287

coexist with mounting spatial pressures at the building scale. Regionally, we observe a spatial divide288

that mirrors the 1935-proposed “Hu Huanyong Line”6, with eastern and southern coastal cities largely289

outperforming their western and northern counterparts across most indicators, which corroborates the290

long-term, historical development pattern and reveals the disparity drivers of Chinese geographic regions.291

Our results reveal coherent patterns across scales and indicators. Urban cores and higher-tier cities in292

the eastern and southern regions exhibit shorter travel times and greater amenity diversity, whereas lower-293

tier cities in the northern and western regions and later-expanding urban areas show poorer accessibility294

and lower diversity. Divergences are equally informative. Mid-tier cities display more equitable housing295

allocation than top tiers, and Tier-2 cities combine the highest building density with the lowest modal296

height, indicating a density–height decoupling. Urbanization intensity generally co-varies positively with297

facility accessibility and with amenity diversity, but relates negatively to per-capita infrastructure provision.298

These cross-scale relationships underscore how urbanization drives spatial disparities in Chinese cities.299

This study offers a nationwide and building-level evaluation of spatial disparities of urban China, but300

two key limitations warrant consideration. First, while our analysis captures fine-grained spatial disparities301

in infrastructure, services, and residential patterns, it does not directly incorporate socioeconomic attributes302

of individuals or households (e.g., income, occupation, or service usage). As such, our results reflect303

spatial disparities in the built environment rather than comprehensive social inequality. Future work304

could extend this framework by integrating household-level survey data or administrative statistics to305

assess how spatial patterns align with socioeconomic outcomes. Second, although our building function306

classifications were derived from well-established datasets, they inevitably inherit uncertainties from307

partial volunteer-contributed data (e.g., OpenStreetMap)47–49. In the mapping process, we have undertaken308

a sample selection and extensive validation efforts to mitigate and assess the impact of these uncertainties309
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on the results.310

This study reframes the understanding of disparities in built environments and demonstrates how they311

are spatially structured and vary across tiers, regions, and intra-urban areas. This is a nationwide study to312

uncover hidden layers of building-level disparity that remain invisible in previous studies. Our findings313

demonstrate that building-scale indicators can capture subtle yet systematic differences in infrastructure314

access and diversity, revealing spatial gradients that were invisible in coarse-scale national surveys or315

aggregate socio-economic data. In doing so, the study advances not only urban science but also the tools316

available to planners and policymakers: the framework we propose is scalable, transferable, and aligned317

with global efforts to monitor progress toward SGDs. Beyond China, this approach offers a replicable318

model for diagnosing spatial disparity in rapidly urbanizing regions where detailed administrative data319

may be unavailable. It also opens up research avenues linking the built environment to environmental320

exposure, climate risk, health outcomes, and social mobility.321
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Methods322

The overall workflow of this study encompasses two key parts: (1) national-scale building function323

mapping and validation; (2) multi-level assessments of residential built environments. This section324

comprehensively explains the data sources, the proposed mapping models, and the assessment indicators.325

In Supplementary Figs. 6 and 7, we demonstrate the details of the workflow and main operations. By326

integrating these elements, we aim to provide an overall workflow for building-scale mapping, validation,327

and residential built environment assessment.328

Data329

To comprehensively characterize building attributes and identify their functions, we utilized three modali-330

ties of satellite data as mapping sources, where Supplementary Fig. 8 illustrates the typical samples of331

each data. First, to capture fine-scale building appearances, we acquired high-resolution (1.07m/pixel)332

optical images from Google Earth imagery. By integrating imagery from advanced sensors and satellites,333

Google Earth imagery emerges as a freely accessible high-resolution data source with complete coverage334

of China. The cloud-free and high-quality imagery, produced through advanced pre-processing by Google335

Earth, makes it a suitable source for fine-scale building observation50. Second, to describe the stereoscopic336

attributes of buildings, we used the 10-m resolution building height data of China (CNBH-10m)51. The337

CNBH-10m, as the finest available building height dataset covering China, is generated through data338

fusion from Sentinel-1 and -2, PALSAR, LuoJia 1-01 satellites, and settlement footprint data, providing339

critical information on building verticality. Third, to assess nighttime production activities and potential340

energy consumption patterns, we incorporated 10-m resolution nighttime light images from the SGDSAT-1341

satellite platform. As an advanced scientific satellite dedicated to SDGs52, SGDSAT-1 was launched in342

2021 and equipped with a glimmer imager, a multispectral imager, and a thermal infrared spectrometer.343

This dataset offers a perspective on urban activity levels and energy use at a high spatial resolution, further344

enriching our understanding of building functionality.345

To make better use of these data, we performed preprocessing on the input data to mitigate the potential346

impact of imaging noise on building function mapping. The procedure is illustrated in Supplementary347

Fig. 6. We first resampled the building height data and nighttime light data to 1.07 meters per pixel based348

on the resolution of the optical imagery. Then, following previous processing workflows, we selected349
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cloud-free or thin-cloud scenes from the SGDSAT-1 nighttime light imagery, then we performed stripe350

noise removal and radiance correction to mitigate the effects of imaging noise53, 54. Furthermore, all351

three raster modalities were in the geographic coordinate system of WGS 1984. To ensure stricter spatial352

correspondence among them, we performed co-registration on the input raster data. Supplementary Fig. 8353

(a)–(c) shows the three processed input rasters. Finally, the processed multi-modal remote-sensing data354

were concatenated at the band level to form an aligned data cube for input into the deep learning model.355

Besides, to assess the facility accessibility across 109 cities, the national-scale 1-meter resolution356

land-cover map of China (SinoLC-1) that was produced in our previous study55 and hierarchical traffic357

networks from the OpenStreetMap were utilized as the auxiliary data. By combining these data sources358

with the produced building function map of this study, we were able to robustly calculate the travel359

time consumption between each residential building and other functional facilities to produce the 1-360

meter-resolution, building-scale accessibility maps, ensuring a comprehensive and reliable analytical361

procedure.362

Furthermore, to generate stable and reliable labels of building footprint and function information, we363

leveraged four types of open-access datasets. First, to define the precise boundaries of China’s build-364

ing footprints, we utilized the CN-OpenData dataset56, which provides detailed building locations and365

boundaries for 90 major cities in China. To further supplement footprint annotations, we incorporated366

data from the East Asia Building Dataset57, which serves as an auxiliary source for enhancing annotation367

coverage across China. Second, for building function annotations, we compiled labeled samples by inte-368

grating land-use and area-of-interest (AOI) data from OpenStreetMap, a widely recognized Volunteered369

Geographic Information (VGI) source. Although volunteer-contributed data may have classification or370

positional uncertainty, the accuracy and reliability of OpenStreetMap in China have been widely discussed371

and validated47–49. Many urban studies, both in China and globally, have used it as a critical data source372

for understanding urban patterns, applying it to discussions on urban sustainability, socioeconomics, trans-373

portation, and other aspects24, 58, 59. To accommodate the low noise-to-signal ratios in the OpenStreetMap374

labels, we further applied a weakly-supervised strategy in the model training protocol, screening for the375

reliable parts of the annotations. Together, these diverse data sources provided a comprehensive basis for376

accurate and detailed building function mapping at a national scale.377

Lastly, to comprehensively evaluate the produced building function map, we incorporated a range378
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of authoritative and high-quality datasets. Official government reports included the China Urban-Rural379

Construction Statistical Yearbook 2023 from the Ministry of Housing and Urban-Rural Development of380

China33 and the China Statistical Yearbook 2023 from the National Bureau of Statistics32, which were381

utilized as the statistical validation set. Furthermore, we employed 5,280,695 field-observed points of382

interest (POI) from Amap Inc. to conduct comprehensive validation at the building level. These POIs were383

collected by field survey volunteers or building owners, encompassing more than 100 subcategories of384

real-life facilities (e.g., supermarket, coffee shop, museum, and clinic). To align with the eight building385

functional types of this study, we further merged these subcategories following the classification guidelines386

provided by Amap Inc. Supplementary Tables 2 and 4 present the function definition, samples of these387

subcategories, and the class merging reference.388

Deep learning-based mapping workflow389

To accurately identify the 110 million buildings’ functions involved in 109 cities, we designed an efficient390

mapping framework referring to our previous studies on national-scale fine-grained mapping in China.391

Specifically, the workflow contains data preprocessing, GeoAI model training and inference, and post-392

processing.393

As shown in the first step of Supplementary Fig. 6, the data preprocessing systematically integrates394

multi-modality satellite imagery and multi-source annotation data to construct robust training pairs for the395

deep learning model. Initially, we combined three spectral bands of high-resolution optical images, one396

building height band, and three bands of nighttime light data into a high-dimensional data cube. Prior to397

integration, the height and nighttime light bands were normalized to [0, 1] using min–max scaling, and398

the optical bands were standardized via z-score normalization to reduce illumination and seasonal effects.399

This fusion of data layers enables a comprehensive representation of each building. Subsequently, we400

unified over 100 categories of land-use and AOI data from OpenStreetMap into eight targeted building401

function categories, in alignment with China’s national standards, including the Standard of Construction402

Classification (No. GB/T 50841-2013), Unified Standard for Civil Building Design (No. GB 50352-2019),403

and General Specifications for Civil Buildings (No. GB 55031-2022). Next, the building footprints were404

overlaid with the unified function labels to generate the building-scale training labels. For efficient data405

organization, each city was divided into multiple storage tiles, each measuring 6000 pixels × 6000 pixels.406
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On average, approximately 30% of the buildings within each tile were annotated with their functions,407

ensuring sufficient labeled data for model training.408

To efficiently exploit the generated training data for large-scale building function mapping, we employed

the advanced deep learning model, Paraformer, which was specifically designed for large-scale map

updating with limited labels in our previous studies60, 61. Paraformer is a weakly supervised deep learning

model that integrates a shallow convolutional neural network (CNN) branch with a vision transformer

(ViT) branch. Supplementary Fig. 7a demonstrates the details structures of each branch. The CNN branch

is constructed by five serially connected resolution-preserving (RP) blocks that proposed in our previous

study61. Each RP block contains parallel convolution layers with the sizes of 1 × 1, 3 × 3, and 5 × 5, whose

steps are set to 1 for feature size maintenance. This structure allows the CNN branch to capture fine-grained

building features. For the ViT branch, which contains 12 transformer layers, leverages its global modeling

capabilities to establish long-range dependencies among dispersed geographic areas. This dual-branch

architecture enables the model to effectively handle the complex spatial heterogeneity of city environments.

The semi-supervised training strategy further enhances the model’s ability to learn from the 30% reliable

labeled samples. In detail, we modify the cross-entropy (CE) loss by considering the background and all

function types as the supervised classes. Then, building objects without function-labeled information is

regarded as unsupervised classes, which are ignored during loss calculation. Formally, for a training patch

of the size of W ×H, we used Y′,Ŷ, and G to represent the labels, results, and the unlabeled building

mask, respectively. The modified CE loss can be written as:

LMCE(Y′, Ŷ,G) =

−
W
∑

i=0

H
∑
j=0

[
gi j

L
∑

l=1
y′i j

(l) log(ŷ(l)i j )

]

Sum(G(i, j) = 1)
, (1)

409

where y′i j
(l) and ŷ(l)i j denote the pixel (i, j) of the label Y′ and prediction Ŷ with the class l. If the pixel410

is a building object without function-labeled information, the gi j is set to 0; otherwise, the gi j is set to 1.411

To account for regional variations in building attributes and urban layouts across China, seven separate412

models were trained for each geographic region, following the training approach adopted in our previous413

national-scale mapping study55. During training, each data tile—comprising an aligned data cube and414

labels with sizes of 6000 pixels × 6000 pixels—was randomly cropped into 500 patches of 224 pixels ×415
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224 pixels. This approach maximized the use of training data while maintaining computational efficiency.416

A sample of the mapping result and the corresponding three-dimensional map are shown in Supplementary417

Fig. 8d,e. For model inference, a seamless mapping process was implemented. Input data cubes were418

assigned to their corresponding region-specific models, and a 112-pixel overlap was introduced between419

patches (224 pixels × 224 pixels) to mitigate edge artifacts. The resulting patches were then merged and420

seamlessly spliced to generate an intact and coherent building function map for each city. In general, this421

workflow ensured accurate, high-resolution mapping while addressing the challenges posed by the dense422

and diverse urban environments.423

In addiction, we conducted a post-processing step to further optimize map products (see third step424

of Supplementary Fig. 6). In detail, this part was designed to vectorize the original building function425

map from raster format to polygons and supplement the building footprints that were incompletely426

mapped by the model. For every building footprint in the dataset, we first calculated the percentage427

area occupied by each functional type. If a particular functional type was found to cover more than 50%428

of the building’s total area, we assigned that type to the entire building footprint. Buildings for which429

no single functional type occupied more than 50% of the footprint area were labeled as “unmapped”,430

indicating that their functions could not be confidently determined due to mixed or incomplete class431

coverage. Subsequently, a lightweight classifier with Mask R-CNN structure62 was employed to categorize432

unmapped building footprints. Supplementary Fig. 7b further delineates the details of the post-processing433

step. The structure contains: (1) the geo-prior encoder comprising a fully connected (FC) layer, a rectified434

linear unit (ReLU), and a dropout function; (2) the optical encoder comprising a ResNet50 backbone, a435

feature pyramid network (FPN), and a region of interest (ROI) align function. Following a strategy similar436

to the SEASONet method?, we provided bounding boxes of the building footprints as priors, enabling437

the model to infer their categories with greater precision. Each building footprint was represented by438

its bounding box coordinates normalized to the image space, where the top-left corner corresponds to439

(0, 0) and the bottom-right corner to (1, 1). These normalized coordinates were fed into the geo-prior440

encoder, enabling the model to infer their categories with greater precision. Finally, all building vectors441

were merged according to urban administrative divisions to create a cohesive and unified map.442
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Accuracy validation443

Given the importance of accurate mapping for downstream analysis, we conducted a comprehensive444

evaluation using government reports and in situ validation data outlined in the Data Section. This445

evaluation comprised two parts. First, a statistical-level evaluation was performed for each city based446

on official reports from the China Urban-Rural Construction Statistical Yearbook and China Statistical447

Yearbook. According to the classification system of these statistical reports, eight types of building448

functions were grouped into four primary categories: “residential”, “commercial and business facilities”,449

“administration, public services, and municipal utilities”, and “industrial manufacturing, logistics, and450

warehouse”. Supplementary Fig. 2a presents the details of statistical validation results. Second, a building-451

level geospatial evaluation was conducted by using 5.28 million field-observed points from Amap Inc.,452

which is the most widely used map application in China for daily navigation with its high accuracy and453

reliability. Based on that,point-level and building-level accuracies were calculated to compare the in situ454

points with the mapped buildings at the same location. Before the verification, we selected some POI455

anchor points confirmed through street view photos and field tours for manual confirmation. Overall, it456

shows that POIs are strictly aligned with the utilized remote sensing data under the same WGS 1984457

projected coordinate system.458

Moreover, Supplementary Fig. 9a,c present the detailed information of point sets that were used459

in both point-level and building-level validation, including the total number of points of each building460

functional type and each city. Supplementary Fig. 9b illustrates the spatial distribution of validation461

points in a sample area of Beijing. Specifically, Supplementary Fig. 9d demonstrates a typical example462

of the POI-based validation process. For point-level validation, each POI point is treated as the smallest463

verification unit. It is considered a correct sample if its assigned category matches the functional type of464

the building it belongs to; otherwise, it is an incorrect sample. For building-level validation, each building465

is treated as the smallest verification unit. If the majority of POIs within a building match its functional466

type (i.e., their number exceeds the total of all other POI types), the building’s function is considered to be467

correctly identified.468

From the above verification protocols, statistical-level verification reflects the city-scale consistency469

between the map product and the official government report. Based on the POIs, building-level verification470
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reflects a more practical measure of product accuracy, since if most rooms or POIs within a building serve471

a particular function, it should be considered as the building’s primary functional type. As a reference, we472

also calculated the point-level accuracy in a stricter way, which does not ignore or tolerate the inconsistent473

POIs (e.g., rooms or entities in the same building) serving different functions with the building type. In474

general, Supplementary Table 2 shows the classification system and accuracy of each functional type at475

the point, building, and statistical levels.476

Multi-level residential environment assessment metrics477

To examine the built environment qualities, the nine assessment indicators are grouped into three dimen-478

sions: urbanization intensity, facility accessibility, and infrastructure sufficiency.479

Dimensions of urbanization intensity includes the building height, building density, and nighttime480

light intensity. For the building height, we utilized the 10-m resolution building height data of China, i.e.,481

CNBH-10m, to extract every building’s height across 109 cities. For the building density, we measured the482

total building amounts from the produced building function map and divided it by the total administrative483

area of the city. For the nighttime light intensity, we referenced the boundaries of the GAIA product63
484

and the statistics of normalized nighttime light intensity (0–255) within those areas, adopting 30 as the485

threshold to indicate high-intensity human activity. Accordingly, we identified and quantified areas in486

the SDGSAT-1 nighttime light imagery where the intensity exceeded this threshold. Then, we calculated487

their proportion compared to the total urban area. Fig. 2a demonstrates the spatial distribution of these488

indicators.489

Dimensions of facility accessibility indicates residents’ ease in accessing specific services or facilities.490

In detail, there are three main steps to quantify the facility accessibility. (1) Cost matrix construction:491

based on Weiss’s research on modeling the speed of individuals across the landscape24, we integrated the492

previously produced land-cover product—SinoLC-1 and traffic network data—OpenStreetMap, assigning493

time-cost weights to each land use and road type to construct the cost matrix. The time-cost weights were494

collected from two well-established studies24, 64, and the weight values were shown in Supplementary495

Tables 5 and 6. (2) Facility accessibility calculation: to generate the facility accessibility maps, we obtained496

the CostDistance function, which calculated the least accumulated cost of each pixel to the nearest facility.497

(3) Building-level quantification: we calculated the average accessibility for each residential building498
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to assess the inhabitants’ facility accessibility. The spatial analysis tools utilized in this study were499

implemented using the WhiteboxTools geospatial data analysis platform65. Supplementary Fig. 10500

presents several examples of the accessibility maps across 12 cities, while Supplementary Fig. 11 shows501

the acquisition dates of the high-resolution imagery used to produce the SinoBF-1 and SinoLC-1, which502

served as the basis for calculating these accessibility maps.503

Dimensions of infrastructure sufficiency includes indicators of neighborhood amenity diversity, in-504

equality of residence capacity allocation, and per capita infrastructure occupation, which aim to measure505

both the diversity and adequacy of infrastructures. The details of these indicators are explained in this506

section. Firstly, diverse neighborhood amenities provide a comfortable and adaptable living environment,507

addressing the challenges of growing population density and the need for sustainable urban development.508

Moreover, a neighborhood circle refers to a basic unit within walking distance that meets daily living509

needs?. We evaluated the neighborhood amenity diversity around residential buildings using a 15-minute510

walking distance (1 km buffer), following the Technical Guidelines for Community Life Circle Planning511

issued by the Ministry of Natural Resources of China66, focusing on two indices: building availability512

and amenity diversity (Supplementary Fig. 5a,b). Notably, the calculation involves the building types of513

commercial, administrative, healthcare, sport and art, educational, and public service, where industrial514

buildings are excluded from the analysis as they contribute little to residential comfort. First, availability515

reflects the residential and other functional buildings’ density within the 15-minute neighborhood circle67.516

For each residential unit k, the building availability was calculated as follows:517

Ak =
n

∑
i=1

NIFi, (2)

518

where NIF represents the non-industrial amenity, and n is the number of these amenities. Second, amenity519

diversity signifies the richness and balance of infrastructures68. We utilized Shannon’s index to quantify520

the amenity diversity, and the diversity of residential unit k was calculated as follows:521
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Dk =−
m

∑
c=1

pc log pc =−
m

∑
c=1

nc

∑m
c=1 nc

log
nc

∑m
c=1 nc

, (3)

522

where m is the number of categories of amenities, pc and nc represent the proportion and number of the523

living amenities within the 15-minute neighborhood circle, respectively.524

Furthermore, adequate, safe, and affordable housing is a fundamental goal of sustainable urban devel-525

opment. Residence capacity allocation directly reflects the level of equality in urban living conditions69.526

To quantify this, we applied the Gini coefficient to measure inequality in the distribution of residential527

building space:528

G = 1−
T

∑
t=1

(Pt −Pt−1)(Vt +Vt−1), (4)

529

where t denotes the rank in the cumulative percentage of the population and the building volume, sorted530

in ascending order by average building space per capita, Pt represents the cumulative proportion of the531

population, and Vt represents the cumulative proportion of residential building volume allocated by the532

corresponding group of people. For each grid cell containing multiple residential buildings, we estimated533

the population allocation to each building by multiplying its residential floor area with the population534

density of the grid cell, assuming a uniform distribution of residents across residential spaces.535

Lastly, infrastructure development is also vital to both household livelihoods and economic activity70.

We assessed the infrastructure occupation of residents in cities according to the per capita infrastructure

area (Ipc):

Ipc =
Pop

∑n
i=1 Areai

, (5)

536

where Pop represents the total population of the city, obtained from the Seventh National Population537
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Census, n denotes the number of specific infrastructure facilities, including healthcare and public service,538

and Areai represents the area of each facility.539

Data Availability540

The SinoBF-130 data of all 109 cities generated in this study have been deposited in the Zenodo database541

under accession code https://doi.org/10.5281/zenodo.17844789. The source data utilized in this study were542

collected from various platforms. The optical images are available at https://earth.google.com. The CNBH-543

10m building height dataset is available at https://zenodo.org/records/7827315. It is acknowledged that the544

SDGSAT-1 data are kindly provided by the International Research Center of Big Data for Sustainable Devel-545

opment Goals (CBAS) https://sdg.casearth.cn/en. The building footprint data, including the CN-OpenData546

and the East Asia Building Dataset, are available at https://doi.org/10.11888/Geogra.tpdc.271702 and547

https://zenodo.org/records/8174931. The Land use and AOI data used for constructing urban functional548

labels are retrieved from OpenStreetMap at https://www.openstreetmap.org/. The official government549

reports used for statistical validation are accessed from https://www.stats.gov.cn/sj/ndsj/2023/indexch.htm550

and551

https://www.mohurd.gov.cn/gongkai/fdzdgknr/sjfb/tjxx/jstjnj/index.html. The VGI data used in validation552

are provided through Amap at https://lbs.amap.com/api/javascript-api-v2. The 1-m land-cover map of553

China produced in our previous study is available at https://doi.org/10.5281/zenodo.7707461. The 100-554

meter gridded population dataset that was used to analyze housing inequality and infrastructure allocation555

is from China’s seventh census dataset https://figshare.com/s/d9dd5f9bb1a7f4fd3734?file=43847643.556

Code Availability557

The full methodological framework31, including the complete protocol, source code, and step-by-step558

implementation guidelines, is publicly available on GitHub at https://github.com/LiZhuoHong/SinoBF-1/.559

The repository provides comprehensive documentation, covering map utilization procedures, computation560

of multi-dimensional indicators, and reproducible workflows for building functional mapping.561
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Figure. 1: Building function mapping and distribution across cities. (a) Workflow for building function727

classification and a representative output for Beijing. Multi-modal satellite data that captured optical728

appearance, building height, and nighttime light intensity were integrated to classify buildings into eight729

functional categories. The legend on the right shows the function types and corresponding color codes. (b)730

and (c) Total number, density, and functional composition of buildings across 109 cities, grouped by five731

development tiers. The tier system reflects China’s economic and administrative hierarchy, with Tier 1732

cities representing the most economically developed, and Tier 5 cities representing smaller, less-developed733

municipalities. Clip-art elements were created using © Icograms https://icograms.com/. Maps data © 2025734

Google.735

736

Figure. 2: Multi-dimensional assessment of built environment disparities in 109 cities across China.737

Each row presents three indicators corresponding to one of the three dimensions at the national scale; leg-738

ends are provided in the bottom-left corner of each map. (a) Urbanization intensity, represented by building739

height, building density, and nighttime light intensity. They serve as indicators of urban development740

and concentration. (b) Facility accessibility, measured as the travel time from each residential building741

to the nearest educational, healthcare, and public service facility. (c) Infrastructure sufficiency, assessed742

by neighborhood amenity diversity (Shannon entropy), inequality in residential capacity allocation (Gini743

coefficient), and per capita infrastructure occupation. These indicators reflect the diversity, equity, and744

adequacy of the residential built environment. Basemap data © 2025 Esri, USGS, World Hillshade, used745

under Duke University ArcGIS Pro license.746

747

Figure. 3: Built environment disparities across city tiers: urbanization intensity and facility accessi-748

bility. (a) Left: distribution of building heights across five city tiers, with the mode value labeled for749

each tier (as the peak of the curve). Right: statistical comparison of building density and nighttime750

light intensity among city tiers. (b) Cumulative accessibility curves showing travel time from residential751

buildings to the nearest educational, healthcare, and public service facilities. (c) Population distribution752

and accessibility maps of representative cities from each tier.753

754

Figure. 4: Built environment disparity across city tiers and geographic regions: infrastructure suf-755
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ficiency. (a) Assessment of neighborhood amenity diversity across 109 cities, categorized into four756

quadrants: I—high diversity and high availability; II—low diversity, high availability; III—high diversity,757

low availability; IV—low diversity and low availability. At the top, T1–T5 indicate cities in Tier 1–5.758

Regional abbreviations are as follows: C, Central; E, East; S, South; N, North; NW, Northwest; NE,759

Northeast; SW, Southwest. (b) Violin plots of housing inequality indices measured by the Gini coeffi-760

cient between housing volume and population, shown by city tier (top) and geographic region (bottom).761

Whiskers and red lines indicate maximum, minimum, and median values. (c) and (d) Per capita public762

infrastructure provision (public services and healthcare, respectively), shown as histograms where each763

bar represents one city. Bar width reflects cumulative population size, and representative cities are labeled.764

765

Figure. 5: The overall assessment of urban disparities across city tiers, geographic regions, and within-city766

zones. (a) Zoning approach applied to Beijing, delineating the three divided zones based on administrative767

boundaries and functional roles; the same method was used for all study cities. (b) and (c) Average facility768

accessibility (b) and infrastructure sufficiency (c) across the three zones in 109 cities. (d) Distribution769

of composite disparities scores across city tiers and geographic regions. Scores are based on normalized770

values (0–10) for six building-level indicators (three per dimension in e). Each grid cell represents the771

average score for all cities in the corresponding tier–region combination. (e) The six indicators used in the772

overall assessment, grouped by dimension: facility accessibility (top three) and infrastructure sufficiency773

(bottom three). Clip-art elements were created using © Icograms https://icograms.com/. Basemap data774

© 2025 Esri, USGS, World Hillshade, used under Duke University ArcGIS Pro license.775
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