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Abstract. Gridded population datasets with long-term temporal coverage and fine spatial resolution are essential for earth 10 

system modelling, urban studies, and disaster risk assessment. However, existing population products often fail to adequately 

represent population distribution in vertically developed urban environments. This paper presents the AGPC dataset, a 

temporally consistent gridded population dataset for China at 500 m spatial resolution covering the period 1990–2020. 

AGPC was generated using a machine-learning-based dasymetric mapping framework, integrating multi-source covariates 

including three-dimensional (3D) building volume, building function, and other socioeconomic variables. County-level 15 

census data were used for model calibration, while annual provincial population totals from official statistical yearbooks 

were applied as constraints to ensure temporal consistency. The SHapley Additive exPlanations (SHAP) analysis confirms 

the dominant roles of commercial activity intensity and 3D building volume in shaping fine-scale population distribution and 

highlights the added value of vertical and functional information beyond conventional two-dimensional (2D) indicators. 

Population estimates were produced annually and aggregated to multiple administrative scales for validation. Comprehensive 20 

evaluations demonstrate the reliability and accuracy of the dataset across spatial and temporal scales. At the county level, 

AGPC shows strong agreement with census data, with correlation coefficients R greater than 0.89 and relative RMSE values 

below 1 % for on the independent testing validation sets in for the baseline years 2010 and 2020. At finer scales, grid-level 

population estimates aggregated to the township level exhibit high consistency with independent census data with R greater 

than 0.910.90, indicating satisfactory capability in capturing finer-scale spatial heterogeneity in population distribution. 25 

Multi-temporal validation at the city level for seven time points between 1990 and 2020 yields correlation coefficients 

ranging from 0.79 to 0.99, indicating stable temporal performance. Comparisons with existing global and regional 

population datasets show that AGPC better captures population patterns in high-density and vertically developed urban areas, 

avoiding the density saturation effects commonly observed in 2D products. The AGPC dataset provides a robust and scalable 

population data resource for long-term socioeconomic and environmental analyses in China, and it is available at 30 

https://doi.org/10.6084/m9.figshare.31338352 (Xu et al., 2026). 

https://doi.org/10.6084/m9.figshare.31338352
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1 Introduction 

The spatial distribution of population is a fundamental component for understanding human–environment interactions (Leyk 

et al., 2019; Bondarenko M. et al., 2025). It has been proven that reliable knowledge of population distribution and its 

spatiotemporalspatial-temporal changes serve as a fundamental variable in in a broad range of applications, including 35 

exposures to climate risk (Chen et al., 2020; MacManus et al., 2021; Doocy et al., 2007; Simarro et al., 2011), interventions 

in the natural environments (Feng et al., 2021; Wang et al., 2020), provision of public facilities (Song et al., 2018; Chen et al., 

2023), and decision-makings from local interventions to global initiatives (McDonald et al., 2011; Doxsey-Whitfield et al., 

2015; Tatem, 2014). The demand for timely and spatially detailed population data is particularly strong in regions 

experiencing rapid urbanization and internal migration, such as East Asia and Latin America (Chen et al., 2024; Cheng et al., 40 

2022; Sorichetta et al., 2015; Tu et al., 2022). In China, in particular, sustainable urban development and evidence-based 

policymaking rely heavily on accurate and up-to-date gridded population information (Cheng et al., 2022; Tu et al., 2022). 

Traditionally, population information has been derived from censuses and civil registration systems that are reported for 

irregular administrative units and updated at relatively long intervals, typically every ten years (United Nations, 1980). Such 

data exhibit substantial heterogeneity in spatial resolution, temporal frequency, and accessibility across countries. Therefore, 45 

substantial processing and harmonization are typically required before such data can be used in many analytical workflows 

(Schroeder, 2007). More importantly, census counts aggregated to administrative units fail to represent the highly uneven 

spatial distribution of population within those units, especially in densely settled urban areas (Sorichetta et al., 2015). This 

limitation restricts their direct use in fine-scale spatial analyses and may obscure important subregional disparities. 

In recent years, advances in the availability of routinely updated remote sensing observations, increasing computational 50 

capacity, and improved statistical and machine-learning techniques have created new opportunities for producing spatially 

refined population estimates (Chen et al., 2019; Leyk et al., 2019). These approaches, commonly referred to as population 

downscaling or spatialization, aim to overcome the spatial limitations of census data by redistributing population counts 

from irregular administrative units to regular grids. The earliest and simplest downscaling approach is areal weighting, also 

known as proportional reallocation, which redistributes census population evenly to target grid cells based solely on their 55 

areal overlap (Goodchild and Lam, 1980; CIESIN, 2018). While computationally efficient, areal weighting implicitly 

assumes a uniform population distribution within administrative units and therefore fails to capture intra-unit spatial 

heterogeneity (Salvatore et al., 2005). 

To address this limitation, ancillary gridded variables with finer spatial detail, such as nighttime light intensity, impervious 

surface fraction, and accessibility indicators, have been introduced to inform relative population density. These variables are 60 

incorporated through dasymetric mapping methods, which allocate population according to spatially varying weights derived 

from ancillary data (Zandbergen and Ignizio, 2010; Mennis, 2009; Balk et al., 2006; Salvatore et al., 2005). Correspondingly, 

a number of global and regional gridded population datasets have been developed using different modelingmodelling 
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strategies and ancillary inputs (Leyk et al., 2019). The Gridded Population of the World (GPW) applies areal weighting to 

generate population grids at 1 km resolution for multiple benchmark years (CIESIN, 2018). The Global Human Settlement 65 

Population Grid (GHS-POP) refines population distribution by proportionally allocating census counts according to built-up 

area fractions at resolutions up to 100 m (Freire and Halkia, 2014; Freire et al., 2020). The WorldPop programme further 

incorporates a wide range of ancillary variables and machine-learning techniques to produce annual global population 

estimates at resolutions of 100 m to 1 km (Tatem, 2017; Bondarenko M. et al., 2025). In contrast to these residential 

population products, LandScan provides annual ambient population estimates at 1 km resolution, representing average 70 

population presence over day and night (Dobson et al., 2000). 

At the national scale, substantial efforts have also been devoted to developing gridded population datasets for China. For 

examples, Zhao et al. (2020) employedproposed to use multiple machine- learning methods including Convolutional neural 

network, deep neural network, and random forest, to disaggregate the county-level census population in 2015 into a 1 km 

gridedgridded estimate. Similarly, thea POP2018 gridedgridded population product was developed by Chen et al. (2022) 75 

using a log- linear spatially weighted regression to provide the ambient population distribution for mainland China at a 0.01° 

spatial resolution. More recently, Chen et al. (2024) developed a population downscaling approach that leverages stacking 

ensemble learning models to generate a gridded population dataset for China from the county- and township-level census 

data in 2020 at a 100 m spatial resolution. Some other high-temporal-resolution population maps were also developed by 

incorporating mobile phone positioning and other digital footprint data (Cheng et al., 2022; Tu et al., 2022). In addition, 80 

several studies have used existing gridded population datasets to project future population distributions under different 

development scenarios (Chen et al., 2020). 

Although substantial progress has been achieved in fine-scale gridded population mapping over the past decades, several 

critical limitations remain and deserve further investigation. First, most existing dasymetric population models primarily rely 

on ancillary variables that characterize horizontal land-surface features, such as built-up area density, nighttime light 85 

intensity, POI density, and accessibility to transportation or public facilities. While these two-dimensional (2D) indicators 

are effective in capturing horizontal spatial variation, they fail cannot fully to represent the vertical population-carrying 

capacity of of densely built urban environments. In rapidly urbanizing Chinese cities, characterized by extensive high-rise 

developmentwhere high-rise residential buildings dominate urban cores, this limitation often may leads to systematic 

underestimation of population density in densely built urban areas. Incorporating three-dimensional (3D) building 90 

attributesindicators, such as building height and volume, is therefore crucial for more realistically representing population 

distributions shaped by vertical urban growth. Recent studies have begun to address this limitation by incorporating 3D 

building information into population mapping. At the national scale, Chen et al. (2024) and Lei et al. (2024) incorporated 

building height and building volume, respectively, together with other geospatial covariates to produce 100 m gridded 

population estimates for mainland China. At the urban scale, Yan et al. (2025) and Tu et al. (2026) introduced building 95 

height information for fine-scale population estimation in selected Chinese cities, with Tu et al. (2026) further distinguishing 
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residential and non-residential buildings. These studies demonstrate the potential of 3D building information to improve 

population mapping beyond conventional 2D indicators. Nevertheless, the incorporation of 3D building information into 

gridded population mapping is still at a relatively early stage, with only a limited number of studies conducted at large 

spatial scales. Moreover, publicly available and systematically validated gridded population datasets explicitly incorporating 100 

3D building information remain scarce, limiting their broader application and evaluation. 

Second, Second, despite the availability of multi-year gridded population datasets, most products do not sufficiently account 

for the dynamic evolution of the urban built environment over time. Key processes such as the expansion of impervious 

surfaces, increasing building density, and vertical intensification are poorly captured, largely due to the limited temporal 

availability of ancillary datasets. capturing the temporal evolution of the built environment remains another major challenge 105 

in long-term population mapping, as built-environment characteristics provide a fundamental basis for characterizing 

population-carrying capacity. Even for gridded population products primarily based on 2D built environment information, 

the built-environment data underlying their spatial allocation are often not routinely or consistently updated. For example, 

GHS-POP provides annual population estimates,relies on whereas the 2D GHSL built-up layers used for population 

disaggregation  that are available only for a fewseveral benchmark years (1975, 1990, 2000, and 2014) (Freire et al., 2020; 110 

Pesaresi et al., 2016)., Similarly, while the constrained WorldPop product incorporating building footprints is currently 

available for only a single reference reference year (Tatem, 2017). This temporal limitation is even more pronounced for 3D 

building information, as the few existing 3D-based population mapping studies have generally relied on static 3D building 

data for individual reference years. Consequently, key processes associated with urban development, including horizontal 

expansion, increasing building density, and vertical intensification, remain insufficiently represented in long-term population 115 

reconstruction, making it difficult to characterize corresponding changes in population-carrying capacity over time. 

Temporally consistent 3D built-environment data therefore remain critical for improving long-term population mapping.The 

lack of routinely updated, temporally consistent, and especially 3D built-environment data remains a major bottleneck for 

time-series population spatialization. 

Third, building functions remain insufficiently represented in existing population mapping, despite their important role in 120 

differentiating population-carrying capacity across urban functions. Mbuilding functions reflect the spatial organization of 

human activities and play a fundamental role in shaping population distribution. However, most existing  population 

mapping approaches studies rely on POI data as proxies for urban functions and human activityinfer building functions 

indirectly using POI density (e.g., (e.g., Chen et al., 2024))., However, POI datasets tend to provide more complete 

representations of commercial and public facilities than residential population carriers, because POIs primarily capture 125 

identifiable activity and service locations, whereas ordinary residential buildings are less systematically recorded. which is 

strongly biased toward commercial and public facilities and substantially underrepresents residential functions where the 

majority of the population resides. This imbalance may result in an underrepresentation of residential areas and introduce 

biases into fine-scale population allocationlimits the ability of current models to accurately characterize residential land use 
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and population-carrying capacity, leading to systematic biases in population estimates.  Although recent studies have begun 130 

to distinguish residential and non-residential buildings (e.g., Tu et al., 2026), the explicit integration of spatially detailed 

building functions with 3D building structure remains limited, particularly for nationwide population mapping. Explicitly 

integrating building functional types into population mapping frameworks is therefore essential for capturing fine-scale 

spatial heterogeneity, particularly in residential-dominated urban areas.Explicitly incorporating building functional types can 

therefore provide complementary information beyond POI-based indicators and better account for the heterogeneous effects 135 

of different urban functions on population allocation. 

To address these research and data gaps identified in the existing literature, this study advances conventional dasymetric 

population modelingmodelling by explicitly incorporating multi-temporalroutinely updated 3D urban building characteristics, 

including building height, volume, and coverage ratio, to characterize changes in population-carrying capacity associated 

with both horizontal urban expansion and vertical development. In addition, building functional types within settlement areas 140 

are explicitly integrated into the construction of dasymetric weights, enabling the model to better differentiate population 

allocation across urban functionsenabling the model to better .capture the heterogeneous influences of different urban 

functions on population spatial distribution. Together, these enhancements are designed to improve population estimation 

accuracy, particularly in high-rise and densely built urban environments. Based on this enhanced framework, we develop an 

annual gridded population dataset for China (AGPC) at a 500 m spatial resolution covering the period 1990–2020, supported 145 

by a recently developed spatiotemporally consistent 3D urban structure dataset (Liu et al., 2025; Wu et al., 2026). Machine 

learning models are employed to estimate population distribution weights at five-year time points from 1990 to 2020 based 

on relate population counts to 3D building characteristics, building functional types,, and other geographic and 

socioeconomic covariates POI density, and road accessibility. These weights are subsequently interpolated to generate a 

temporally continuous annual sequence, and year-specific Cofficial population ensus and statisticsal yearbook data are 150 

thenfurther applied as administrative multilevel constraints to convert the annual weights into gridded population estimatesto 

generate five-year gridded population estimates for 1990–2020, which are subsequently interpolated to produce a temporally 

continuous annual population series. Grounded in multi-temporalmulti-year 3D building information and constrained by 

official population statistics, the AGPC dataset  provide a temporally consistent representation of population redistribution 

associated with the evolving urban built environment. The resulting dataseteffectively captures the population-carrying 155 

capacity of urban 3D building space and its evolution over time. It provides a more reliable representation ofcan support 

long-term analyses of population dynamics under rapid urbanization and offers robust data support for applications such as 

population change dynamics under rapid urbanization and applications such as analysis, disaster exposure assessment, and 

urban planning. 
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2 Data and preprocessing 160 

The data used to derive the AGPC dataset consist of four main components. County-level population census data are used as 

the dependent variable for dasymetric population modelingmodelling. Urban environmental indicators, including routinely 

updated 3D building characteristics that represent population-carrying capacity, are incorporated as covariates in the 

modelingmodelling framework. Annual provincial-level population totals from official statistical yearbooks spanning 1990–

2020 are applied as constraints to ensure consistency between gridded population estimates and census-based demographic 165 

records for each year. In addition, township-level and city-level population statistics, together with  and widely used gridded 

population datasets, are collected for independent validation and comparative evaluation of the resulting population 

estimates.  

2.1 Census and statistical data for population 

County-level population census data for mainland China in 2010 (Fig. 1-a) and 2020 (Fig. 1-b) were obtained from the Sixth 170 

and Seventh National Population Censuses of China (Population Census Office under the State Council and National bureau 

of Statistics, 2012a; Office of the Leading Group of the State Council for the Seventh National Population Census, 2022b). 

Here, county-level administrative units refer collectively to counties, urban districts, county-level cities, and other 

administrative divisions at the equivalent level in China. Population statistics for 2,8452,848 counties such county-level units 

across mainland China 31 provinces were digitized and linked to corresponding county boundary data acquired from the 175 

Tianditu platform (www.tianditu.gov.cn) (Fig. 1-a and b). Hong Kong, Macao, and Taiwan were excluded due to differences 

in census systems and data availability. These county-level census data were used to train and validate the dasymetric 

population model using a five-fold cross-validation strategy. In each fold, the data were randomly split into 70% for model 

training and 30% for validation, and the procedure was repeated five times to comprehensively assess model 

performance.For model development and evaluation, the county-level census data were randomly divided into a 70 % 180 

training subset and a 30 % independent validation subset. The training subset was used for model fitting and hyperparameter 

optimization, while the validation subset was held out from the entire training and tuning process and used exclusively for 

the final evaluation of model performance. 

Because fine-resolution ground-truth population data are rarely available for direct validation (Leyk et al., 2019), township-

level (including towns, townships, and subdistricts) population statistics were collected from the Tabulation on the 2010 and 185 

2020 China Population Census by Township (Population Census Office under the State Council and National bureau of 

Statistics, 2012b; Office of the Leading Group of the State Council for the Seventh National Population Census, 2022a) for 

independent assessment. Approximately 6,800 town-level records for 2010 (Fig. 1-c) and 3,830 records for 2020 (Fig. 1-d), 

representing a finer spatial scale than the county-level training data, were used to evaluate the accuracy of gridded population 

estimates, with a particular focus on the model’s ability to capture intra-county spatial heterogeneity. Approximately 10,000 190 

township-level census records were compiled for each of 2010 (Fig. 1-c, 10,834 records) and 2020 (Fig. 1-d, 10,336 records). 

http://www.tianditu.gov.cn/
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As the original township-level census records were primarily available in tabular form without explicit spatial information, 

they were spatially matched to township administrative boundaries based on administrative names, with ambiguous records 

manually verified to account for duplicated names, administrative name changes, and boundary adjustments. The resulting 

validation datasets provide broad geographical coverage across mainland China, with all provinces represented. These 195 

township-level records, representing a finer spatial scale than the county-level training data, were used to independently 

evaluate the accuracy of the gridded population estimates, with a particular focus on the model’s ability to capture intra-

county spatial heterogeneity. In addition, annual provincial-level population totals for the period 1990–2020 were obtained 

from official national statistical yearbooks (https://www.stats.gov.cn/english/) and applied as constraints to ensure 

consistency between gridded population estimates and reported demographic statistics for each year. Furthermore, a total of 200 

1,501 city-level population records collected from provincial statistical yearbooks for various years were used to validate the 

temporal consistency and long-term performance of the gridded population time series. 
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Fig. 1 Population census data from Sixth and sSeventh National Population Census of China, including county-level population 205 
data for in 2010 (a) and 2020 (b), and the spatial distribution of selected township-level census units forpopulation in 2010 (c) and 
2020 (d) 

Population data at multiple spatial scales jointly constitute a hierarchical consistency-control framework for gridded 

population allocation, with each administrative level playing a distinct role in model training, constraint enforcement, and 

validation. Figure. 2 illustrates the hierarchical structure and functional roles of population statistics at different 210 

administrative levels within the proposed dasymetric modelling framework. For the baseline years (2010 and 2020), county-

level census data are used both as the dependent variable for model training and as total-population constraints for grid-level 

allocation, while township-level population statistics provide an independent dataset for validating the baseline gridded 

estimates at a finer spatial scale. For multi-temporal population estimation, provincial-level population statistics are applied 

as annual total-population constraints to ensure interannual consistency of the gridded time series, and city-level population 215 

data are used to evaluate the accuracy and temporal stability of the resulting multi-year gridded population estimates. 
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Fig. 2 Hierarchy of population census data and their respective roles in this study roles in model development, population 
constraints, and evaluation 220 

2.2 Urban environmental indicators 

Previous studies have consistently demonstrated that population distribution is strongly associated with both natural and 

socioeconomic factors (Cheng et al., 2022; Leyk et al., 2019; Tu et al., 2022). Building on this foundation, this study further 

incorporates 3D urban building information to better characterize the built environment and the vertical heterogeneity of 

population aggregation. Moreover, population distribution is known to exhibit spatial autocorrelation, whereby 225 

environmental conditions in neighbouring grid cells may influence local population patterns (Chen et al., 2020). MoreoverIn 

addition, the building functional types within settlement areas are explicitly integrated into the modelling framework, 

enabling the model to better capture the heterogeneous influences of different urban functions on population spatial 

distribution. Accordingly, five categories of urban environmental variables, comprising a total of 21 indicators, were selected 

as model inputs for dasymetric population mapping (Table 1). Together, these variables represent urban 3D structure, 230 

building function, socioeconomic activity intensity, transportation accessibility, and natural terrain conditions, providing a 

multidimensional basis for population disaggregation. 
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Table 1 Environmental indicators and datasets used in this study 

Data category Indicator Data format Source 

3D urban structure 

Building volume, 

Volume_nei, 

Building height, 

Height_nei 

GridedGridded raster 

(500 m resolution) 
Liu et al. (2025) and Wu et al. (2026) 

POI density 

ResidencePOI_den, 

RecreationPOI_den, 

ServicePOI_den, 

EducationPOI_den, 

CommercialPOI_den, 

OfficePOI_den, 

MedicalPOI_den, 

OpenspacePOI_den 

Vector point 
Gaode Map 

(https://amap.com/) 

Building function 

Residential_frac, 

Commercial_frac, 

Industrial_frac, 

Openspace_frac 

Vector polygon Li et al. (2025) 

Proximity to road network 

PrimaryRoad_dis 

SecondaryRoad_dis 

TertiaryRoad_dis 

Vector polyline 
OpenStreetMap 

(https://www.openstreetmap.org/) 

Topographic information 
DEM, 

Slope 

GridedGridded raster 

(1 arc-second 

resolution) 

SRTM DEM 

NASA Jet Propulsion Laboratory 

(JPL) (2013) 

Note: The suffixes _nei, _frac, _den, and _dis denote neighbourhood-effect, fraction-based, density-based, and distance-

based indicators, respectively. 235 

2.2.1 3D urban structure dataset 

Building-related variables constitute a core component of the gridedgridded population modelling framework. Unlike 

conventional approaches that rely primarily on 2D land-use indicators or nighttime light data, this study explicitly 

incorporates 3D urban structure information to quantify the population-carrying capacity of vertical urban space. The 3D 

building variables were derived from the spatiotemporal GUS-3D dataset developed by our research team (Liu et al., 2025; 240 

Wu et al., 2026), which provides global coverage at a 500 m spatial resolution and includes building volume, building 
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footprint ratio, and footprint-area–weighted mean building height for each grid cell. The dataset spans 1990–2020 at five-

year intervals, enabling dynamic characterization of the spatiotemporal evolution of urban 3D structure. The manuscript 

describing the complete GUS-3D dataset is currently under review (Wu et al., 2026); however, the data used in this study are 

currently accessible through a private Figshare link provided in the Data Availability section. A permanent public repository 245 

and corresponding DOI citation will be provided upon formal publication of the GUS-3D dataset. In this study, building 

volume and building height were selected as key indicators of population-carrying capacity. To account for neighbourhood 

effects, mean building volume and mean building height within a 5 × 5 grid-cell window were also included as additional 

model inputs. 

2.2.2 Points of interest data 250 

POIs serve as spatial proxies for urban functional facilities and socioeconomic activities and can partially reflect the intensity 

and type of human activities within cities. POI data were collected from Gaode Map (https://amap.com) through its API in 

2020, comprising more than 34 million recordsyielding a total of 43,061,000 records. To better capture major urban activity 

patterns, tThe original 23 POI categories defined by Gaode Map were aggregated into eight functional types: to better 

capture major urban activity patterns, e.g., residential, recreation, life services, education, commercial, office, medical, and 255 

open space. Details of the reclassification and record counts are provided in Table 2. Kernel density estimation (KDE) was 

applied to each POI category to generate density surfaces at a 500 m spatial resolution. A quartic kernel function (Silverman, 

2018) with a uniform bandwidth of 2,000 m was used for all KDE calculations. Because comparable historical POI archives 

extending back to the 1990s and early 2000s are generally unavailable, the 2020 POI density surfaces were treated as 

temporally invariant covariates in the historical reconstruction. It should also be noted that the acquisition year of a POI 260 

record does not necessarily correspond to the establishment year of the associated facility. 

Table 2 Summary and classified Classification scheme and summary of points of interest used in this study 

Reclassified category Original category Numbers of POIs 

Residential Accommodation services, Business residential buildings 1,614,411 

Recreation Sports and leisure services 683,836 

Life services 
Motorcycle services, Automobile services, Automobile maintenance, 

Life services, Catering services 
10,999,972 

Education Science, education, and cultural services 1,238,720 

Commercial Shopping services, Automobile sales, Financial and insurance services 12,231,079 

Office Government agencies, Companies and enterprises 4,115,437 

Medical Healthcare services 1,278,173 

Open space 
Scenic attractions, Public facilities, Road-related facilities, 

Transportation facilities 
2,073,618 

https://amap.com/
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2.2.3 Building function dataset 

As discussed above, although POI intensity can partially reflect the intensity and types of human activities, residential POIs 

are typically underrepresented in current map service datasets compared with commercial and public facilities. This 265 

imbalance arises from the data production mechanisms of commercial mapping platforms, which tend to prioritize 

economically active and publicly accessible locations. As a result, large residential compounds are often represented by only 

a limited number of residential POIs and are frequently surrounded by dense clusters of commercial POIs, leading to a 

dilution of residential signals. Consequently, it is necessary to explicitly incorporate building functional information into the 

modelling framework to mitigate the systematic biases introduced by the imbalance in POI representation. Building 270 

functional type information in this study was derived from the an enhanced essential urban land use categories (EULUC–

China 2.0) dataset (Li et al., 2025), which provides detailed level-I urban land-use classifications (residential, commercial, 

industrial, public, and transportation) in vector format. The dataset was rasterized to a 500 m spatial resolution to ensure 

consistency with other covariates, with each grid representing the proportional composition of functional types. The 

rasterized functional layers were further reviewed and corrected through visual interpretation of high-resolution satellite 275 

imagery to reduce misclassification and improve the reliability of residential function representation. 

2.2.4 Road network information 

Road networks are a core component of urban transportation infrastructure and are closely associated with human mobility 

and daily activities, thereby exerting a strong influence on population agglomeration and spatial distribution. Road network 

data for China were obtained from OpenStreetMap (https://www.openstreetmap.org/). To represent major transportation 280 

structures and routine commuting patterns, only primary, secondary, and tertiary roads were retained. Road accessibility was 

quantified using Euclidean distance, calculated separately as the distance from the center centre of each 500 m grid cell to 

the nearest road of each class, enabling the model to capture the differentiated effects of road hierarchy on population 

distribution. 

2.2.5 Topographic information 285 

Topographic conditions play an important role in shaping settlement patterns and population distribution. Digital elevation 

models (DEMs) are therefore widely used in gridded population studies (Ye et al., 2019; Tatem, 2017). Among topographic 

variables, slope reflects surface suitability for urban development, as flatter terrain generally supports higher population 

concentrations. DEM data were obtained from the Shuttle Radar Topography Mission (SRTM), jointly released by the 

National Aeronautics and Space Administration (NASA) and the National Imagery and Mapping Agency (NIMA), at a 290 

spatial resolution of 1 arc-second (NASA Jet Propulsion Laboratory (JPL), 2013), and accessed via Google Earth Engine. 

Slope was derived from the DEM and resampled to a 500 m resolution using the nearest-neighbour method to ensure 

consistency with other model inputs. 
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3 Methodology  

This study aims to generate an annual gridded population dataset (AGPC) for mainland China by explicitly accounting for 295 

the population-carrying capacity of 3D building space, building functions, and their temporal evolution. The methodological 

framework consists of two main stages. First, dasymetric population mapping models were trained and validated for the 

baseline years 2010 and 2020, when detailed census data and comprehensive urban environmental covariates are available. 

Multiple machine learning algorithms were employed to learn the relationships between population counts and explanatory 

variables at the county level. Second, the trained baseline models were extended to the period 1990–2020 at five-year 300 

intervals by incorporating time-varying urban environmental indicators. The resulting dasymetric weights were further 

interpolated to an annual scale within each five-year interval to capture continuous temporal dynamics. Annual gridded 

population estimates were then allocated and constrained using official provincial-level population totals to ensure 

consistency with reported demographic statistics. The complete workflow is illustrated in Fig. 3, and the detailed modeling 

procedures are described in the following subsections. 305 
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Fig. 3 The overall workflow of deriving the AGPC dataset 

3.1 Determine the inhabited region 

In this study, census population counts were disaggregated only into inhabited regions to avoid allocating population to 310 

uninhabited land covers, following an approach similar to the constrained WorldPop framework (Tatem, 2017). Inhabited 

regions were defined primarily identifiedas areas within built-up zones, represented by based on  the presence of building 

presences, supplemented with impervious surface data to capture small and fragmented built-up areas. This restriction was 

applied to avoid allocating population to uninhabited land covers and to improve the realism of fine-scale population 

distribution. To capture the spatiotemporal dynamics of inhabited regions over the study period (1990–2020), building 315 

footprint ratio data from the GUS-3D dataset (Liu et al., 2025; Wu et al., 2026) were integrated with annual impervious 

surface information extracted from the 30 m Annual Global Land Cover (AGLC) dataset (Li et al., 2026). The AGLC dataset 

extends the temporal coverage of impervious surface information originally provided by the Global Annual Urban Dynamics 

(GAUD) dataset (Liu et al., 2020) to 2022, enabling year-specific impervious surface layers to be used throughout the study 
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periodfrom the GAUD dataset (Liu et al., 2020). The GUS-3D dataset provides the proportion of building footprints within 320 

each 500 m grid cell, while GAUD offers binary impervious surface data at a 30 m resolution.Because small and fragmented 

impervious features were partially filtered during the construction of GUS-3D, impervious surface fractions were 

recalculated at the 500 m grid level from the corresponding annual 30 m AGLC layers and merged with the GUS-3D 

building footprint ratios to construct a more complete inhabited-region mask for each year Although the GUS-3D building 

footprint ratio was derived from GAUD impervious surfaces, small and fragmented impervious features were partially 325 

filtered during dataset construction. To compensate for this omission, impervious surface fractions were recalculated at the 

500 m grid level based on the original 30 m GAUD data and merged with the GUS-3D building footprint ratios to construct 

a more complete inhabited-region mask for each year. In addition, fragmented settlements not captured by the AGLC GAUD 

dataset, such as small rural villages in mountainous areas (e.g., parts of Sichuan Province), were supplemented through 

manually delineation  delineated using high-resolution satellite imagery from Google Maps. For these manually identified 330 

built-up areas, Bbuilding height and volume for these supplementary settlements were assigned based on visual 

interpretation andto ensure consistency with surrounding settlement patterns. This supplementary procedure further improves 

the spatial completeness and continuity of inhabited regions, particularly in sparsely populated and topographically complex 

areas. 

3.2 Preparation for county-level covariates and population density 335 

Following established practices in gridded population modeling (Leyk et al., 2019), this study first models the relationship 

between population density and multidimensional geographic covariates at the county level, and subsequently transfers the 

learned relationship to the 500 m grid scale for population spatialization. Accordingly, both population statistics and 

environmental variables were aggregated to the county level for model development. Population density, rather than total 

population counts, was adopted as the dependent variable, as it is more appropriate for cross-scale comparison and spatial 340 

modeling (Ye et al., 2019; Cheng et al., 2022).County-level population density was calculated by dividing the census 

population of each county by the area of its inhabited region. A total of 21 environmental indicators (Table 1) were used as 

explanatory variables in the dasymetric population model. Population density, rather than total population counts, was 

selected as the dependent variable, as it has been widely demonstrated to be more suitable for cross-scale comparison and 

spatial modeling than absolute population totals (Ye et al., 2019; Cheng et al., 2022). County-level population density was 345 

calculated by dividing the census population count of each county by the area of its inhabited region. A total of 21 indicators 

(Table 1) were used as environmental covariates covariates to constructin the dasymetric population model.  

To ensure comparability among covariates with different units, magnitudes, and distributions, To ensure comparability 

among variables with different units, magnitudes, and distributions, a two-step transformation and normalization procedure 

was applied before model traninga unified normalization procedure was applied to both the explanatory variables and the 350 

response variable. First, all 500 m resolution environmental layers were aggregated to the county level by computing their 
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mean values within each county. Given the pronounced long-tailed distributions observed in most covariatesvariables, each 

county-level covariate was first log-transformeda two-step normalization strategy was employed to reduce scale effects and 

limit the influence of extreme values. Specifically, each variable was first log-transformed: 

𝑥!"# = ln%𝑥!" + 1( (1) 355 

where 𝑥!" denotes the original value of covariate feature 𝑗 in county 𝑖, and 𝑥!"#  is the corresponding log-transformed value. 

Subsequently, the log-transformed covariates were scale normalized byation was performed by dividing each log-

transformed variable by their respectiveits national 95th percentiles: 

𝑥-!" =
𝑥!"#

𝑄$.&'%𝑥"#(
(2) 

where 𝑥-!" represents the normalized standardized feature value used as model input, and 𝑄$.&'	(∙) denotes the 95th percentile 360 

of the log-transformed covariate feature 𝑗 across all counties nationwide. The resulting normalized standardized county-level 

covariatesenvironmental indicators were used as explanatory predictors in the machine- learning models. For the response 

variable, , while the log-transformed county-level population density was log-transformed to reduce its skewnessserved as 

the response variable. To ensure consistency between model training and application, the same transformation and 

normalization parameterstransformation parameters derived at the county- level covariates were subsequently applied to the 365 

grid-level covariates during population estimation. This procedure  ensures consistent scaling of the explanatory variables 

between model training and grid-level predictionguarantees scale consistency and enhances the robustness and 

interpretability of the final gridded population predictions. 

3.3 Weight calculation by machine learning methods  

To model the relationship between population density and environmental covariates, we evaluated three machine learning 370 

regression approaches: eXtreme Gradient Boosting (XGBoost) (Chen and Guestrin, 2016), a support vector regression (SVR) 

(Vapnik, 1997), and a random forest (Breiman, 2001). After extensive testing, XGBoost consistently demonstrated the best 

overall predictive performance during both the training and validation phasesachieved the lowest RMSE and highest 

correlation coefficients (see Table S1 in Supplementary Materials) in training and validation phases and was thus therefore 

selected as the final modelling approach. 375 

XGBoost is an ensemble method based on gGradient bBoosting dDecision tTrees (GBDT), capable of capturing nonlinear 

relationships and robust against overfitting. Unlike traditional GBDT, XGBoost incorporates both first- and second-order 

derivatives of the loss function via a second-order Taylor expansion, enabling more precise optimization. The model is 

trained iteratively, sequentially adding Classification and Regression Trees (CARTs) as weak learners to progressively 

correct residual errors. Mathematically, the XGBoost prediction can be expressed the prediction as an additive ensemble of 380 

decision trees: 
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𝑦3! =4𝑓((𝑥!)
)

(*+

𝑓( ∈ 𝐹 (3) 

where 𝑛 denotes the number of trees, 𝑥! is the input feature vector of the 𝑖-th sample; 𝑦3! is the corresponding predicted value; 

and 𝐹 represents the space of all possible CARTs. Each new tree is trained to fit the residuals of the existing ensemble, 

progressively approximating the true target function. The objective function of XGBoost combines a loss term and a 385 

regularization term: 

𝐿 =4𝑙(𝑦! , 𝑦3!)
,

!*+

+4𝛺(𝑓-)
.

-*+

(4) 

where 𝑙(𝑦! , 𝑦3!) quantifies the prediction error for the 𝑖-th sample measuring the discrepancy between observed value 𝑦! 

andamd its corresponding prediction 𝑦3!; 𝑁 is the total number of data samples; 𝐾 represents the number of decision trees in 

the ensemble; and 𝛺(𝑓-) is the regularization term that penalizes the complexity of the 𝑘-th decision tree. The regularization 390 

term is defined as: 

𝛺(𝑓) = 𝛾𝑇 +
1
2𝜆4𝜔"/

0

"*+

(5) 

where 𝑇  is the number of leaf nodes; 𝜔"  represents the weight of the 𝑗 -th leafs; and 𝛾  and 𝜆  are regularization 

hyperparameters controlling model complexity. This formulation constrains both tree structure and leaf weights, mitigating 

overfitting and enhancing generalization. Hyperparameters of the XGBoost model were optimized using a grid search with 395 

K-fold cross-validation (GridSearchCV), which evaluates all parameter combinations and selects the configuration that 

maximizes performance on validation sets. This procedure ensures robust model training and improves predictive accuracy 

when applied to unseen data. 

3.4 Calculation of gridedgridded population for the baseline years of 2010 and 2020 

Dasymetric population mapping exploits the relationship between population density and environmental characteristics to 400 

generate spatially explicit weighting surfaces, which indicate the relative likelihood of population presence. These weights 

are subsequently used to redistribute census population counts to finer grid cells proportionally to their relative magnitude. 

3.4.1 Generation of population weight 

Grid-level environmental covariates, normalized as described in Sect. tion 3.2, were input into the trained XGBoost 

regression model to predict log-transformed population density for each 500 m grid cell. An inverse logarithmic 405 

transformation was then applied to recover weights proportional to population density: 
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𝑊12!3 = 𝑒4! − 1 (6) 

where 𝑊12!3 denotes the weight that represents the relative population-carrying capacity and attractiveness of each grid cell 

within its corresponding county; and 𝑦# is the XGBoost model output for that grid. 

3.4.2 Allocation of the girded gridded population 410 

Following weight generation, county-level census totals were imposed as constraints. Population was allocated to individual 

grid cells proportionally to their relative weights, resulting in the final high-resolution gridded population estimates: 

𝑃12!3 =
𝑃567)(4 ×𝑊12!3

∑𝑊12!3
(7) 

where 𝑃567)(4 denotes the total population of a given county, and 𝑃12!3 represents the estimated population for an individual 

grid cell within that county. This approach ensures that the sum of grid-level populations within each county matches the 415 

official census count while reflecting spatial heterogeneity informed by environmental covariates. 

3.5. Deriving the time-series gridedgridded population dynamics 

To capture multi-temporal population dynamics, the spatial extent of inhabited regions was updated in accordance with 

changes in building footprint and built-up area data, allowing the model to dynamically reflect urban expansion. This 

approach enables the population maps to represent both dense concentrations in urban cores and progressive in-filling in 420 

peripheral areas associated with outward growth of the built environment. Most geographic covariates, such as topography, 

POI density, and road accessibility, were assumed to remain temporally invariant over the study period, while built-up area, 

3D building volume, building height, and their neighbourhood effects were updated at each time steppoint. Under this 

assumption, the trained XGBoost model serves as a transferable spatiotemporal predictor. Specifically, the 2010 baseline 

model was applied to the five-year time points from 1990 to 2015 (i.e., 1990, 1995, 2000, 2005, 2010, and 2015) to estimate 425 

population distribution weights, whereas the independently trained 2020 model was used for 2020. The 2010 model was 

selected as the common baseline for historical reconstruction because it provides a more appropriate reference for the pre-

2020 period than the terminal-year 2020 model, thereby reducing the potential influence of population–environment 

relationships specific to more recent urban development. Using a common baseline model also helps maintain 

methodological consistency across the historical time series. Multi-temporal population distribution weights were estimated 430 

at five-year intervals using the time-varying built-up area and 3D building characteristics corresponding to each time 

point.Multi-temporal population distribution weights were estimated at five-year intervals using the time-varying 3D 

building characteristics and built-up area information from the GUS-3D dataset. To generate annual population weights, 

linear interpolation was applied between consecutive five-year intervalstime points: 
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𝑊12!3,(9- = 𝑊12!3,(9! +
1𝑘
5 %𝑊12!3,(9' −𝑊12!3,(( 𝑘 = 1,2,3,4 (8) 435 

where 𝑊12!3,  (9- denotes the interpolated population weight of a grid in year 𝑡 + 𝑘 (𝑡  <  𝑦  <  𝑡 + 5).; 𝑊12!3,( and 𝑊12!3,(9' 

represent the estimated population weights at two consecutive five-year time points; and 𝑘 denotes the number of years after 

𝑡. This procedure produces a temporally continuous sequence of grid-level population weights. 

During population allocation, annual provincial-level population totals from official statistical yearbooks were used as 

constraints. Grid-level population weights were converted into absolute population counts through weighted redistribution 440 

within each province, ensuring that the multi-temporal gridded estimates remain fully consistent with official statistics. The 

allocation method follows the same formulation applied for the baseline year, maintaining spatial population conservation, 

statistical consistency, and temporal continuity. Through this approach, a continuous annual gridded population dataset at 

500 m resolution was produced for mainland China from 1990 to 2020, extending population mapping from static 

representations to dynamic spatiotemporal modeling. 445 

3.6 Explanatory analysis and model validation  

3.6.1 SHAP model for explanatory analysis 

Although ensemble-based machine learning models, such as XGBoost, often demonstrate strong predictive performance, 

their increasing structural complexity tends to limit interpretability, rendering the underlying decision-making process a 

“black box” (Meddage et al., 2022). To enhance model transparency and interpretability, this study adopts the SHhapley 450 

Additive exPlanations (SHAP) framework (Lundberg and Lee, 2017) to explain the population spatialization models. 

SHAP is a model-agnostic interpretability approach grounded in cooperative game theory, in which Shapley values are used 

to fairly attribute a model’s prediction to its input features. Within this framework, a single model prediction is formulated as 

a cooperative game: each explanatory variable is treated as a “player,” the predicted outcome represents the total “payoff,” 

and the contribution of each variable corresponds to its allocated share of that payoff. Specifically, the contribution of a 455 

given variable is defined as the average marginal change in the model output when the variable is added to all possible 

subsets of the remaining variables. This formulation enables SHAP to explicitly account for feature interactions and 

nonlinear effects, ensuring consistency and local accuracy in feature attribution (Mosca et al., 2022; Parsa et al., 2020). 

The Shapley value for each explanatory variable is mathematically defined as: 

𝑆𝐻𝐴𝑃! = 4
|𝑆|! (𝑛 − |𝑆| − 1)!

𝑛!
[𝑓(𝑆⋃{𝑖}) − 𝑓(𝑆)]

;⊂,(!)

(9) 460 

where 𝑆𝐻𝐴𝑃!  denotes the contribution of the explanatory variable 𝑖 ; 𝑁  is the full set of 𝑛  explanatory variables; and 

𝑓(𝑆⋃{𝑖}) and 𝑓(𝑆) represent the model outputs with and without covariate 𝑖, respectively. 
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In this study, SHAP analysis was implemented using the TreeSHAP algorithm, which is specifically designed for tree-based 

ensemble models such as XGBoost and enables exact and computationally efficient estimation of Shapley values. SHAP 

values were calculated for all samples in the training dataset to quantify the contribution of each explanatory variable to 465 

predicted population density. For global interpretation, mean absolute SHAP values were aggregated across samples to rank 

overall feature importance. For local interpretation, sample-level SHAP values were examined to explore spatially 

heterogeneous effects and nonlinear response patterns at the county level. In addition, SHAP dependence plots were 

employed to investigate potential interaction effects among key model covariatespredictors, with particular attention to 

interactions involovingly 3D building characteristics, and building functions, and population density. All SHAP analyses 470 

were conducted using the SHAP Python library with default parameter settings. 

3.6.2 Model validation and evaluation metrics 

As fine-resolution population census data are rarely available over long temporal spans, multi-scale validation strategies 

were adopted in this study. For the baseline years 2010 and 2020, township-level population census data which represents a 

finer spatial resolution than the county-level data used for model training were used to evaluate the accuracy of the gridded 475 

population estimates. For other years, city-level population statistics compiled from multiple statistical yearbooks were 

employed to assess the performance of the annually generated gridded population products. 

Model performance was quantitatively evaluated using three commonly adopted accuracy metrics: the Pearson correlation 

coefficient (R), the root mean squared error (RMSE), and the relative root mean squared error (rRMSE). The Pearson 

correlation coefficient (R) measures the strength of the linear association between predicted population values and 480 

corresponding census observations, with values ranging from −1 to 1. Values closer to 1 indicate stronger agreement 

between model estimates and reference data. RMSE reflects the average magnitude of prediction errors and provides an 

intuitive measure of overall model accuracy, with lower values indicating better predictive performance. To account for 

differences in population magnitude and scale across validation units, rRMSE was calculated by normalizing RMSE by the 

95th percentile of the observed population values, thereby expressing prediction errors as a percentage of the overall 485 

population level. The 95th percentile was adopted as a robust scaling factor given the highly skewed and near-exponential 

distribution of population data. The evaluation metrics are defined as follows: 

𝑅4,4? =
∑ (𝑦! − 𝑦)%𝑦3! − 𝑦3()
!*+

_∑ (𝑦! − 𝑦)/)
!*+ `∑ %𝑦3!𝑦! − 𝑦3(

/)
!*+

(10) 

𝑅𝑀𝑆𝐸 = d
1
𝑛4

(𝑦3! − 𝑦!)/
)

!*+
(11) 
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𝑟𝑅𝑀𝑆𝐸 =
𝑅𝑀𝑆𝐸
𝑄$.&'(𝑦)

× 100% (12) 490 

where 𝑦3!  denotes the model-predicted population value for sample 𝑖 ; 𝑦!  represents the corresponding observed census 

population value; 𝑦3 and 𝑦 are the mean predicted and observed values, respectively; and 𝑛 is the total number of validation 

samples; 𝑄$.&'(𝑦) represents the 95th percentile of the observed population. 

4 Results and discussion 

4.1 Model assessments and comparisons 495 

4.1.1 Model evaluation for training and validation phases 

As described in Sect.ion 2, the county-level census dataset (totally a total number of 2,845 samples) was randomly divided 

into a training set (1,991 samples, 70 %) and an independent validation set (854 samples, 30 %) for both 2010 and 2020. To 

systematically optimize model performance and reduce the risk of overfitting, hyperparameter tuning was performed on the 

70% training subset using GridSearchCV with five-fold cross-validation. In each iteration, four folds (80 % of the training 500 

subset) were used for model fitting and the remaining fold (20 %) for internal validation. Based on the cross-validation 

results, the optimal hyperparameter configuration consisted of 120 trees, a learning rate of 0.05, a maximum tree depth of 5, 

and a subsample ratio of 0.7, representing a balance between model complexity and generalization capability. The model 

was then refitted using the entire 70 % training subset with the selected hyperparameters and subsequently evaluated on the 

independent 30 % validation subset, which had not been involved in either model fitting or hyperparameter tuningTo 505 

systematically optimize model performance and reduce the risk of overfitting, a GridSearchCV five-fold cross-validation 

strategy was employed to identify the optimal hyperparameter configuration. The final model adopted 120 trees with a 

learning rate of 0.05, a maximum tree depth of 5, and a subsample ratio of 0.7, representing a balance between model 

complexity and generalization capability. 

Quantitative evaluation results for both training and validation phases are summarized in Table 3, while scatter plots 510 

comparing predicted and census-based population densities are illustrated in Fig. 4. For the training dataset, the Pearson 

correlation coefficients R between observed and predicted population density reached 0.9590 in 2010 and 0.9656 in 2020. 

For the independent validation dataset, the corresponding correlation coefficients remained high, at 0.8915 for 2010 and 

0.9022 for 2020. The consistently strong correlations across both years indicate that the XGBoost model effectively captures 

the complex and nonlinear relationships between population density and multiple explanatory variables, while maintaining 515 

robust predictive performance when applied to unseen samples. The scatter plots further confirm this conclusion. Most data 

points are closely clustered around the ideal 1:1 line (y = x), with no evident systematic overestimation or underestimation 

across the population density spectrum. The slightly increased dispersion observed in the validation datasets relative to the 
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training datasets is expected and reflects the inherent heterogeneity of county-level population patterns, rather than model 

instability or structural bias.  520 

Table 3 Quantitative evaluation of model performance for baseline years 2010 and 2020 

Year Sample set RMSE (persons /km-2) R rRMSE (%) 

2010 
Training 1086.46 0.9590 0.12 

Validation 1610.11 0.8915 0.21 

2020 
Training 812.86 0.9656 0.10 

Validation 1305.03 0.9022 0.16 
 

In terms of error-based metrics, RMSE values for the training datasets were 1086.46 persons km-2/km2 in 2010 and 812.86 

persons km-2person/km2 in 2020, while RMSE values for the validation datasets increased moderately to 1610.11 persons 

km-2person/km2 and 1305.03 persons km-2person/km2, respectively. More importantly, relative RMSE (rRMSE) values for 525 

all cases remained below 1 %, indicating that prediction errors account for only a small proportion of the overall population 

magnitude. This level of relative error is generally considered acceptable and often favorablefavourable in large-scale 

population spatialization studies characterized by substantial spatial heterogeneity. Overall, the combined evidence from 

correlation analysis, error metrics, and scatter plot diagnostics demonstrates that the proposed XGBoost model achieves both 

high predictive accuracy and stable generalization performance across different census years. The rigorously calibrated 530 

modelingmodelling framework therefore provides a reliable foundation for subsequent high-resolution population 

spatialization and spatiotemporal analysis. 
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Fig. 4 Comparison between predicted and census population densities at the county -level for 2010 (a) and 2020 (b) 535 

4.1.2 Evaluation for sub-scale estimates 

To further evaluate the ability of the trained model to capture finer-scale spatial heterogeneity in population distribution and 

thereby demonstrate its reliability for gridded population disaggregation, the model was applied to grid-level population 

estimation and validated against contemporaneous township-level census data, which represent a finer spatial resolution than 

that used during model training. A total of 6,80010,834 valid township-level population census samples were compiled for 540 



26 
 

2010 and 103,830 336 samples for 2020, with a relatively uniform spatial distribution on nationwide, providing a robust 

basis for model assessment and validation. 

The consistency between model-derived population estimates and observed township-level census data was evaluated using 

the Pearson correlation coefficient R. As shown in Fig. 5, the predicted and observed population values exhibit a very strong 

nationwide agreement. The Pearson correlation coefficient R reaches 0.90130.9113 for 2010 and 0.92460.9341 for 2020, 545 

indicating that the model successfully captures fine-scale spatial variability in population distribution beyond the spatial 

resolution at which it was trained. In addition to the strong correlation, the fitted linear regression line exhibits a slope of 

0.986 0.991 for 2010 and 0.9140.942 for 2020, which are both very close to the ideal value of 1. This result suggests that the 

grid-level population estimates are not only highly consistent with township-level census observations in terms of spatial 

variation, but also largely unbiased in magnitude, despite being trained using coarser county-level population data. In other 550 

words, the model preserves population totals and relative differences across townships units without systematic 

overestimation or underestimation. 
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Fig. 5 Comparison between predicted and census population densities counts at the township leveltownship level for 2010 (a) and 555 
2020 (b). 

4.1.3 Evaluation for multi-temporal estimates  

To assess the reliability of the multi-temporal population distribution results, the predicted population maps at six five-year 

intervals between 1990 and 2020 were systematically validated. To assess the reliability of the multi-temporal population 

distribution results, the predicted population maps at seven time points from 1990 to 2020 (i.e., 1990, 1995, 2000, 2005, 560 
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2010, 2015, and 2020) were systematically validated. Because population estimates for these years were constrained by 

provincial-level total population counts, model validation was deliberately conducted at the prefecture-level city scale, which 

represents a finer spatial resolution than the imposed constraint. This evaluation strategy ensures that the validation reflects 

the robustness and credibility of the spatialized population patterns, rather than merely confirming consistency with the 

enforced population totals. Specifically, gridded population estimates were spatially aggregated within prefecture-level city 565 

boundaries and compared with corresponding city-level population statistics obtained from official statistical yearbooks for 

the same years. Model performance was assessed using the Pearson correlation coefficient R and linear regression analysis to 

quantify the strength of agreement and consistency between model-derived estimates and statistical records. 

The validation results (Fig. 6 and Table S2) indicate that the model achieves consistently strong performance across all 

examined time points, with Pearson correlation coefficients R ranging from 0.79 to 0.99. The particularly high correlation 570 

coefficients observed for the baseline years 2010 and 2020, approaching 1.0, can be attributed to the modelingmodelling 

design: county-level census population counts were directly used as training targets and subsequently disaggregated to grid 

cells for these two years, such that city-level aggregates of the gridded estimates closely match official city-level statistics. 

Beyond these baseline years, the model continues to exhibit strong agreement with independent city-level data, indicating 

that the XGBoost-based framework maintains good temporal stability and spatial generalization capability when 575 

extrapolated across multiple decades. Notably, the Pearson correlation coefficients R values display an overall increasing 

trend over time, suggesting progressively improved predictive performance in more recent years. This improvement is likely 

driven by the enhanced availability, completeness, and accuracy of building-related and built-up area data in later periods, 

which provide stronger and more reliable explanatory signals for modelingmodelling population distribution dynamics. 

 580 
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Fig. 6 Multi-temporal evaluations of AGPC gridded population estimates at against city--level population statistics 

It should be noted that the fitting accuracy for earlier periods (e.g., 1990 and 1995) is comparatively lower, which can be 

primarily attributed to temporal inconsistencies in the input feature data. In this study, several covariates, including 585 



30 
 

topography, road accessibility, and POI density, were assumed to be temporally invariant. However, the POI data were 

derived from contemporary open platforms and are therefore more representative of recent urban conditions. This mismatch 

may lead to an overestimation of population weights in certain cities in earlier years, particularly economically developed 

ones, resulting in a slight overconcentration of population in these areas. In addition, temporal variations in the availability, 

completeness, and spatial coverage of city-level statistical data across different periods may also contribute to reduced model 590 

stability in some regions. Despite the relatively lower accuracy observed for the early years, the multi-temporal population 

estimates are still able to capture the dominant spatial distribution patterns and long-term temporal evolution of population 

dynamics. Overall, the model demonstrates strong temporal transferability and produces spatially and temporally coherent 

results, supporting its applicability for long-term population spatialization analysis. 

4.1.4 Comparisons with four existing datasets 595 

To further substantiate the reliability and comparative advantages of the population dataset developed in this study, we 

conducted a systematic comparison between our gridded population estimates and several widely used population datasets 

over the same township-level units (Fig. 7). Specifically, our results were compared with three mainstream global gridded 

population products: GPWv4 (CIESIN, 2018), WorldPop (Tatem, 2017), GHS-POP (Freire et al., 2020), and a recently 

released China-specific dataset PopSE (Chen et al., 2024), all aggregated to the township leveltownship-level. As shown in 600 

Fig. 7, the Pearson correlation coefficients R(R) value for these four datasets range from 0.80830.7664 to 0.89380.8829 in 

2010 and from 0.77240.7590 to 0.92450.9229 in 2020. In contrast, evaluations of our estimates (Fig. 5) indicate consistently 

higher correlation coefficients in both years (R = 0.99130.9013 in 2010 and R = 0.93410.9246 in 2020), demonstrating 

improved agreement with township-level census observations for these two periods. 
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Fig. 7 Comparisons among four existing gridedgridded population datasets in 2010 (a–-c) and 2020 (d–-f) at township-level, 
including GHSPOP, WorldPop, GPW, and PopSE 

Notably, the regression slopes for GHS-POP (0.5560.539 in 2020) and WorldPop (0.7640.745 in 2010 and 0.7250.721 in 

2020) are substantially lower than the ideal value of 1.0. This pattern indicates a systematic underestimation of population 610 

totals in townships township units with high population counts, which are typically associated with highly urbanized and 

densely built-up areas. Such bias likely reflects the limited capacity of these datasets to capture the exceptionally high 

population-carrying potential of dense, high-volume urban built environments. Similar underestimation tendencies in high-

density urban areas have been widely documented in previous evaluations of global gridded population datasets (Bai et al., 

2018; Chen et al., 2022). By comparison, PopSE exhibits substantially relatively improved strong agreement with township-615 

level census data in 2020 (R = 0.90440.9017), with a regression slope of 1.035, indicating a more balanced representation 

across townships with different population sizesbut still slightly lower that our estimates (R = 0.9341). However, its 

regression slope approaches 1.2, indicating a tendency to overestimate population totals in townships with high population 

counts relative to census observations. This contrast highlights that, while recent China-specific datasets have made notable 

progress, challenges remain in achieving a balanced representation of population distribution across both low- and high-620 

density settlements. Its strong performance may partly reflect its model development strategy, which incorporated a large 

number of township-level census records for model training. Nevertheless, AGPC achieves a slightly higher correlation 
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under the same township-level evaluation without using township-level census records for model training, supporting its 

ability to generalize population patterns from county-level training data to a finer administrative scale. 

Table 4 further presents a joint comparison ofcompares AGPC and with the four abovementioned gridded population 625 

datasets in terms of RMSE (×10410⁴ persons) and relative RMSE (rRMSE) at the township leveltownship-level,. 

cConsidering these two metrics together provides a more comprehensive assessment of predictive performance across 

different population magnitudes. In 2010, AGPC achieves the lowest RMSE (1.8682×104 persons2.0324) and the lowest 

rRMSE (16.8 0%) among all datasets, slightly outperforming GHS-POP (1.8969×1042.1912; 17.0 16.2%), and showing 

clearer improvements over WorldPop (2.3815×1042.5014; 21.4 19.0%), and GPW (2.9914×1043.1652; 24.126.8 %). The 630 

advantage becomes is more pronounced in 2020, when . AGPC records achieves an RMSE of 1.9247×1041.6273 persons and 

an rRMSE of 12.013.7 %, both substantially lower than those of the other datasets. Notably, the rRMSErelative error of 

AGPC in 2020 is nearly half that of GHS-POP, indicating a marked improvement in scale-adjusted accuracy. Taken 

togetherOverall, the consistently lower RMSE and rRMSE values indicate that AGPC not only reduces absolute prediction 

deviations but also maintains better proportional accuracy across townships units with varying population sizes. 635 

Table 4 Statistical summary of comparisons among the AGPC and four gridedgridded population datasets at township 
leveltownship level 

Year Dataset R RMSE (×104 persons) rRMSE (%) 

2010 

AGPC 0.90130.9113 1.86822.0324 16.816.0 
GHS-POP 0.88290.8938 1.89692.1912 17.016.2 
WorldPop 0.84700.8888 2.38152.5014 21.419.0 

GPW 0.76640.8083 2.99143.1652 26.824.1 

2020 

AGPC 0.92460.9341 1.92471.6273 13.712.0 
GHS-POP 0.75900.7724 3.52273.1717 25.323.4 
WorldPop 0.92290.9245 2.41172.6881 17.316.8 

PopSE 0.90170.9044 2.21822.2728 16.219.8 

4.2 Gridded population maps in 2010 and 2020 

Building upon the multi-temporal and multi-scale validation results presented above, as well as the comparative evaluation 

against existing population products, the proposed model demonstrates strong predictive accuracy and robust capability in 640 

population spatialization. The trained XGBoost model was therefore applied at the grid level to generate gridded population 

maps at a spatial resolution of 500 m for 2010 and 2020 (Fig. 8). At the national scale, the derived population distributions 

for both years successfully reproduce the well-known spatial pattern of population distribution across mainland China. A 

pronounced east–west gradient is clearly evident, with high population densities concentrated in eastern and coastal regions 

and markedly lower densities across western plateaus and mountainous areas. Major population agglomerations are observed 645 



34 
 

along the eastern seaboard and within key urban clusters, including the Yangtze River Delta, the Pearl River Delta, and the 

Beijing–Tianjin–Hebei region, while vast areas of western China remain sparsely populated. 

To further demonstrate the model’s ability to capture fine-scale spatial heterogeneity, detailed results are presented in the 

bottom panels of Fig. 8 for three representative urban regions, including Beijing, Shanghai, and the Pearl River Delta urban 

agglomeration. At the city scale, the spatial distribution of population closely follows the morphology of built-up areas, 650 

exhibiting clear spatial clustering patterns. Both Beijing and Shanghai display predominantly monocentric structures, with 

population density peaking in central urban areas and gradually declining toward peripheral districts, forming distinct radial 

gradients. In contrast, the Pearl River Delta region presents a markedly different pattern, characterized by a polycentric urban 

structure with multiple high-density population centerscentres distributed across cities such as Guangzhou, Shenzhen, and 

Foshan. These spatial patterns are closely associated with regional variations in building volume, urban form, and residential 655 

structure. In city centerscentres dominated by dense high-rise development, the predicted population maps exhibit 

pronounced density peaks, directly reflecting the explicit incorporation of 3D building metrics in the modelling framework. 

A comparison between the spatial distributions in 2010 and 2020 further reveals systematic changes in intra-urban 

population organization across these metropolitan areas. Grid cells characterized by extremely high population densities, 

which are primarily concentrated in traditional urban cores and highlighted by the highest-density red colorcolour, show a 660 

noticeable decline in number over time. In contrast, the spatial extent of grids with moderately high population densities, 

which are represented by orange colorcolour surrounding the urban centerscentres, expands substantially. This redistribution 

pattern suggests a gradual shift from highly centralized population concentration towards a more spatially dispersed urban 

structure. Such a trend is consistent with processes of urban spatial restructuring, including inner-city functional adjustment, 

housing redevelopment constraints in core districts, and population spillover driven by suburbanization and improved 665 

transportation connectivity. 
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Fig. 8 Spatial distribution of AGPCThe 500 m grided gridded population estimates at 500 m forof China infor 2010 (a) and 2020 (b) 
in AGPC dataset 

4.3 Multi-temporal population dynamics during 1990–2020 670 

As described in the methodology section, annual gridded population distributions for 1990–2020 were generated by updating 

time-varying 3D building characteristics and built-up area indicators in the dasymetric model, while constraining total 

population using annual provincial-level resident population statistics from official yearbooks. To illustrate long-term 

spatiotemporal dynamics, three representative cities, e.gnamely, Guangzhou, Shenzhen, and Shanghai were selected to 

examine changes in population distribution over the past three decades (Fig. 9). These cities reflect distinct urban 675 

development trajectories following China’s reform and opening up and together capture key stages and structural 

characteristics of China’s urbanization process. 

Guangzhou exhibits a gradual transition from a compact monocentric configuration toward a more dispersed, polycentric 

spatial structure. In the early 1990s, population density was predominantly anchored within the historical urban core. 

Subsequent decades witnessed a progressive encroachment of high-density grids into peripheral zones, a process 680 

characterized by the relative attenuation of hyper-dense centerscentres and a corresponding proliferation of medium-density 

clusters. Post-2000, intensified suburbanization further catalyzedcatalysed a multi-level hierarchy, where a dominant primary 

core now coexists with several strategically developing peripheral nodes. 

Shenzhen underwent the most radical transformation, evolving rapidly from a singular monocentric footprint into a 

pronounced polycentric network. Driven by accelerated urbanization, population density diffused swiftly from the nascent 685 
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core to multiple emerging functional centerscentres. By the mid-2010s, the spatial distribution achieved a high degree of 

continuity across the metropolitan area. This was achieved through intensive spatial infilling and vertical development, 

resulting in a seamless landscape of high-density clusters that reflects Shenzhen’s unique efficiency in land-use 

intensification. 

Shanghai demonstrates a comparatively stable yet outward-expanding population configuration. While the initial period 690 

(1990–2005) was marked by the aggressive polarization of inhabitants into the urban core, the post-2010 era signifies a 

critical inflection point. During this phase, extreme density peaks underwent stabilization or subtle thinning likely due to 

urban renewal and decentralization policies, while a pronounced lateral expansion of mid-to-high density grids (4,000–

10,000 persons per /grid) surged towards the periphery. This spatial rebalancing marks a transition from 'hyper-

concentration' to a more resilient and balanced polycentric urban form. 695 
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Fig. 9 Changes in the spatial distribution of population (persons per grid) in Guangzhou (a), Shenzhen (b), and Shanghai (c) 
during 1990–2020Population distributions during 1990–2020 in Guangzhou (a), Shenzhen (b), and Shanghai (c) 

4.4 Relative contribution analysis through SHAP  700 

To interpret the outputs of the XGBoost-based dasymetric mapping model, the SHAP framework was employed to identify 

informative relationships between population density and the incorporated covariates. SHAP summary plots for 2010 and 

2020 (Fig. 10) show a highly consistent feature-importance ranking across the two periods, indicating strong temporal 

stability in the population–environment relationships learned by the XGBoost-based dasymetric model. Commercial POI 
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density is the most influential predictor in both years, contributing more than 35% of the total SHAP importance in 2020 705 

(and about 28% in 2010), with predominantly positive SHAP values, suggesting a strong association between commercial 

activity intensity and higher population density. Slope generally exhibits negative SHAP contributions, indicating that 

steeper terrain constrains population aggregation, although a small number of high-slope samples show positive effects. 3D 

building volume consistently ranks among the most important predictors, with larger volumes corresponding to positive 

SHAP contributions. Building function variables further differentiate population signals, with residential building ratios 710 

showing positive effects, while commercial and industrial ratios tend to contribute negatively. 

These results highlight the critical role of vertical urban morphology and functional structure in shaping fine-scale 

population distribution. The strong and stable contribution of 3D building volume confirms that population-carrying capacity 

in dense urban areas is closely linked to vertical development, which cannot be adequately captured by 2D built-up 

indicators alone. The increasing importance of residential building functions from 2010 to 2020 reflects the growing 715 

influence of functional zoning and the rapid expansion of high-rise residential developments during China’s recent 

urbanization phase. In contrast, residential POI density shows relatively low explanatory power, as residential areas are often 

sparsely represented in POI datasets despite hosting large populations. This discrepancy underscores the structural 

limitations of POI-based indicators for representing residential land use and further demonstrates the necessity of explicitly 

incorporating building-based functional information to reduce systematic biases in population spatialization models.To 720 

improve the interpretability of the XGBoost-based dasymetric mapping model, the SHAP framework was employed to 

quantify the contribution of each feature and characterize its relationship with population density. The SHAP summary plots 

for 2010 and 2020 (Fig. 10) exhibit generally consistent feature rankings and contribution patterns despite the models being 

trained independently for the two years. Although differences in relative SHAP importance are observed, these values should 

not be interpreted as direct temporal changes in feature importance. SHAP values quantify the average contribution of each 725 

feature to predictions for a specific model and dataset, rather than representing an intrinsic importance of the feature itself. 

For example, the relative SHAP importance of commercial POI density increases from approximately 28 % in 2010 to more 

than 35 % in 2020. Because the same POI layer was used for both years, this increase does not necessarily indicate a stronger 

population dependence on commercial POIs in 2020, but may reflect differences in population distribution, other temporally 

varying predictors and their interactions, and how the independently trained models utilize these predictors We therefore 730 

focus on the consistency of feature rankings, contribution patterns, and the directionality of SHAP values rather than directly 

comparing their absolute magnitudes between years. 

Commercial POI density is ranked as the most influential feature in both models, with higher densities consistently 

associated with positive SHAP values, suggesting a strong relationship between commercial intensity and population 

concentration. This contribution may partly reflect the high spatial representativeness of commercial POIs, which are 735 

generally more comprehensively documented than residential population carriers. Moreover, POI density primarily serves as 

a proxy for the spatial organization of urban functions rather than a direct indicator of the historical evolution of individual 
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facilities, whose establishment times are often unavailable. Its importance should therefore be interpreted as representing 

urban functional intensity rather than the temporal development of commercial activities. 

In contrast, slope generally exhibits negative SHAP values, implying that steeper terrain constrains population concentration, 740 

although a limited number of high-slope samples show positive contributions. 3D building volume consistently ranks among 

the most influential predictors, with larger building volumes corresponding to positive SHAP contributions. Building-

function variables further distinguish different urban land-use characteristics: higher residential building fractions generally 

increase predicted population density, whereas commercial and industrial building fractions tend to contribute negatively. 

These results highlight the importance of incorporating vertical urban morphology and functional characteristics into fine-745 

scale population mapping. The persistent contribution of 3D building volume indicates that population-carrying capacity in 

dense urban environments cannot be adequately represented by conventional 2D built-up indicators alone. Building-function 

variables also provide complementary information beyond POI-based indicators. The relatively limited explanatory power of 

residential POI density may result from the incomplete representation of residential communities in POI datasets despite 

their dominant role as population carriers. Incorporating building-based functional information therefore helps better 750 

characterize residential land use and reduce potential biases in population spatialization. 
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Fig. 10 Relative importance of covariates and their directional contributions to model estimation for 2010 (a) and 2020 (b) 755 

SHAP dependence plots for the most influential predictors in 2010 (Fig. 11) reveal pronounced nonlinear effects and 

potential inter-feature interactions underlying urban population distributionin population estimation. Building volume 

exhibitsfunctions as a key driver, exhibiting a clear transition from weakly negative to strongly positive SHAP contributions 

at approximately 3.0×105 m3 per grid, indicating that larger building volumes are associated with increasingly positive 

contributions to estimated population density beyond thisa threshold beyond which vertical development substantially 760 

enhances population-carrying capacity. This The colouring positive effect is further strengthened under high by commercial 

POI density further shows that high commercial POI densities tend to coincide with stronger positive contributions at larger 

building volumes, highlighting suggesting an interaction between vertical built form and commercial activity in the modela 

synergistic relationship between vertical built form and urban economic vitality in shaping population concentration.  
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At the same time, environmentalTopographic constraints are also evident in the dependence patternseffectively captured by 765 

the model. For comparable building volumes, higher slope values are consistently generally associated with lower SHAP 

contributionsattenuate positive SHAP contributions, demonstrating indicating that topographic steep terrain weakens the 

positive contribution of building volume to estimated population densityruggedness limits the efficiency with which vertical 

development translates into habitable population density. In terms of functional composition, Ccommercial POI density 

shows a nonlinear rapidly increase in SHAP contributioning marginal contribution followed by gradual saturation, with 770 

higher residential fractions generally associated with stronger positive contributions,its strongest effect occurring in areas 

characterized by a high residential fraction, suggesting that mixed-use environments with strong service accessibility 

constitute key population hubs. The Rresidential fraction itself exhibits a distinct thresholdtransition from negative to 

positive contribution at approximately  near 35 %, beyond which its contribution becomes positive. while Tthe colouring by 

building volume further indicates that grids combining high residential proportions fractions with large 3D building volumes, 775 

tend to have the strongest positive contribution typical of high-rise residential developments, are the most influential 

configurations associated with elevated population density. Together, these patterns highlight the complementary roles of 3D 

building structure, urban functions, and topographic conditions in the 2010 population estimation model. 

 

Fig. 11 Dependence Dependency plots of covariates identified by the SHAP summary analysis for 2010 780 

A corresponding SHAP dependence plot for 2020 is provided in the Supplementary Materials (Fig S2), revealing a clear 

evolution in the structural determinants of population density over the past decade. Most notably, model sensitivity to 3D 
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building volume has further intensified. Compared with 2010, building volume in 2020 exhibits a sharper nonlinear 

threshold, and its positive contribution to population density becomes more strongly coupled with high commercial POI 

intensity, indicating an increasing interdependence between vertical development and urban economic activity. 785 

In addition, the residential fraction shows a more pronounced tipping point than in 2010, suggesting that population 

concentration has become increasingly polarized toward high-density residential clusters rather than being diffusely 

distributed across mixed-use areas. While the dominant explanatory factors remain broadly consistent between the two 

periods, the reduced dispersion and steeper marginal responses observed in the 2020 dependence plots imply a transition 

toward a more mature and spatially structured urban system. In such a system, 3D building volume and functional 790 

specialization serve as increasingly dominant proxies for population distribution, reflecting the consolidation of high-rise, 

functionally differentiated urban forms during advanced stages of urbanization.A corresponding set of SHAP dependence 

plots for the independently trained 2020 model is also provided in the Supplementary Materials (Fig. S1). The major 

dependence patterns are broadly consistent with those identified in the 2010 model: larger building volumes and higher 

residential fractions are generally associated with positive SHAP contributions, commercial POI density exhibits a nonlinear 795 

positive response followed by saturation, and higher slopes tend to weaken the positive contribution of building volume. 

Interactions between building volume and commercial POI density, as well as between residential fraction and building 

volume, are also evident in the 2020 model. Although the specific shapes, thresholds, and dispersion of these relationships 

differ between the two years, such differences should not be interpreted directly as temporal changes in the underlying 

population–environment relationships because the models were trained independently using different population and 800 

predictor distributions. The comparison therefore focuses on the broad consistency of contribution directions and response 

patterns, which collectively highlights the importance of 3D building structure and urban functional characteristics in fine-

scale population estimation. 

4.5 Effectiveness of 3D building and urban function indicators  

To further assess the contribution of 3D building volume and building function features to population spatialization, an 805 

ablation-based comparative modelingmodelling strategy was adopted. Specifically, we first constructed a baseline 

dasymetric model using only conventional covariates listed in Table 1, including POI density, proximity to the road network, 

and topographic variables. The performance of this baseline model was evaluated on both the training and validation datasets. 

Subsequently, 3D urban environment indicators (e.g., building volume and height) and building function variables were 

incrementally incorporated into the model. By comparing model performance before and after the inclusion of these features, 810 

we quantitatively examined the extent to which 3D building characteristics and functional information improve the accuracy 

and robustness of population spatialization. 

Table 5 Model comparisons when incorporating 3D urban environment and building function variables 

Year Model RMSE (persons /km-2) R rRMSE (%) 
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Training Validation Training Validation Training ValidationT
raining 

2010 

Baseline 1290.28 1884.44 0.9488 0.8689 0.14 0.21 

Baseline + 3D 1198.30 1905.24 0.9537 0.8747 0.13 0.22 

Baseline + 3D + Func 1086.46 1610.11 0.9590 0.8915 0.12 0.21 

2020 

Baseline 911.99 1372.90 0.9560 0.8899 0.12 0.17 

Baseline + 3D 843.75 1350.72 0.9610 0.8947 0.11 0.17 

Baseline + 3D + Func 812.86 1305.03 0.9656 0.9022 0.10 0.16 

The comparative results (Table 5, Fig. S2 and Fig. S3) clearly demonstrate that incorporating 3D urban environment 

indicators and building function variables leads to substantial performance improvements for both the 2010 and 2020 models. 815 

For example, in the 2020 training phase, the inclusion of 3D urban environment indicators reduced the RMSE from 912 

(rRMSE: 0.12 %) to 844 persons /km-2 (rRMSE: 0.11 %), while the Pearson correlation coefficient R increased from 0.9560 

to 0.9610. Model performance was further enhanced after adding building function variables (RMSE: 813, R: 0.9656, rRMSE: 

0.10 %). Similar improvements were observed for the validation results and for the 2010 model, indicating the robustness of 

these effects across years and datasets. These comparisons confirm that 3D building characteristics provide significant 820 

explanatory power in population spatialization by explicitly capturing vertical development and function-specific population-

carrying capacity, thereby improving both the accuracy and stability of population distribution estimates. 

4.6 3D volume-based vs. 2D-based population estimates 

Theoretically, population estimates in the AGPC dataset should show a positive relationship between building volume and 

population at the 500 m grid level. This is because the model explicitly incorporates the population-carrying capacity implied 825 

by 3D building volume and height. Grids with larger building volumes are therefore expected to accommodate more 

residents. In contrast, gridded population products based solely on 2D3D built-up coverage, such as WorldPop and GHS-

POP, are expected to lose this relationship when built-up coverage approaches saturation. Additional vertical development 

cannot be captured by these models. This divergence should be most pronounced in regions with strong spatial heterogeneity 

in building volume. 830 
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Fig. 12 Distribution of gridedgridded population in various building volume groups in Shanghai city (a) and Guangdong province 
(b) 

To test this hypothesis, we selected regions with pronounced variation in building volume. Grids were grouped into volume 835 

intervals, and the corresponding gridded population estimates were analyzedanalysed (Fig. 12). Results show that the mean 

grid-level population in the AGPC dataset increases consistently with building volume, with the strength of this relationship 

varying by urbanization level. Notably, population estimates continue to rise in high-volume intervals, indicating strong 

population concentration driven by vertical urban development. In contrast, conventional 2D-based products (WorldPop and 

GHS-POP) exhibit a different pattern in highly urbanized areas. Population estimates increase with building volume at low 840 

to medium ranges, but level off or even decline at higher volumes. This reveals a clear “density saturation” effect, whereby 

population variation in grids with near-complete building coverage becomes insensitive to further increases in building 

volume. This limitation reflects the reliance of 2D models on indicators such as built-up coverage and nighttime lights, 

which cannot represent population aggregation in vertically intensive urban environments. Overall, these comparisons 
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demonstrate that incorporating 3D building volume enables a more realistic and robust representation of population 845 

distribution in high-density cities. 

 

Fig. 13 Comparison of gridded population distributions in 2020 among AGPC, WorldPop, and PopSE in selected areas 

To further examine the spatial differences among gridded population products, representative urban regions in Beijing, 

Nanjing, Wuhan, and Shenzhen were selected for a map-based comparison of population distributions in 2020 (Fig. 13). To 850 

ensure comparability across products with different native spatial resolutions, all datasets were aggregated to a common 500 

m grid before comparison, thereby minimizing differences arising solely from spatial resolution. Existing products generally 

show a broader spatial extent of population allocation, with scattered population estimates extending into peripheral regions 

and sparsely built-up rural areas, whereas AGPC exhibits a closer correspondence between population distribution and the 

underlying built environment. Within densely developed urban areas, WorldPop tends to produce a smoother population 855 

surface, with smaller differentiation among areas characterized by contrasting urban forms and building characteristics. In 

contrast, AGPC better captures the spatial differentiation of population distribution associated with variations in 3D building 

structure and building functions, enabling population allocation to more closely reflect differences in population-carrying 

capacity. Although PopSE also incorporates building-related information, it exhibits stronger localized population 
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concentrations. Some of these high-value clusters appear to correspond more closely to areas of intensive commercial 860 

activity than to residential population distribution, suggesting that a stronger influence of commercial activity indicators (e.g., 

commercial POIs) relative to residential-related information may contribute to such spatial concentration. Overall, these 

spatial comparisons demonstrate that incorporating 3D urban structure and functional characteristics enables AGPC to 

provide a more physically informed representation of intra-urban population distribution, particularly in densely developed 

cities where population concentration cannot be fully characterized by conventional 2D indicators. 865 

4.7 Limitations and future perspectives 

Although the proposed AGPC dataset provides spatially and temporally continuous consistent gridded population estimates 

and outperforms existing products at specific time epochs by explicitly accounting for vertical urban development and 

function-specific population-carrying capacity, several limitations should be acknowledged. First, some explanatory 

variables, such as POI density and road network characteristics, were assumed to be temporally static due to the lack of long-870 

term historical datasets. This assumption may introduce uncertainty, particularly for early periods, as these factors are 

closely linked to urban development and population redistribution. In particular, the POI data were obtained from a 

consistent 2020 dataset and applied throughout the reconstruction period, which may introduce temporal inconsistency for 

earlier years. Although POI density primarily represents urban functional intensity and spatial organization rather than the 

exact historical presence of individual facilities, the lack of temporally consistent historical POI data limits the ability to 875 

fully reconstruct past changes in urban functions. This mismatch may cause historical urban functions to be represented by 

their more recent spatial configuration, potentially affecting fine-scale population allocation in areas that experienced 

substantial functional transformation or rapid urban development. Nevertheless, historical population changes are also 

represented by time-varying built-up area and 3D building characteristics and constrained by year-specific statistical 

population totals, reducing the dependence of the reconstruction on temporally invariant POI information alone. Future 880 

studies could integrate multi-temporal POI archives, historical business registration data, or other temporally explicit 

functional land-use information to better capture the evolution of urban functions and further improve the temporal 

consistency of population reconstruction. Second, the relationship between covariates and population density was assumed to 

be identical across county and grid scales. This assumption is potentially affected by the modifiable areal unit problem 

(MAUP) and may not fully hold at finer spatial resolutions. Similar assumptions are common in previous population 885 

downscaling studies, largely because gridded population ground truth data are generally unavailable for model calibration 

and validation. Third, when reconstructing multi-temporal population dynamics, population weights at the grid level were 

assumed to change linearly within each five-year interval, even though annual provincial population totals from official 

statistical yearbooks were used as constraints. This simplification may smooth short-term population fluctuations driven by 

abrupt socio-economic or policy changes. 890 
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Looking forward, the proposed framework is readily generalizable and can be extended to other countries and regions 

worldwide. The incorporation of higher-quality and time-resolved covariates is crucial for further improving gridded 

population mapping. With the increasing availability of fine-scale datasets, integrating emerging data sources, such as 

mobile phone signalingsignalling data, social media check-in data, and housing rental information, has strong potential to 

enhance the accuracy and temporal responsiveness of future gridded population datasets. 895 

5 Conclusions 

This study developed the AGPC dataset, a spatially and temporally consistent gridded population product for mainland 

China during 1990–2020 at a 500 m resolution, by integrating 3D building volume and building function information into an 

XGBoost-based dasymetric mapping framework. By explicitly representing the population-carrying capacity of vertically 

developed urban environments, the proposed approach addresses key limitations of conventional 2D-based3D population 900 

products and improves the characterization of population distribution in dense urban areas. Comprehensive validation across 

multiple spatial scales demonstrates the robustness and reliability of the proposed model. At the county level, the XGBoost-

based framework achieves high predictive accuracy, with Pearson correlation coefficients R value exceeding 0.95 in the 

training phase and remaining above 0.89 in independent validation, while relative rRMSE values consistently remain below 

1%. At finer spatial scales, grid-level population estimates aggregated to the township leveltownship level show strong 905 

agreement with independent census data, yielding Pearson correlation coefficients R values of 0.91130.9013 in 2010 and 

0.93410.9246 in 2020, together with regression slopes close to the ideal value of 1.0, indicating both high consistency and 

minimal systematic bias. Multi-temporal validation further confirms the temporal stability of the AGPC dataset: for seven 

time points between 1990 and 2020, city-level aggregated estimates exhibit Pearson correlation coefficients R values ranging 

from 0.79 to 0.99 when compared with official statistical records, with improved performance observed in more recent years. 910 

These results suggest that the model maintains reasonable spatial generalization and temporal transferability despite limited 

availability of historical covariates. 

Comparative analyses with existing population products further highlight the advantages of the proposed approach. AGPC 

consistently outperforms GPWv4, WorldPop, GHS-POP, and PopSE in terms of Pearson correlation coefficient R as well as 

RMSE and rRMSE for both benchmark years. More importantly, AGPC preserves a stable and monotonic relationship 915 

between population density counts and building volume across the full range of urban development intensity. In contrast, 

conventional 2D population products exhibit clear density saturation effects in high-volume urban environments, leading to 

systematic underestimation in densely built city centreers. 

Overall, the results demonstrate that explicitly incorporating 3D building volume and building functional information 

substantially enhances the accuracy, stability, and interpretability of gridded population estimates, particularly in high-920 

density and vertically developed cities. The AGPC dataset provides a reliable long-term population baseline for China from 

1990 to 2020 and offers a scalable methodological framework for population spatialization in other rapidly urbanizing 
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regions. As such, it has broad potential applications in urban studies, environmental assessment, disaster risk analysis, and 

sustainable development research. 

Data availability 925 

The AGPC dataset derived in our study is stored in GeoTIFF format and is freely available at 

https://doi.org/10.6084/m9.figshare.31338352 (Xu et al., 2026). The GUS-3D dataset used to characterize the spatiotemporal 

evolution of urban 3D structure is currently accessible through a private link: https://figshare.com/s/9b7d1d40792daa9ab707. 

The annual global land-cover dataset AGLC used in this study is publicly accessible through the National Tibetan Plateau 

Data Center at https://doi.org/10.11888/Terre.tpdc.302477.  930 

Author contributions 

Xiaocong Xu, Jinpei Ou and Yan Zhou designed the experiments. Xiaocong Xu and Shiyu He performed the analysis. 

Xiaocong Xu and Xiaoping Liu prepared the manuscript with contributions from all co-authors. All authors contributed to 

and approved the final paper. 

Competing interests 935 

The contact author has declared that none of the authors has any competing interests. 

Disclaimer 

Copernicus Publications remains neutral with regard to jurisdictional claims made in the text, published maps, institutional 

affiliations, or any other geographical representation in this paper. While Copernicus Publications makes every effort to 

include appropriate place names, the final responsibility lies with the authors. Views expressed in the text are those of the 940 

authors and do not necessarily reflect the views of the publisher. 

Financial support 

This study was supported by National Key R&D Program of China (Grant 2023YFC3804804), the National Science Fund 

for Distinguished Young Scholars (Grant 42225107), the National Natural Science Foundation of China (Grant 42371414), 

and the Basic and Applied Basic Research Project of Guangzhou Science and Technology Planning (Grant 2025A04J2211). 945 

https://doi.org/10.6084/m9.figshare.31338352
https://figshare.com/s/9b7d1d40792daa9ab707
https://doi.org/10.11888/Terre.tpdc.302477


50 
 

References 

Bai, Z., Wang, J., Wang, M., Gao, M., and Sun, J.: Accuracy Assessment of Multi-Source Gridded Population Distribution 
Datasets in China, Sustainability, 10, 1363, https://doi.org/10.3390/su10051363, 2018. 

Balk, D. L., Deichmann, U., Yetman, G., Pozzi, F., Hay, S. I., and Nelson, A.: Determining Global Population Distribution: 
Methods, Applications and Data, in: Advances in Parasitology, edited by: Hay, S. I., Graham, A., and Rogers, D. J., 950 
Academic Press, 119-156, https://doi.org/10.1016/S0065-308X(05)62004-0, 2006. 

Bondarenko M., Priyatikanto R., Tejedor-Garavito N., Zhang W., McKeen T., Cunningham A., Woods T., Hilton J., Cihan 
D., Nosatiuk B., Brinkhoff T., Tatem A., and A., S.: Constrained estimates of 2015-2030 total number of people per 
grid square at a resolution of 3 arc (approximately 100m at the equator) R2024B version v1 [dataset], 
http://doi.org/10.5258/SOTON/WP00803, 2025. 955 

Breiman, L.: Random forests, Machine learning, 45, 5-32, http://dx.doi.org/10.1023/A:1010933404324, 2001. 
Chen, M., Xian, Y., Huang, Y., Zhang, X., Hu, M., Guo, S., Chen, L., and Liang, L.: Fine-scale population spatialization 

data of China in 2018 based on real location-based big data, Scientific Data, 9, 624, https://doi.org/10.1038/s41597-
022-01740-5, 2022. 

Chen, T. and Guestrin, C.: Xgboost: A scalable tree boosting system, Proceedings of the 22nd ACM SIGKDD International 960 
Conference on Knowledge Discovery and Data Mining, San Francisco, USA, 2016, 785-794,  
https://doi.org/10.1145/2939672.293978,  

Chen, Y., Wu, G., Chen, Y., and Xia, Z.: Spatial Location Optimization of Fire Stations with Traffic Status and Urban 
Functional Areas, Applied Spatial Analysis and Policy, 16, 771-788, https://doi.org/10.1007/s12061-023-09502-5, 
2023. 965 

Chen, Y., Li, X., Huang, K., Luo, M., and Gao, M.: High-Resolution Gridded Population Projections for China Under the 
Shared Socioeconomic Pathways, Earth's Future, 8, e2020EF001491, https://doi.org/10.1029/2020EF001491, 2020. 

Chen, Y., Xu, C., Ge, Y., Zhang, X., and Zhou, Y.: A 100 m gridded population dataset of China's seventh census using 
ensemble learning and big geospatial data, Earth System Science Data, 16, 3705-3718, https://doi.org/10.5194/essd-
16-3705-2024, 2024. 970 

Chen, Y., Zhang, R., Ge, Y., Jin, Y., and Xia, Z.: Downscaling census data for gridded population mapping with 
geographically weighted area-to-point regression kriging, Ieee Access, 7, 149132-149141, 
https://doi.org/10.1109/ACCESS.2019.2945000, 2019. 

Cheng, Z., Wang, J., and Ge, Y.: Mapping monthly population distribution and variation at 1-km resolution across China, 
International journal of geographical information science, 36, 1166-1184, 975 
https://doi.org/10.1080/13658816.2020.1854767, 2022. 

CIESIN: Gridded Population of the World, Version 4 (GPWv4): Population Count Adjusted to Match 2015 Revision of UN 
WPP Country Totals, Revision 11 (Version 4.11), NASA Socioeconomic Data and Applications Center (SEDAC) 
[dataset], https://doi.org/10.7927/H4PN93PB, 2018. 

Dobson, J. E., Bright, E. A., Coleman, P. R., Durfee, R. C., and Worley, B. A.: LandScan: a global population database for 980 
estimating populations at risk, Photogrammetric Engineering and Remote Sensing, 66, 849-857, 
https://doi.org/10.1201/9781482264678-24, 2000. 

Doocy, S., Gorokhovich, Y., Burnham, G., Balk, D., and Robinson, C.: Tsunami Mortality Estimates and Vulnerability 
Mapping in Aceh, Indonesia, American Journal of Public Health, 97, S146-S151, 
https://doi.org/10.2105/ajph.2006.095240, 2007. 985 

Doxsey-Whitfield, E., MacManus, K., Adamo, S. B., Pistolesi, L., Squires, J., Borkovska, O., and Baptista, S. R.: Taking 
Advantage of the Improved Availability of Census Data: A First Look at the Gridded Population of the World, 
Version 4, Papers in Applied Geography, 1, 226-234, https://doi.org/10.1080/23754931.2015.1014272, 2015. 

Feng, L., Yang, S., Zhou, Y., and Shuai, L.: Exploring the effects of the spatial arrangement and leaf area density of trees on 
building wall temperature, Building and Environment, 205, 108295, https://doi.org/10.1016/j.buildenv.2021.108295, 990 
2021. 

Freire, S. and Halkia, M.: GHSL application in Europe: Towards new population grids, European Forum For Geography 
And Statistics, Krakow, Poland,  

https://doi.org/10.3390/su10051363
https://doi.org/10.1016/S0065-308X(05)62004-0
http://doi.org/10.5258/SOTON/WP00803
http://dx.doi.org/10.1023/A:1010933404324
https://doi.org/10.1038/s41597-022-01740-5
https://doi.org/10.1038/s41597-022-01740-5
https://doi.org/10.1145/2939672.293978
https://doi.org/10.1007/s12061-023-09502-5
https://doi.org/10.1029/2020EF001491
https://doi.org/10.5194/essd-16-3705-2024
https://doi.org/10.5194/essd-16-3705-2024
https://doi.org/10.1109/ACCESS.2019.2945000
https://doi.org/10.1080/13658816.2020.1854767
https://doi.org/10.7927/H4PN93PB
https://doi.org/10.1201/9781482264678-24
https://doi.org/10.2105/ajph.2006.095240
https://doi.org/10.1080/23754931.2015.1014272
https://doi.org/10.1016/j.buildenv.2021.108295


51 
 

Freire, S., Schiavina, M., Florczyk, A. J., MacManus, K., Pesaresi, M., Corbane, C., Borkovska, O., Mills, J., Pistolesi, L., 
and Squires, J.: Enhanced data and methods for improving open and free global population grids: putting ‘leaving 995 
no one behind’into practice, International journal of digital earth, 13, 61-77, 
https://doi.org/10.1080/17538947.2018.1548656, 2020. 

Goodchild, M. F. and Lam, N. S.-N.: Areal interpolation: A variant of the traditional spatial problem, Geo-processing, 1, 
297-312, 1980. 

Lei, Z., Zhou, S., Cheng, P., and Xie, Y.: Improved population mapping for china using the 3d building, nighttime light, 1000 
points-of-interest, and land use/cover data within a multiscale geographically weighted regression model, ISPRS 
International Journal of Geo-Information, 13, 335, https://doi.org/10.3390/ijgi13090335, 2024. 

Leyk, S., Gaughan, A. E., Adamo, S. B., de Sherbinin, A., Balk, D., Freire, S., Rose, A., Stevens, F. R., Blankespoor, B., 
Frye, C., Comenetz, J., Sorichetta, A., MacManus, K., Pistolesi, L., Levy, M., Tatem, A. J., and Pesaresi, M.: The 
spatial allocation of population: a review of large-scale gridded population data products and their fitness for use, 1005 
Earth System Science Data, 11, 1385-1409, https://doi.org/10.5194/essd-11-1385-2019, 2019. 

Li, B., Xu, X., Zhuang, H., Zhang, H., Che, Y., Zheng, Y., Cai, Y., Liu, X., and Li, X.: Annual global land cover mapping at 
30 m resolution from 1985 to 2022 with high temporal consistency, Science Bulletin, 71, 2726-2730, 
https://doi.org/10.1016/j.scib.2026.01.027, 2026. 

Li, Z., Chen, B., Huang, Y., Wang, H., Wang, Y., Yuan, Y., Li, X., Chen, J. M., Xu, B., and Gong, P.: Enhanced mapping of 1010 
essential urban land use categories in China (EULUC-China 2.0): integrating multimodal deep learning with 
multisource geospatial data, Science Bulletin, 70, 3029-3041, https://doi.org/10.1016/j.scib.2025.07.006, 2025. 

Liu, X., Wu, X., Li, X., Xu, X., Liao, W., Jiao, L., Zeng, Z., Chen, G., and Li, X.: Global Mapping of Three-Dimensional 
(3D) Urban Structures Reveals Escalating Utilization in the Vertical Dimension and Pronounced Building Space 
Inequality, Engineering, 47, 86-99, https://doi.org/10.1016/j.eng.2024.01.025, 2025. 1015 

Liu, X., Huang, Y., Xu, X., Li, X., Li, X., Ciais, P., Lin, P., Gong, K., Ziegler, A. D., Chen, A., Gong, P., Chen, J., Hu, G., 
Chen, Y., Wang, S., Wu, Q., Huang, K., Estes, L., and Zeng, Z.: High-spatiotemporal-resolution mapping of global 
urban change from 1985 to 2015, Nature Sustainability, 3, 564-570, https://doi.org/10.1038/s41893-020-0521-x, 
2020. 

Lundberg, S. M. and Lee, S.-I.: A unified approach to interpreting model predictions, Proceedings of the 31st International 1020 
Conference on Neural Information Processing Systems, Long Beach, 4766-4777,  

MacManus, K., Balk, D., Engin, H., McGranahan, G., and Inman, R.: Estimating population and urban areas at risk of 
coastal hazards, 1990–2015: how data choices matter, Earth System Science Data, 13, 5747-5801, 
https://doi.org/10.5194/essd-13-5747-2021, 2021. 

McDonald, R. I., Green, P., Balk, D., Fekete, B. M., Revenga, C., Todd, M., and Montgomery, M.: Urban growth, climate 1025 
change, and freshwater availability, Proceedings of the National Academy of Sciences, 108, 6312-6317, 
https://doi.org/doi:10.1073/pnas.1011615108, 2011. 

Meddage, D. P. P., Ekanayake, I. U., Weerasuriya, A. U., Lewangamage, C. S., Tse, K. T., Miyanawala, T. P., and 
Ramanayaka, C. D. E.: Explainable Machine Learning (XML) to predict external wind pressure of a low-rise 
building in urban-like settings, Journal of Wind Engineering and Industrial Aerodynamics, 226, 105027, 1030 
https://doi.org/10.1016/j.jweia.2022.105027, 2022. 

Mennis, J.: Dasymetric Mapping for Estimating Population in Small Areas, Geography Compass, 3, 727-745, 
https://doi.org/10.1111/j.1749-8198.2009.00220.x, 2009. 

Mosca, E., Szigeti, F., Tragianni, S., Gallagher, D., and Groh, G.: SHAP-based explanation methods: a review for NLP 
interpretability, Proceedings of the 29th international conference on computational linguistics, Gyeongju, Republic 1035 
of Korea, 4593-4603,  

NASA Jet Propulsion Laboratory (JPL): NASA Shuttle Radar Topography Mission Global 1 arc second [dataset], 
https://doi.org/10.5067/MEaSUREs/SRTM/SRTMGL1.003, 2013. 

Office of the Leading Group of the State Council for the Seventh National Population Census: Tabulation on 2020 China 
Population Census by Township, China Statistics Press, Beijin, China, 2022a. 1040 

Office of the Leading Group of the State Council for the Seventh National Population Census: Tabulation on 2020 China 
Population Census by County, China Statistics Press, Beijin, China, 2022b. 

https://doi.org/10.1080/17538947.2018.1548656
https://doi.org/10.3390/ijgi13090335
https://doi.org/10.5194/essd-11-1385-2019
https://doi.org/10.1016/j.scib.2026.01.027
https://doi.org/10.1016/j.scib.2025.07.006
https://doi.org/10.1016/j.eng.2024.01.025
https://doi.org/10.1038/s41893-020-0521-x
https://doi.org/10.5194/essd-13-5747-2021
https://doi.org/doi:10.1073/pnas.1011615108
https://doi.org/10.1016/j.jweia.2022.105027
https://doi.org/10.1111/j.1749-8198.2009.00220.x
https://doi.org/10.5067/MEaSUREs/SRTM/SRTMGL1.003


52 
 

Parsa, A. B., Movahedi, A., Taghipour, H., Derrible, S., and Mohammadian, A. K.: Toward safer highways, application of 
XGBoost and SHAP for real-time accident detection and feature analysis, Accident Analysis & Prevention, 136, 
105405, https://doi.org/10.1016/j.aap.2019.105405, 2020. 1045 

Pesaresi, M., Ehrlich, D., Florczyk, A. J., Freire, S., Julea, A., Kemper, T., and Syrris, V.: The global human settlement layer 
from landsat imagery, 2016 IEEE International Geoscience and Remote Sensing Symposium (IGARSS), Beijing, 
China, 7276-7279,  https://doi.org/10.1109/IGARSS.2016.7730897,  

Population Census Office under the State Council and National bureau of Statistics: Tabulation on the 2010 population 
census of the people’s republic of China by county, China Statistics Press, Beijin, China, 2012a. 1050 

Population Census Office under the State Council and National bureau of Statistics: Tabulation on the 2010 Population 
Census of the Peoples Republic of China by Township, China Statistics Press, Beijin, China, 2012b. 

Salvatore, M., Pozzi, F., Ataman, E., and Barbara Huddleston, M. B.: Mapping global urban and rural population 
distributions, Food and Agriculture Organization of the United Nations, Rome, 2226-6062, 2005. 

Schroeder, J. P.: Target-Density Weighting Interpolation and Uncertainty Evaluation for Temporal Analysis of Census Data, 1055 
Geographical Analysis, 39, 311-335, https://doi.org/10.1111/j.1538-4632.2007.00706.x, 2007. 

Silverman, B. W.: Density estimation for statistics and data analysis, Routledge, England, UK, 
https://doi.org/10.1201/9781315140919, 2018. 

Simarro, P., Cecchi, G., Franco, J., Paone, M., Fèvre, E., Diarra, A., Postigo, J., Mattioli, R., and Jannin, J.: Risk for Human 
African Trypanosomiasis, Central Africa, 2000–2009, Emerging Infectious Disease journal, 17, 2322, 1060 
https://doi.org/10.3201/eid1712.110921, 2011. 

Song, Y., Tan, Y., Song, Y., Wu, P., Cheng, J. C. P., Kim, M. J., and Wang, X.: Spatial and temporal variations of spatial 
population accessibility to public hospitals: a case study of rural–urban comparison, GIScience & Remote Sensing, 
55, 718-744, https://doi.org/10.1080/15481603.2018.1446713, 2018. 

Sorichetta, A., Hornby, G. M., Stevens, F. R., Gaughan, A. E., Linard, C., and Tatem, A. J.: High-resolution gridded 1065 
population datasets for Latin America and the Caribbean in 2010, 2015, and 2020, Scientific Data, 2, 1-12, 
https://doi.org/10.1038/sdata.2015.45, 2015. 

Tatem, A. J.: Mapping the denominator: spatial demography in the measurement of progress, Int Health, 6, 153-155, 
https://doi.org/10.1093/inthealth/ihu057, 2014. 

Tatem, A. J.: WorldPop, open data for spatial demography, Scientific Data, 4, 170004, 10.1038/sdata.2017.4, 2017. 1070 
Tu, M., Ji, Q., and Sun, Y.: Enhancing the accuracy of urban population spatialization at 100-m grid scale through 

differentiating residential and non-residential buildings, Frontiers in Earth Science, 14, 1748599, 
https://doi.org/10.3389/feart.2026.1748599, 2026. 

Tu, W., Liu, Z., Du, Y., Yi, J., Liang, F., Wang, N., Qian, J., Huang, S., and Wang, H.: An ensemble method to generate 
high-resolution gridded population data for China from digital footprint and ancillary geospatial data, International 1075 
Journal of Applied Earth Observation and Geoinformation, 107, 102709, https://doi.org/10.1016/j.jag.2022.102709, 
2022. 

United Nations: Principles and recommendations for population and housing censuses, United Nations, New York, USA, 
1980. 

Vapnik, V. N.: The support vector method, International conference on artificial neural networks, 261-271,  1080 
Wang, J., Obradovich, N., and Zheng, S.: A 43-Million-Person Investigation into Weather and Expressed Sentiment in a 

Changing Climate, One Earth, 2, 568-577, https://doi.org/10.1016/j.oneear.2020.05.016, 2020. 
Wu, X., Xu, X., Li, X., Feng, L., Chen, B., Li, G., Zeng, Z., Venevski, S., Fensholt, R., Penuelas, J., Wigneron, J.-P., Huang, 

K., Li, X., Yu, G., Ciais, P., Yan, Y., Wu, B., and Liu, X.: Increasing urban volume amid declining per capita space 
in global 3D urbanization, National Science Review, Undergoing Review, 2026. 1085 

Xu, X., He, S., Ou, J., Zhou, Y., and Liu, X.: AGPC: An Annual 500 m Gridded Population (1990–2020) for China [dataset], 
https://doi.org/10.6084/m9.figshare.31338352, 2026. 

Yan, Z., Ma, L., Wang, X., Kim, Y., and Zhang, L.: High-precision population estimates by remote sensing big data and 
advanced transformer deep learning model, Remote Sensing Applications: Society and Environment, 39, 101638, 
https://doi.org/10.1016/j.rsase.2025.101638, 2025. 1090 

https://doi.org/10.1016/j.aap.2019.105405
https://doi.org/10.1109/IGARSS.2016.7730897
https://doi.org/10.1111/j.1538-4632.2007.00706.x
https://doi.org/10.1201/9781315140919
https://doi.org/10.3201/eid1712.110921
https://doi.org/10.1080/15481603.2018.1446713
https://doi.org/10.1038/sdata.2015.45
https://doi.org/10.1093/inthealth/ihu057
https://doi.org/10.3389/feart.2026.1748599
https://doi.org/10.1016/j.jag.2022.102709
https://doi.org/10.1016/j.oneear.2020.05.016
https://doi.org/10.6084/m9.figshare.31338352
https://doi.org/10.1016/j.rsase.2025.101638


53 
 

Ye, T., Zhao, N., Yang, X., Ouyang, Z., Liu, X., Chen, Q., Hu, K., Yue, W., Qi, J., Li, Z., and Jia, P.: Improved population 
mapping for China using remotely sensed and points-of-interest data within a random forests model, Science of the 
Total Environment, 658, 936-946, https://doi.org/10.1016/j.scitotenv.2018.12.276, 2019. 

Zandbergen, P. A. and Ignizio, D. A.: Comparison of Dasymetric Mapping Techniques for Small-Area Population Estimates, 
Cartography and Geographic Information Science, 37, 199-214, https://doi.org/10.1559/152304010792194985, 1095 
2010. 

Zhao, S., Liu, Y., Zhang, R., and Fu, B.: China’s population spatialization based on three machine learning models, Journal 
of Cleaner Production, 256, 120644, https://doi.org/10.1016/j.jclepro.2020.120644, 2020. 

 

https://doi.org/10.1016/j.scitotenv.2018.12.276
https://doi.org/10.1559/152304010792194985
https://doi.org/10.1016/j.jclepro.2020.120644

