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Abstract: As the world’s most populous country, China has experienced massive population growth
and dramatic regional migration over the past 30 years. From 1990 to 2020, the national population
increased by 24.4%, the urban population tripled, and the rural population declined by 41.0%.
Combined with complex topographic features, unique characteristics of the population distribution
have emerged. Many studies have examined changes in the spatial distribution of the population.
However, few studies have examined the stability of certain aspects of this distribution over the last
30 years, particularly at the raster scale, which may provide important information for future research
and development plans. Based on land use maps and nighttime light images, China’s census data
from 1990 to 2020 was scaled down to a resolution of 1 km using a method called multiple linear
regression based on spatial covariates. The results show that there were some striking features of
both stability and change in the spatial distribution of China’s population over the past three decades.
The population shares divided by the Hu line, the Qinling-Huaihe line, and the three-step staircase
have remained almost unchanged. In contrast, the population share of the coastal region has risen
from 23.7% to 29.0% during the study period. The urban areas have expanded by 1.35 times and their
population has doubled. In addition, for every 1 km2 increase in the urban areas, an area of 29.4 km2

has been depopulated on average. This suggests that urbanization can alleviate population pressure
in larger areas. However, the coastal regions and urban and peri-urban areas were the main areas of
population density growth, so they required a great deal of attention for ecological protection.

Keywords: census; spatialization; density; three-step staircase; Hu line; Qinling-Huaihe line

1. Introduction

Over the past three decades, China has experienced rapid urbanization and industri-
alization [1,2], accompanied by rapid population growth. The national population grew
from 1.16 billion in 1990 to 1.44 billion in 2020, an increase of 24.4%. This process has led to
a spatial redistribution and reconcentration of the national population. For example, China
has experienced a massive migration from rural to urban areas. Between 1990 and 2020,
the country’s urbanization rate rose from 26.2% to 63.9%. The urban population has tripled,
while the rural population has declined by 41.0% [3,4]. In addition to the trend of migration
from rural to urban areas [5,6], other distinctive characteristics of migration have also been
noted. This includes the trend of migration from the central and western interior to the
southeastern coastal regions [7,8] and from the mountainous areas to the plains [9].

Even though large-scale population movements have occurred, there are still some
relatively stable characteristics in the distribution of the population. For example, the
population shares on the two sides of the Hu line [10], a traditional dividing line of China’s
population density [11], have remained largely stable after more than 80 years of social
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change [12,13]. On this basis, China’s Premier Li Keqiang has raised the question of whether
the Hu line should be broken, whether it can be broken, and how it should be broken [14].

Socioeconomic factors and natural environmental factors both affect the stability and
changes in the population distribution. There are significant regional differences in the
levels of urbanization and economic development [15,16], which result in variations in
population growth and redistribution [17]. On the other hand, natural resources and
environmental factors may affect the carrying capacity of the population within a certain
region, which can impose constraints on population distribution. Taking topography as
an example, China is divided into a three-step staircase, and each step varies greatly in
elevation, land cover, and climate [18]. In addition, the Qinling-Huaihe line is regarded
as an important geographical dividing line. In existing studies, this line is often used to
divide this country into the North and the South of China (Figure 1), since there are great
differences between the two sides of this line with respect to climate [19], topography,
and many other aspects [20]. In other words, it is necessary to explore the stable and
changing aspects of the spatial distribution of China’s population in the past 30 years
and the factor(s) that can affect the stability and changes in the population distribution of
this country. Studying the long-term trends in population distribution can help us figure
out how populations change over time, understand the relationships between population,
resources, and the environment, find problems with how resources are used in regional
development, and make plans and policies accordingly [21–23].

China has conducted seven population censuses since 1949. Census data are rela-
tively accurate for reflecting population size by regions and areas and can provide raw
data that are relatively comparable in a time series [24,25]. Many studies have analyzed
changes in population shares at scales of regions, provinces, and urban agglomerations
over 10- to 20-year periods based on census data [11,12,21,22,26–30]. The population data
used in those studies are often at the county or even provincial levels. However, China’s
administrative divisions vary greatly in size, with the maximum areas of provincial and
county-level administrative regions in mainland China reaching 195 times and 23,800 times
the minimum areas, respectively. For the administrative units with a large area, demo-
graphic statistics do not reflect the spatial distribution of the population very well, as they
may cover a variety of terrains [24]. However, spatially detailed population data is a major
input for many natural and socio-economic models, as well as the basis for further research
in social and urban sustainability [2] and regional development planning [31]. For example,
population datasets are essential for modeling regional climate changes [32,33], land use
and urban expansion [34,35], and human well-being [36,37]. They play an important role
in other relevant studies of the United Nations [38,39], including their use as indicators
for the computation of Sustainable Development Goal 11 [40]. As a result, it is necessary
to analyze the distribution patterns of China’s population from statistical units to more
fine-grained cells (e.g., raster grids) over the past 30 years.

The spatialization of population data is the process of downscaling data from a
lower resolution, usually statistical units, to finer-grained cells. Previous studies have
used various methods of spatialization to produce population datasets with high spatial
resolution, large areas, and specific time intervals. For example, the Joint Research Center of
the European Commission [41] and the Center for International Earth Science Information
Network of Columbia University [42] have provided global population density datasets
for the years 1975–2020 and 2000–2020, respectively, at 5-year intervals. Although these
datasets cover a global scale with a relatively high temporal resolution, the data used
for spatialization are not entirely census-based and have larger statistical units [41], thus
providing less accuracy in the study area. Meanwhile, some studies have spatialized
population data for China in the time periods of pre-2010 [13,26], 2000–2010 [24], and
2000–2020 [21,43]. These datasets lack continuity over a sufficiently long time series to
cover the time period of this study, and data are missing in some areas in 2020 (due to the
late release of the statistics of China’s 7th census in the Xinjiang region) [43]. Therefore,
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a spatialized population dataset for China with greater comparability, longer continuity,
and more complete spatial coverage is needed for this and other related studies.
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Figure 1. Natural topography of China with indications of the important toponyms mentioned in
this paper.

There are three main types of methods for spatializing census data [44–47]: simple area
weighting [11,12,21,22,29,48], linear modeling based on spatial covariate weighting [24,26,46],
and non-linear modeling [47,49,50]. Among them, the methods of simple area weighting
are the simplest, as they simply average the total amount of population onto each grid
cell by area. However, the spatial variability of the population distribution within a
statistical unit may be ignored. On the other hand, the approaches based on non-linear
models, including artificial intelligence modeling, consider complex nonlinear relationships
between population distributions and multiple covariates. It may provide higher accuracy,
but it makes it difficult to meet their data requirements over a long study period. Finally,
the methods of multiple linear regression (MLR) based on spatial covariates have been
widely used because of their consistency and comparability across time and because they
have relatively high precision [46,47].

Therefore, based on the census, nighttime light (NTL), and land use data, we first used
a spatial covariates-based MLR method to spatialize China’s census data at decade intervals
from 1990 to 2020 at 1 km grid points. Then, zoning statistics were used to divide the
pixel-level population data into four groups based on the Hu line, the three-step staircase,
the Qinling-Huaihe line, and the coastal region. Population density thresholds were used
to separate urban and rural areas. Next, the aspects of the spatial distribution of China’s
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population that have changed and those that have remained stable over the past 30 years
were examined. Finally, policy implications for urban and regional development, ecological
improvement, and resource allocation are provided.

2. Materials and Methods
2.1. Data
2.1.1. Census Data

Population census data were used as the basic data in this study and are listed in
Table 1. Population data for Hong Kong and Macau in 1990, 2000, 2010, and 2020 were
based on the census results of 1991, 2001, 2011, and 2021, respectively. The population
numbers used in this study are for the permanent resident population. These numbers are
based on where people lived in the last six months and the results of the census in the same
year [51]. The population data at the county level were then matched to the administrative
divisions of the corresponding years, as the adjustment of county-level administrative
divisions has been frequent and complex in China in the past 30 years.

Table 1. Source of population data for the four regions of China.

Regions Years Data Scale Data Source

Mainland China 1990, 2000, 2010, 2020 Prefectural-level for Xinjiang in 2020,
county-level for other regions and years

The 4th, 5th, 6th, and 7th National
Population Census of China

Hong Kong 1991, 2001, 2011, 2021 Region-wide Population census in Hong Kong in
1991, 2001, 2011, and 2021

Macau 1991, 2001, 2011, 2021 Region-wide The 13th, 14th, 15th, and 16th
population census in Macau

Taiwan Area 1990, 2000, 2010, 2020 County-level for 2020, region-wide for
other years

Taiwan Population and Housing
Census in 1990, 2000, 2010, and 2020

Population data for some township-level administrative divisions of China’s 6th and
7th censuses were used to validate the spatialization results of the population. The divisions
for validation are listed in Table 2.

Table 2. List of counties and townships used to validate the results. The numbers of administrative
units used for testing differ between 2010 and 2020, as the township-level divisions changed slightly
between 2010 and 2020.

Province-Level Divisions Cities (Number of Counties in Parentheses)

1 Beijing Municipality Beijing (16)
2 Shanxi Province Taiyuan (10), Jincheng (6), Shuozhou (6)
3 Jilin Province Liaoyuan (4)
4 Zhejiang Province Ningbo (10)
5 Anhui Province Huainan (7), Suzhou (5)
6 Hunan Province Xiangtan (5)
7 Guangdong Province Shaoguan (10), Zhaoqing (8), Yangjiang (4), Dongguan (1), Zhongshan (1)
8 Shaanxi Province Yulin (12)
9 Ningxia Hui Autonomous Region Yinchuan (6), Shizuishan (3), Wuzhong (5), Guyuan (5), Zhongwei (3)

County-level divisions 127 in all.
Township-level divisions 1838 township-level divisions in 2010, and 1796 township-level divisions in 2020.

2.1.2. Nighttime Light (NTL) Data

NTL data, including DMSP/OLS and SNPP/VIIRS images (https://developers.google.
com/earth-engine/datasets/catalog, accessed on 1 April 2022), were used to downscale
the county-scale population data to the pixel level in this study. The DMSP/OLS images
used in this study have been radiance-calibrated based on different satellites and light

https://developers.google.com/earth-engine/datasets/catalog
https://developers.google.com/earth-engine/datasets/catalog


Remote Sens. 2023, 15, 1674 5 of 18

stages to solve the saturation problem of the sensor. The NTL data were first averaged
annually and then resampled onto the resolution of the output population data (1 km). The
acquisition and preprocessing of NTL data were carried out on the Google Earth Engine
platform. Specifically, the averaged and resampled images from DMSP/OLS in 1992, 2000,
and 2010 were employed to spatialize population data in 1990, 2000, and 2010, respectively,
and those from SNPP/VIIRS in 2020 (Figure 2) were used to spatialize the population data
in 2020. Since the spatialization for each of the four years was processed separately, there
was no need to calibrate the four years of data from the different sensors.
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Figure 2. NTL image data for 2020 (from SNPP-VIIRS). Water bodies and unused land have
been removed.

2.1.3. Land Use Data

China’s land use data from 1990, 2000, 2010, and 2018 [52] (Figure 3), with a resolution
of 100 m, were employed in this study for the population spatialization in 1990, 2000,
2010, and 2020, respectively. The data were visually interpreted mainly based on Landsat
images and obtained from the Resource and Environment Science and Data Center, Chinese
Academy of Sciences (www.resdc.cn, accessed on 1 April 2022). All cultivated land, water
bodies, unused land, and three types of construction land (urban construction land, rural
construction land, and other construction land) were employed in this study.

www.resdc.cn
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2.2. Spatialization of Population Data
2.2.1. Building the Models for Spatialization with an MLR Model

Previous studies have shown that land use maps and NTL images are highly correlated
with human activity and thus can reflect the spatial distribution of the population [24,53,54].
Therefore, based on the land use maps and NTL images of the corresponding years, we
first allocated the population census data for administrative division levels onto grid cells,
using the MLR method previously described by Tan et al. [24].

The MLR models were constructed at the county scale using census data, mean
values of the NTL data, and the area proportions of all cultivated land, urban construction
land, rural construction land, and other construction land. The fitting equation for the
spatialization of the population in year y is as follows:√

PopDy,i = wy,1 × Culy,i + wy,2 ×UrCy,i + wy,3 × RuCy,i + wy,4 ×OtCy,i + wy,5 × NTLy,i + by, (1)

where PopDy,i represents the population density of county i in year y; Culy,i, UrCy,i, RuCy,i,
and OtCy,i represent the area proportions of the cultivated land, urban construction land,
rural construction land, and other construction land (hereinafter referred to as “four land
classes”) of county i in year y, respectively; NTLy,i represents the mean value of the NTL
data for county i in year y; and w and b are the corresponding weights and intercept terms.
The fitting results for each year are shown in Table 3.
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Table 3. Fitting results of the weight and intercept terms for each year.

y w1 w2 w3 w4 w5 b r2

1990 15.298 104.636 18.667 8.671 0.774 6.711 0.6384
2000 11.791 145.668 53.877 56.129 0.046 8.473 0.8183
2010 11.293 133.493 37.455 66.618 0.094 8.436 0.7466
2020 10.438 82.191 23.986 50.950 1.332 7.676 0.9098

2.2.2. Reallocation of Population from the County-Level to 1 km Grid Cells

We used the fitting results in Table 3 to allocate the population onto grid cells with
a resolution of 1 km. First, pixels of water areas and unused land were regarded as
uninhabited areas in the corresponding years, and the populations of those grid cells were
set to zero. Area percentages of the four land classes in each pixel (1 km × 1 km) were then
calculated for each year. The results were put into Equation (2) to obtain the simulation
results on the pixel level for 1990, 2000, 2010, and 2020.√

PDy,k = wy,1 × Culy,k + wy,2 ×UrCy,k + wy,3 × RuCy,k + wy,4 ×OtCy,k + wy,5 × NTLy,k + by, (2)

where PDy,k represents the population density of pixel k in year y; Culy,k, UrCy,k, RuCy,k,
and OtCy,k represent the area proportions of the four land classes of pixel k in year y,
respectively; NTLy,i represents the mean value of the NTL data of pixel k in year y; and
the values of w and b are shown in Table 3. Next, the simulation results for the population
density for each year were corrected using Equation (3):

PD′y,k = PDy,k ×
PopTy,i

∑Ni
n=1 PDy,n

, (3)

where PD′y,k and PDy,k represent the corrected and uncorrected population densities of
pixel k in year y, PopTy,i represents the total population of county i in year y, and Ni is the
number of pixels in county i in year y. Finally, the simulation results were validated with
the township-level population census data. The validation results reached R2 values of
0.70 and 0.80 for 2010 and 2020, respectively, when verified at the township level. This is
better than the WorldPop dataset (R2 is 0.60 in 2020) [43]. The slopes reached 0.92 and 0.89,
respectively (Figure 4), indicating that this method had been tested at the township level
with good simulation accuracy.
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2.3. Time Period and Regional Divisions

This study analyzed the distribution of China’s population and its regional differences
at decade intervals from 1990 to 2020. The four regional divisions are shown in Figure 5.
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2.3.1. The Hu Line

The Heihe-Tengchong Line (or the Hu line) is an imaginary line that divides the area
of China into two parts with contrasting population densities [10]. It stretches diagonally
across China from Heihe, the capital of Heilongjiang Province, in the northeast to Teng-
chong, the capital of Yunnan Province, in the south (Figure 1). The areas northwest and
southeast of the Hu line consist of 57% and 43% of the country’s total area, respectively.
In 1935, the part of the Chinese territory (larger than present-day China) southeast of the
Hu line accounted for 36% of the total area with 96% of the total population, which illus-
trates the uneven population distribution of China [10]. From then to 2010, the Hu line
could still provide a good overview of the spatial pattern of China’s population [12,13].
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2.3.2. The Three-Step Staircase

From the Tibetan Plateau in the southwest to the low-altitude plains along the eastern
coast, China’s natural terrain descends gradually as a three-step staircase [18]. The first
step is a plateau-alpine region consisting mainly of the Tibetan Plateau. This area reaches
an average altitude of over 4000 m and accounts for 29% of the country’s land area. The
second step is bounded by the Kunlun Mountains, the Qilian Mountains, and the Hengduan
Mountains and descends eastward and northward into a series of plateaus and basins
with an average altitude of 1000 to 2000 m. This step contains large arid areas and deserts,
accounting for 42% of the national land area. The third step is dominated by plains with
a humid monsoon climate and bounded by the Daxing’anling Mountains, the Taihang
Mountains, the Wushan Mountains, and the Xuefeng Mountains, with an average elevation
of 500 m or less and accounting for about one-quarter of the national land area (Figure 1).

2.3.3. The Qinling-Huaihe Line and the North/South of China

The Qinling-Huaihe line (Figure 1) is an important physical geographic boundary in
China. It divides the part of the country outside of the first step into the North and the
South [30]. Of the two, the North includes temperate and cold climate zones, covering
46% of the national area, while the South includes subtropical and tropical climate zones,
covering 25%. The two parts show great differences in many aspects. For instance, the two
parts have very different population growth characteristics [30], agricultural losses [55]
from drought and their main causes [19], carbon emissions from household energy use [56],
the degree of balanced development in urban and rural areas [20], and whether central
heating is provided in winter [57].

2.3.4. The Coastal Region

The coastal region of China is the fastest-growing region of the country’s economy,
and it has the highest population inflow. It is also the region most impacted by sea level
rise due to global warming and extreme water levels due to high tide levels and storm
surges [58,59]. Over 40% of the global population lives within 100 km of the coast, and the
share is still rising [60]. From 1975 to 2016, 80% of global deaths due to coastal flooding
occurred in that region [61]. For China, about 85% of the area and 89% of the population
in the coastal low-lying area, which is more vulnerable to natural disasters and climate
change, are located within 100 km of the coastline [62]. Therefore, the land area within
100 km of China’s coastline was defined as the coastal region in this study, and it accounts
for 6% of the national area.

2.4. Distinction between Low-, Mid-, and High-Density (Urban) Areas

Previous studies and regulations have put forward some methods to distinguish
the different classes of population density. Tan et al. used 200 and 1500 persons/km2

as the thresholds to distinguish between low-, mid-, and high-density regions [24]. For
simplicity, this study used 200 and 1500 persons/km2 as the thresholds to distinguish
between the low-, mid-, and high-density regions. In addition, a municipal district with a
population density of over 1500 persons/km2 is considered the urban area of a city in the
5th national census of China [63]. Therefore, the high-density areas that have a density of
over 1500 persons/km2 are considered urban areas in this study.

In conclusion, the census, NTL, and land use data were used to build an MLR-based
population spatialization model. The pixel-level population datasets were then obtained
with this model. The validation of the data and further analyses, including zonal statistics
and the urban-rural split, were then processed. These results in turn provided policy
implications for this study. The general flow chart of this study is presented in Figure 6.
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Figure 6. General flow chart of this study.

3. Results

Based on the methods outlined above, we developed a comparable population raster
dataset at 1 km resolution from 1990 to 2020 at decade intervals. Next, we analyzed the
characteristics of the changes in the population shares for different geographical regions
during the 30 years. The results showed that there were some striking features of both
stability and change in the spatial distribution of China’s population in the past three
decades (Figure 7).
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3.1. Stability of the Spatial Distribution of China’s Population
3.1.1. Population Shares under the Split of the Hu Line

The data indicate that the Hu line was still an important demarcation line for the
spatial distribution of China’s population from 1990 to 2020, dividing the nation into two
parts with strongly contrasting population densities (Figure 7a). The population density
was above 200 persons/km2 for most grid pixels in the area southeast of the line, while
it was below 20 persons/km2 for most grid pixels in the northwestern part (Figure 8).
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Covering about 56.8% of the country’s total area (Figure 5a), the population portion of the
northwestern part had no obvious change, increasing from 5.7% to 6.2% in the past 30 years
(Figure 7a). The proportions in 2020 and 85 years earlier were similar [10].
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3.1.2. Population Shares on the Three-Step Staircase

The population share of each step also changed very little over the past 30 years
(Figure 7b). The population share of the first step was the smallest, having increased from
1.0% to 1.2%, while the population share of the third step was the largest, having increased
from 71.3% to 72.8% during 1990–2020. Of the three steps, only the population share of the
second step has declined over the past 30 years, by 1.7 percentage points.

3.1.3. Population Shares in the North and South of China

The shares of the population in the North and South of China also remained largely
stable (Figure 5c). From 1990 to 2020, the northern share of the national population
decreased from 42.9% to 40.9%, while the southern share increased from 56.1% to 57.8%.
However, the North and the South cover 46.3% and 25.1% of the country’s total area,
respectively, so the population density in the North is only about two-fifths of that in
the South.
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3.2. Changes in the Spatial Distribution of China’s Population
3.2.1. Change in Population Density

During 1990–2020, the population of China grew from 1.16 billion to 1.44 billion, and
thus the average population density of the country increased by 24%. In particular, the
population density of the South grew more markedly than that of the North, at 28% and
19%, respectively.

In this study, the areas with an absolute population density change of over 10 persons/km2

were considered as the increasing or decreasing density areas (Figure 9). The areas of in-
creasing density were mainly located in and around the large and medium-sized cities.
However, the rural areas in the Sichuan Basin, the North China Plain, the Northeast China
Plain, and the Yangtze Plain were the concentrated areas of decreasing population density.
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From 1990 to 2020, the percentage of the country’s people living in high-density areas
went from 26% to 53.5% (Table 4). In contrast, the share of the population located in
mid- and low-density regions decreased by 9% and 47%, respectively. From 1990 to 2020,
for every 1 km2 increase in high-density areas, 29.4 km2 of the area was depopulated
on average.
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Table 4. Changes in the population density distribution of China in 1990–2020.

Population
Density Regions

Population Density
(Persons/km2) *

Area (104 km2) Population (106 Persons)

1990 2000 2010 2020 1990 2000 2010 2020

Low-density

0–20 314.72 297.15 291.57 273.30 16.09 15.61 16.00 16.90
20–50 88.71 81.74 87.50 101.54 30.12 28.50 30.53 35.64

50–100 93.01 114.17 117.20 117.90 66.51 82.71 85.00 84.41
100–200 79.12 92.83 93.56 84.85 112.47 130.92 132.25 119.28

Mid-density 200–500 88.59 91.71 94.86 87.14 295.61 294.92 304.60 273.00
500–1500 48.98 34.81 26.01 18.59 334.99 250.31 184.42 141.61

High-density 1500–3000 2.30 2.51 2.74 4.22 47.19 51.18 57.41 89.45
>3000 2.98 3.98 5.51 8.19 253.76 417.64 553.13 682.61

* Population density includes the upper boundary and excludes the lower boundary.

3.2.2. Changes in Population Share in the Coastal Region of China

The population share of China’s coastal region showed a clear upward trend during
1990–2020. In 1990, the coastal region carried 23.7% of the population with only 6% of
the national land area. By 2020, this share had increased to 29.0%, which was the largest
increase among all the geographical divisions (Figure 5d). As a result, the population
density of the coastal region increased from 460.1 to 700.7 persons/km2, an increase of
52.3% (Figure 10).
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Figure 10. Changes in the population share and density of China’s coastal region.

4. Discussion and Policy Implications

This study generated a 1 km resolution population dataset at decade intervals from
1990 to 2020 for China. Compared with other studies on the spatialization of China’s
population [13,21,24,26,43], the dataset in this study has a longer temporal continuity and
is comparable throughout the time series. Second, unlike previous studies with missing
data [21,24,30,43,54], this study collected census data from multiple sources, allowing the
output dataset to cover the areas of mainland China, Hong Kong, Macau, and Taiwan,
ensuring the most nationwide data completeness. Additionally, the results have been
validated at the township level using the census data from 1838 divisions in 2010 and 1796
divisions in 2020 (Table 2), which yielded better validation results for R2 values and slopes
(Figure 4) than in previous studies [24] and the WorldPop datasets [43]. In summary, the
dataset obtained in this study has longer continuity, more complete spatial coverage, and
higher simulation accuracy, thus ensuring a good quantitative depiction of the extent and
intensity of the population distribution and variations over the past 30 years.
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4.1. Discussion

Some insights can be obtained from the striking features of stability in the spatial
distribution of China’s population over the past three decades. (1) The population shares
on both sides of the Hu line have not changed very much after nearly 90 years of economic
growth and social development, as other studies [11,12] have also found based on the
statistics of administrative divisions. Several studies have emphasized that the Hu line
has remained generally stable over the past 80 years and is still an important dividing
line in China’s demographic geography [12,13,21,29]. These conclusions could respond
to the question posed by Premier Li Keqiang [14] that the pattern of China’s population
distribution depicted by the Hu line has not been broken and that the current distribution
of China’s population is still greatly constrained by topographical factors and the natu-
ral background. Since 1999, China’s government has implemented a regional strategic
revitalization plan, named “China Western Development”, covering mostly the first and
second topographic steps (see Figure 5b). This plan sought to promote rapid economic
development and industrialization in the corresponding areas [64] and aimed to slow the
outmigration of the population. However, after 20 years of social development, the popula-
tion shares in the three-step staircase have largely remained stable, so the population goals
of this plan were not met. (2) In contrast to the traditional understanding, the consistency
of the population shares in the North and the South shows a different trend. Many recent
articles [65–67] have reported on the migration of China’s population from the north to
the south, which is described as “peacocks flying southeast.” However, the population
shares of the North and the South have been relatively stable over the past 30 years. This
stability is consistent with the findings of previous studies [30] on the population shares of
the North and South between 1982 and 2010. Therefore, the natural background still plays
a key role in population distribution.

In contrast to the relative stability of certain regions, the changes in population den-
sity could provide a scientific basis for ecological construction. For areas with different
trends in population density changes, different environmental protection policies should
be adopted, and different ecological construction projects should be implemented. (1)
The population share of China’s coastal region has increased by five percentage points
during the past 30 years (Figure 5d), and its population density has increased by 52.3%
(Figure 10). Similarly, the country’s urban areas have expanded 1.35 times, and their share
of the population has doubled (Table 4). Several studies have also noted a trend towards
population concentration in urban areas [21,22,43], an expansion of high-density (urban)
areas [22,24], and an intensification of population inflows in coastal areas [28] and areas
around large and medium-sized cities [27,43]. The ecological pressure in these places,
including the Yangtze River Delta, the Pearl River Delta, and the Beijing-Tianjin-Hebei
region, has increased greatly [68–70]. (2) The situation in the mountainous areas of the
South is the opposite. Despite the higher overall fertility rate caused by the higher per-
centage of ethnic minorities [71,72], the populations in these areas have been decreasing in
the last decade due to an obvious trend of population emigration. As mass emigration of
the populations in the mountainous areas may bring about an improvement in the local
vegetation ecology [25,73], the ecological conditions in these areas have improved.

4.2. Policy Implications

The notable features of stability and changes in the spatial distribution of China’s
population in the past 30 years may also have some policy implications for regional
development and urban planning.

(1) The development of policies and plans should be based on an in-depth understanding
of the relationship between people and land; otherwise, achieving their original
design objectives will be difficult. Based on respect for the objective law of population
distribution and growth, the government can set realistic targets for population
development and resource allocation and thus formulate feasible regional and urban
development plans.
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(2) Areas with rapid population growth, including urban and coastal areas, should receive
more attention from the government and scholars. These areas should be the key areas
for ecological construction and protection, and important projects and investments
related to ecological protection should be more concentrated in these regions.

(3) On the contrary, urbanization may improve the natural environment in vast rural
areas by reducing their population pressure. As large numbers of people move into
the cities, rural areas should not be the focus of large-scale ecological protection
projects at the national level.

5. Conclusions

In this study, based on the census data of 1990, 2000, 2010, and 2020, as well as the
regression models established with the proportions of cultivated land and different types
of construction land in the land use maps and NTL images as parameters, we developed a
continuous and comparable population dataset at 1 km resolution and decadal intervals
from 1990 to 2020. We then analyzed the striking features of both stability and change in
the spatial distribution of China’s population over the past three decades.

The results showed that the population shares under the splits of the Hu line and the
Qinling-Huaihe line, and on the three-step staircase, had remained largely stable over the
30 years, with their shares changing by no more than two percentage points. Among them,
the population share northwest of the Hu line increased by only 0.4 percentage points, and
that of the South of China increased by 1.8 percentage points. Similarly, the population
shares on the three steps of China’s topography did not change noticeably, with the first and
third steps increasing by 0.2 and 1.5 percentage points, respectively, and only the second
step experiencing a slight decrease.

On the contrary, some geographical divisions experienced large population changes.
The population share of the coastal region in the country rose remarkably, by 5.3 percentage
points. The shares of the area and population of urban areas increased from 0.5% to 1.3%
and from 26.0% to 53.5%, respectively, over the study period. The urban and surround-
ing areas of large and medium-sized cities were the main areas of population density
growth. However, the rural areas in the Great Plains of China experienced a decline in
population density.

Finally, and more importantly, for every 1 km2 of urban growth in the country from
1990 to 2020, an average of 29.4 km2 was depopulated.
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