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Abstract: Remote sensing data have been widely used in research on population spatialization.
Previous studies have generally divided study areas into several sub-areas with similar features by
artificial or clustering algorithms and then developed models for these sub-areas separately using
statistical methods. These approaches have drawbacks due to their subjectivity and uncertainty. In this
paper, we present a study of population spatialization in Beijing City, China based on multisource
remote sensing data and town-level population census data. Six predictive algorithms were compared
for estimating population using the spatial variables derived from The National Polar-Orbiting
Partnership/ Visible Infrared Imaging Radiometer Suite (NPP/VIIRS) night-time light and other
remote sensing data. Random forest achieved the highest accuracy and therefore was employed
for population spatialization. Feature selection was performed to determine the optimal variable
combinations for population modeling by random forest. Cross-validation results indicated that
the developed model achieved a mean absolute error (MAE) of 2129.52 people/km2 and a R2 of
0.63. The gridded population density in Beijing at a spatial resolution of 500 m produced by the
random forest model was also adjusted to be consistent with the census population at the town
scale. By comparison with Google Earth high-resolution images, the remotely-sensed population
was qualitatively validated at the intra-town scale. Validation results indicated that remotely sensed
results can effectively depict the spatial distribution of population within town-level districts. This
study provides a valuable reference for urban planning, public health and disaster prevention in
Beijing, and a reference for population mapping in other cities.
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1. Introduction

In recent decades, the world has experienced rapid and widespread urbanization. In 2018, 55%
of the worlds’ population lived in urban areas [1] and this increase in urbanization has also led to
economic development and social progress [2,3]. However, it also presents enormous challenges
to the urban environment and sustainability [4,5]. Cities with large and concentrated populations
are characterized by heterogeneous and convoluted spatial patterns, which provide challenges for
planning and management [6]. Detailed information on socioeconomic and natural characteristics
are critical for effective urban management and decision making. Most of the information required
for urban management and planning is spatial in nature [7]. It is difficult to acquire detailed spatial
information by traditional surveys. Remote sensing, which provides spatially continuous observation
across large areas is a good source of complementary data to traditional surveys and improves our
understanding of cities [8]. Remote sensing has been widely used in various urban applications, from
monitoring urban growth to predicting sustainable development [9,10].
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Population data are fundamental for urban planning, public health, and disaster prevention [11–13].
Traditional population census data are collected to provide a total population number for each
administrative unit. In many countries, especially in some developing countries, the statistical units of
census data are relatively coarse. In China, a national population census is conducted every ten years
(occurring in years ending with 0) at the town level, which is the fourth level of administration in the
country. The population is generally distributed unevenly, hence, the statistical data cannot reflect the
spatial difference of the population within administrative units. For relatively large administrative
units, this problem is more serious. The population census data also have limitations in that they are
not suitable for combining with other spatial data (ecological, land use, climate data, etc.) for analysis
because of the inconsistency in spatial scale [14].

The development of detailed and accurate population datasets is of great importance [15,16].
Population spatialization studies have been conducted to provide gridded population datasets
by allocating population from irregular administrative units to regular grids. Early population
spatialization studies used population density models to map population. Clark [17] used a negative
exponential model to describe the spatial patterns of population in several cities. Martin [18] used
a centroid-based interpolation method to map population in Cardiff, UK. These methods only used
census data to redistribute population and did not use any ancillary information. With the development
of remote sensing classification, land cover data were employed for population spatialization based on
its relationship with the population distribution. Gallego [19] produced a population density map of
the European Union based on Coordination of Information on the Environment (CORINE) land cover
data. Lo [20] used a geographically weighted regression (GWR) model to estimate the population
in Atlanta, Georgia based on four land use variables. Lung et al. [21] used detailed land cover data
derived from QuickBird images to model the population distribution in western Kenya. Night-time
light (NTL) remote sensing, which effectively reflects human activities, provides a new dataset for
population spatialization [22]. The Defense Meteorological Satellite Program (DMSP)/Operational Line
Scanner (OLS), the first generation of night-time light satellites, has been widely used in population
mapping. Briggs et al. [23] mapped the population distribution cross the European Union using
DMSP/OLS NTL data and CORINE land cover data. Bagan and Yamagata [24] estimated population
density in Hokkaido, Japan by using a multivariate regression model based on DMSP/OLS and land-use
data. Amaral et al. [25] mapped urban population distribution in the Brazilian Amazon by using
linear regression based on DSMP/OLS NTL. Sun et al. [26] mapped the population distribution in
Guangdong Province, China by using regression based on a slope adjusted human settlement index
calculated by combining DMSP/OLS NTL, Moderate Resolution Imaging Spectroradiometer (MODIS)
land cover and enhanced vegetation index (EVI) data. However, the DMSP/OLS data have some flaws,
including relatively low spatial resolution, low sensor sensitivity, and oversaturation in urban areas [27].
The National Polar-Orbiting Partnership (NPP)/Visible Infrared Imaging Radiometer Suite (VIIRS) with
improved spatial resolution, radiometric calibration and dynamic range was released in 2012 [28,29].
Chen and Nordhaus [30] compared the performance of NPP/VIIRS and DMSP/OLS NTL data on
estimating population and economic measures, and indicated that NPP/VIIRS had better accuracy
than DMSP/OLS. Stevens et al. [31] applied a random forest model based on NPP/VIIRS NTL and
other ancillary data to model population density in Vietnam, Cambodia, and Kenya. Chen et al. [32]
fitted the population distribution in Chinese cities using VIIRS NTL, net primary productivity and
topographic slope data. Gaughan et al. [33] mapped the gridded population in Kenya and Cambodia at
the county scale by using a random forest model and indicated that regionally-parameterized models
based on more spatially refined data could achieve higher accuracy.

In recent decades, population mapping studies have achieved obvious improvements. Originally,
a simple areal approach or linear regression was used for population disaggregation. Gradually,
machine learning technology such as random forest has been introduced in population mapping.
The spatial independent variables used for population mapping have expanded from a single layer
(such as land cover) to multiple layers (such as NTL, land cover, vegetation index, terrain, etc.).
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However, among various machine learning methods, only the random forest algorithm has been
employed for population mapping at this stage. There are few studies on comparing the performances
of different machine learning methods in population spatialization. In addition, most of the population
spatialization studies have been conducted at the county or higher level. The relatively large-scale gap
between remote sensing pixels and administrative units may cause uncertainty in population mapping.

In this paper, we present a study to map the population distribution of Beijing, China at the town
scale based on machine learning and multisource remote sensing data. First, we derived a number of
spatial variables from NPP/VIIRS NTL and other remote sensing data. In the second step, traditional
regression and five machine learning algorithms were employed and compared to build a model to
estimate the population at the town scale based on the derived spatial variables. In the third step,
a population density map in Beijing with a spatial resolution of 500 m was generated based on the
developed model and adjusted by the census data. Finally, the remotely-sensed population map was
assessed at the intra-town scale by comparing it with Google Earth high resolution satellite imagery.

2. Materials and Methods

2.1. Study Area

Beijing, the capital of China, is situated at the northern tip of the North China Plain (39◦28′~41◦05′N,
115◦25′~117◦30′E) and covers a total area of 16,410.54 km2. The western, northern and northeastern
regions of Beijing City are mostly mountainous, with altitudes ranging from 1000 to 1500 m. The
southeastern part is a plain with altitudes that range from 20 to 60 m. Beijing has 16 districts, which
contain a total of 329 town-level administrative units. According to the sixth national census of China
in 2010, the total population of Beijing is ~19.61 million. The spatial distribution of Beijing’s settlements
is very uneven, with most of the population concentrated in the central urban areas and the center of
suburban districts (see Figure 1).
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2.2. Data

2.2.1. Population Data

Population data comes from the sixth census of China in 2010, which can be freely accessed at the
National Bureau of Statistics of China. China conducts a national population census every 10 years.
It is an extensive, one-time survey of the entire national population. Investigators visit each household
to conduct surveys, which ensures the authenticity, accuracy, and completeness of the census data.
In this study, the total resident population of the 329 town-level administrative units in Beijing City
was derived from the 2010 census dataset.

2.2.2. Remote Sensing Data

In 2010, only DMSP/OLS provided night-time night remote sensing data. The NPP/VIIRS, which
has better spatial resolution and data quality compared with DMSP/OLS was not available before April
2012. In view of the oversaturation problem of DMSP/OLS in urban areas, this study used NPP/VIIRS
data from 2012 for population spatialization.

Considering the two-year difference between the census data and NPP/VIIRS data, the temporal
difference in night-time lights in Beijing was analyzed first. The DMSP/OLS NTL data in 2010 and 2012
in Beijing were compared (Figure 2). The scatterplot suggested that there was a clear, positive correlation
between them, with a high correlation coefficient of 0.97. By visual interpretation, the outliers in
the scatterplot were mostly scenic spots, ecological reconstruction areas, industrial and mining areas,
which generally have few residents. Therefore, by masking these regions, the NPP/VIIRS in 2012 can
be used for mapping population in 2010.
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The 500-m resolution monthly composite NPP/VIIRS NTL data [34] from April 2012 to December
2012 were used in this study. The annual NTL were calculated by averaging the monthly composite
NPP/VIIRS NTL data. The mean NTL in forest and water bodies was calculated as the minimum NTL
value to filter out background noise. In addition, the NTL values of the extremely lit areas at the Capital
International Airport and the National Theatre were replaced by the mean NTL value of urban areas.

Landsat5/TM images on 26 July 2011 were used in this study for land cover classification and land
surface temperature retrieval. Landsat5/TM data have seven bands, of which six multispectral bands
have a spatial resolution of 30 m, and one thermal infrared band has a spatial resolution of 120 m.
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The Advanced Spaceborne Thermal Emission and Reflection Radiometer Global Digital Elevation
Map (ASTER/GDEM) data (Version 2) at a spatial resolution of 30 m was employed in this study to
extract the elevation and slope of Beijing.

2.2.3. Vector Data

Road network data was derived from OpenStreetMap, an online open-source and editable map
platform where all the contents are provided and maintained free of charge by the public. It provides
valuable information for disaster relief, map data industry development, and geospatial scientific
research. The road network derived for Beijing was cleaned to eliminate false data.

2.3. Method

This paper mapped the population density in Beijing based on the spatial variables derived from
multi-source datasets. Firstly, 13 spatial variables were derived from NPP/VIIRS NTL, ASTER GDEM,
Landsat/TM, OpenSreetMap road network and administrative district data, including night-time
light (NTL), Built-up coverage (BC), water coverage (WC), forest coverage (FC), bare land coverage
(BLC), industrial and mining coverage (IMC), grassland coverage (GC), cropland coverage (CC), land
surface temperature (LST), altitude (ALT), flat area coverage (FAC), road network density (RND) and
urban function type (UFT). Then, traditional linear regression and five machine learning algorithms
were introduced for modeling at the town level: multiple linear regression (MLR), least absolute
shrinkage and selection operator (LASSO), Bayesian regularized neural networks (BRNN), support
vector machines with radial basis function kernel (SVM), random forest (RF) and extreme gradient
boosting (XGBoost). These six predictive algorithms were compared in order to develop an optimal
model with best performance. The final developed model was applied on the gridded spatial input
variables to map population distribution in Beijing. Finally, the pixel values in the preliminary gridded
population were adjusted by the census data so that the population of each town-unit was consistent
with the town-level census population. A summary of the population spatialization found in this
study is outlined below and also shown in Figure 3.

2.3.1. Independent Variables

To develop models for population estimation, a number of independent variables were derived
from remote sensing data.

Night-time light, which can effectively reflect socio-economic activities [35–39], has a close
relationship with population distribution. In this study, NTL was used as a socio-economic related
feature for population modeling.

Studies show that agricultural land and water in Beijing have continued to shrink over the past two
decades, and have generally been replaced by man-made, impervious surfaces. An important factor in
this change is the rapid growth of the population [40]. Land cover directly reflects the human impact
on the natural environment, and therefore was used as a feature to describe the land characteristics in
population spatialization. Landsat5/TM data was used for land cover classification. In addition to
Landsat5/TM multi-spectral bands, the normalized difference vegetation index (NDVI), the modified
normalized difference water index (MNDWI), the GDEM elevation and spatial texture characteristics
were also employed as classification features. Training and validation samples were visually selected
from high-resolution images from Google Earth that contain eight land cover categories (built-up,
industrial and mining, cropland, forest, grassland, bare land, water and cloud). The land cover map in
Beijing was generated based on the Classification And Regression Tree (CART) decision tree algorithm
(Figure 4) with an overall classification accuracy of 92.64%, and a Kappa coefficient of 0.91. The land
cover types (BC, WC, FC, BLC, IMC, GC and CC) were used as the land cover indicators.
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LST was derived from Landsat5/TM data to determine the urban thermal environment of Beijing.
The land surface emissivity was calculated using a hybrid pixel method [41,42], and the atmospheric
water vapor content was derived from the TERRA/MODIS water vapor product (MOD05) on
Landsat5/TM imaging data. Finally, the daytime LST in Beijing (Figure 5) was retrieved based
on the single-channel algorithm proposed by Jiménez-Muñoz et al. [43].Remote Sens. 2020, 12, x FOR PEER REVIEW 8 of 22 
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The western and northern parts of Beijing are mainly mountainous, whereas the south-east
region is a vast plain. This topographical condition has an important impact on the population
distribution of Beijing. The ALT and FAC (slope < 5◦) were employed as terrain features of the
population spatialization.

The distribution of the urban population is highly dependent on traffic. The density of road
networks in residential-intensive areas is often greater. RND was calculated from the road network
provided by OSM and used as the traffic feature in the population modeling.

To facilitate overall planning and coordination, Beijing has divided districts into four types:
capital function core district, urban function expansion district, urban development new district, and
ecological conservation development district. Different population control policies are adopted in
different districts. Owing to the different population policies, the population distribution in Beijing is
influenced by the different urban functions. According to the function of each district, UFT was used
as a policy feature.

In total, 13 independent spatial variables were selected to model the population spatialization:
NTL, BC, WC, FC, BLC, IMC, GC, CC, LST, ALT, FAC, RND and UFT.

2.3.2. Modeling Method

MLR is a statistical technology that is widely used to derive the relationship between two or
more independent variables and one dependent variable by fitting a linear equation. LASSO is
a regression method that performs both feature selection and regularization [44]. It shrinks the
coefficients of the less important variables towards zero to improve the accuracy and interpretability of
the model. BRNN is a neural network that is based on Bayesian regularization, which is a mathematical
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technique to convert nonlinear regressions into “well-posed” problems [45]. It uses the Nguyen
and Widrow algorithm [46] to assign initial weights and the Gauss-Newton algorithm to perform
the optimization. The trainbr function is implemented as the training algorithm. Compared with
standard back-propagation networks, BRNN is more robust and resistant to overfitting. SVM generates
separating hyperplanes to define decision boundaries for classification. Later SVM is expanded for
regression, which uses the same principles as that for classification. SVM uses kernel functions to
map data to a higher dimension space. Among different types of kernel functions, the radial basis
function is commonly used for its advances in handling nonlinear problems and effectiveness [47,48].
RF is an ensemble learning algorithm that consists of a collection of decision trees and can be used for
classification and regression [49]. It uses the bagging technique to randomly select bootstrap samples
for training multiple decision trees based on the CART algorithm. In addition, RF also randomly
selects feature subsets for training during the generation of trees. Each individual tree produces its
own predicted output and the final outputs of the whole RF model are the average of the outputs of
all the trees. XGBoost is an ensemble algorithm based on gradient boosted trees [50]. It follows the
gradient boosting principle proposed by Friedman [51], which iteratively trains additional better trees
on the residuals of the previous trees. On the basis of gradient boosting, XGBoost applies second order
Taylor expansion to optimize the objective function and applies regularization techniques to reduce
overfitting. All the employed algorithms were implemented in the R statistical software.

The averaged values of all the 13 spatial independent variables (NTL, BC, WC, FC, BLC, IMC,
GC, CC, LST, ALT, FAC, RND and UFT) of each town-level administrative unit were calculated as the
independent variables, and the population density of each town-level unit derived from the census
data were used as the dependent variable to fit modes for population estimation. MLR, LASSO, BRNN
and SVM can only use continuous numeric variables, so UFT was removed and the remaining 12
spatial independent variables were employed for modeling. For RF and XGBoost, all the 13 spatial
independent variables were employed for modeling. The values of the spatial independent variables
of all the 329 town-level units in Beijing were used as samples to model the population distribution of
Beijing in 2010.

Ten-fold cross-validation was used to verify the estimation performance of the models. Model
accuracy was evaluated using the mean absolute error (MAE) and the determination coefficient (R2),
as follows:

MAE =
1
n

n∑
i=1

∣∣∣Popi − Popi
′
∣∣∣ (1)

where n is the number of town-level administrative units, Popi is the actual population density of
town-level unit i, and Popi

′ is the estimated population density of town-level unit i.

R2 = 1−

∑n
i=1(Popi − Popi

′)2∑n
i=1(Popi′ − pop)2 (2)

where Pop is the mean of actual population density of all town-level units.
During cross validation, tunable models were tuned to develop optimized models. The parameter

values that can achieve the lowest MAE were chosen to fit the models. MLR has no tuning parameters.
The usual tuning parameter of LASSO is the fraction of full solution (fraction). The usual tuning
parameters of BRNN include the number of neurons (neurons), maximum number of epochs to
train (epochs), and the parameter that controls the behavior of the Gauss-Newton optimization
algorithm (mu). The usual tuning parameters of SVM include sigma and cost (C). The usual tuning
parameters of RF include the number of trees (ntree), number of variables randomly sampled as
candidates at each split (mtry), minimum size of terminal nodes (nodesize) and maximum number
of terminal nodes trees (maxnodes). The usual tuning parameters of XGBoost include the number
of boosting iterations (nrounds), max tree depth (max_depth), minimum loss reduction (gamma),
subsample ratio of the training instance (subsample ratio of the training instance), subsample ratio of
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columns (colsample_bytree), shrinkage (eta), and minimum sum of instance weight (min_child_weight).
To reduce the computation, only the most important tuning parameters of the tunable models were
tuned and the other tuning parameters were set as default. Table 1 lists the tuned parameters of the six
models in this study.

Table 1. Tuned parameters for the six models in this study.

Model Tuned Parameter

MLR /
LASSO fraction
BRNN neurons
SVMR Sigma, C

RF ntree
XGBoost nrounds, max_depth, gamma, subsample, colsample_bytree

2.3.3. Variable Selection

To reduce the tendency of overfitting and the model complexity, feature selection was performed
to reduce the number of independent variables. The correlation between town-level population density
and the 13 variables were analyzed using the Pearson correlation coefficient and distance correlation
coefficient as the indicators.

The distance correlation coefficient is calculated as follows:

d̂cor(X, Y) =
d̂cov(X, Y)√

d̂cov(X, X)dcov(Y, Y)
(3)

where d̂cov
2
(X, Y) = Ŝ1 + Ŝ2 − 2Ŝ3, Ŝ1, Ŝ2 and Ŝ3 are [52]:

Ŝ1 = 1
n2

n∑
i=1

n∑
j=1

∣∣∣∣∣∣Xi −Xj
∣∣∣∣∣∣

dX

∣∣∣∣∣∣Yi −Yj
∣∣∣∣∣∣

dY

Ŝ2 = 1
n2

n∑
i=1

n∑
j=1

∣∣∣∣∣∣Xi −Xj
∣∣∣∣∣∣

dX

1
n2

n∑
i=1

n∑
j=1

∣∣∣∣∣∣Yi −Yj
∣∣∣∣∣∣

dY

Ŝ3 = 1
n3

n∑
i=1

n∑
j=1

n∑
k=1
||Xi −Xk ||dX

∣∣∣∣∣∣Yj −Yk
∣∣∣∣∣∣

dY

(4)

Similarly, d̂cov(X, X) and d̂cov(Y, Y) can be derived.
To reduce the computation effort, the three independent variables most correlated with population

density were kept, and the full combinatorial operation was performed on the remaining independent
variables to produce 2n-3

−1 variable combinations. Each variable combination, together with the three
kept variables, constituted 2n-3

−1 feature sets. Ten-fold cross-validation was used to validate the
performance of each feature set. The minimum MAE and average MAE of feature sets with different
variable numbers were recorded. The minimum MAE represents the minimum error that can be
obtained by inputting n independent variables, and the average MAE represents the stable error
obtained by inputting n independent variables. When both the minimum MAE and the average MAE
are small, the number of independent variables is the optimal choice, and the variable combination
that produces the minimum MAE is the optimal combination for population modeling.

2.3.4. Population Spatialization

The values of all the selected variables were calculated at a uniform spatial resolution of 500 m.
Then the developed optimal model was applied to the independent variables to obtain a 500-m gridded
population density map of Beijing. Considering that there are generally no permanent residents in the



Remote Sens. 2020, 12, 1910 10 of 20

pixels for pure forest, cropland, water, and bare land, the estimated population density of Beijing was
adjusted by setting the value of these non-population pixels to zero.

Due to the modeling errors and the uncertainty caused by the scale gap between remote sensing
pixels and the town-level unit, there will be some differences between the estimated population and the
census data for each town-level administrative unit. To ensure that the population of each town-level
unit is consistent with the actual census data population, the pixel values of the estimated population
density in Beijing City were revised according to the following equation:

Pop_correctedi,j = Pop_estimatedi,j·

 Popi,census∑N
j=1 Popi,j·Areai

 (5)

where Pop_correctedi,j is the revised population density of the j-th pixel of the town-level unit i,
Pop_estimatedi,j is the estimated population density of the j-th pixel of the town-level unit i, Popi,census

is the actual population of the town-level unit i, and N is the number of pixels of the town-level unit i.
Areai is the area of a pixel (0.25 km2).

3. Results

Table 2 shows the cross validated MAE and R2 of the six models (MLR, LASSO, BRNN, SVM,
RF and XGboost). Different models had varied estimation accuracies, with the MAE ranging from
2165.70 to 3105.61 people/km2, and the R2 ranging from 0.77 to 0.85. Of the six models, RF achieved
the lowest MAE of 2165.70 people/km2 and the highest R2 of 0.85, suggesting that it was the optimal
model for population density estimation. It was also noted that MLR, the widely-used algorithm in
population spatialization, produced the highest MAE of 3105.61 people/km2 and the lowest R2 of
0.77. The poor performance of the MLR algorithm indicated that it does not capture the complex
relationships between the population and related independent variables in the study area.

Table 2. Accuracy of population density estimation of the six models.

Model MAE (People/km2) R2

MLR 3105.61 0.77
LASSO 3072.15 0.77
BRNN 2379.93 0.80
SVMR 2520.11 0.82

RF 2165.70 0.85
XGBoost 2456.50 0.83

The Pearson correlation coefficient and distance correlation coefficient for the population density
and the 13 independent variables in each township are shown in Table 3. The scatterplots of the
population density and independent variables are also provided in Figure 6. There are strong
correlations between NTL, BC, RND, LST and population density. The Pearson correlation coefficients
were 0.77, 0.89, 0.82 and 0.75 respectively, and the distance correlation coefficients were 0.84, 0.91, 0.87
and 0.81 respectively. These four variables demonstrated different degrees of impact on population
density in low-density and high-density areas. The variation in independent variables in low-density
areas had little impact on population density, but demonstrated obvious demographic differences in
high-density areas. The correlation between ALT, FC, CC and population density was not very strong,
with Pearson correlation coefficients of −0.37, −0.45 and −0.53 respectively, and distance correlation
coefficients of 0.46, 0.50, and 0.61 respectively. WC, BLC, IMC, and GC showed obvious weak
correlations with population density compared with other variables. However, from the scatterplots it
can be seen that these variables still showed some non-linear relationships with population density.
When the population density was greater than 3000, BLC had a negative correlation with population
density. The IMC ratio had a positive correlation with population density when it was less than
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6%, and a negative correlation with population density when it was greater than 6%. The distance
correlation coefficients also showed certain correlations between BLC, IMC and population density.
UFT was able to characterize the circular expansion of Beijing’s urbanized area, that is, population
density decreases towards the suburbs. Beijing’s urban population is generally distributed in flat
areas, and the population in mountain areas is mostly distributed in valleys. FAC was not significantly
correlated with population density in Beijing.

Table 3. Correlation coefficients between independent variables and population density.

Variable Pearson Correlation Coefficient Distance Correlation Coefficient

NTL 0.77 0.84
ALT −0.37 0.46
BC 0.89 0.91
WC −0.13 0.18
FC −0.45 0.50

BLC −0.28 0.39
IMC 0.24 0.49
GC 0.15 0.37
CC −0.53 0.61

UFT −0.64 0.68
FAC −0.24 0.27
RND 0.82 0.87
LST 0.75 0.81
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The first three variables (NTL, RND and BC) with the strongest correlation with population density
were reserved, and all combinations for the 10 remaining variables (WC, FC, BLC, IMC, GC, CC, LST,
ALT, FAC and UFT) were generated, which were 210

−1 combinations. The fixed three variables and
each of the combinations of the remaining 10 variables were combined to fit the model, which yielded
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a total set of 210
−1 feature sets. The number of features range from four to 13 in all these 210

−1 feature
sets. When the number of features is four, it means that one variable was selected from the remaining
10 variables (C1

10) and then combined with the fixed three variables, resulting in 10 different feature
sets. When the number of features is five, it means that two variables were selected from the remaining
10 variables (C2

10) and then combined with the fixed three variables, resulting in 45 different feature
sets, and so on. When the number of features is 13, it means that all the remaining 10 variables were
selected (C10

10) and combined with the fixed three variables, resulting in only 1 feature sets. The accuracy
of each feature set was validated using 10-fold cross-validation. Based on the cross-validated MAE
of all the feature sets, the minimum MAE and average MAE with various numbers of independent
variables were calculated and shown in Figure 7. The average MAE rapidly decreased as the number
of variables increased from four to six and then slowly decreased with the increase of the number of
variables. This suggested that when the number of variables was greater than six, the average error of
the model tended to be stable. The minimum MAE (2129.52 people/km2) appeared when the number
of variables was seven. Therefore, seven is the optimal number of variables for population modeling,
and the seven variables that achieved the minimum error (NTL, RND, ALT, BC, CC, IMC, and LST)
were employed for population modeling.
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The selected seven input variables were used to fit the RF model. The parameter ntree was also
tuned to optimize model performance (Figure 8), and the other three parameters (mtry, nodesize and
maxnodes) were set as default. The mean square error decreased sharply when ntree increased to 30.
When ntree increased from 30 to 100, the error decreased slowly and then flattened gradually. When
ntree was greater than 400, the error was nearly unchanged. Therefore, ntree was set to 400 to fit the
random forest model.
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Figure 9 shows the scatterplot for the predicted population density from the random forest model
and the actual population density from the census data at the town level. The random forest model
achieved a cross-validated MAE of 2129.52 people/km2 and a cross-validated R2 of 0.63. Most of the
samples were close to the 1:1 line, suggesting a good fitting performance.
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Figure 9. Scatterplot for the estimated population density from the random forest model and the actual
population density from census data.

The developed random forest model was applied to the 500 m resolution gridded variables (NTL,
RND, ALT, UC, CC, IMC, and LST) to generate a population density map of Beijing. The population
density values of the pure pixels of forest, cropland, water and bare land were masked as zero.
Considering that there were still some errors in the random forest model and applying the model
developed at the town level on the gridded independent variables can cause some uncertainties,
the remaining pixel values were also adjusted based on Equation (5) to be consistent with the census
data at the town level. Finally, the 500 m gridded population density map of Beijing was developed
(Figure 10).
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4. Discussion

Compared with population census data at the town level, remotely-sensed population data gives
the population density of each pixel and well depicts the spatial distribution of the population with
greater detail. Figures 10 and 11 show the population density maps derived from remotely sensed
data and census data for Beijing, respectively. Generally, both the maps reflect the overall population
distribution pattern in Beijing: the population is mainly concentrated in the urban districts, and the
population density in suburb areas is generally low. However, the census data can only give the average
population density of the town-level administrative units and cannot reflect the spatial differences
within the town-level units. The remotely-sensed population redistributes the census population
data to the 500 m pixels, which provides a lot more detailed spatial information than the census
population data.
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Figure 11. Population density map of Beijing derived from census data.

Due to the lack of population data for lower-level administrative units, the reliability of the
remotely-sensed population data within town-level units cannot be quantitatively assessed. We selected
three typical areas to discuss the rationality of remotely-sensed population distribution at the
intra-town scale, using the high-resolution Google Earth images as a reference. The three selected
areas were the North Taipingzhuang subdistrict in the main urban area, Yanqing town in the suburbs,
and Changshaoying Manchu township in the mountains.

North Taipingzhuang subdistrict has a very high population density of 38,986.88 people/km2,
and a very small area of 5.17 km2. From the Google Earth image (Figure 12a), it can be seen that this
area was full of buildings. Especially in the southeast part, there are a lot of high residential buildings,
which results in a higher population density than other parts. The remotely-sensed population density
(Figure 12c) well reflects this spatial pattern, while the census data (Figure 12b) only provides a high
average population density for this region.
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Figure 12. Comparison of the Google Earth image (a), census population data (b) and remotely-sensed
population (c) in North Taipingzhuang subdistrict. The red line in (a) is the boundary of the subdistrict.
Figures b and c use the same legend as Figure 9.

The spatial distribution of the population in the suburbs is generally much lower and more uneven
than that in urban areas. Yanqing, a suburb town located in the northwest part of Beijing, has a medium
population density of 1794.23 persons/km2, and a total area of 75 km2. From the Google Earth image
(Figure 13a), it can be seen that the town center area in the southeast is dominated by multi-storied
residential buildings, while the residential areas outside the town center are characterized by bungalows.
Except for residential areas, there are mainly croplands that have no residents. The remotely-sensed
result (Figure 13c) also well reflected the spatial distribution of the population, which is higher in the
town center and surrounding areas. The census data (Figure 13b) cannot reflect this spatial difference
in the town.
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The Changshaoying Manchu township, is located in the northern mountains of Beijing, and covers
a large area of 249.44 km2, but it has a very low population density of 26.37 people/km2. The Google
Earth high-resolution remote sensing image (Figure 14a) showed that this region is mainly mountainous
woodlands, with very few residential areas scattered across several valleys. In the remotely-sensed
population map (Figure 14c), only a few pixels had relatively low population densities, and most pixels
had a population density of zero. The spatial pattern of the remotely-sensed population density was
well consistent with the Google Earth image. The census data (Figure 14b) gave a very low average
population density for the whole township, which does not reflect the populated areas in the valleys.
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Previous studies on population spatialization have generally been conducted at the county or
higher level. Models were developed based on county-level administrative units and then applied to
gridded independent variables to redistribute population from irregular administrative units to regular
grids. The relatively large spatial gap between the county-unit and remote sensing pixel will introduce
some uncertainties into the result [53]. However, it is difficult to measure the uncertainties caused
by this spatial gap. To reduce the influence of the spatial gap, population spatialization should be
performed at lower administrative levels. In this paper, we mapped the population density in Beijing
at the town scale. Compared with county-level administrative districts, town-level districts have a
much smaller area, which can effectively reduce the spatial gap between remote sensing data and
census data. Due to the lack of detailed population data, the accuracy of remotely-sensed population
data at the intra-town scale cannot be quantitatively assessed. To our knowledge, no previous studies
have been carried out to validate the accuracy of gridded population datasets within census units. As
an alternative, we used high-resolution Google Earth images as a reference to qualitatively validate
the result. According to the results for three typical regions, the remotely-sensed population can well
describe the detailed spatial distribution of the population within town-level units.

NTL data effectively depicts the spatial distribution of human activities at night and is widely used
for population spatialization. However, considering the complexity of population, social, economic
and natural conditions, taking NTL as the only independent variable cannot accurately reflect the
population distribution, especially at fine spatial scales. In recent years, machine learning technology
has been introduced for population spatialization based on NTL and other spatial variables [31,33,54,55].
However, most of the studies only used the RF algorithm for population modeling. Even though RF
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has been widely used in remote sensing applications, there are still a lot of other machine learning
methods, such as artificial network, SVM, generalized linear models and other ensemble learning
algorithms. This study employed several typical machine learning algorithms and compared their
modeling performance by cross validation. Results showed that RF outperformed other methods and it
had the lowest MAE and highest R2, suggesting that it is the optimal method to develop the population
spatialization model. In addition, considering that using a lot of independent variables will produce
complicated models, feature selection was conducted to reduce the risk of overfitting and the model
complexity. The good results suggest that the proposed method can well fit the relationship between
population density and spatial variables, and also produce a reliable spatial distribution of population.

Due to the lack of population census data at lower administrative levels, the remotely-sensed
population found in this study was not quantitatively assessed at the intra-town level. In 2020, China
will conduct the seventh national population census, which may provide more detailed population
data. Therefore, more comprehensive work on population spatialization and evaluation can be carried
out based on the new census data.

5. Conclusions

In this study, we mapped the population density in Beijing at the town scale based on random
forest and multisource remote sensing data. Thirteen spatial independent variables (NTL, Alt, BC, WC,
FC, BLC, IMC, GC, CC, UFT, FAC, RND, and LST) were derived from NPP/VIIRS and other remote
sensing data. The comparison between the MLR and five machine learning algorithms indicated that
RF achieved the best accuracy and was selected for population spatialization. By feature selection,
seven variables (NTL, RND, ALT, BC, CC, IMC, and LST) were selected to fit the random forest model,
which achieved a cross-validated MAE of 2129.52 people/km2 and a R2 of 0.63. The 500 m gridded
population in Beijing was produced by applying the developed random forest model to gridded
independent variables. Moreover, the produced gridded population was adjusted to be consistent with
the census data at the town scale. The finally developed gridded population density well depicts the
detailed spatial distribution of the population of Beijing, and shows much higher spatial heterogeneity
than the census data.

Compared with other studies, this study comprehensively compared several machine learning
algorithms to develop an optimal spatialization model to map population from multiple spatial
variables at the town level. In addition, a qualitative assessment using Google Earth images as
references was proposed to validate the reliability of the gridded population density results at the
intra-town scale. The assessment result indicated that the developed gridded population reasonably
reflects the population distribution information within town-level units. All the datasets employed in
this study can be free accessed, and the machine learning algorithms can be implemented in R or Python.
The details of the data processing, modeling and validation are described in this paper. Therefore,
the method proposed in this study could serve as a good template for population spatialization in
other cities. The results of this study provide a valuable reference for various applications with
regard to Beijing. For urban planning, the gridded population data provides detailed information
about the population distribution for municipal infrastructure construction, road network design,
and the distribution of schools, hospitals and parks. For natural disaster prevention and control,
gridded population data is helpful to accurately assess the exposed population and effective emergency
response in disasters. The detailed population distribution can also be incorporated in accessibility
modeling, commercial site selection and infectious disease research.
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