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Abstract: There remains several challenges that are encountered in the task of extracting buildings
from aerial imagery using convolutional neural networks (CNNSs). First, the tremendous complexity
of existing building extraction networks impedes their practical application. In addition, it is arduous
for networks to sufficiently utilize the various building features in different images. To address
these challenges, we propose an efficient network called MSL-Net that focuses on both multiscale
building features and multilevel image features. First, we use depthwise separable convolution (DSC)
to significantly reduce the network complexity, and then we embed a group normalization (GN)
layer in the inverted residual structure to alleviate network performance degradation. Furthermore,
we extract multiscale building features through an atrous spatial pyramid pooling (ASPP) module
and apply long skip connections to establish long-distance dependence to fuse features at different
levels of the given image. Finally, we add a deformable convolution network layer before the pixel
classification step to enhance the feature extraction capability of MSL-Net for buildings with irregular
shapes. The experimental results obtained on three publicly available datasets demonstrate that
our proposed method achieves state-of-the-art accuracy with a faster inference speed than that
of competing approaches. Specifically, the proposed MSL-Net achieves 90.4%, 81.1% and 70.9%
intersection over union (IoU) values on the WHU Building Aerial Imagery dataset, Inria Aerial
Image Labeling dataset and Massachusetts Buildings dataset, respectively, with an inference speed of
101.4 frames per second (FPS) for an input image of size 3 x 512 x 512 on an NVIDIA RTX 3090 GPU.
With an excellent tradeoff between accuracy and speed, our proposed MSL-Net may hold great
promise for use in building extraction tasks.

Keywords: building extraction; semantic segmentation; group normalization; deformable convolution;
remote sensing images

1. Introduction

As the main gathering places for human production and living, buildings are crucial
indicators for monitoring urbanization, and the extraction of buildings is playing an
increasingly notable role in the study of urbanization [1]. Currently, various data sources,
such as satellite images, aerial imagery, and point cloud data, are available for building
extraction tasks. Among them, aerial images have high spatial resolutions and are easy to
obtain. Building extraction from aerial imagery is critical for urban planning [2], population
estimation [3] and digital cartography [4].

In building extraction tasks, considerable human labor will be consumed if all build-
ings are manually annotated. Therefore, how to extract buildings with algorithms rather
than human experts is an immediate challenge to be addressed. Traditional extraction meth-
ods can generally be divided into feature detection-based methods [5-7], area segmentation-
based methods [8-11] and auxiliary information-combined methods [12-18]. However,
based on handcrafted features such as spectral, shadow, and texture features, these tradi-
tional methods can only process the low- or mid-level information contained in images,
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and their building extraction results usually have poor accuracy and integrity [19]. Tradi-
tional methods are not sufficiently intelligent and often require tedious parameter tuning
steps. With aerial image acquisition becoming easier, if buildings can be automatically
extracted by algorithms in real time, the efficiency of the extraction task will be significantly
improved, and human labor costs will be dramatically reduced.

Considerable semantic segmentation methods paired with deep learning have been
developed in recent years. Compared with traditional methods, semantic building segmen-
tation methods based on deep learning approaches are capable of obtaining and utilizing
the high-level features contained in images. Applicable for fully automatic semantic seg-
mentation, trained deep learning models hold great promise in building extraction tasks.
In fully convolutional networks (FCNs) [20], the fully connected layers in the convolu-
tional neural network (CNN) structure are replaced with convolutional layers, and some
researchers [21,22] have used variants of FCNs to automatically extract buildings, as they
eliminate the jagged edges encountered when segmenting blocky regions and achieve
obviously improved segmentation accuracy. However, as early semantic segmentation
models, FCNs are limited to utilizing the contextual information contained in an image,
leading to discontinuities and holes in the segmentation results.

To fully obtain and utilize the features in images, two main approaches are currently
available for improving semantic segmentation models.

(1)  For feature maps, feature pyramids can be applied to enlarge their receptive fields and
obtain multiscale target features. The pyramid scene parsing network (PSPNet) [23]
fuses four different scales of feature maps in parallel via a pyramid pooling module,
improving the network’s ability to obtain multiscale information. In DeepLabv3 [24],
an atrous spatial pyramid pooling (ASPP) structure is adopted to enlarge the receptive
fields and, thus, has a significant advantage in large object segmentation. To restore
more building contour information, Xu [25] enhanced the combination of an encoder
and a decoder based on a DeepLabv3+ [26] network embedded with an ASPP module.

(2) For input images, skip connections are applied to fuse different levels of feature
maps to obtain multilevel image features. The level of image features increases as
the network layers deepen. Low-level features provide the basis for object category
detection, and high-level features facilitate accurate segmentation and positioning.
U-Net [27] uses long skip connections to integrate low-level features with high-level
features and has high performance in medical image segmentation. Improved from
U-Net, networks such as IEU-Net [28], HA U-Net [29] and EMU-CNN [30] have
performed well. The MPRSU-Net [31] was constructed by combining long and short
skip connections, alleviating the holes and fragmentary edges in the segmentation
results obtained when extracting large buildings.

Researchers [32-34] have also considered both types of approaches and constructed
new building segmentation models by combining feature pyramid modules and skip
connections, notably enhancing the efficiency of the building extraction task and the
generalization capacities of the developed models. Nevertheless, the majority of existing
building extraction methods fail to address model applicability, resulting in considerable
computational complexity and tedious parameter tuning steps. These problems limit their
deployment in practical applications such as disaster/emergency response [35], damage
assessment [36,37], and military reconnaissance [38] that require high algorithmic efficiency.
Therefore, to facilitate the practical application of our method, we reduce the model
complexity and propose a network with an “encoder-decoder” structure called MSL-Net,
which is capable of obtaining and utilizing both multiscale and multilevel features, where
“M” represents the prefix “multi”, “S” represents “scale”, “L” represents “level”, and “Net”
represents “Network ”. The key contributions are as follows.

1. In the encoding stage of MSL-Net, we introduce the MobileNetV2 [39] architec-
ture to extract multilevel features. The inverted residual blocks in MobileNetV2 are
constructed as bottlenecks using depthwise separable convolution (DSC) [40] and
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group normalization (GN) operations [41], which noticeably reduce the model com-
plexity while improving its training and inference speeds. The multiscale features
are extracted by an ASPP module to enhance the ability of the model to recognize
multiscale buildings.

2. Inthe decoding stage of MSL-Net, long skip connections [42] are applied to establish a
long-distance dependence between the feature encoding and feature decoding layers.
This long-distance dependence is beneficial for obtaining the rich hierarchical features
of an image and effectively preventing holes in the segmentation results [31]. Before
performing pixel classification, a deformable convolution network (DCN) layer [43]
is added to ensure strong model robustness even when extracting buildings with
irregular shapes.

2. Materials and Methods
2.1. MSL-Net Architecture

The encoder and decoder in MSL-Net are shown in Figure 1. The function of the
encoder is to extract image features in a layer-by-layer manner. As the network layers
gradually deepen, the feature map becomes more abstract; nonetheless, the extracted
semantic information becomes richer, which is beneficial for classifying each pixel in the
input image. In MSL-Net, the lightweight MobileNetV2 network with inverted residual
blocks is introduced as the backbone to extract the original image features. We embed a
GN layer in the inverted residual block, and three levels of feature maps with channels
x height x width values of 24 x 128 x 128, 32 x 64 x 64, and 320 x 64 x 64 are output.
Since the image downsampling operation during feature extraction lowers the feature map
resolution and causes a partial loss of spatial information, the downsampling rate is limited
to 8, and only three downsampling operations are performed. An ASPP module is used to
extract multiscale features from the output high-level feature maps.

MobileNetV2 with GN

J Encoder
4 CONV 33 &
Bottleneck 3 Bottleneck x3 |/ Bottleneck x11

Low-level feature map Mid-level feature map High-level feature map
24x12'8x128 32 64 64 320 x64x64

Input

3x512x512
Decoder CONV 1x1 CONV] 1

48x128x128

CONCAT &
X CONV 1x1 5x256x64x64
A
v 4
CONV 1x1&
Output RESHAPE ‘ S |‘—|/
Layer 1
Layer 3 Layer2 256x64x64
2x512x512 256x128x128 256x128x128 256%64x64 ASPP module

Figure 1. Overall architecture of MSL-Net. The encoder produces multilevel semantic feature maps
with different spatial resolutions. The decoder parses them to the segmentation mask.

The decoder outputs prediction results with the same size as that of the original input
image; these results are expressed as the final binary building segmentation map in the
building semantic segmentation task. First, layer 1 is output by the ASPP module and
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concatenated with the mid-level feature map output by the backbone through a long skip
connection. After the channels of the concatenated feature map are adjusted to 256 through
a1l x 1 convolution, we obtain layer 2. Second, layer 2 is resized by bilinear reshaping
(denoted RESHAPE) to the same size as that of the low-level feature map extracted by the
backbone, and then a concatenation operation (denoted CONCAT) and a 1 x 1 convolution
(denoted CONV 1 x 1) are executed to obtain layer 3 with 256 channels and a size of
128 x 128. Thus far, multilevel image features and multiscale feature map features have
been extracted. Third, the features of irregular building shapes are extracted through
a DCN layer, whose output feature map has the same number of channels and size as
its input feature map. Eventually, after a 1 x 1 convolution and a bilinear reshaping, a
semantic segmentation image of the buildings with 2 channels and a size of 512 x 512
is output.

2.2. Feature Extraction Backbone in the Encoder

Typically, the deeper a network is, the richer the extracted features and the better
the model performs. However, a deep learning model does not always perform better
after simply stacking the layers of the network. Instead, the weight matrix may degrade,
causing the network performance to deteriorate. The residual structure in ResNet [44]
allows certain layers to be connected to each other through short skip connections, which
weakens the strong correlation between two adjacent layers and mitigates network degra-
dation. The inverted residual structure in the MobileNetV2 feature extraction backbone
is based on the residual structure of ResNet, while the feature extraction sequence of
“downscaling-convolution-upscaling” is changed to “upscaling-convolution-downscaling”,
and the middle normal convolution is replaced by a DSC.

2.2.1. DSC in the Backbone

As shown in Figure 2, a DSC consists of two steps, a depthwise convolution and a
pointwise convolution, which are performed separately in the spatial and channel dimen-
sions to capture spatial information and fuse cross-channel depth information. Suppose
that the input feature map size (length x width x channels) is Dr x Df x M, the output
feature map size is Dy X Dr X N, and the normal convolution kernel size is Dg x Dk x M.
Then, the ratio of the number of DSC parameters to the number of normal convolution
parameters is:

(DkxDgx1)x M+ (1x1xM)xN 1 1

=4 1
(Dg x Dg x M) x N N+D12< M

which indicates that the DSC can exponentially reduce the required number of parameters,
and this advantage becomes increasingly apparent as the number of layers increases.

\

— — |
i e ——— Depthwise  § l
- convolution ey
v = v
‘ Concatenate l
v
Pointwise
v convolution —
—

(a) Depthwise separable convolution (b) Normal convolution

Figure 2. Schematic diagrams of the DSC and the normal convolution. The left figure (a) shows the
DSC, while the right figure (b) shows the normal convolution.
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2.2.2. GN in the Backbone

Batch normalization (BN) [45] has been widely used in existing deep learning algo-
rithms. MobileNetV2 contains three BN layers in each inverted residual structure. Each BN
layer takes the overall statistics for inference, imposing constraints on the search spaces of
the system parameters, accelerating network convergence, and alleviating the overfitting
problem. However, due to the stacking effect of BN in the network, the input distribution
deviation between the training and test sets causes BN estimation bias to accumulate, which
adversely affects the test performance of the model [46]. Note that GN can prevent the
accumulation of such estimation bias. For this reason, we replace the second BN layer in
the original inverted residual structure (shown in Figure 3c) with a GN layer to prevent
network performance degradation due to distribution bias and ensure the robustness of
the network.

CONV 1x1

CONV 1x1 CONV 1x1

(c) Inverted residual block
with GN embedded

(a) Normal residual block (b) Inverted residual block

Figure 3. Schematic diagram of (a) the normal residual block, (b) the inverted residual block, and
(c) the inverted residual block with GN embedded.

The general feature normalization formula is,

X = l(in — 1i) )

%

For two-dimensional images, x is a computed feature derived from the feature map,
and i = (iy, ic, if, iw) is a four-dimensional vector of features indexed in the following
order: “batch axis, channel axis, spatial height axis, spatial width axis”. u and ¢ are the
mean and standard deviation, respectively, computed using the following equations:

pi=i T x o= [T (—m)+e @)
kES; =

where ¢ is a constant with a small value, S; is the set of pixels used to compute the mean
and standard deviation, and m is the size of S;. Then, formally, the set of groups normalized
computation sets is defined as,

o e ] - ]}

here, G and C are the numbers of groups and channels, respectively, and C/G is the number
of channels in each group. | -] is the floor operation, and {Ck%J = {CI/LGJ indicates that
both indices i and k are in the same channel group, assuming that each channel group is
stored sequentially along the channel axis. GN computes y and ¢ along the spatial height
axis, the spatial width axis and a group of C/G channels. Specifically, we use the same u
and o to normalize the pixels in the same group.
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2.3. ASPP in the Encoder

Atrous convolutions [47] introduce the concept of “dilation rates” based on the normal
convolution, as shown in the ASPP module in Figure 4. Atrous convolutions with different
dilation rates insert corresponding zero values into the normal convolution kernel to achieve
convolution dilation, thereby increasing the receptive fields; this is similar to pooling
operations. The scale features extracted by atrous convolutions with different dilation
rates are also different. Additionally, since the inserted zero values are not calculated, the
calculation counts do not increase, and the spatial resolution of the output feature maps
does not decrease.

?;0
iz

"ONV3x3|
. o

High-level feature map -Ostxs == Layer 1
Rate=24 ST
320x64x64 - — 5x256x64x64 256x64x64
> L
_——

Figure 4. Schematic diagram of the ASPP module. The ASPP module concatenates and fuses five
feature maps to obtain multiscale feature map features.

We replace the original ASPP branch with an atrous convolution possessing a dilation
rate of 2 in our experiments. The ASPP module in MSL-Net concatenates and fuses the five
feature maps output by a 1 x 1 convolution and four atrous convolutions with dilation
rates of 2, 12, 24 and 36, obtaining both large-scale global information and small-scale local
detail information. After a1l x 1 convolution, the number of channels in the concatenated
feature map is compressed to 256.

2.4. Deformable Convolution in the Decoder

Buildings in images are susceptible to different degrees of deformation due to external
conditions such as the attitude of the equipment and weather conditions. In addition, due
to the diversity of the shapes of buildings, a normal convolution has difficulty extracting
the shape features of buildings, while a deformable convolution is able to adaptively adjust
according to the deformation of the object in an image and efficiently extract robust features
from objects with different shapes and directions.

Figure 5 depicts schematic diagrams of a normal convolution and a deformable convo-
lution in the two-dimensional plane. Figure 5a represents the normal convolution, where
the convolution kernel size is 3 x 3, and the sample points are organized in a regular
pattern. Figure 5b represents the deformable convolution, where each sample point has
position offsets, and the arrangement becomes irregular.

Top

Middle

Bottom

(a) Normal convolution (b) Deformable convolution

Figure 5. Schematic diagrams of (a) a normal convolution and (b) a deformable convolution. From
the bottom to the top, the sampling points are fixed in the normal convolution, while the sampling
points in the deformable convolution adjust according to the shape of the object.



Remote Sens. 2022, 14, 3914

A normal two-dimensional convolution includes two steps: (1) sampling on the
input feature mapping x with a normal convolution kernel K and (2) summing over the
w-weighted sampled values. For each position p on the output feature mapping y,

K
y(p) = Y wex(p + pi), 5)
k=1

where k lists the positions in K.

In a deformable convolution, the position offsets are first obtained through a normal
convolution layer, and then the offsets and magnitudes of the features learned from each
sampling point are modulated. Finally, a more complex geometric transform feature
learning process is performed, which is calculated as,

K

y(p) = Y wiex(p + px + Api)-Amy, (6)
=1

where Ap; and Amy represent the learnable offset and weight scalar at position k, respec-
tively. Amy represents the modulation scalar at position k in the range [0, 1], and the
calculation of the offset value is executed using bilinear interpolation. Apy and Amy can
be obtained by applying a convolution to the same input feature map layer. The number
of output channels is 3K, and K represents the convolutional kernel size of the backbone.
The first 2K dimensions represent the x and y offsets (Apy) at each position, and the subse-
quent K dimensions are used to obtain the weight (Am) of each position according to the
sigmoid layer.

We add a deformable convolution layer to enhance the feature extraction ability of our
model for geometric shapes before the final pixel classification output of the network.

2.5. Warmup and Cosine Annealing Learning Rate Policy

During training, gradient descent is usually adopted to optimize models. The learning
rate (LR) is one of the hyperparameters that affect the model optimization process; it plays
a guiding role in how to use the loss function gradient to adjust the network weights in
the gradient descent step. When model training starts, a large initial LR is generally set to
rapidly decrease the loss value of the network, and the LR decreases in a certain way as the
number of iterations increases to ensure small model fluctuations during the later training
stages as it gradually approaches the global optimal solution. The LR usually decreases via
exponential decay, piecewise constant decay, or cosine annealing [48].

Since the network is relatively unstable in the early training stage, a large initial
LR causes the gradient of the weights to fluctuate back and forth, and a small initial LR
decelerates network convergence; thus, we employ the “warmup and cosine annealing”
LR policy to ensure the performance of the model. As shown in Figure 6b, in the first
10 epochs, the LR linearly increases from 0 to the base LR and then gradually decreases
from the base LR to 0 as the number of epochs increases. The LR is calculated by:

77//maxTcur, Teur < Twu

wu

, 7
77“%&(1 +C05(TC"%:}W7T))/ Twu < Teur < Tmax @)

M=

where 7 is the LR of the current training epoch, #/max is the base LR, T¢y, is the current
number of training epochs, Ty is the total number of warmup epochs, and Tmay is the
maximum number of training epochs.
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Figure 6. Comparison between two LR policies. The left figure (a) shows the exponential decay LR
policy, while the right figure (b) shows the warmup and cosine annealing LR policy.

3. Experiments and Results
3.1. Descriptions of the Datasets

In this study, we use the WHU Building Aerial Imagery dataset (WHU dataset) [3],
Inria Aerial Image Labeling dataset (Inria dataset) [49], and Massachusetts Buildings dataset
(Massachusetts dataset) [50], with spatial resolutions ranging from 0.3 m to 1.0 m; thus,
we can fully test the performance of the developed model. The details of each dataset are
listed in Table 1.

Table 1. Details of each dataset.

Dataset Spatial Resolution (m) Pixels Area (km?) Tiles

WHU dataset 0.3 512 x 512 450 8189
Inria dataset 0.3 5000 x 5000 810 180
Massachusetts dataset 1.0 1500 x 1500 240 151

For both the Massachusetts dataset and the WHU dataset, the training and validation
steps are performed directly using the training, validation, and test set ratios that have been
partitioned by default in these datasets. For the Inria dataset, the training, validation, and
test sets are divided at a ratio of 8:1:1. The numbers of images in the training, validation
and test sets used for each dataset in the experiments are shown in Table 2.

Table 2. Division of each dataset.

Dataset Training Set Validation Set Test Set
WHU dataset 4737 1036 2416
Inria dataset 14418 1782 1800
Massachusetts dataset 1233 36 90

3.2. Experimental Settings

The main software and hardware used in our study are listed in Table 3.

Table 3. Details of the employed hardware and software.

Item Details
CPU Intel i7-12700K @ 3.61 GHz
GPU GeForce RTX 3090 (24 GB)
0os Windows 10 x64
Language Python 3.8
Framework PyTorch 1.8.1

Since buildings are the only experimental objects, the pixel value range of the labeled
binary map is adjusted from [0, 255] to [0, 1] before training, where pixels with values of
1 represent the buildings and pixels with values of 0 represent the background. The widely
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used and high-performing U-Net, PSPNet, and DeepLabv3+ are selected for comparison,
and all four models are tested on the above three datasets using the same training, valida-
tion, and test sets. The input images are one-hot coded, the batch size is set to 12, the loss
function is a direct summation of the focal loss [51] and dice loss [52], the Adam optimizer
is used in the training process, the base LR is set to 0.0005, and each comparison model is
trained for 120 epochs using an exponential decay LR policy with a gamma value of 0.0005.
MSL-Net is first warmed up for 10 epochs and then trained for 110 epochs using the cosine
annealing LR policy.

In the training stage, data augmentation strategies are applied to preprocess the input
images to obtain more feature information from the limited data. Due to the rich geometric
features of the buildings in the dataset, we first apply spatial data augmentation strategies,
including random horizontally mirror flipping with a 50% probability, random rotation
with 50% probabilities at different angles (—10° to 10°), and random scaling with ratios
between 0.25 and 2. Then, spectral data augmentation strategies are applied to reduce the
impact caused by imaging condition differences to improve the generalization ability of the
network. The spectral data augmentation techniques include hue augmentation, saturation
augmentation, value augmentation and random Gaussian blurring.

3.3. Evaluation Metrics

To quantitatively evaluate the reliability and accuracy of each model, we use six
metrics, the Intersection-Over-Union (IoU), F1-score, Accuracy, Recall, Precision and Kappa,
to evaluate the segmentation results. The building segmentation results are compared
with the corresponding building labels at the pixel level, and the instances are classified
as positive or negative, with true indicating a correct prediction and false indicating an
incorrect prediction; thus, true positives (TPs) represent the correctly predicted building
pixels, false positives (FPs) represent the pixels that predict the background as buildings,
false negatives (FNs) represent the pixels that predict buildings as the background, and
true negatives (TNs) represent the correctly predicted background pixels. The confusion
matrix is shown in Table 4.

Table 4. Confusion matrix.

Prediction Building Background
Ground Truth
Building P PN
Background P N

Among these six metrics, Recall denotes the proportion of correctly predicted building
pixels among all real building pixels, Precision denotes the proportion of correctly predicted
building pixels among all predicted building pixels, and the IoU, which is currently the
most commonly used evaluation metric in semantic segmentation tasks, denotes the ratio
of the intersection to the union of the predicted building and real building pixels. Accuracy
indicates the proportion of correctly predicted pixels among all pixels. The Fl-score is the
harmonic mean of the Recall and Precision. Kappa is a metric that considers both the target
and background accuracies. The Recall, Precision, IoU, Accuracy, F1-score and Kappa are
defined as:

Recall = TP/(FN + TP), 8

Precision = TP/(FP + TP), )

IoU =TP/(EN + FP + TP), (10)
Accuracy = (TP + TN)/(FP + FN + TP + TN), (11)
Fl-score = 2TP/(2TP + EN + FP), (12)

Po = (TP + FP)/(FP + FN + TP + TN), (13)
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Pe = ((TP + FEN)(TP + FP) + (FN + TN)(FP + TN))/((FP + EN + TP + TN)?),  (14)
Kappa = (P — Pe)/(1 — Pe). (15)

4. Discussion
4.1. Comparisons on Each Dataset
4.1.1. Comparison on the WHU Dataset

The WHU dataset is the most accurate building dataset available to date [53]; it consists
of aerial images of Christchurch, New Zealand, with extraordinarily high image resolutions.
Building images with obvious spectral features, geometric features, and spatial distribution
features are selected from the dataset for display, as shown in Figure 7, where white pixels
indicate the correctly detected parts of a building, red pixels indicate incorrectly detected
parts of a building, blue pixels indicate the missed parts of a building, and black pixels
indicate the correctly detected background.

B N

Test Image Ground Truth UNet PSPNet DeepLab v3+  Proposed MSL-Net

Figure 7. Examples of the segmentation results obtained using different methods. (a—d) Results
selected from the WHU dataset.

In Figure 7a, U-Net, PSPNet, and DeepLabv3+ all fail to detect large bungalows
to some degree, and some results have rough building edges with some discrete pixels,
whereas MSL-Net decreases the salt and pepper noise by fusing multiscale and multilevel
features through its ASPP module and long skip connections. In Figure 7b, the other three
methods have varying degrees of false detection. This is because the building roofs are
similar to the ground in terms of color and texture, which signifies “intraclass spectral
heterogeneity”. The results of Figure 7b demonstrate that MSL-Net effectively reduces
the negative impact of “intraclass spectral heterogeneity” on the extraction of buildings
and achieves enhanced recognition accuracy. Figure 7c depicts a region with a significant
number of densely distributed small-scale buildings, and MSL-Net efficiently mitigates
false detection. Buildings of various sizes and shapes can be found in Figure 7d. According
to the extraction results, U-Net and PSPNet are unable to effectively discriminate between
the ground and buildings. Buildings with irregular shapes, such as round buildings, are
ineffectively extracted by PSPNet and DeepLabv3+. MSL-Net not only eliminates the
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negative impact of “intraclass spectral heterogeneity” but also completely extracts round
buildings and maintains their continuity, revealing that the deformable convolutional layer
is involved in the detection of target features with irregular shapes.

To quantitatively evaluate the extraction effect of each method, the results of each
metric are calculated, as shown in Table 5.

Table 5. Metrics produced on the WHU dataset. The highest scores are bolded; the second-highest
scores are underlined.

Method ToU (%) Accuracy (%)  F1-Score (%)  Kappa (%)  Precision (%)  Recall (%)
U-Net 84.9 98.2 91.9 90.8 90.0 93.8
PSPNet 87.6 98.5 93.4 92.6 92.6 94.3
DeepLabv3+ 88.0 98.6 93.6 92.8 944 92.9
MSL-Net 90.4 98.9 95.0 94.3 95.1 94.8

In Table 5, MSL-Net exceeds 90% in every metric, with IoU, Fl-score and Kappa
values that are about 2.4%, 1.4% and 1.5% higher than those of the second-best model,
respectively. Our proposed model outperforms the widely used models in accuracy of
recognition outcomes.

4.1.2. Comparison on the Inria Dataset

The Inria dataset comprises a variety of urban landscapes, covering an area of 810 km?
in 10 different cities. Various places have diverse architectural types, and the spectral
features and shadow features of the images also vary depending on their imaging times and
meteorological conditions, so this dataset might be a good indicator of a model’s robustness
in different scenarios. Some of the original images and labels and the corresponding results
extracted by each method are shown in Figure 8.

B ™ P B rr B N

Test Image . Ground Truth PSPNet DeepLab v3+ bProposed MSL-Net

Figure 8. Examples of the segmentation results obtained by the different methods. (a—d) Results
selected from the Inria dataset.

The spatial distribution of the buildings in Figure 8a is uneven, and the materials and
spectral features of the roofs of the scattered buildings vary. The buildings in Figure 8b are
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large in scale and are connected by several buildings with different spectral features. The
building structures are complex, and shadows obscure the buildings. Figure 8c contains two
types of buildings, villas and large bungalows, and the spectral features of the buildings
and the ground are relatively similar. The buildings in Figure 8d are rectangular ambulatory
planes in terms of shape, and the spectral features of the roofs are complex.

MSL-Net effectively reduces the amount of missed detection and effectually suppresses
the occurrence of false detection, as shown in Figure 8a,c. Figure 8b shows how MSL-
Net successfully distinguishes rooftops and road surfaces with similar spectral features,
weakening the influence of the “interclass spectral homogeneity”. MSL-Net also effectively
distinguishes between white and brown rooftops with different spectral features and
successfully extracts white buildings shaded by trees, indicating that MSL-Net can reduce
the impact of shaded buildings to some extent. We can observe in Figure 8b,d that MSL-Net
can recognize buildings with complicated structures.

Table 6 lists the computed evaluation metric results. The IoU, Fl-score and Kappa
coefficient of MSL-Net are 0.2%, 0.2% and 0.2% higher than those of the second-best model
PSPNet, respectively; these results are not much higher than those of the PSPNet, but they
still indicate that MSL-Net has good competitiveness in the building recognition task in
various situations.

Table 6. Metrics produced on the Inria dataset. The highest scores are bolded; the second-highest
scores are underlined.

Method ToU (%) Accuracy (%)  F1-Score (%)  Kappa (%)  Precision (%)  Recall (%)
U-Net 78.2 96.2 87.8 85.5 88.5 87.0
PSPNet 80.9 96.7 894 87.5 88.9 89.9
DeepLabv3+ 78.1 96.2 87.7 85.4 88.2 87.1
MSL-Net 81.1 96.8 89.6 87.7 89.3 89.9

4.1.3. Comparison on the Massachusetts Dataset

The Massachusetts dataset includes Boston aerial images with 1-m spatial resolutions,
which are significantly lower than the 0.3-m resolutions of the WHU dataset and Inria
dataset. With these lower spatial resolutions, the feature information of buildings is rough
and more difficult to extract. Some of the original images and labels and the corresponding
results extracted by each method are shown in Figure 9.

In general, most of the buildings in the segmentation results are displayed in frag-
mented patchy distributions, which greatly test each model’s ability to extract small targets.
Figure 9a,b demonstrate that MSL-Net can alleviate the occurrences of missed and false
detections to a certain extent, and Figure 9¢,d demonstrate that MSL-Net is also able to
effectively identify irregular buildings.

The results of the calculated evaluation metrics are shown in Table 7. The IoU, F1-score
and Kappa coefficient values of MSL-Net are 3.3%, 2.3% and 2.9% higher than those of the
second-best model U-Net, respectively, and all other metrics are also better. The results
show that MSL-Net still has strong robustness even when working with images possessing
poor spatial resolutions.
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Test Image Ground Truth UNet PSPNet DeepLab v3+ Proposed MSL-Net

Figure 9. Examples of the segmentation results obtained by different methods. (a-d) Results selected
from the Massachusetts dataset.

Table 7. Metrics produced on the Massachusetts dataset. The highest scores are bolded; the second-
highest scores are underlined.

Method ToU (%) Accuracy (%)  F1-Score (%)  Kappa (%)  Precision (%)  Recall (%)
U-Net 67.6 92.6 80.7 76.1 78.5 83.0
PSPNet 67.2 92.6 80.4 75.8 793 81.5
DeepLabv3+ 63.3 91.3 77.5 74.5 749 80.4
MSL-Net 70.9 93.6 83.0 79.0 81.9 84.1

4.2. Complexity Comparison

Complexity is a critical factor that affects the practical application of a model. In the
building extraction task based on the CNN method, lower numbers of parameters and
floating-point operations (FLOPs) often result in faster training and inference speeds. A
model with lower complexity is more convenient for practical applications. To objectively
evaluate the complexity of each model, the number of parameters, the number of FLOPs,
the training speed and the inference speed are calculated separately for each model. On
an NVIDIA RTX 3090 GPU, the training speed is expressed as the number of frames per
second (FPS) required for an input image of size 3 x 512 x 512, and the inference speed
is expressed as the number of FPS required for 2 input images of size 3 x 512 x 512. The
quantitative comparison results are shown in Figure 10.

In Figure 10, we can easily find that MSL-Net obviously achieves the fastest training
speed and inference speed with very small numbers of parameters and FLOPs. In detail,
the numbers of parameters and FLOPs required by MSL-Net are much lower than those of
DeepLabv3+ and PSPNet, which are approximately 14% and 37% of the numbers required
by the suboptimal U-Net model, respectively. Our proposed MSL-Net reaches a competitive
training speed of 53.1 FPS, which is 65% faster than that of the second-best model, while the
inference speed surpasses those of other models by more than 57.1% with an FPS of 101.4.
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Figure 10. Complexity comparison.

4.3. Comparison with State-of-the-Art Methods

To verify the effectiveness of the proposed network, MSL-Net is compared with recent
state-of-the-art building extraction methods, including AGs-Unet [54], PISANet [55], DR-
Net [56], RSR-Net [57], BRRNet [58], and SRI-Net [59], on the accurate WHU dataset. As
WHU dataset is a publicly available dataset, we use the reported model performances for
our comparisons. The quantitative comparison results are shown in Table 8.

Table 8. Comparison with state-of-the-art methods on the WHU dataset. Here, ‘~" denotes that the
paper did not provide relevant data. The best results are bolded; the second-best results are underlined.

Method ToU (%) F1-Score (%) Params (M)
AGs-Unet 85.5 - 34.9
PISANet 88.0 93.6 -
DR-Net 88.3 93.8 9.0
RSR-Net 88.3 - 2.9
BRRNet 89.0 94.1 17.3
SRI-Net 89.1 94.2 -
MSL-Net 90.4 95.0 6.0

As seen in Table 8, the IoU and F1-score of MSL-Net are superior to those of all the
tested methods that have been developed in recent studies, demonstrating the state-of-
the-art performance of our proposed method. Compared with RSR-Net, BRRNet, and
SRI-Net, our proposed MSL-Net achieves IoU improvements of 2.1%, 1.4%, and 1.3% on
the WHU dataset, respectively. MSL-Net also achieves competitive number of parameters,
demonstrating its great tradeoff between complexity and accuracy.

4.4. Ablation Experiments

To verify the effectiveness of each improvement, we perform ablation experiments on
the WHU dataset, Inria dataset and Massachusetts dataset. Based on the baseline (MSL-Net
with the unimproved MobileNetV2), we first change the LR policy from exponential decay
(ED) to warmup and cosine annealing (WCA), and then we add a DCN layer at the end
of the network. Finally, we replace the second BN layer with a GN layer in the inverse
residual structure. The results of the six metrics are calculated, as shown in Table 9 and
Figures 11-13.

The metrics of the model demonstrate constant trends toward superiority with the
adjustment of the LR policy, the addition of the DCN, and the embedding of GN in the
inverse residual module. For instance, on the WHU dataset, the WCA increases the IoU
by 0.8% and the Fl-score by 0.7%, the DCN module increases the IoU by 0.3% and the
F1-score by 0.3%, and the improvement of the inverse residual structure increases the IoU
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by 1.0% and the F1-score by 0.1%. The ablation experimental results strongly prove the
effectiveness of our introduced improvements.

Table 9. Ablation experimental results obtained on the three datasets. The highest scores are bolded;
the second-highest scores are underlined.

Method WHU Inria Massachusetts
etho IoU F1-Score IoU F1-Score IoU F1-Score
Baseline + ED 88.3% 93.9% 77.3% 87.2% 68.7% 81.4%
Baseline + WCA 89.1% 94.6% 80.5% 89.2% 70.1% 82.4%
Baseline + WCA + DCN 89.4% 94.9% 80.7% 89.3% 70.7% 82.8%
Baseline + WCA + DCN + GN 90.4% 95.0% 81.1% 89.6% 70.9% 83.0%
100% ga
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Baseline+ ED  m Baseline+ WCA  mBaseline + WCA + DCN  ® Baseline + WCA + DCN + GN

Figure 11. Ablation experimental results obtained on the WHU dataset.
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Figure 12. Ablation experimental results obtained on the Inria dataset.
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Figure 13. Ablation experimental results obtained on the Massachusetts dataset.

4.5. Limitations and Future Work

Despite superior performance achieved by the proposed MSL-Net in accuracy and
complexity, MSL-Net still has limitations that need to be addressed. The experimental
results of MSL-Net on the Inria dataset with more complex scenes have insignificant
advantages over those of PSPNet, and it is still necessary to strengthen the robustness
of lightweight MSL-Net in complex scenes. Additionally, the number of parameters of
the ASPP module accounts for a large proportion of that of the whole network. In future
work, the improvements or replacements of the ASPP module can be considered to address
this limitation.

5. Conclusions

In this paper, we propose MSL-Net, an efficient neural network for building extraction.
In terms of its network structure, MSL-Net adopts an ASPP module and skip connections
to obtain the multiscale features of buildings and the multilevel features of images. The
numbers of network parameters and computations are reduced by a DSC, GN is embedded
in the inverted residual structure to alleviate network degradation, and the extraction capa-
bility of the model for irregularly shaped buildings is ensured by a DCN layer. Experiments
are conducted on three publicly available datasets with varying spatial resolutions and
building styles, and MSL-Net outperforms the comparison methods in model accuracy,
demonstrating its superiority and robustness. Complexity evaluation experiments reveal
that MSL-Net surpasses other models by more than 57.1% with an inference speed of
101.4 FPS; it requires only 14% of the parameters and 37% of the FLOPs required by the
second-best method, manifesting the efficiency of MSL-Net. Ablation experiments indicate
the effectiveness of each improvement. However, we find that the experimental results
obtained by MSL-Net on the Inria dataset with more complex scenes are not sufficiently
superior, and we will focus on enhancing the robustness of MSL-Net to complex scenes
in our future work so that MSL-Net can perform well when monitoring urbanization in
different cities.
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Abbreviations
ASPP  Atrous spatial pyramid pooling
BN Batch normalization

CrPU Central processing unit

DCN  Deformable convolution network
DSC Depthwise separable convolution
FCN Fully convolutional network
FLOPs  Floating-point operations

FN False negative

FP False positive

FPS Frames per second

GN Group normalization
GPU Graphics processing unit
IoU Intersection over union
oS Operating system

P True positive

TN True negative
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Abstract: Remote sensing can provide spatio-temporal continuous Earth observation data and is
becoming the main data source for spatial and temporal analysis. Remote sensing data have been
widely used in applications such as meteorological monitoring, forest investigation, environmental
health, urban planning, and water conservancy. While long-time-series remote sensing data are used
for spatio-temporal analysis, this analysis is usually limited because of the large data volumes and
complex models used. This study intends to develop an innovative and simple approach to reveal the
spatio-temporal characteristics of geographic features from the perspective of remote sensing data
themselves. We defined an efficient remote sensing data structure, namely time ring (TR) data, to
depict the spatio-temporal dynamics of two common geographic features. One is spatially expansive
features. Taking nighttime light (NTL) as an example, we generated a NTL TR map to exhibit urban
expansion with spatial and temporal information. The speed and acceleration maps of NTL TR data
indicated extraordinary expansion in the last 10 years, especially in coastal cities and provincial
capitals. Beijing, Tianjin, Hebei Province, Shandong Province, and Jiangsu Province exhibited fast
acceleration of urbanization. The other is spatially contractive features. We took forest loss in the
Amazon basin as an example and produced a forest cover TR map. The speed and acceleration
were mapped in two 10-year periods (2000-2010 and 2010-2020) in order to observe the changes
in Amazon forest cover. Then, combining cropland TR data, we determined the consistency of the
spatio-temporal variations and used a linear regression model to detect the association between the
acceleration of cropland and forest. The forest TR map showed that, spatially, there was an apparent
phenomenon of forest loss occurring in the southern and eastern Amazon basin. Temporally, the
speed of forest loss was more drastic between 2000 and 2010 than that in 2010-2020. In addition, the
acceleration of forest loss showed a dispersed distribution, except for in Bolivia, which demonstrated
a concentrated regional acceleration. The R-squared value of the linear regression between forest and
cropland acceleration reached 0.75, indicating that forest loss was closely linked to the expansion of
cropland. The TR data defined in this study not only optimized the use of remote sensing data, but
also facilitated their application in spatio-temporal integrative analysis. More importantly, multi-field
TR data could be jointly applied to explore the driving force at spatial and temporal scales.

Keywords: time ring data; long time series; spatio-temporal characteristics; Amazon forest cover;
urban expansion; nighttime light

1. Introduction

Spatial and temporal variation analysis of geographic features is an important part
of geographic research that helps us to understand the characteristics of geographic fea-
tures [1]. Furthermore, we can predict the potential variations in such characteristics so as
to assess the rationality of the variations and the possible risks, and put forward correspond-
ing countermeasures. At present, the data sources for spatio-temporal variation analysis
are usually divided into ground observation data and remote sensing (RS) data [2]. With
the development of RS techniques, satellite RS images have gradually become the main
data source because they can provide spatio-temporal continuous Earth observations [3].
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RS data, to date, have been widely used in applications such as meteorological monitoring,
forest investigation, environmental health, urban planning, water conservancy, and global
climate change [4-9].

However, remote sensing data may be a burden when performing long-time-series
and large-geographical-scale research [10,11]. These studies involve massive amounts
of data, forcing researchers to perform additional data organization work to conduct
spatio-temporal change detection analysis [12]. For specific geographic features with the
characteristics of a large covered range and long time series, such as flood expansion [13],
urban expansion [14], and forest cover change monitoring [15], remote sensing data need to
be pre-processed to fit the model inputs, which is time-consuming and labor-intensive work.
A large body of work has been conducted due to the proliferation of RS data. For example,
Ma built a data-intensive index to decrease the computing complexity for long-time-span
and large-range RS applications [16]. Xu put forward a spatial featured data cube analysis
tool conducting time-series RS data processing and analysis based on multidimensional
spatio-temporal data models, took Poyang Lake data cube datasets for 20 years as an
example, and successfully mapped the percentage change in the water area of Poyang
Lake over a 20-year time series [10]. Such methods solved the problem of tedious data
processing, but research about RS data processing for spatio-temporal distribution analysis
of features is still insufficient.

It Is also essential to take into account appropriate approaches in the spatio-temporal
analysis of geographic features [17]. Most studies conducting spatiotemporal analysis of
RS data simply involved the cognition of the spatial distribution of features at different
times [18-21]. These studies inherently spatially and temporally separated out difficult-to-
mine spatio-temporal integrative information. Furthermore, when involving long-time-
series or large-scale analysis, these approaches are unwieldy for understanding spatio-
temporal characteristics. At present, there are no studies on how to present spatio-temporal
integrative characteristics in practical applications based on long-time-series RS data.

Several studies have utilized an effective data form to store long-term changing
features and present the spatial variation with time on one map [22-24]. For example,
Gong produced one global artificial impervious area (GAIA) map from 1985 to 2018, and
this data storage was convenient and the spatial variation in GAIA with time could be
clearly understood. However, the GAIA data were used only for mapping, lacking further
spatio-temporal dynamic analysis based on the data structure. In addition, similar studies
failed to explore the general specification and potential practical value of the data form.
Therefore, this study proposed time ring (TR) data from the perspective of remote sensing
data organization on the basis of previous studies. The TR data are intended to exhibit the
spatial variation in geographic features over time, which can intuitively show the spatio-
temporal characteristics of geographic features. The TR data structure that we defined
is efficient for two types of features. One is space-expansive features over time, such as
urban buildings [14] and nighttime light [25]. The other is space-contractive features over
time, such as forest cover [26] and glacier cover [27]. Different processing methods will be
performed when producing TR data according to the different types of features.

This study provides a detailed definition of TR data and illustrates the steps involved in
transforming multi-temporal RS data into TR data. Then, we introduce related calculations
and applications of TR data. Two examples of nighttime light TR data and forest cover TR
data are provided to explain the spatio-temporal characteristics. Additionally, we perform
an ordinary linear regression analysis combining forest and cropland TR data to reveal the
driving mechanism spatially and temporally. Finally, this study discusses the strengths and
weaknesses of TR data and states the possible application prospects in the future.

2. Details of Time Ring (TR) Data
2.1. Definition of TR Data

Time ring (TR) data are a new form based on RS data in which geographic features
are exhibited like tree rings, which can clearly present the spatial variation characteristics
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over time (Figure 1). These data rely on long-time-series remote sensing images because a
long time series can better show the spatio-temporal variation characteristics of geographic
features. Too few time slices may be detrimental to their subsequent exploitation in space
and time. The primary trait of TR data for geographic features is either expansive or
contractive (Figure 1). For expansive features, the spatial distribution area of these features
will gradually increase with temporal change, while for contractive features, the spatial
distribution area of these features will gradually decrease with temporal change. The
determination of expansion and contraction can be found in Section 2.2. Each grid unit in
the TR data is marked by a time label in order to represent integrative temporal and spatial
information. The time label denotes when the feature appears or disappears in this grid.
For example, for expansive features, such as urban areas, there are different urban areas in
t1, t2, and t3. Then, when forming TR data, t2 in each grid indicates that the urban area
was emerging in time t2. This expression of data assures that information can be obtained
regarding the time at which the spatial changes happened. Furthermore, researchers can
perform analysis using a regression model combining multiple TR variables in various
fields of application.

Contraction gradually

Figure 1. The general form of time ring (TR) data: (1) for spatially expansive feature; and (2) for
spatially contractive feature.

2.2. Generation of TR Data

The generation of TR data involves four steps (Figure 2). The first step is to obtain a
relevant remote sensing dataset with notable geographic features. Some datasets can be
downloaded based on open-source satellite sensor data, such as normalized differential
vegetation index (NDVI) data released by the Moderate-Resolution Imaging Spectrora-
diometer (MODIS) and nighttime light data produced by the Visible Infrared Imaging
Radiometer Suite (VIIRS). Others are subject to further interpretation according to the
original image, such as land cover data and urban built-up area data. The second step
is to reclassify all images by assigning each pixel of the feature a time label and setting
the other pixels to null. The third step is to determine whether the geographic feature is
spatially expansive or contractive. We sum up the number of time labels on each image
and establish whether the total increased or decreased over time. If the count is increasing,
we consider it an expanding feature; otherwise, it is a contracting feature. The last step is to
fuse all images in chronological order and produce the TR data. If a feature is expanding
outward, the central region represents an older time and the peripheral regions’ time is
newer. If a feature is contracting inward, then the central region represents a newer time
and the peripheral region time is older.
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Figure 2. The generation steps of time ring (TR) data.

2.3. Calculation of TR Data

Producing TR data is a key step, and the subsequent related analysis will be performed
with TR data. In this study, we take into account speed and acceleration as a method of
calculating TR data. Speed is used to describe the state of change in features in different
periods regarding, specifically, a changing extent of expansion or contraction. Addition-
ally, acceleration is a further calculation based on speed denoting the magnitude of the
impact of the driving force [14]. The calculated expression was improved on the basis of
our previously published article regarding the analysis of built-up area expansion [14].
Concretely, we first set the pixel with time labels to 1 using produced TR data (Figure 3).
Then, we define a fishing net with a coarser resolution (5 x 5 km) than the pixel. The 5 km
grid is suitable for larger-scale studies. In practice, we can flexibly set the grid size in terms
of spatial scale in the study. The sum of all pixel values in each grid of the fishing net is
counted as the grid value (Figure 3). In the end, the grid value is used to compute the speed
and acceleration.

a. Using produced TR data.

b. Setting the pixel with time label to 1.

¢. Computing the sum of pixels in coarser grid.

Figure 3. The data preparation for computing speed and acceleration. The data take the TR data with
expansive features as an example. One grid can contain four pixels in this figure.

In this calculation, speed is defined as the difference in grid value between two time
points multiplied by the pixel size and divided by the time interval. Acceleration is defined
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as the difference in speed between two periods divided by the time interval. The formulae
for speed and acceleration are as follows:

Speed; 011 = (area; ;1 — area; )/ (1 — £0) M
Speed; o = (area;p — area;n)/ (12 — t1) 2
Acceleration; T = (Speed; 11_p — Speed; o)/ T 3)

where areay, areay1, and areay, represent the object areas at time #1, 5, and t3, respectively. i
represents each grid defined during data preparation (Figure 3). t0—t1 and t1—t2 represent
two periods for calculating their speed. T represents the interval between the two periods
for calculating their acceleration. The speed and acceleration are just one form of the
calculation of TR data. Subsequent studies will further explore the analysis of TR data
based on other methods, such as Moran’s I.

3. Application to Urban Expansion
3.1. Nighttime Light Data

The TR data, on one hand, can be clearly used to recognize the time label when there
is a spatial variation. On the other hand, they are able to characterize the driving force by
combining other TR data. It is appropriate for use in the analysis of urban expansion under
the context of global urbanization. Many studies have discussed the temporal variation
and driving force of urban expansion by extracting the build-up area from remote sensing
images, such as Landsat and Sentinel images [14,22]. In this study, we attempt to map the
nighttime light (NTL) data to exhibit the urban expansion in China in 2000-2020. NTL data
with a long time series can be obtained from the website https://dataverse.harvard.edu,
accessed on 1 September 2022 [28]. Urban expansion represents a type of geographic feature
with spatial expansion. As many studies on the spatial and temporal characteristics of
urban expansion have been conducted, further influential mechanisms will not be discussed
in this study. However, we produced the speed and acceleration map of NTL TR data to
analyze the potential spatio-temporal characteristics.

3.2. Results of Urban Expansion
3.2.1. Spatio-Temporal Characteristics of NTL TR Data

According to the generated NTL TR map (Figure 4), comparing the three cities of
Chengdu, Wuhan, and Beijing, the result shows that the largest NTL area was in Beijing
in 2000, indicating the rapid development of urbanization in this period [29,30], while
Chengdu and Wuhan were still in the early stages of development during this period. The
NTL TR map also shows that the eastern part of Chengdu has maintained a state of rapid
development in recent years. The application of urban expansion may be used to explain
some phenomena caused by urban development, such as ecological environmental change.

3.2.2. Analysis of Speed and Acceleration of NTL in China

The increase in the NTL area can reflect the urban expansion, while the changing speed
and acceleration of the NTL can also indirectly show the expansion rate and acceleration
of urban areas. During the two periods (2000-2010 and 2010-2020), from the distribution
map of speed and acceleration of NTL in China (Figure 5), we can establish that the overall
speed in eastern China has been relatively high since 2000, indicating that these cities have
experienced a rapid expansion. In addition, some provincial capitals in the central and
western regions, such as Chengdu, Xi’an, and Wuhan, have also experienced significant
expansion. In contrast, some cities developed more rapidly in period 2. The acceleration
map shows that Beijing, Tianjin, Hebei Province, Shandong Province, and Jiangsu Province
exhibited a high acceleration in urbanization. However, there are negative variations in
acceleration in the central area of some provincial capitals, indicating that the NTL in the
center of these cities is decreasing, which is especially significant around Shanghai.
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Figure 4. The urban NTL time ring (TR) map from 2000 to 2020 in China.
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Figure 5. The speed and acceleration maps of NTL in China. The negative value in the speed
legend represents the speed of NTL reduction, and the negative value of acceleration represents the
acceleration of NTL reduction.
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4. Application to Forest Cover Change
4.1. Study Area and Data

This study takes forest cover data in the Amazon basin as an example to check the
utility of the TR data. The Amazon basin covers 7.05 million square kilometers, accounting
for 40% of the total area of the South American continent. The region consists of parts
of Brazil, Bolivia, Peru, Ecuador, Colombia, Venezuela, Guyana, Suriname, and French
Guiana (Figure 6). The region has the largest tropical rainforest in the world, benefitting
humankind by purifying the atmosphere and adjusting the climate. However, due to the
impact of human activities, such as agricultural expansion, logging, and urban expansion,
the land cover in the Amazon basin has undergone dramatic changes, especially with the
massive loss of forest [31].

Brazil

Bolivia

Bolivia

Figure 6. The study area of the Amazon basin in South America.

In this case, we screened out the forest and cropland datasets in the Amazon basin
from 2000 to 2020 based on global land cover (LC) classification data. The global LC
classification data can be obtained from the website https:/ /cds.climate.copernicus.eu
(accessed on 7 February 2023), which includes two sources. One is the global annual LC
maps from 1992 to 2015 produced by the European Space Agency (ESA) Climate Change
Initiative (CCI) LC project [32,33]. The other is the Copernicus Climate Change Service
(C3S), which generated global LC maps from 2016 to 2020 that are consistent with the
ESA-CCI LC maps. The LC classification data were defined using the United Nations Food
and Agriculture Organization’s (UN FAO) Land Cover Classification System (LCCS). The
long-time-series LC classification data with a spatial resolution of 300 m are well suited to
fine spatio-temporal analysis.

We produced the forest cover TR data in the Amazon basin based on the proposed
generation method. Then, we extracted forest cover data from the TR data in 2000, 2010,
and 2020 in order to create speed and acceleration maps. Furthermore, we also created
a cropland TR map and an acceleration map in the Amazon basin to analyze the driving
force of forest cover change, and observed their spatio-temporal variation characteristics
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based on these two TR maps. At the same time, ordinary linear regression was also utilized
to establish the relationship between acceleration changes in forest and cropland.

4.2. Results of Forest Cover Change
4.2.1. Spatio-Temporal Characteristics of Forest TR Data

We produced TR data based on forest cover from 2000 to 2020 in the Amazon basin
(Figure 7). Despite the high level of forest cover in the Amazon basin, there has been
significant loss since the beginning of the 21st century. Forest loss is usually a process
occurring from the edge to the center at the local scale, so the display of TR data was obvious.
Overall, forest loss mostly occurred at the edge of the Amazon basin and near the main
river and its tributaries (Figure 7). From a regional perspective, an apparent phenomenon
of forest loss occurring in the southern and eastern Amazon basin was observed. According
to the mapping result, forest loss in the Amazon basin was most significant between 2000
and 2010.

Forest TR Map

60 Miles 0 300 600 Miles
A

Time label

2000 [_]2010
[J2001 [_J2011
12002 [_]2012
12003 2013
12004 []2014
[J2005 []2016
12006 2017
[J2007 []2018
[J2008 []2019
12000 [ 2020

Figure 7. The forest time ring (TR) map from 2000 to 2020 in the Amazon basin.

4.2.2. Analysis of Speed and Acceleration

We mapped the speed and acceleration of forest loss for two periods (2000-2010 and
2010-2020) in the Amazon basin (Figure 8). By comparing the variation in speed between
these two periods, we found that the speed of forest loss was more drastic in the first
period. Spatially, the speed of forest loss was higher in the southeastern Amazon basin,
mainly in Brazil, than in other regions. There was also a high speed of forest loss in some
local areas, such as Caqueta Province in Colombia and central Bolivia. In the period of
2010-2020, the speed of forest loss slowed down overall, with higher speed only in the
southern Amazon basin. From the acceleration map, the regional characteristics of forest
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loss were not obvious. Only in Bolivia was there a concentrated area of acceleration of
forest loss. However, there was an acceleration of forest loss occurring in the whole region
of the Amazon basin.
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N
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[ ]-0.10- 0.10
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I -0.024 - -0.010
[1-0.009 - 0.250

Figure 8. The speed and acceleration maps of forest loss in the Amazon basin. The negative value in
the speed legend represents the speed of forest loss, and the negative value of acceleration represents
the acceleration of forest loss.

4.2.3. Driving Force of Forest Cover Change

We compared forest and cropland variation characteristics from three perspectives.
Firstly, the annual temporal variation in forest and cropland in the Amazon basin showed
a symmetric change (Figure 9). The forest area in the Amazon basin demonstrated a
downward trend from 2000 to 2008, while the cropland area, on the contrary, displayed
an upward trend. The overall forest area in the Amazon basin displayed a slight decrease
between 2010 and 2020, while the cropland area displayed a slight increase during the same
period. Further, we produced a cropland TR map to compare the spatio-temporal change
with that of the forest TR map (Figure 10). The cropland and forest TR maps showed a high
similarity of spatial variation characteristics over time. That is, areas of forest loss were
usually converted into cropland in the same period. Further, the acceleration of cropland
was mapped and linear regression analysis was conducted (Figure 11). The result showed
that there was a negative relationship between the acceleration of cropland and forest. The
R-squared value reached 0.7484, indicating a strong correlation between them.
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Figure 9. The temporal variation of forest and cropland in the period of 2000-2020 in the Ama-

zon basin.
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Figure 10. The cropland time ring (TR) map from 2000 to 2020 in the Amazon basin.
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Figure 11. The linear regression result between the acceleration of cropland and forest.

5. Discussion

In this study, TR data were proposed to optimize the organizational approach of
long-time-series remote sensing data, which was convenient for spatio-temporal analysis
and modeling, as well as compensating for the defects of the separate analyses of time and
space. Specifically, we used two applications to demonstrate the advantages of TR data.
One is NTL in China, representing expansive geographic features. We created the NTL TR
map to show the change in urban expansion. Previous studies have shown that Chinese
cities and islands have undergone rapid urban expansion [34-36], which is consistent with
our study mapping NTL TR data. However, we further found that this characteristic
was particularly pronounced in coastal cities and some provincial capitals, based on the
speed and acceleration maps. In addition, superior to other spatio-temporal analysis
methods on urban expansion, such as the expansion contribution rate and expansion
intensity index [24,37,38], we found that there was a high speed of expansion on the edge
of developed cities in China, while there was a negative acceleration at the center of these
cities. This may be due to the limiting of city light by the government and a shift in health
awareness in these large urban centers, leading to a reduction in the use of NTL [39,40].

In addition, taking Amazon forest cover as another example, this study identified
the spatio-temporal characteristics after mapping the forest TR data, providing explicit
information about when and where the forest changed. We observed significant losses
in forest cover occurring in the southern and eastern Amazon basin in the period of
2000-2010. The annual rates of deforestation in the Amazon maintained a high level in
this decade [41]. Some behaviors, including the development of agriculture and mining,
and constructing infrastructure, especially in Brazil, caused large-area deforestation until
the related government’s deforestation-control program was enacted [42,43]. The massive
forest loss had a great impact on climate change, such as reducing dry season rainfall, which
may have directly caused the local temperature to rise [44], even leading to destructive
effects on regional forest resilience because of changing climatic conditions [45].

Through the speed and acceleration maps of forest cover and cropland, we found that
forest loss was linked to the expansion of cropland in the Amazon basin. Nearly 75% of the
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forest loss could be attributed to cropland expansion between 2000 and 2020. In addition,
according to a survey of soybean expansion in South America, the Brazilian Amazon
also experienced the most rapid expansion, where the land that was originally natural
vegetation was converted into soybean plantations [46]. Land speculators deforested these
areas and usually sold off the timber and converted the land into pasture to further sell it to
a soy producer [47]. These deleterious land use changes could contribute to environmental
degradation by modifying seasonal water balance and increasing the risk of flooding [48].

Urban expansion and forest loss are both the results of land use change. This trans-
formation is linked to the economic benefits behind it. People, in terms of their own
development, tend to seek out land with the greatest economic value. However, this may
be wrong when looking at the long term. For example, although the deforestation for
cropland in the Amazon basin may promote the economic development of the countries
in the region in the short term, the loss may be enormous due to the ecological imbalance
caused by forest loss. Therefore, the short-term and long-term benefits should be considered
together when planning land use.

As TR data mainly rely on long-time-series data, the temporal integrity and noise
of RS data may affect the quality of the production of TR data. Many remote sensing
reconstruction methods have been developed [49-51], while TR data may help to construct
missing and low-quality data from the perspective of spatial-temporal consistency. If
geographic features demonstrate evident contraction and expansion, we think that this is
predictable for adjacent missing time labels. However, research needs to further explore
the prediction technique for TR data.

The TR data have a concise data organization form and, through mapping, these
data allow researchers to intuitively understand the spatio-temporal variation character-
istics of features. The generation of TR data comprises a simple data-production process,
including data preparation, reclassification, feature identification, and data fusion. Sim-
ilar maps for the urban expansion process have been drawn based on remote sensing
technology [35,36,52], but our study systematically puts forward the concept of TR data
to visualize the spatiotemporal process. Furthermore, we present the calculation methods
of speed and acceleration for TR data analysis. Speed calculation provides a basis for
researchers to understand the changing state of features in space and time. Additionally, ac-
celeration helps us to explore the driving mechanism of features. In addition, it is possible to
develop other approaches that address TR data to mine more spatial-temporal information.

Time intervals are important in the analysis of time ring data. When we produced
TR data using long-time-series RS data, we used the acquisition time of RS data as the
time label of TR data, but we also needed to determine the time span of speed and accel-
eration analysis. Different time spans may affect the mapping result. For that, we, taking
NTL TR data in China as an example, reproduced five-year speed and acceleration maps
(Supplement Figures S1 and S2). Comparing the 10-year and 5-year maps, we concluded
that the longer the time span, the more obvious the characteristics in space and time. How-
ever, a shorter time span can provide finer temporal information. Therefore, we advise
researchers to balance the temporal resolution and observability of results when choosing
the time span to map speed and acceleration.

From our perspective, time ring (TR) data have great application prospects because
they can be used to obtain information relating to spatial expansion or contraction over
time and can be suitably linked to other data to analyze the change mechanism, which has
practical significance in many applications. For instance, lumpy skin disease (LSD), an
infectious disease of cattle transmitted by arthropods, has undergone a rapid expansion
in its geographic distribution since 2012 [53]. The spatial expansion of LSD has caused
substantial economic losses [54] and is closely linked to environmental factors, so we
could easily identify the spatio-temporal influencing pattern by mapping the TR data of
related factors. Many vector-borne diseases, such as malaria [55,56] and dengue [57,58],
as a result of climate change, may spatially expand or contract over time. Additionally,
the variational speed regarding space could be different when affected by environmental
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conditions at different times, meaning that it is usually difficult to determine the influencing
relationship [59]. However, the analysis based on TR data may help us to clearly recognize
the spatial and temporal characteristics of environmental risk factors associated with
vector-borne diseases.

In our study, we emphasized the advantages of using RS data as the data source of TR
data, but TR data are also inclusive of other data sources, such as vector features, including
point features, line features, or polygon features, in geographic information science (GIS).
For instance, we can use yearly OpenStreetMap road data to produce road TR data. Roads
can be seen as an expansive feature, usually extending on the basis of the previous roads.
This expansion is related to human activity and may cause a series of social environmental
problems, so road TR data potentially have great analytic value.

There are some limitations of TR data. Firstly, TR data cannot be applied to all
geographic features, as they can only be used for features that undergo spatial expansion
or contraction over time. Of course, many geographic features are both expansive and
contractive. One TR map struggles to display both of these states simultaneously. However,
it is possible to separately exhibit the expansion and contraction of one feature based on TR
data. For example, we tend to produce contractive TR maps of forests in the Amazon basin
because forest loss is more dominant than forest growth in the region. However, we can
also generate a TR map for forest expansion in order to find out if there are areas with a
growing forest over time. The difficulty may lie in how to combine forest increases and
decreases for interactive analysis, which is expected to be solved in the following study.
Secondly, the produced TR data were used to reveal the distribution change in geographic
features in space and time, but changes in other feature attributes have been not considered,
such as the NDVI value or the strength of nighttime light. Thirdly, TR data are used to
display the spatial change in features with time, inevitably leaving out information due to
data fusion, but this can be ignored in the analysis of spatio-temporal distribution variation,
unless researchers focus on the other attributes of geographic features.

6. Conclusions

This study defined an efficient data structure, namely time ring (TR) data, to reveal the
spatio-temporal changes in geographic features based on long-time-series remote sensing
data. Common geographic features are either spatially expanding or spatially contracting,
so we list two applications to illustrate the practicality of TR data. Firstly, we used NTL
remote sensing data as an example to exhibit urban expansion over time by producing
a NTL TR map. Cities in eastern China have experienced a rapid expansion since 2000.
Beijing, Tianjin, Hebei Province, Shandong Province, and Jiangsu Province exhibited a high
acceleration of urbanization. However, in the center of many developed cities, the NTL
decreased, revealing laws related to urban development. In addition to revealing the spatio-
temporal characteristics of NTL data, a significant aspect is that we can use NTL TR data to
perform an exploration of spatio-temporal dynamics, such as the relationships between
NTL expansion and population distribution. In addition, taking Amazon forest cover as
another example, we illustrated its spatio-temporal variation by mapping forest TR data
and demonstrated an applied method of TR data by conducting the calculation of speed
and acceleration and using ordinary regression modeling. The results indicate that forest
loss in the Amazon basin was more significant between 2000 and 2010 in the southern and
eastern regions. Forest loss is closely linked to the expansion of cropland in the Amazon
basin, so it is essential to pay more attention to the causes of cropland expansion in order
to take measures to avoid continuous forest loss. TR data have the advantages of small
data volumes and the easy analysis of spatially and temporally changing characteristics,
providing this process with great application prospects. As far as we are concerned, TR
data can be applied to environmental health investigation, land use/cover change, disaster
monitoring, urban development, and so on, where more analytical methods related to TR
data are expected to be discussed.
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Abstract: Accurately estimating land-use demand is essential for urban models to predict the evolu-
tion of urban spatial morphology. Due to the uncertainties inherent in socioeconomic development,
the accurate forecasting of urban land-use demand remains a daunting challenge. The present study
proposes a modeling framework to determine the scaling relationship between the population and
urban area and simulates the spatiotemporal dynamics of land use and land cover (LULC). An
allometric scaling (AS) law and a Markov (MK) chain are used to predict variations in LULC. Random
forest (RF) and cellular automata (CA) serve to calibrate the transition rules of change in LULC and
realize its micro-spatial allocation (MKCARp.as). Furthermore, this research uses several shared
socioeconomic pathways (SSPs) as scenario storylines. The MKCARp.as model is used to predict
changes in LULC under various SSP scenarios in Jinjiang City, China, from 2020 to 2065. The results
show that the figure of merit (FoM) and the urban FoM of the MKCARgg.ps model improve by 3.72%
and 4.06%, respectively, compared with the MKCAAnN model during the 2005-2010 simulation
period. For a 6.28% discrepancy between the predicted urban land-use demand and the actual urban
land-use demand over the period 2005-2010, the urban FoM degrades by 21.42%. The growth of the
permanent urban population and urban area in Jinjiang City follows an allometric scaling law with
an exponent of 0.933 for the period 2005-2020, and the relative residual and R? are 0.0076 and 0.9994,
respectively. From 2020 to 2065, the urban land demand estimated by the Markov model is 19.4%
greater than the urban area predicted under scenario SSP5. At the township scale, the different SSP
scenarios produce significantly different spatial distributions of urban expansion rates. By coupling
random forest and allometric scaling, the MKCARp.as model substantially improves the simulation
of urban land use.

Keywords: cellular automata; urban growth; shared socioeconomic pathways; allometric scaling;
land-use change

1. Introduction

In the context of global climate change, change in land use and land cover (LULC)
has become one of the areas where natural and human processes most intimately intersect.
On a global scale, change in LULC is affected by slow long-term effects caused by natural
factors. On a regional scale, change in LULC is driven by human activities related to
land use and management [1,2]. Advances in technology and medicine have led to a
rapidly growing population that has created a huge demand for natural resources. This
demand, which is mainly driven by human activity, appears in the form of ever-increasing
changes in land use, especially urban built-up land [3]. At the same time, the high degree
of homogeneity and heterogeneity of the LULC landscape dominated by human activity
produces an irreversible negative impact on regional ecosystem services, such as the water
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cycle, biodiversity, and climate regulation [4]. Once a highly urbanized area forms, its
spatial form and development pattern are difficult to change for a long time [5]. Therefore,
the double effect of change in LULC due to population growth and the negative impact of
this process on the population has attracted significant research attention to the study of
how changes in LULC can contribute to global environmental sustainable development [6].

Process modeling and scenario simulations of changes in LULC can reproduce the
historical development dynamics of urbanized regions and can therefore be used to inves-
tigate their future spatial development patterns [7]. The emergence of GIS-based spatial
data triggered the emergence of numerous techniques to simulate and analyze changes in
LULC. Examples of these techniques include the intelligent cloud learning model, cellular
automata (CAs), agent-based modeling, machine learning, and hybrid methods [4,8,9].
Cellular state transition and neighborhood interactions between CAs are ideally suited for
expressing the process by which LULC changes, so CAs are often used to simulate and
analyze changes in LULC. A CA is a lattice dynamics model with discrete time, space,
and state, in which a complex system output is generated from simple interactions at the
level of individual cells [10]. The characteristics of a CA model are similar to those of
the complex urban system in terms of self-organization, self-replication, and the storage
and transmission of information, so numerous studies have used such models to simulate
urban growth [11,12].

The mining of conversion rules and the associated parametric calibration are key
components of CA models used to simulate changes in LULC. Compared with traditional
statistical learning techniques, machine learning algorithms and deep learning networks
are better for mining the transition rules of urban CA models [13,14]. These intelligent
technologies include particle swarm optimization, artificial neural networks, the random
forest (RF) algorithm, fully convolutional neural networks, U-Net, and long short-term
memory networks [15,16]. The deep learning network that extends the neural network is
essentially a black box and is limited by computational cost, exploding and disappearing
gradients, and overfitting. In contrast, the random forest algorithm better balances the
performance and clearly explains the driving force contribution [17].

Numerous CA models such as CLUE-S, IDRISI, FLUS, LUSD, and PLUS divide the
cell-based model of land-use change into two modules, one involving macro-scale land-use
demand and one involving micro-scale changes in land use [18-22]. Multiple models or
techniques were integrated into the constrained cellular-based land-use model and now
serve as the basis for discerning land demand [23-25]. When overall land use is static in
a particular area, growth in one type of land use must be accompanied by a decrease in
another type (or types) of land use. Land-use and land cover dynamics can be interpreted as
the conversion of several types of land use into a single type of land use or vice versa, thus
presenting a zero-sum game of changing land-use types. For example, in areas dominated
by farmland and wetlands, urban development implies the change in land use from
farmland or wetland to built-up land. LULC at specific locations can change from one state
to another or maintain its current state. Its state space, state sequence, change interval, and
transition probability are consistent with a Markov (MK) discrete-event stochastic process.

Based on mathematical theories and observed data, a Markov chain can be used to
predict the probability of changes in LULC, starting from the initial state while avoiding
the data-independence assumption required by statistical methods [26,27]. Therefore,
numerous studies have coupled Markov models with CAs to predict land conversion
demand and simulate changes in LULC [28]. Were the analysis period restricted to several
years or decades, the dynamics of land use would have their own inertia and correlation
between different land-use types [29], which means that a Markov transition probability
matrix based on a historical empirical analysis should accurately predict the dynamics
of land-use conversion over a relatively short period [30]. However, few studies have
investigated the possible biases of Markov models when predicting land demand over
longer periods. Given the uncertainties faced by social and economic development, the use
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of Markov models in long-term land-demand prediction over multiple cycles has yet to
be evaluated [31].

Among all the socioeconomic factors that lead to changes in LULC, scaling relation-
ships connecting urban populations and urban areas have received the most research
attention [32]. The urban population is one of the most critical determinants of city size
and is molded by complex regional policy factors [33]. For example, China’s birth con-
trol policies and household registration system significantly affected the birth rate and
regional migration of the population, which ultimately affected the population size of a
region [34,35]. A clear and strong correlation exists between urban population size and
urban area, although determining the exact functional form of this relationship requires
further study [36]. Similar to the law of relative growth observed in the development
of organisms in nature, allometric phenomena involving various components of urban
systems have been evinced by numerous studies [37]. For example, Abdulrasheed et al. [38]
investigated the quantitative scaling relationship between clear-sky upwelling energy and
the population size in 35 cities in the United Kingdom (UK). The “economy of scale” im-
plied by the allometry slope reflects the relationship between urban form and urban size
and inspires planning responses. Based on a survey of 500 cities in China, Lei et al. [39]
reported that a robust scaling law exists in eight types of urban land use and population
size, including residential and industrial land.

The definition of urban scale or urban boundary affects whether an allometric scaling
(AS) law exists between urban population size and city size [40]. One vital factor for
judging this type of human-land relationship based on geographic geometry is the shape of
urban settlements. Longley, Batty, and Shepherd [36] established a theoretical urban growth
model similar to the diffusion-limited aggregation (DLA) model, which is widely applied in
the theoretical physics of particle clusters. This model was used to analyze empirically the
urban settlement system in Norfolk, UK. The results reveal a clear allometric relationship
between population size and urban settlement area, which supports the allometric scaling
hypothesis proposed by Woldenberg [41] and Dutton [42]. Describing urban growth in
terms of the DLA model provides a perspective for understanding why urban forms have
evolved in such a “clear and unambiguous” way. This analogy suggests that the seemingly
irregular evolution of urban morphology is ruled by laws similar to those that produce the
DLA model or the theoretical model proposed by Longley, Batty, and Shepherd [36], as
verified by empirical calculations [36,41]. The allometric relationship between population
size and settlement area is an important component of these laws, so using the urban
allometric scaling law to determine how urban land development reacts to changes in
urban population size and to calibrate the Markov transition probability is a feasible way
to model long-term patterns in LULC.

Storylines have been widely used to predict the likely dynamics of future urban
growth and have proven to be an effective way to impose specific scenarios based on
historical trends. Shared socioeconomic pathways (SSPs) are the core of the ScenarioMIP
in the Sixth International Coupling Model Intercomparison Project. Compared with the
self-defined-scenario storyline, the SSP scenario fully considers the socioeconomic factors
that affect the future population size and the evolution of the urban spatial form [43]. SSP
scenarios are a series of socioeconomic scenarios and emission scenarios proposed by the
Intergovernmental Panel on Climate Change in 2010 to consider the challenges of mitigating
and adapting to climate change. SSPs cover five scenarios: sustainable path (SSP1), middle-
of-the-road path (SSP2), regional rivalry path (SSP3), inequality path (SSP4), and fossil-
fuel development path (SSP5). Because it assists climate change research and facilitates
comparisons between different studies, a multi-scenario analysis based on SSPs has been
widely used in various fields [44]. However, few studies have explored the evolution of
the urban spatial form under different SSP scenarios from the perspective of allometric
scaling laws of urban systems. Constructing a new framework for deriving and predicting
the future spatial development pattern of urbanized regions through the storyline of SSP
population scenarios thus has potential value.
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The goal of this study is to explore the allometric relationship between population
size and urban area and to investigate via SSP scenarios the long-term urban land-use
dynamics spanning multiple simulation periods. First, by integrating CAs into the Markov
model, we construct a spatiotemporal evolution model of urban change in LULC involving
various land-use types. Second, the random forest optimization algorithm is used to mine
the contribution of the natural, social, and economic driving factors of land-use change and
intelligently extract the occurrence probability of land-use conversion. Subsequently, the
allometric scaling hypothesis is integrated into the SSP scenario framework to predict the
demand for urban construction land under the different SSP population projections. Finally,
the demand for urban land is used to calibrate the Markov transition probability matrix
and the proposed MKCARr.as model is applied to predict, under different SSP scenarios,
the evolution of urban spatial morphology in Jinjiang City, China. The contribution of
this work is thus to tightly couple the observed scaling invariance of urban systems into a
highly self-calibrating urban CA model via land-use transition probabilities. This novel
modeling framework is a good way to simulate the changing dynamics of urban LULC
when facing large uncertainties in socioeconomic factors.

2. Study Area and Data Sources
2.1. Study Area

Jinjiang is an industrial city on the southeast coast of Fujian Province at 24°30/44"-
24°54'21"N latitude and 118°24/56"-118°41"10"E longitude (Figure 1). With a land surface
area of 649 km?, it faces the sea on three sides: the Quanzhou bay to the northeast, the Taiwan
Strait to the southeast, and Kinmen Island to the south. The city has a subtropical marine
monsoon climate, with a warm and hot climate and an average annual precipitation of 1147
mm. The terrain in Jinjiang is relatively flat, and the landform types consist mainly of ter-
races, plains, and hills (terraces account for 67.3% of the city area). Jinjiang is a county-level
city with 6 subdistricts and 13 towns under its jurisdiction. As of 1 November 2020, the
city’s resident population was 2.062 million, and its population density of 3177 people/km?
ranked second among districts and counties in China [45]. Figure 1 shows the geographical
location, topographic features, land use, and population density of Jinjiang City in 2020.
Areas A, B, and C are located in the northeast, midwest, and south of Jinjiang City, respec-
tively. The land use of area A is dominated by urban land, and its average population
density exceeds 3877 people/km?. Land use in areas B and C mainly involves urban land
and agricultural land. Areas B and C have lower population densities than area A. Jinjiang
City is an industrial city dominated by advanced manufacturing and has many industrial
clusters with a scale of over 100 billion or 10 billion CNY, such as shoes and clothing,
textiles, building materials, equipment, and medical care. Its gross domestic product in
2021 is 298.64 billion CNY, and it is the district and county that ranks first in the output
value of the secondary industry in Fujian Province [46]. The rapid industrialization of
the past few decades has led to the continuous and rapid expansion of urban land, so a
large amount of cultivated land has been converted into construction land. According to
the 14th Five-Year Plan, the per capita gross domestic product of Jinjiang City in 2035 is
expected to be twice that of 2020, and the rapid expansion of urban land in the coming
period will still be the main feature of regional changes in land use. However, in the
mid-to-long term (i.e., beyond 2050), China’s overall population will slowly decline [47].
This makes the highly industrialized area of Jinjiang City an excellent region to explore
how the medium- and long-term land-use dynamics will evolve under SSP scenarios.
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Figure 1. Case study area: Jinjiang, Fujian Province, China.

2.2. Data Source

The basic data used in this study include LULC data, traffic and cadastral data, socioeco-
nomic data, urban development planning data, and population data for SSP scenarios. LULC
data (2005-2020) were obtained by interpreting and processing Landsat TM/ETM + remote
sensing images based on the Google Earth Engine (GEE) platform. This dataset combines
data from Landsat TM and ETM+ sensors before 2013, and only uses Landsat 8 Operational
Land Imager (OLI) data after 2013 (available at http://code.earthengine.google.com, last
accessed 6 August 2021). Yang and Huang [48] interpreted the data. This set of LULC
year-by-year datasets covers 5 types of land use, including agricultural land, forest land,
grassland, built-up land, and water, and has a spatial resolution of 30 m x 30 m. Traffic
and cadastral data mainly include the location of administrative centers at various levels:
expressways, railways, main roads, and township administrative division maps. Because
Jinjiang City is located in the Quanzhou Plain and occupies a flat terrain, the elevation
and slope are excluded from the factors driving the change in LULC. The selected driving
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factors include distance to the city center, distance to the town center, distance to a train
station, distance to the airport, distance to a highway, distance to the railway, distance to
the main road, and distance to the coastline. The population socioeconomic data come
from the statistical yearbook of Jinjiang City from 2005 to 2020 and mainly involve data
from permanent urban residents. Population data include the sixth and seventh national
household census data from 2010 and 2020. The standard time points of the two censuses
are 0:00 on 1 November 2010 and 2020, respectively. The permanent resident population
in the census includes the following three situations: (1) population residing in the given
township with household registration in the township, (2) population living in the town-
ship and leaving the registered township for more than half a year, and (3) population
with household registration in the township and less than half a year away from the town-
ship. The urban development planning data come from the 14th Five-Year Plan outline
of Jinjiang national economic and social development (2020-2035). The SSP scenario data
come from the gridded datasets for China’s urban and rural population from 2020 to 2100
under SSP1-5, which was released by Jiang et al. from Nanjing University of Information
Science and Technology and with a resolution of 0.5° x 0.5°. The dataset was downscaled
to 1 km resolution through Kriging interpolation to obtain the urban population size of
Jinjiang City from 2020 to 2100.

3. Methods
3.1. Calibrating Transition Rules Using Random Forest

Random forest is a dual-state classifier composed of multiple decision trees, and its
output state is determined by the mode of the state vectors output by all subtrees [49].
Random forest adopts a random selection strategy with replacement from the original
dataset when constructing the dataset for the sub-decision tree and uses the undrawn
samples as the test set to evaluate its prediction error. At the same time, random forest
subtrees randomly select feature subsets for each split node from all features and on this
basis determine the optimal classification feature for the given node [50]. These random
strategies endow the sub-decision trees with sufficient diversity, thereby ensuring the
optimal performance of the random forest classification algorithm. When using random
forest to mine the transition rules of the urban CA model, the original dataset consists of
cells in the cellular grid, and the features consist of elements in the driving force vector. In
this study, the random forest module in the PLUS model is used to mine the contribution
of different factors driving change in LULC [17]. In the urban land-use evolution model,
the formula for obtaining the probability of land-use conversion using the random forest
classification algorithm is

M (o) = 1) o

ijk — M ’
where Pirj,k is the probability that the state of cell (i, j) transforms into land-use type k, v
is the vector of the factors driving change in LULC, h,(v) is the prediction type of the
nth decision tree after inputting the independent variable v(vy, vy, ...,v;,...,v,), and r is
a binary value (0 or 1), where 1 means that other land-use types change to type k, and
0 means otherwise. M is the number of sub-decision trees and I(-) is the indicative function
of the decision tree set and returns 1 (0) when the ,,(v) = r (otherwise). In the urban CA
model, the driving factor v; is the independent variable or feature in the random forest
classifier. Therefore, a significant advantage of mining cellular transition rules with random
forests is the ability to assess the importance of each factor in the driving-factor vector to
the dependent variable [17]. By adding random noise to the corresponding out of bag at the
sub-decision tree feature v;, calculating the change in out-of-bag error helps to accurately
estimate the importance of feature v; [51].

41



Remote Sens. 2023, 15, 2142

3.2. Coupling an Allometric Scaling Law and the Markov Chain to Predict Demand for
Change in LULC

A Markov chain describes a random motion process in a discrete index set and state
space. The conditional probability of its state transition has no aftereffect [52]. Under a
specific spatiotemporal background, change in LULC in urbanized areas shows a mutual
transformation relationship, and the average transfer state of land-use structure remains
relatively stable. Therefore, for the spatiotemporal evolution of urban land-use systems
with multiple land-use types, the Markov model is appropriate for predicting the demand
for change in LULC [28]. The key to using a Markov chain to predict the demand for urban
land-use conversion is to construct the transition probability matrix [27]

Pll Plz e PlM
P, P, ... P
P=(py)=|"% 7% b, M, 2
Pvi Py oo Pum

where Pj; is the probability that the ith land-use type converts to the jth land-use type
between time T and T + 1. The value of P;; is obtained from the occurrence frequency of
the transition from land-use type 7 to land-use type j during the period (i.e., the conversion
area counted in units of cells divided by the total area of land-use type i at time T). M is the
number of land-use types, and each element P;; of the transition probability matrix satisfies
the conditions [53]
0<P; <1, ij=12.... M
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Most studies calculate the area of converted land-use types by using the historical
land-use data from two points in time and then calculate the transition probability matrix
for this period.

The transition probability matrix of the Markov model objectively reflects the status
of land-use conversion between different land-use types and is suitable for predicting the
evolution of land use and the corresponding demand for land use. However, the Markov
transition probability matrix is usually calculated based on historical land-use data, and less
consideration is given to socioeconomic or other driving factors. However, socioeconomic
models or land-use planning on the regional macro-scale should be used to obtain the
development demand for urban land and to revise the transition probability matrix output
by the Markov model.

The evolution of urban spatial patterns generally follows the allometric scaling law [54],
which condemns each part of the urban system to a different speed of development (i.e., the
relative growth rate of one element of urban development such as population size and that of
another element such as urban area are proportional) [55]. The longitudinal allometric growth
model is generally used to analyze the expansion of urban land use. Longitudinal allometries
describe the evolution of a dynamic process over time by using time series or corresponding
sample paths based on observational data. The mathematical expression of the longitudinal
allometric growth model is generally based on a power-law relationship [32],

A = «(P)", )

where t is the period of the historical land-use data or statistical information, A; is the urban
area at time f, P; is the urban population size at time ¢,  is a proportionality coefficient,
and b is a constant scaling exponent, generally representing the ratio of the relative growth
rate of urban built-up land to that of population size. Thus, if the parameters o and b are
determined from historical data, the area of urban built-up land can be estimated based on
demographic predictions of population size.
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If A, and A, are, respectively, used to represent the area of new urban construction
land predicted by the allometric model and the Markov model, and the ratio of A, to
Ay, is denoted Y, the Markov transition probability matrix can be revised as follows:
(1) Multiplying ¢; by the probability of converting other land-use types into urban land, the
probability of non-conversion of urban land remains unchanged. (2) By using ¢; multiplied
by the probability that land use i is converted into a non-urban land use (i # j), the revised
Markov transition probability matrix using the allometric growth model takes the form

yiPn 1P . PPy ... Y1Pig
iP; iP; P iP;
P = (pijl) — lp.l..ll YiPp l/’] ij YiPim , )

where ; and ¢; are the correction coefficients of the above transition probability matrix,
and subscript j means urban land. The correction factor ; is calculated by the follow-
ing formula:

1— 9Py

= i=12,...,Mi#]j, (6)
M, Py — Py

Pi
where [ is the land-use subscript in the transition probability matrix, i is the subscript of
land-use types other than urban land, j is the subscript of urban land use, and P;; is the
probability that land use i will be transformed into land use /.

3.3. Using Cellular Automata to Allocate Micro-Spatial Changes in LULC

The suitability of various land uses obtained by the random forest algorithm and the
demand for land-use conversion output by the Markov model were input into the MKCARE.as
model to simulate the evolution of LULC. In this study, the Markov model and CA model were
designed and implemented by using Matlab (MathWorks, Natick, MA, USA). To simulate the
micro-spatial allocation based on CAs, the transition rules are critical to obtaining suitable
land use at each location. The transition rules generally use cell state, neighborhood state,
and land conversion potential to estimate the probability of land-use changes in cells. The
state of a cell at time t is a function of the cell state at t — 1, the neighborhood state at
time t — 1, and many other factors. Its general form is as follows [56]:

St = f(Si/*l,Pc,ij, Q;'~1, Cons, R) %

where Si]f and S ,-]-t —1 are the states of cell (i,7) at times t and t — 1, respectively; PC,,-]- is the
cell’s land conversion potential (i.e., the developmental suitability of cell (i, /)); (2;;' " is
the distribution of specific LULC in the neighboring space of cell (i, j); Cons is a constraint
mechanism that restricts land-use conversion; R is a random factor that simulates the
uncertainty of land-use dynamics; and f is a series of transition rules that determines
changes in cell state.

The neighborhood interaction is one of the core components of a cellular-based land-
use evolution model. The number of cells of various LULCs in the neighborhood changes as
the cellular model evolves. The state of a cell is directly affected by the distribution of land-
use types in the neighborhood. The most abundant land-use types in the neighborhood
often determine the future transition state of the central cell. The neighborhood function
based on a square neighborhood window can be constructed as follows [57]:

i thxm con (Sijt—l — k) (l] ;é 1)
Qi = ’
mxm—1
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where Q,-]-,kf ~1is the value of the neighborhood function that affects the conversion of the
central cell (7,) to land use k, and con (Sij"‘*1 = k) is the number of cells of land use k in
the m x m moving window neighborhood with cell (i, j) as the center.

If a local probability expresses development suitability, then the probability is generally
affected by a series of spatial distance variables. The values of each spatial variable at
sample points are extracted as independent variables and input into the random forest
model to obtain the local probability that the cell be converted to a specific land use. After
adding factors such as random perturbation and constraints to the cellular model, the final
total conversion probability of the central cell is [58]

Protari’ = [14 (= Iny)"] P Q' " x Cons (Sij,kfil)/ )

where t is the iterative sequence of cellular automaton evolution, Py, " is the probability of
conversion to land use k at time ¢, 1 + (— Iny)* is a random disturbance term reflecting the
uncertainty of an urban system [59], y is a random number between 0 and 1, « is an integer
between 1 and 10, ;! is the neighborhood influence, and Cons(-) is a constraining
function constrains the change in cell states.

3.4. Scenario Setting

China has implemented a universal two-child population policy since 2015 [60]. We
use the scenario settings based on this policy and the global SSPs framework to carry out
urban population estimates for China’s 5 SSP scenarios from 2020 to 2100 [47]. Based on
the allometric relationship between population and area in the urban system, this research
predicts various future scenarios of urban land demand as a function of different popula-
tion scenario storylines. The evaluation considers the basic factors affecting population
development, such as fertility rate, mortality rate, migration rate, and education level in
historical periods. It also calibrates parameters and verifies the population-development-
environment model.

The SSP scenario depicts the current status of social and economic development
and the following possible future development trends: (1) In the SSP1 scenario, regional
development gradually shifts toward a relatively sustainable green development path,
which emphasizes human well-being while reducing inequalities within countries. (2) The
SSP2 scenario is an intermediate path between SSP1 and SSP3. Under this scenario, the
region’s population, economy, and urbanization will not deviate significantly from the
historical development path. (3) In the SSP3 scenario, the revival of nationalism prompts
countries to focus on domestic or regional problems. The region experiences slow economic
development and urbanization, and the decline in education and investment worsens
social inequality. (4) In the SSP4 scenario, income inequality within and between countries
increases and becomes significantly stratified. Human capital investment and economic
development opportunities are highly unequal, resulting in high levels of development
in high-tech industries but low income and educational opportunities in labor-intensive
sectors. (5) The SSP5 scenario adopts a resource- and energy-intensive lifestyle, and each
country’s technology, economy, and population develop rapidly.

3.5. Method for Evaluating Accuracy

In this work, the overall accuracy (OA), Kappa coefficient, and figure of merit (FoM)
are used to qualify the simulation of the proposed model. The overall accuracy and Kappa
coefficient provide a comparative analysis at the pixel level. The calculation superimposes
the real and simulated maps and constructs a confusion matrix based on a point-to-point
comparison. The FoM quantifies the consistency of land-use transition patterns and is ob-
tained by overlaying and analyzing the initial, actual, and simulated maps. The FoM is the
fraction of correctly predicted land use to the overall land use in the simulation results [61]:
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B
FoM= G e (10)

where B is the number of cells where the land use changes and the simulated scenario also
produces the correct transition; A is the number of cells whose land use actually changes,
whereas the simulated land use remains unchanged; C is the number of cells in which both
the observed data and the simulated results change, but the resulting land uses differ; and
D is the number of cells where the actual land use does not change, but the simulated land
use changes.

4. Simulation Results
4.1. Land-Use Suitability

The 20052010 land-use data and driving factors were input into the land-use expan-
sion analysis strategy (LEAS) module of the PLUS model to intelligently mine the land
development suitability of the MKCARp_as model [17]. The LEAS module is driven by the
random forest algorithm. The sampling method in its parameter configuration is random
sampling; there are 20 decision trees, the sampling rate is 0.05, and 8 features participate
in the training. The results output by the LEAS module of the PLUS model reflect the
suitability for the development of land use on a scale of 1 to 255. In Jinjiang City, the change
in land use from 2005 to 2010 mainly involves the expansion of urban land. Figure 2 shows
the suitability of urban land development extracted by the random forest algorithm and
the importance of the driving factors. In general, the main urban area in the northeast, the
satellite towns in the south, and the central region and the west are all highly suitable for
development from 2005 to 2010. The top 3 drivers contributing to urban development are
the distance to main roads, distance to railway stations, and distance to railways, and the
relative importance is 0.2164, 0.1270, and 0.1238, respectively. As a typical industrial city,
the urbanization of Jinjiang depends strongly on the transportation infrastructure.

Factors' contribution

Distance to city center: 0.0925
Distance to town centers: 0.1133
Distance to main roads: 0.2164
Distance to highways: 0.1124
Distance to railways: 0.1238
Distance to railway station: 0.1270
Distance to airport: 0.1094
Distance to coastline: 0.1053

Development probability of urban land

High : 255

lLow:l

2005-2010

Figure 2. Suitability of urban land development mined by random forest algorithm in Jinjiang City
from 2005 to 2010.
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4.2. Simulation of Spatial Distribution of LULC

We input the obtained suitability of land-use development into the MKCARgg.As model
and simulated the spatial distribution of land during 2005-2010 (see Figure 3). Analyzing
and comparing the spatial details, Figure 3a,b,e show that forest land, grassland, and water
body are the smallest three land-use types. Woodland and grassland are mainly distributed
in the northern and central parts, and water bodies are mainly distributed in lakes, rivers,
and depressions around Quanzhou Bay and Weitou Bay. Cultivated land and construction
land are the two most widely distributed land-use types in the study area. The construction
land is mainly distributed in the coastal plain area with flat terrain and well-developed
transportation, and its expansion mainly comes from the occupation of cultivated land. The
expansion of construction land mainly occurs in the central urban area in the northeast, the
satellite cities in the central and western regions, and the industrial technology innovation
corridor between them. The land-use spatial pattern simulated in Figure 3e is similar to
that in Figure 3b. Based on the point-to-point overlay analysis, the evaluation metrics of the
FoM, urban FoM, overall accuracy, and Kappa coefficient are 25.5%, 35.0%, 84.2%, and 0.709,
respectively. Studies show that the FoM is more accurate than the Kappa coefficient for
evaluating the simulation of land-use change models, and the FoM and urban FoM of the
MKCARr.as model both have high values in the literature [62].
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Figure 3. Comparison of spatial distribution of LULC simulated using different cellular automa-
ton models.

Particle swarm optimization (PSO) and the artificial neural network (ANN) are typical
artificial intelligence algorithms and perform well in the automatic calibration of the transi-
tion rules of urban CA models [63,64]. To verify the ability of the random forest algorithm to
mine the transition rules of urban LULC change models, this work selects PSO and ANN as
references for comparative research. To test the simulation of MKCARg.as, MKCApso and
MKCA NN were used to simulate the spatiotemporal evolution of the LULC over the same
period. The results show that the above four accuracy indicators are significantly greater
for the MKCARF.as model than for the MKCApgo or MKCA snn models. For example, the
FoM and urban FoM produced by the MKCARp.as model are 3.72% and 4.06% greater than
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that produced by the MKCA snn model. The MKCARp. a5 model is thus an effective tool
for simulating land-use change and explaining the driving factors.

4.3. Sensitivity Analysis

To explore how different configurations of land-use demand affect the simulation
results of the MKCARg.as model, we carried out a sensitivity analysis of the model based
on the land-use demand predicted by the Markov model spanning multiple periods. The
simulation covers the three periods of 2005-2010, 2005-2015, and 2005-2020, and the land-
use conversion demand is calculated by using the Markov transition probability matrix
extracted from the period 2000-2005. Considering the difference between the actual urban
land-use demand in the above 3 periods and the values predicted by the Markov model,
2% was selected as the minimum change for the sensitivity analysis (see Table 1). Compared
with the FoM, the urban FoM is more sensitive to changes in urban land-use demand.
During the period 2005-2010, when the urban land-use demand changed from 261,381
cells (actual value in 2010) to 244,954 cells (predicted value of Markov model), the urban
FoM decreased from 35.02% to 27.52%. In other words, an error of 6.28% in the predicted
urban land-use demand changes the urban FoM by 21.42%. When the predicted demand
for urban land use in the two periods 2005-2015 and 2005-2020 produces similar errors, the
urban FoM decreases by 17.43% and 17.57%, respectively. At the same time, when the error
in urban land-use demand reaches 2%, the decrease in the urban FoM differs for different
simulation periods. This sensitivity analysis illustrates that the error of predicted land-use
demand amplifies the spatial error in the simulation of the change in LULC.

Table 1. Sensitivity of the MKCARg_as model to demand for urban land use.

2005-2010 20052015 2005-2020

Changes in Demand Urban Land UrbanFoM  Urban Land UrbanFoM  Urban Land Urban FoM

for Urban Land Use rban Lan o tban Fol tban Lan o rban Fo! rban Lan o rban Fo.
(Cells) FoM (%) (o) (Cells) FoM (%) (g (Cells) FoM (%) (o

Predicted change

in land use by 244,954 2345 27,52 263,221 2721 3240 277,949 21.37 27.76

Markov model

+2% 249,853 2431 29.95 268,485 27.46 33.74 283,508 21.48 2855

+2% 254,752 24.78 3205 273,750 27.75 35.11 289,067 21.57 29.31

+2% 279,014 28.00 36.43 294,626 21.76 30.18

+2% 284,279 28.19 37.63 300,185 21.96 31.13

+2% 305,744 2197 31.85

+2% 311,303 2221 3279

Actual demand for 261,381 25.48 35.02 292,024 28.27 39.24 318,210 2221 33.68

urban land use

4.4. Allometric Relations between Population Size and Urban Area

The least squares method was used to fit the allometric growth equation to the perma-
nent urban population as a function of the urbanized land area during the period 20052020,
and the results are shown in Table 2. The urban area uses the classification data of the
urban land use from the LULC yearly dataset obtained from remote sensing images from
2005 to 2020, and the permanent urban population comes from the statistical yearbook and
national census data. The results show that the coefficient of proportionality « = 2.800, the
scale index b = 0.933, the relative residual is 0.0076, and the R? = 0.9994. The 2005-2020
urban area predicted by the calibrated allometric model is very close to the observed result.
The urban area predicted by the calibrated allometric model closely matches the observed
data for the period 2005-2020.
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Table 2. Allometric scaling analysis of population size and urban area in Jinjiang from 2005 to 2020.

Year 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
POP 67.7 722 740  76.7 80.9 1173 120.7 1249 1284 1322 1335 1358 139.0 1414 1428 1416
POP-SSNPC 948 101.1 1035 1074 1133 1173 1185 1227 1261 1298 131.1 1334 1365 1389 1403 1416
UBA 2004 207.7 2137 2187 2284 2356 2414 2468 2534 259.6 2632 2679 2749 2812 2856 286.4
UBA-AS 1957 2077 2124 2198 231.1 2386 241.0 2490 2554 2624 2649 2690 2750 279.5 2820 284.6

Note: POP: resident population (urban) (10%), POP-SSNPC: revised population data from the Sixth and Seventh
National Population Censuses (10%), UBA: urban area (km?), UBA-AS: urban area predicted by the allometric
scaling model (km?).

This research revises the statistical data for 2005-2020 based on the results of the Sixth
and Seventh National Population Censuses conducted in 2010 and 2020. The data from
the Sixth National Population Census (2010) differ significantly from that in 2009. For
example, the permanent urban population in 2009 and 2010 was 809,200 and 1,172,800,
respectively, an increase of 44.9%. Considering that the average annual growth rate of
the urban resident population in 2005-2009 was between 2.49% and 6.65%, the statistics
for 20052009 are revised upward by 40%. Similarly, according to the Seventh National
Population Census data (2020), the statistical data for 2011-2019 are revised downward
by 1.78%. The population data for 2005-2020 were revised by two national household
censuses and are highly accurate. This greatly enhances the reliability of the analysis of the
allometric relationship between urban population size and urban area.

4.5. Predicting Urban Land-Use Demand for 2020-2100

Figure 4a shows the storyline of Jinjiang’s population growth from 2020 to 2100 under the
various SSP scenarios after the localization calibration. The calibration first sets the population
size in 2020 under the SSP scenarios to the actual population in 2020, and the correction
coefficient obtained is then used to proportionally adjust the population data in future years
under each SSP scenario. Figure 4b uses the 2005-2020 Markov transition probability matrix to
predict the urban area of Jinjiang City in 2035, 2050, 2065, 2080, 2095, and 2110. Furthermore,
we linearly interpolate to obtain year-by-year population forecasts for 2020-2100. At the
same time, the parameters obtained for the allometric growth model are used to predict
the urban area from 2020 to 2100 under the various SSP scenarios. The results show that
the urban area predicted by the Markov model in 2020-2100 even exceeds that of the SSP5
scenario. When using a Markov model to predict long-term urban land-use demand, the
results may deviate significantly from the baseline or even in the opposite direction.

250
200
150
100
50
0 4
N

Urban resident population size under SSP Urban area predicted based on allometric
scenarios (2020-2100) growth and Markov models (2020-2100)

Urban area (km2)

Urban permanent population (10%)

5 S P PO SN OLRLSRELESELS
¥ SO E LLLELS S
FEETTITTTI ST ST
~——— SSP1 ———SSP2 SSP3
——SSPl ——SSP2 SSP3 —— SSP4 ——SSP5 ———SSP4 SSPS —
(a) Population (b) Urban area

Figure 4. Predicted population size and urban area in Jinjiang City from 2020 to 2100 under the
different SSP scenarios.

4.6. Spatiotemporal Evolution of LULC from 2020 to 2065
4.6.1. Correction of Transition Probability Matrix

To measure the demand for land-use conversion from 2020 to 2065, the Markov
transition probability matrix from 2005 to 2020 is revised based on the urban area obtained
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under each SSP scenario in 2065. Table 3 summarizes the transition probability under
typical SSP scenarios of the initial land-use type to the target land-use type (including no
change in land-use type). The results show that, under each SSP scenario and compared
with 2005-2020, the probability of transforming agricultural land, grassland, and water
bodies into built-up land decreases significantly, while forest land and built-up land do not
change significantly. For example, under the SSP5 scenario, the probabilities of transforming
agricultural land, grassland, and water into built-up land decreases from 0.1948, 0.6031,
and 0.2561 during 2005-2020 to 0.0994, 0.2826, and 0.1260, respectively. Figure 4b shows
the projection of urban area for the period 2020-2100 in the Markov model, calculated
based on the transition probability matrix from 2005 to 2020. Therefore, the comparison
confirms the negative impact of the slower growth trend of urban land use on the Markov
transition probability under the SSP scenarios. Conversely, the probability that cultivated
land remains unchanged increases significantly under each SSP scenario. This probability
increases from the original values of 0.7829 to 0.9132, 0.8966, and 0.8740 under the scenarios
SSP1, SSP2, and SSP5, respectively. The probability of forest land, grassland, and water
bodies remaining unchanged also increases to a certain extent.

Table 3. Corrected Markov transition probability matrices for three SSPs scenarios during 2020-2065.

Probability of Shifting to the Following Land-Use Type

SPP Scenarios

Agricultural Woodland Grassland Water Built-Up

2005-2020

Agricultural 0.7829 0.0166 0.0018 0.0039 0.1948
Woodland 0.3092 0.6653 0.0005 0.0001 0.0249
Grassland 0.3487 0.0068 0.0327 0.0088 0.6031
Water 0.2218 0.0004 0.0024 0.5193 0.2561
Built-up 0.0004 0.0000 0.0000 0.0025 0.9971
2020-2065 (SSP1)

Agricultural 0.9132 0.0211 0.0021 0.0051 0.0585
Woodland 0.2895 0.6989 0.0004 0.0000 0.0114
Grassland 0.7454 0.0161 0.0476 0.0306 0.1606
Water 0.2870 0.0002 0.0030 0.6366 0.0733
Built-up 0.0002 0.0000 0.0000 0.0022 0.9976
2020-2065 (SSP2)

Agricultural 0.8966 0.0206 0.0021 0.0050 0.0757
Woodland 0.2913 0.6943 0.0004 0.0000 0.0142
Grassland 0.7043 0.0150 0.0409 0.0287 0.2114
Water 0.2793 0.0003 0.0029 0.6223 0.0953
Built-up 0.0002 0.0000 0.0000 0.0022 0.9975
2020-2065 (SSP5)

Agricultural 0.8740 0.0198 0.0021 0.0048 0.0994
Woodland 0.2941 0.6881 0.0004 0.0000 0.0175
Grassland 0.6402 0.0133 0.0385 0.0257 0.2826
Water 0.2685 0.0003 0.0027 0.6025 0.1260
Built-up 0.0003 0.0000 0.0000 0.0023 0.9975

4.6.2. Scenario Simulation

We used the revised Markov transition probability matrix and the area of various land-
use types in 2020 to predict the area where the land-use type changes from 2020 to 2065.
The resulting land-use demand was then input into the MKCARp.as model to simulate
the 2065 spatial distribution of land use in Jinjiang City under various SSP scenarios
(Figure 5). The simulation results show that agricultural land and built-up land are the
most important land-use types in the study area. Although the development trend is
slow, the main change in the LULC under each SSP scenario during 2020-2065 remains the
continuous sprawl of urban land. Over time, the development of urban built-up land is
particularly significant in the northeastern, central, western, and southern regions. By 2065,
due to the continuous expansion of the main urban area and the implementation of the
strategy of integrating Quanzhou Bay, a large-scale high-density urban area should appear
to the northeast of Jinjiang City (see Figure 5, enlarged area A). At the same time, affected
by the radiation of Xiamen City, the west and south should develop satellite-city clusters
that would play an important role in supporting the aggregation and development of the
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central urban area. Conversely, the comparison of enlarged areas B and C in Figure 5 under
different SSP scenarios shows that construction land expansion under SSP2 and SSP5 is
significantly faster than under the other SSP scenarios. Driven by the dense transportation
network and the integration of urban and rural areas, Jinjiang should develop a medium-
to-high-density urbanization area within the city under the scenarios SSP2 and SSP5.

>
>z

(d) SSP4-2065 ;:’.. () SSP5-2065 (7
0 10 20 0 10 20
L ]

Figure 5. Simulation of LULC changes in Jinjiang City from 2020 to 2065 under five SSP scenarios.

Table 4 lists the percent change in the land-use area under the different SSP scenarios over
2020-2065. The percent change in the LULC in 2065 depends strongly on the SSP scenario.
For example, the percent change in the urban land (agricultural land) area under SSP5 is
3.49 (3.73) times that under SSP3. In all SSP scenarios, the expansion of built-up land is
counter-balanced by a reduction in the area of other land-use types. Agricultural land changes
relatively little under some SSP scenarios, such as —6.7% and —10.7% under scenarios SSP3
and SSP4. However, the reduction in agricultural land area is larger under each SSP scenario
than that of forest land, grassland, and water bodies. In particular, under scenarios SSP1, SSP2,
and SSP5, the area of agricultural land reduction is 49.88, 64.63, and 83.58 km?, respectively.

Table 4. Areas assigned to different land uses and the percent change in land-use area over the period
2020-2065 under the different SSP scenarios.

2020 2065 2020-2065 2065 2020-2065 2065 2020-2065 2065 2020-2065 2065 2020-2065
(SSP1) (SSP1) (SSP2) (SSr2) (SSP3) (SSP3) (SSp4) (SSP4) (SSP5) (SSP5)

Land-Use Types

Area Area % Area o Area o Area o Area %

(km?) (km?) : (km?) ’ (km?) ° (km?) o (km?) °
Agricultural 331.36 281.47 —15.05 266.72 —19.51 308.92 —6.77 296.15 —10.62 247.78 —25.22
Woodland 25.44 2323 —8.67 22.39 —11.99 24.83 —2.40 24.03 —5.54 21.51 —15.44
Grassland 0.92 0.70 —23.90 0.68 —26.63 0.80 —12.78 0.74 —19.71 0.65 —29.56
Water 11.84 8.36 —29.37 8.18 —30.87 9.10 —23.12 8.70 —26.49 7.84 —33.80
Built-up 286.39 342.63 19.64 358.43 25.16 312.94 9.27 326.89 14.14 378.92 3231
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4.6.3. Analysis of Urban Expansion on the Township Scale

Figure 6 depicts the spatial distribution of the urbanization rate on the township
scale based on the calculated growth rate of the urban area over the period 2020-2065.
Under scenario SSP1, which continues the historical development trend, most regions
show a medium rate of development. Under scenario SSP4 (unbalanced development
pathway), the entire region develops at a medium-low rate. The spatial distribution of
the urban development rate of scenarios SSP2, SSP3, and SSP5 differs significantly. Under
scenario SSP2, the urbanization rate of most towns in the west, central, and eastern regions
is medium, whereas under scenarios SSP3 and SSP5, most of these towns develop at a low
or high rate. The development rate of streets or townships in the northeast and central
urban areas is relatively low, which is closely related to the high urbanization rate in this
area at the beginning of the simulation. The analysis of the township-scale urbanization
rate under scenarios such as SSP2 and SSP5 provides an objective reference for the urban
hierarchy in the spatial planning of land use.

23

(a) SSP1 (b) SSP2 (c) SSP3

(d) SSP4 i (e) SSP5 i

|:| Low level - Medium-high level |:, Boundaries of Jinjiang City
- Low-medium level - High level N

:l Medium level 0—10:2:}@ A

(f) SSP5

Figure 6. Spatial distribution of rate of expansion of Jinjiang City under the different SSP scenarios
from 2020 to 2065. The town numbers in panel (f) are assigned as follows: (D Zimao, 2) Xibin,
® Chendai, @ Qingyang, (& Xintang, ® Neikeng, ? Xiyuan, ® Chidian, 9 Luoshan, @ Cizao,
@ Lingyuan, @ Anhai, @ Yonghe, @ Dongshi, @ Longhu, @ Yinglin, @ Jinjing, @ Shenhu,
and @9 Meiling.
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5. Discussion

The scaling exponent of the allometric growth model has a clear geographical meaning.
The two most important characteristics of cities are the concentration of population and
the more intense use of urban material resources [54]. This study investigates the scale
invariance associated with complex urban development. In other words, we are interested
in the range and ideal value of the scaling exponent in the scale invariance of an urban
system. Bettencourt [54] analyzed the urban infrastructure and socioeconomic metrics
of metropolitan areas in the United States in 2006 and calculated the scaling exponents
governing the scaling relationship between (i) the gross domestic product and popula-
tion and (ii) the roads and population to be 0.849 and 1.126, respectively. At the same
time, Bettencourt [54] claims that the superlinear scaling exponent for wealth, innovation,
and crime in urban systems is about 1.15 (7/6), and the sublinear scaling exponent for
infrastructure networks such as roads and cables is about 0.85 (5/6). Bettencourt [54]
concludes that sublinear scaling means the material infrastructure saved per capita as cities
grow. Moreover, the scaling exponent of the urban infrastructure network with respect to
population size is more sublinear than that of the urban area. Nordbeck [65] considered
that, because people are active in three-dimensional space and urban expansion occurs on
a two-dimensional plane, the allometric exponent should be 2/3. Recently, Bettencourt [54]
proposed a microscopic urban growth model that considers the hierarchical organization
of infrastructure networks, which theoretically confirms the 2/3 scaling exponent between
population size and urban area.

Lee [66] concluded that the allometric exponent of urban growth should fluctuate
between 2/3 and 1. If the dimensions of population and urban area are assumed to
be 2 and 1.7, respectively, then the theoretical value of the scaling exponent should be close
to 0.85 [67]. Based on an empirical analysis of typical cities around the world, Lee [66]
concluded that the scaling exponents between population size and urban area in the
United States, Japan, and Canada in 1960 were 0.8757, 0.9140, and 0.874, respectively.
Cao et al. [32] used the population density flow diagram to describe the 6 development
levels of China’s urban agglomerations, and the scaling exponents between the population
size and urban area fall in the range [0.79, 0.95]. Based on the data input during 2005-2020,
the scaling exponent of the allometric relationship between population size and urban
area in Jinjiang is 0.933. Strictly speaking, when the scaling exponent is greater than 1,
the expansion rate of urban construction land is greater than the growth rate of the urban
population. When the scaling exponent is equal to 1, the relative rate of urban land area
expansion equals the relative growth of the urban population. When the scaling exponent is
less than 1, the relative rate of expansion of urban land is less than the relative growth of the
urban population. With the expansion of urban land area, the land area in the urban system
of Jinjiang City is efficiently used, on average. If compared with the theoretical value of
the scaling exponent, the urban land use of Jinjiang City can be planned and designed in a
more compact form. This means that Jinjiang can explore an intensive development path
with a greater economic value per unit land area [68].

Natural biological organisms have undergone long-term adaptation and evolution,
so allometric scaling phenomena (weight/volume) are widely observed [69]. The spatial
expansion of urban areas is often driven or constrained by natural conditions, historical
culture, and socioeconomic factors. Scaling relations thus appear in the context of individual
cities and urban agglomerations between population size and urban area or between other
components of urban systems [32,70]. The large differences in factors that influence urban
regions and their selection or adaptation produce different scaling relations. The existing
literature divides the values of scaling exponents into positive or negative allometry based
on a threshold of 1 or 0.85 [71,72]. In contrast with this method of categorization, we assign
positive allometric growth to the case of urban expansion and negative allometric growth
to urban contraction. This categorization scheme makes it vital to simulate urban shrinkage
from the perspective of the negative allometric growth of population size and urban area.
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Conversely, a new research focus involves combining remote sensing measurement
technology and CA to deduce the three-dimensional growth process of urbanized areas [73].
Based on accurate measurements of the area and volume of built-up urbanized areas, the
scaling relationship between population size and urban volume and its scaling exponents
can be further clarified. In this way, population size can be used to predict the building vol-
umes of an urban area. Considering urban volume as a macro demand and combining CA
and allometric scaling to simulate the horizontal and vertical growth of three-dimensional
urban space is also a new field to be explored.

This research revises the Markov transition probability matrix for long time series to
span multiple periods. We use the Markov transition probability matrix from 2000 to 2005
to predict the demand for land use from 2005 to 2020, which helps to test the advantages
and limitations of the Markov chain for estimating land-use demand across multiple cycles.
The results in Table 1 show that the error ratio between the predicted urban land use and
the observed urban land use in 2020 reaches 12.7% when using the transition probability
matrix from 2000 to 2005 to predict the land-use demand from 2005 to 2020. However,
predicting land-use demand from 2020 to 2065 based on the transition probability matrix
from 2005 to 2020 covers 3 15-year Markov forecast periods. Figure 4 shows the predicted
urban land-use demand in 2065 under the 3 scenarios SSP1, SSP2, and SSP5. The results
differ from Markov’s predicted value by 32.2%, 26.4%, and 19.4% respectively. The Markov
model underestimates the observed value in the previous prediction and overestimates
predictions based on the SSPs scenarios for 2065. This result indicates that Markov chains
may be more suitable for predicting land-use demand over relatively short periods that
involve fewer cycles. When the driving factors remain unchanged or the uncertainties faced
in the future are relatively small, appropriately extending the forecast time or expanding
the number of forecast periods can produce credible results.

This work focuses on the scaling relationship between the population size and urban
area in urban systems and the future evolution of urban LULC. In this context, changes in
population size are the critical factors influencing urban land demand and the spatiotem-
poral evolution of LULC in urban systems. Population size is affected by factors such as
fertility, mortality, migration, and education level. With the continuous advancement of
industrialization and urbanization, the employment pressure and living cost of urbanites
are increasing. Meanwhile, newborn survival rates and people’s education level continue to
improve. These compounding factors make the process of urbanization lead to a significant
decline in people’s willingness to have children in most countries around the world [74].

The SSP scenario sets the story line of the future population and economic develop-
ment based on population and human resources, economic development, lifestyle, human
development, environment and natural resources, policy and system, and technological
development. SSP scenarios fully describe the opportunities, potentials, and uncertainties
facing the future population and economic development. Therefore, considering the devel-
opment uncertainty of socioeconomic factors, the urban areas predicted by the SSP scenario
and the Markov model differ significantly (Figure 4b). The implication of this finding to the
environmental remote sensing science literature is that the integration of allometric scaling
laws for population size and urban area is a candidate for more effective urban simulations
if the uncertainties due to population size are considered.

The spatial pattern of the urban expansion rate predicted in Figure 6 provides an
important reference for analyzing the consequences of urbanization, such as the heat-island
effect, water shortage, and loss of cultivated land. First, under all SSP scenarios, we must
focus on the urban heat-island problem in densely populated areas, such as the northeast
and around Quanzhou Bay. At the same time, under the SSP5 scenario, the development
path driven by fossil energy will expand industrial, residential, and commercial urban
land at a super-high rate during 2020-2065. The heat-island effect of major satellite cities
also must be considered. Second, the population density of Jinjiang City in 2022 was as
high as 3177 people/km?, and its spatiotemporal distribution is relatively uneven at the
township scale (Figure 1c). With the continuous advancement of the urbanization process
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under different SSP scenarios, the population density will continue to increase and show
significant spatial differentiation. Jinjiang City is a city with scarce water resources. In
2020, its per capita water resources and per capita comprehensive water consumption were
62 m3/person and 276 m3/person, respectively [75]. The possible water resource stress
in densely populated areas under different SSP scenarios and its coping strategies should
be further studied. Finally, the expansion of urban land in Jinjiang City is mainly at the
expense of occupying cultivated land, which means that the city’s food demand will rely
more on the production of other regions. At the same time, the food demand of the region
will drive the development of arable land away from Jinjiang City to other regions. We
must further study this teleconnection effect of LULC changes under different SSP scenarios
from the county scale [76].

The Intergovernmental Panel on Climate Change estimates that the possible rise in the
global mean sea level by 2100 will range between 0.29 m and 1.10 m [77]. Jinjiang City is
surrounded by the sea on three sides, the elevation of most areas in the coastal zone is 1-4 m,
and the elevation of some low-lying areas is less than 1 m. In addition, Jinjiang City is
densely populated in the urban center and in satellite cities around Quanzhou Bay and
Weitou Bay, and large quantities of cultivated land are distributed in coastal depressions. It
is thus urgent to analyze the exposure risk and loss of population and economic output
that may result from the average rise in sea level and the 100-year-storm surge under
different SSP scenarios.

6. Conclusions

This research proposes the MKCARg.as urban model, which combines an allometric
scaling law, a Markov chain, the random forest algorithm, and cellular automata to simulate
future scenarios of land use under various shared social development pathways. The FoM
and urban FoM obtained by the MKCARp.as model for urban growth simulations from
2005 to 2010 are 25.5% and 35.0%, respectively, and the urban FoM is 4.06% greater than that
produced by the MKCA snn model. To verify the scaling relations between the population
size and urban area, this research revises the Markov transition probability matrix and
predicts the spatiotemporal evolution of LULC for 2020-2065. The results lead to the
following conclusions:

(1) Prediction errors may occur when using the Markov model to predict long-term
land-use demand spanning multiple periods. The error between the predicted urban
land-use demand based on the transition probability matrix for the period 2000-2005 and
the observed urban land-use demand in 2020 is 12.7%. (2) The scaling exponent relating
the population growth and urban area of Jinjiang City from 2005 to 2020 is 0.933. The
relative rate of urban land area expansion is less than the relative growth rate of the
population, which reflects an efficient use of land in the urban system of Jinjiang. (3)
The simulation accuracy of the MKCARp.as model depends strongly on land-use demand.
While the Markov model produces an error of 6.28% when predicting urban land use
during 20052010, the FoM declines by 21.42%. (4) Most townships in Jinjiang City develop
at medium and high rates under scenarios SSP2 and SSP5. Based on the assumption of
allometric scaling between the population size and urban area, the prediction of LULC
provides an objective reference for spatial land-use planning.

Given the prevalence of allometric scaling phenomena in urban systems, this work
focuses on integrating allometric scaling between the population size and urban area into
the proposed model. In the future, we will explore and verify how scaling invariance affects
the evolution of urban spatial forms in a larger urban area and over a longer time span.
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Abstract: Industrial agglomeration, as a typical aspect of industrial structures, significantly influences
policy development, economic growth, and regional employment. Due to the collection limitations of
gross domestic product (GDP) data, the traditional assessment of industrial agglomeration usually
focused on a specific field or region. To better measure industrial agglomeration, we need a new
proxy to estimate GDP data for different industries. Currently, nighttime light (NTL) remote sensing
data are widely used to estimate GDP at diverse scales. However, since the light intensity from each
industry is mixed, NTL data are being adopted less to estimate different industries” GDP. To address
this, we selected an optimized model from the Gaussian process regression model and random forest
model to combine Suomi National Polar-Orbiting Partnership—Visible Infrared Imaging Radiometer
Suite (NPP-VIIRS) NTL data and points-of-interest (POI) data, and successfully estimated the GDP
of eight major industries in China for 2018 with an accuracy (R?) higher than 0.80. By employing
the location quotient to measure industrial agglomeration, we found that a dominated industry had
an obvious spatial heterogeneity. The central and eastern regions showed a developmental focus
on industry and retail as local strengths. Conversely, many western cities emphasized construction
and transportation. First-tier cities prioritized high-value industries like finance and estate, while
cities rich in tourism resources aimed to enhance their lodging and catering industries. Generally,
our proposed method can effectively measure the detailed industry agglomeration and can enhance
future urban economic planning.

Keywords: industrial agglomeration; GDP; points of interest; nighttime light; Gaussian process

1. Introduction

Since the reform and opening-up policy, China’s industrial structure has undergone
significant changes. The proportion of the secondary and tertiary industries has contin-
uously increased, rising from 72.3% in 1978 to 90.9% in 2019 in China. The proportion
of the economy dedicated to the tertiary industry has undergone significant changes, in-
creasing from 24.6% in 1978 to 53.9% in 2019, marking a new stage in China’s economic
development. In the process of industrial structure upgrading, it is common to observe
the emergence of industrial agglomeration. This refers to the concentration of similar or
related industries within a specific geographical area, where industrial capital elements
accumulate over a defined spatial range [1]. Industrial agglomeration is crucial for tech-
nological progress, economic growth, ecological sustainability, and resource optimization.
It facilitates China’s economic shift from the pursuit of speed to the pursuit of quality [2].
Therefore, the assessment of industrial agglomeration is of great significance in supporting
the government to develop policies for promoting high-quality economic development.
However, the calculation of the industrial agglomeration degree currently often relies on
statistical data, suffering from problems such as inconsistent statistical standards, missing
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data in some regions or periods, and low update frequency. It is urgent to utilize new data
sources to address these limitations.

The emergence of nighttime light (NTL) data provides a new perspective for address-
ing this issue. In previous studies, NTL data became a vital proxy in many socioeconomic
fields. For example, Wu, et al. [3] analyzed the spatially heterogeneous relationships be-
tween NTL intensity and human activities by using NTL and points-of-interest (POI) data.
Wang, et al. [4] improved population mapping by using NTL and location-based social
media data and the results showed higher accuracy than ones acquired with WorldPop
data. Song, et al. [5] investigated the urban extension features and drivers in the Shan-
dong Peninsula urban agglomeration using the enhanced vegetation-adjusted nighttime
light index. Meanwhile, Shi, et al. [6] analyzed the poverty situation in Chongqing City
by combining lights with multi-source data to construct a comprehensive poverty index.
Additionally, NTL data are often used to estimate GDP. Initially, Elvidge, et al. [7] used the
NTL data from Defense Meteorological Satellite Program’s Operational Linescan System
(DMSP-OLS) to estimate the GDP of 21 countries. Chen and Nordhaus [8] demonstrated
that DMSP-OLS NTL data could offset the scarcity of GDP data in developing countries. In
addition to national scales, DMSP-OLS NTL data have been applied to estimate GDP at
different scales, such as sub-national and grid scales [9-11]. With the advent of the Suomi
National Polar-Orbiting Partnership—Visible Infrared Imaging Radiometer Suite (NPP-
VIIRS), a new generation of NTL data with superior quality to DMSP-OLS has become
widely used for GDP estimation [12-16]. For example, Shi [17] found NPP-VIIRS NTL data
have higher accuracy than DMSP-OLS NTL data in GDP estimation at sub-national scales.
Zhao [18] used NPP-VIIRS NTL data to estimate the GDP in South China at the grid scale,
revealing high correlation coefficients (R? values of 0.8935 for prefecture GDP and 0.9243
for county GDP). While NTL data are widely used, no studies have been found regarding
the assessment of industrial agglomeration using NTL data.

Traditional methods for assessing industrial agglomeration mainly include the Herfind-
ahl index, spatial Gini coefficient, Ellison-Glaeser index, and location quotient [19-22].
The Herfindahl index calculates the sum of squared market shares of all companies in an
industry, requiring specific enterprise output data, and it is difficult to use the existing
data to meet the calculation needs of a large range [19]. The spatial Gini coefficient can be
used to measure the degree of industrial agglomeration via estimation using the numerical
integration of the area inside the Lorenz curve in the graph of cumulative GDP, sorted
according to decreasing geographic area, for a given industry [20]. The Ellison-Glaeser
index combines the Herfindahl index and the spatial Gini coefficient to measure the degree
of industrial agglomeration [21]. The location quotient uses the proportion of overall
economic activities in the region to the national total, which can eliminate the effects of
regional scale [22]. Due to the main target of this study being the calculation of the degree
of industrial agglomeration of different industries across Chinese cities, the location quo-
tient is more effective in reducing the impact of regional differences [23]. Therefore, while
considering data availability, we chose location quotient as the indicator for industrial
agglomeration in this study.

To calculate the industrial agglomeration of different industries in cities across the
country using location quotient, the GDP data of each industry are required. However,
previous GDP estimations mainly focused on the total GDP or the GDP of the primary,
secondary, and tertiary sectors [13]. As different industries can have similar light emissions
for different NTL pixels or similar concentrations in the same NTL pixel, merely using
the NTL data cannot estimate the GDP well with different industries [24]. Regarding
overcoming this challenge, the rise of social sensing big data presents a new avenue
for estimating the GDP of different industries. This data type correlates strongly with
diverse human activities in urban environments [25]. POI data, as social sensing data,
record the location and function of geographic entities. Recent studies utilize POI data
in studies related to human activities, such as research identifying urban function areas
and classifying urban land use [26-30]. POI data can reflect the spatial distribution and
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aggregation intensity of different types of economic activities, and so we considered the
integration of the NTL and POI data for the GDP estimation in different industries.

The random forest (RF) model is among the most popular machine learning algorithms
and has been widely used in estimation studies of socioeconomic indicators such as GDP,
population, poverty, and electricity consumption [15,31,32]. Meanwhile, the Gaussian
process regression (GPR) model, a kernel-based model, is adaptable to different data
structures through the selection of appropriate covariance functions, making it particularly
suitable for estimating the GDP of different industries [33]. In order to compare the
estimation performance of RF and GPR model, we set them up to estimate GDP data from
different industries and chose the one that performed better.

To calculate the degree of industrial agglomeration, this study considered 345 cities
in China and used the NTL, POI, and related auxiliary data as inputs to the GPR and RF
models to estimate the GDP in eight industries (industry, construction, retail, transportation,
lodging and catering, finance, estate, and other tertiary industries) according to the Indus-
trial Classification of National Economic Activities (GB/T4754-2017) [34]. The structure of
the paper is organized as follows. The description of the study area and data processing
will be described in Section 2. The retrieval algorithm GPR and RF model and the process
of the model construction will be discussed in Section 3. We will present the results of the
GDP estimation and industrial agglomeration for different industries in Section 4. The
results will be discussed in Section 5. Finally, the conclusion will be presented in Section 6.

2. Study Area and Materials
2.1. Study Area

In total, 345 cities in China were selected as the study area, excluding Hong Kong,
Macau, and Taiwan, as shown in Figure 1. In order to reduce the influence of spatial
heterogeneity on GDP estimation in different zones of China, we trained the GDP models
separately for the three major economic zones in China [35,36], namely, east, central, and
west China (Figure 1), which have different economic development levels. East China
has the highest GDP, per capital income, investments, and resident consumption, with
decreasing values from east to west [37]. The number of cities for each zone is 100, 69, and
71, respectively.

P~

L.\

I East China
. II Central China
%, I West China

City boundary

Has GDP data
No GDP data

s ST -
INational boundaary

Regional boundary

Figure 1. Study area for China in 2018. The study includes 345 cities in China, with statistical GDP
data available for eight industries in 240 of these cities.
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2.2. Materials

The datasets used in this study included NPP-VIIRS NTL data, POI data, road net-
work (RD) data, digital elevation model (DEM) data, normalized difference vegetation
index (NDVI) data, and statistical GDP data. NPP-VIIRS NTL data and POI data were
adopted as input features. RD, DEM and NDVI data were input into the model as auxiliary
variables along with NTL and POI features. The statistical GDP data were divided into two
groups to train and evaluate the GDP estimation model. To maintain consistency with the
latest China’s Industrial Classification standard in 2017, the year 2018 was selected as our
study period.

2.2.1. Nighttime Light Data

The NPP-VIIRS NTL data show significant improvements compared to the DMSP/OLS
data. The onboard day/night band (DNB) was the primary band used to detect nighttime
light intensity. The overpass time during the night was approximately 1:30 a.m. It operated
within a wavelength range of 0.5-0.9 um and provided data with a spatial resolution of
750 m. The captured area included regions ranging from 70°N to 65°S in latitude [38].
In this study, we used the version 1 series of China’s NPP-VIIRS NTL data from 2018,
provided by the Colorado School of Mines. To facilitate the calculation of various features
of NTL, the NPP-VIIRS NTL data were reprojected using an Albert coordinate system with
a spatial resolution of 500 m. Due to inherent noise issues in NPP-VIIRS NTL monthly
composite data, such as stray light, lightning, lunar illumination, and cloud cover, we
implemented a preprocessing method devised by Shi [17]. This method involved setting
pixels with negative digital number (DN) values to zero and using pixels with DN values
exceeding the maximum recorded in Beijing, Shanghai, and Guangzhou as outliers. Outlier
pixels were assigned a new value, calculated as the maximum DN among their immediate
eight neighbors. To generate the annual NPP-VIIRS NTL data of China in 2018, the average
method was used to produce a composite of monthly NPP-VIIRS NTL data. Finally, four
characteristics of NTL intensity were measured as the potential input features, including the
lit area (NTL-Area), the mean value of NTL intensity (NTL-Mean), the standard deviation
of NTL intensity (NTL-Std), and the total NTL intensity (NTL-Sum).

2.2.2. POI Data

In this study, 12,848,399 POI records of mainland China in 2018 were derived from the
Baidu Map. The original POI data consisted of 23 major categories (such as finance and
insurance services, enterprises, shopping, transportation service, etc.). The original POI
data consisted of 23 major categories. For consistency with the classification of statistical
GDP data, the POI data were reclassified into the same eight categories of GDP (Table 1).

Table 1. POI types related to the eight industries.

Category Content
Industry Mineral processing, mini company, factory, etc.
Construction Decoration company, construction company, etc.
Retail Supermarket, emporium, shopping center,
convenience store, etc.
T . Transit station, expressway service area, filling station,
ransportation . ‘et e .
park, physical distribution, postal service, etc.
Lodging and catering Hotel, restaurant, etc.
Finance Bank, securities company, insurance company, etc.
Estate Areola, real estate intermediary, estate company, etc.

Educational institution, hospital, media, gymnasium,

Other tertiary industries .
y photography services, etc.

Then, discrete POIs point data were converted into continuous smooth density surfaces
for each category using kernel density estimation (KDE). The bandwidth of KDE was set at
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5000 m in this study, referring to the previous studies of Peng, et al. [39] and Ye [32]. To
maintain consistency with NPP-VIIRS NTL data, the spatial resolution of the KDE results
was fixed at 500 m. Subsequently, four characteristics of POI were quantified as the potential
input features, including the KDE area of POI (POI-Area) representing the area where the
kernel density value is greater than zero, the mean KDE value of POI (POI-Mean), the
standard deviation KDE value of POI (POI-Std) and the total number of POI (POI-Num).

2.2.3. Auxiliary Data

The data of RD, DEM and NDV], as auxiliary variables, were uniformly converted into
the Albert projection coordinate system and reprojected to a spatial resolution of 500 m.

Road network data were obtained from OpenStreetMap (http:/ /www.openstreetmap.
org) accessed on 23 December 2023 and can reflect the intensity of economic activity and
the level of development of infrastructure in a city [3]. This study used primary road,
secondary road, tertiary road, motorway, and trunk road as auxiliary variables to calculate
the road network density and length for each city.

The DEM data used in this study were Shuttle Radar Topography Mission (SRTM)-
Consortium for Spatial Information (CGIAR-CSI) DEM data provided by National Aero-
nautics and Space Administration (NASA) and the National Imagery and Mapping Agency
(NIMA) with a spatial resolution of 250 m. The DEM data can represent topographic change
and influence human production and survival, thereby affecting socioeconomic develop-
ment [6]. This study calculated the average elevation and slope as auxiliary variables for
each city using DEM data.

The monthly NDVI data from the Geospatial Data Cloud (http://www.resdc.cn/)
accessed on 23 December 2023 can provide information on vegetation coverage and eco-
logical conditions, effectively eliminating the impact of the light emitted from nighttime
decorations in urban parks [40]. This helps us to better extract illumination related to the
eight major industries selected in our study. This is carried out by selecting the maximum
value from monthly data as annual data for 2018 and calculating the area of NDVI values
greater than 0.2 per pixel in each city to be a proxy for the vegetation coverage area used as
an auxiliary variable.

2.2.4. Statistical GDP Data

Statistical GDP data from different industries were collected from the statistical year-
book of each city in 2018. In total, 240 cities had statistical GDP data for eight industries
(Figure 1). Meanwhile, to reduce the heteroscedasticity of data, a logarithmic transforma-
tion was applied to the GDP data in this study.

3. Methods

The framework for calculating the degree of industrial agglomeration is shown in
Figure 2. (I) Firstly, it is necessary to perform GDP Estimation: this involves selecting
features from NTL and POI data as inputs for the GPR and RF models. Both models
estimate the GDP of eight industries at the city level. (II) Then, it is necessary to calculate
the degree of industrial agglomeration: utilizing the estimated GDP, the location quotient
is calculated to assess the degree of industrial agglomeration with different industries.
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Figure 2. Flowchart of the methodology used in this study.

3.1. The Location Quotient

This study chooses the location quotient (LQ) to calculate the degree of industrial
agglomeration with different industries in China. The location quotient uses the proportion
of overall economic activities in the region to the national total [41]. What follows is the
calculation formula for location quotient:

qij
_ ):7:1 qij
LQj;; = o 1
L

where LQj; represents the location quotient of industry j in region i relative to the national
level, g;; represents the output or GDP of industry j in region i, Q; represents the relevant
indicators of industry j at the national level, and # is the number of industries. Considering
that the calculation formula requires GDP data from different industries, we must obtain
GDP data from different industries.

3.2. GDP Estimation
3.2.1. Selection of NTL and POI Features

GDP estimation for different industries requires us to consider the combined effects of
multiple factors. Identifying factors with a decisive impact on GDP estimation is crucial
for selecting features in estimation models [42]. Accordingly, eight potential features of
NTL data and POI data were chosen for correlation analysis with GDP in each industry.
For the correlation analysis, we used R? calculated via the Formula (13). After passing the
significance test, we selected the NTL and POI features, respectively, which have the highest
GDP in different industries as the input features. Considering that other socioeconomic
variables may also affect the model’s accuracy, we not only set up a model by only using
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NTL and POI features, but also added auxiliary variables for correlation analysis as a
comparative group, providing a better selection of features.

3.2.2. Gaussian Process Regression

For GPR, the training dataset can be defined as D = {(x;,y;)|[i =1,2,...,n} = {X,Y},
where n is the size of training dataset, X = [x1,x2,.. .,xn]T is the input matrix which
contains POI feature for a specific industry and NTL feature, and Y = [y, 12, .. .,yn]T
is the output vector with statistical GDP data for the corresponding industry. The prior
distribution of D can be defined with the Gaussian Process (GP) f(X), which is given by:

f(X) ~ GP(m(X),K(x,x)), 2

where x and x’ denote different input variables, m(X) denotes mean function, and K(x, x’)
is covariance function.

The goal function of GPRis: y = f(x) + ¢ ,where ¢ is the noise and can be defined as
e ~N (O, 175), and ¢ denotes the variance of the difference between x and y. Combined
with the above definition of GP, it can rewritten as follows:

Y ~ GP(m(X),K(x, )+ a,%l), ©)

where [ is the identity matrix.

The testing dataset is: Dy = {(x;, f(x;))|i=n+1n+2,...,n+n.} = {Xs, fs},
where 7, is the number of testing dataset, and X, and f, are input matrix and output
vector of testing dataset. In GPR, the training output Y at training points X and test output
f+ at test points X, obey the joint Gaussian distribution, which can be given as:

m ~N (n%x}i))' {K(ﬁé);? K ﬁgi))b @

The principle of joint Gaussian distributions can estimate results using the prior joint
distribution of the test output f., which can be given as:

fe|X,Y, X ~ N(fi, cou(f)), (@)
Fo = m(X.) + K(X,, X) [K(X,X) +a21] y, ©)
cov(f,) = K(Xs, Xs) — K(Xs, X) [K(X, X) + azl} KX, X.) + 2, @)

where f, and cov(f,) are the mean and variance of the predicted value f..

For GPR, the mean function n1(X) was set to zero. Then, we tried and tested different
covariance functions K(x,x’) and selected the best-performing covariance function for
each industry. The covariance functions used in this study are the exponential covariance
function, squared exponential covariance function, Matern 3/2 covariance function, Matern
5/2 covariance function, and rational quadratic covariance function. The covariance
functions are as follows:

Exponential covariance function (EXP):

Kexp (xi, xj) = UJ%EXP(*;), ®)

Squared exponential covariance function (SE):

2
r
Ksg (xi,x7) = U}exp(—?), )
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Matern 3/2 covariance function (M32):

V3r V3r
Kz (xi, x7) *Uf(l""i) (—7) (10)
Matern 5/2 covariance function (M52):
/57 /5r
Ksz (xi, xj) = %(1 Tt 12) (—7) (1)
Rational quadratic covariance function (RQ):
2 -

r

20‘7) , (12)

KRQ (x,-, Xj) = 0’}(1 +
where « is the shape parameter for the rational quadratic covariance; oy is the standard
deviation of signal; [ is variance scale; and r is the absolute value of x; — x j-

3.2.3. The Random Forest

The random forest model, an ensemble learning algorithm, was proposed by Breiman [43].
It generates multiple samples through iterative self-sampling and builds corresponding
decision trees based on these samples. RF regression is developed by combining these
multiple decision trees, and the result is determined using the average of the estimated
results from all the decision trees. The RF model has the advantage of high estimated
accuracy and does not require assumptions about the prior probability distribution [44]. In
this study, the same input features as the GPR model were selected to train and validate the
RF model, enabling a better comparison of the accuracy between the two models. The RF
model’s error was minimized by optimizing parameters, such as the number of decision
trees, tree depth, maximum features in a decision tree, and leaf nodes, using a grid search.

3.3. Model Construction and Evaluation

Through correlation analysis with the GDP of different industries, the optimized
features for constructing subsequent GPR and RF models were selected separately for NTL
and POI features with and without auxiliary variables. Note that NTL and POI features,
along with auxiliary variables, were collectively input into models for training.

Subsequently, the optimized features in each industry were used as input variables
and the corresponding GDP data were randomly divided into two parts: 70% for training
and the remaining 30% as reference data for the evaluation. All data were grouped into
three parts based on China’s three economic zones. Subsequently, we trained the GPR and
RF model for each industry in each zone and selected input features and model with the
best performance to estimate the GDP of different industries in each city.

The root-mean-square error (RMSE), decision coefficient (R?), and percent error (pe)
were used to evaluate our results (13)—(15):

o (= %) (vi = 7)°

RZ=Z=i Batamt -, 13
Y =X)L (yi —Y) (13)

i (v — i)’
RMSE = ’f (14)
pe = i =il 4000, (15)

i
where x; and y; are the reference and estimated value, respectively, for point i; X and ¥ are
the mean of x and y, respectively; and 7 is the size of the datasets.
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4. Results
4.1. Selection Input Features and Model Comparison

Table 2 shows that NTL-Sum and POI-Num have the best performance in each industry,
with R? higher than 0.5 and 0.6, respectively, among the NTL and POI features without
auxiliary variables. Particularly in the financial industry, their R? reaches 0.86 and 0.88,
respectively. Thus, NTL-Sum and POI-Num are selected as input features without auxiliary
variables. Table 3 shows that, after combining the auxiliary variables, the R? of NTL
and POI features have a significant increase. This is especially true in the lodging and
catering industry, where the R? of NTL-Sum and POI-Num increase from 0.59 and 0.62
to 0.76 and 0.77, respectively. Note that in the financial industry, the R? of NTL-Sum and
POI-Num decrease after adding auxiliary variables, changing from 0.86 and 0.88 to 0.79
and 0.82, respectively. Except for the construction and other tertiary industries, NTL-Sum
and POI-Num have the best performance, with R? exceeding 0.7 in each industry among
NTL and POI features with auxiliary variables. Particularly in the estate industry, the
highest R? values for these two features are 0.86 and 0.89. Therefore, for the input features
with auxiliary variables, the construction industry selects NTL-Sum and POI-Std as input
features. Other tertiary industries choose NTL-Area and POI-Std as input features. The
remaining six industries all use NTL-Sum and POI-Num as input features.

Table 2. Decision coefficients for the relationship between each potential feature without auxiliary
and GDP of different industries.

NTL Features without Auxiliary Variables POI Features without Auxiliary Variables
Category NTL- NTL- POI- POI- POI- POI-
NTL-Area  NTL-Mean Std Sum Area Mean Std Num
Industry 0.17 0.20 0.25 0.76 ** 0.55 0.28 0.11* 0.75 **
Construction 0.40 0.23 0.33 0.64 ** 0.44 0.19 0.08 * 0.64 **
Retail 0.17 0.21* 0.36 0.67 ** 0.56 0.24 ** 0.09 ** 0.70 **
Transportation 0.12 0.21 0.36 % 0.70 ** 0.53 0.18 0.09 0.73 **
Lodging and Catering 0.18 0.23* 0.37 0.59 ** 0.46 0.24 ** 0.08 ** 0.62 **
Finance 0.21 0.30 0.52 ** 0.86 ** 0.58 0.31 0.13 ** 0.88 *
Estate 0.47 0.38 0.45 0.75 ** 0.52 0.21 ** 0.04 ** 0.81 **
Other tertiary 0.09 0.30 0.50 0.76 ** 0.54 0.28 0.11* 0.76 **
industries

Note: ** model significant at the 0.01 probability level (p < 0.01) and * model significant at the 0.05 probability
level (p < 0.05).

Subsequently, selected input features with and without auxiliary variables are input
into the GPR model based on five covariance functions. The function yielding the highest
R? and the lowest RMSE is deemed optimal. As shown in Tables 4 and 5, for transportation,
lodging and catering, and other tertiary industries, the covariance function with the best
performance is the exponential function, with input features adding auxiliary variables. The
Matern 3/2 function is optimal for the estate with input features, adding auxiliary variables.
And we selected Matern 5/2 as the covariance functions for the GDP estimation of the
industry, with input features adding auxiliary variables. It is worth noting that, for the
construction and finance industries, the model accuracy of input features without auxiliary
variables is higher than that of features with auxiliary variables. Therefore, for these two
industries, we selected the Matern 3/2 and exponential function without auxiliary variables
as the estimation model’s covariance function. Then, the R? values for the estimated GDP
with different industries were all higher than 0.8 in the testing dataset. The GDP estimation
for the finance and construction industries had the highest (0.95) and lowest (0.80) R?,
respectively. Meanwhile, the RMSEs of the estimated GDP in the industry, construction,
retail, transportation, lodging and catering, finance, estate, and other tertiary industries
were 234.52, 77.90, 84.96, 41.39, 24.08, 59.79, 60.89, and 262.81 (CNY 108), respectively.
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Table 3. Decision coefficients for the relationship between each potential feature with auxiliary and
GDP of different industries.

NTL Features with Auxiliary Variables POI Features with Auxiliary Variables
Category NTL- NTL- POI- POI- POI- POI-
NTL-Area  NTL-Mean Std Sum Area Mean Std Num
Industry 0.81 ** 0.78 ** 0.77 0.87 ** 0.77 0.80 ** 0.81 ** 0.83 **
Construction 0.62 ** 0.62 ** 0.62 ** 0.63 ** 0.62 ** 0.65 ** 0.68 ** 0.62*
Retail 0.82 ** 0.79 0.79 0.89 ** 0.79 0.79 0.79 0.81 **
Transportation 0.80 ** 0.75 0.76 0.82 ** 0.76 0.76 0.78 ** 0.85 **
Lodging and Catering 0.70 ** 0.69 ** 0.68 ** 0.76 ** 0.67 0.68 ** 0.72** 0.77 **
Finance 0.73 ** 0.72% 0.72 0.79 ** 0.72 0.73 ** 0.75 ** 0.82 **
Estate 0.82 ** 0.82 ** 0.81 0.86 ** 0.82 ** 0.85 ** 0.84 ** 0.89 **
Other tertiary 0.75 ** 0.74 0.74 0.74 0.76 0.74 0.78 ** 0.74*
industries
Note: ** model significant at the 0.01 probability level (p < 0.01) and * model significant at the 0.05 probability
level (p < 0.05).
Table 4. Test results of the different covariance functions and model that input features without
auxiliary variables.
. Squared Rational Random
Category Exponential Exponential Matern 3/2 Matern 5/2 Quadratic Forest
RZ RMSE R?> RMSE R> RMSE R> RMSE R?> RMSE R?> RMSE
Industry 0.88 257.59 0.84  268.36 0.85 26207 0.83 283.18 0.86  260.10 0.80  565.97
Construction 0.81 79.52 0.80 80.02 0.82 77.90 0.78 88.37 0.77 83.11 0.73 118.68
Retail 0.82 107.14 0.85 104.03 0.82 111.24 0.83 112.04 0.86 98.06 0.83 146.61

Transportation 0.82 58.23 0.85 48.65 0.81 60.05 0.82 57.02 0.83 49.03 0.84 65.05

Lodging and 073 3967 080 3004 072 3992 075 3518 072 3662 081 3022
Catering
Finance 095 59.79 092 7439 090 7814 092 7084 089 7938 085 21971
Estate 084 8426 089 7696 089 6989 091  67.85 090 70.17  0.84 12841
Othertertiary 09 26634 082 31710 088 28369 083 30596 082 30902 077  520.89
industries
Table 5. Test results of the different covariance functions and models that input features with auxiliary
variables.
. Squared Rational Random
Category Exponential Exponential Matern 3/2 Matern 5/2 Quadratic Forest
RZ RMSE R?* RMSE R*> RMSE R?> RMSE R?> RMSE R? RMSE
Industry 085 27268 0.84 27464 0.88 24186 0.89 23452 0.89 23731 0.84  358.87
Construction 080 8203 077 8426 0.80 8155 076 8569 076 8614 077  105.68
Retail 083 11818 0.87 9244 081 11922 092 8496 080 12079 090  96.32

Transportation 0.89 41.39 0.79 62.41 0.78 63.97 0.80 58.80 0.87 45.61 0.86 50.89

Lodging and 0.84 2408 066 5040 078 3157 072 4019 080 2989 082 2871
Catering
Finance 0.86 99.68 083 10831 0.82 11249 080 12462 082 11173 079  128.65
Estate 088 7750  0.80 11944 094 60.89 084 8331 092 6879 089 7523
Other tertiary 0.89 26281 083 31076 0.86 28377 083 309.82 0.85 28704 080 35832
industries

Compared to the random forest (RF) model, the GPR model can perform better, as
shown in Tables 4 and 5. The GPR model exhibits a higher R? value and a lower RMSE
value in all industries. Therefore, the following analysis of GDP distribution and industrial
agglomeration is based on the GDP data estimated from the GPR model.
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4.2. Estimated GDP of Eight Industries

The estimated GDP across eight industries exhibits a generally unbalanced distribution
in China (Figure 3). The eastern coastal cities have a better development than the central
and western cities. Nevertheless, each industry also exhibits its own spatial distribution.
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Figure 3. Estimated GDP of the (a) industry, (b) construction, (c) retail, (d) transportation, (e) lodging
and catering, (f) finance, (g) estate, and (h) other tertiary industries in China. The numbers 1, 2, 3, etc.
represent cities with higher GDP.
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The GDP in the construction industry (Figure 3b) exhibits a pattern of concentrated
development in the western region. For example, Urumgqi, Karamay, and Ili in Xinjiang
(red points 1, 2, 3 in Figure 3b) are not significantly lagging compared to other industries
in the eastern and central regions. The better development of the construction industry in
these cities can be attributed to several factors. Firstly, some of these cities are located in the
economic center of Xinjiang and are rich in energy resources [45]. For example, Karamay has
abundant oil resources, and its oil production reached 4.35 million tons in 2018. Different
from other resource-rich provinces (e.g., Shanxi) which have been developed for many
years, the infrastructure in the Xinjiang region is still not sufficient [46]. Despite occupying
1/6 of China’s total land area, the public infrastructure investment in Xinjiang accounted
for only 1.60% of the national total in 2018. Therefore, there is a substantial need for the
construction of residential and energy infrastructure to support the ongoing development
of these cities. Furthermore, the growth of the construction industry in these regions is
significantly boosted by national policy initiatives. Key projects like the construction of the
Sichuan-Tibet railway and the West—East Gas Pipeline Project have played crucial roles
in accelerating development in these areas [47,48]. Meanwhile, it is worth noting that
Wuhan and Zhengzhou (red points 4 and 5 in Figure 3b), located in the central region, serve
as the capital cities of populous provinces Hubei and Henan, respectively. Compared to
major metropolises like Beijing, Shanghai, and Guangzhou, Wuhan and Zhengzhou offer
relatively lower housing prices, and their wage levels in their respective provinces rank
first [49]. Specifically, the average wage in Wuhan is CNY 145,545, while in Zhengzhou it is
CNY 50,152. This economic dynamic has made them attractive locations for employment,
consequently driving up the demand for housing construction in these areas.

For transportation (Figure 3d), high GDP values are mainly concentrated in the north-
ern coastal area, particularly within the Beijing—Tianjin-Hebei urban cluster. In this area,
along with the high-GDP cities of Beijing and Tianjin, non-first-tier cities such as Tangshan
and Cangzhou (red points 1, 2 in Figure 3d) also have high GDP in the transportation
industry. These cities are located in the vicinity of Beijing and are influenced by its develop-
ment, with well-established road transportation networks [50]. Moreover, Tangshan and
Cangzhou both have their own ports, namely Tangshan Port and Huanghua Port, which
ranked third and thirteenth, respectively, in cargo throughput nationwide in 2018. These
ports offer advantageous water transportation conditions and are well connected to other
domestic and international ports. Serving as crucial hubs for import and export trade, they
offer a broad market for logistics and freight industries, driving the development of the
local transportation industry.

For finance and estate (Figure 3f,g), the GDP values of most cities in the central and
western regions are less than CNY 10 billion. Cities with higher GDP values in both
industries are primarily concentrated in the large eastern cities. Beijing, Shanghai, and
Guangzhou (red points 1, 2, 3 in Figure 3f,g) are the economic and commercial centers of
the country and have all achieved a financial GDP value exceeding CNY 200 billion, hosting
a great number of corporate headquarters, financial institutions, foreign investments, and
a large concentration of talents that promote the development of finance in local and
surrounding cities [51]. Moreover, due to the close connection between the estate and
finance [52], the growth in finance has also driven the development of the estate industry.

Finally, for the industry, retail, and lodging and catering industries (Figure 3a,c,e),
cities with higher GDP are primarily concentrated in major urban clusters such as the
Beijing-Tianjin-Hebei urban cluster in the north, the Yangtze River Delta urban cluster in
the east, the Chengdu—Chongqing urban cluster in the west, and the Pearl River Delta urban
cluster in the south. These urban clusters are driven by their respective core cities, such as
Beijing, Shanghai, Guangdong, and Chengdu (red points 1, 2, 3, 4 in Figure 3a,c,e). The
influence of these core cities extends to other cities within their urban clusters, significantly
contributing to their development in these industries.
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4.3. Industrial Agglomeration Measurement of Different Industries

Based on the estimated GDP data of different industries, the degree of industrial
agglomeration for each industry in China was calculated using the location quotient and
The dominant industries with the highest location quotient for each city were identified, as
shown in Figure 4. The degree of industrial agglomeration of eight industries was shown
in Figure 5. For industry (Figure 5a), cities with a location quotient greater than 1 are
mainly distributed in the central and eastern areas in China, such as Yulin in Shaanxi,
Wuhu in Anhui, and Ningbo in Zhejiang (black points 1, 2, 3 in Figure 5a). The convenient
transportation, well-established industrial supply chains, and abundant labor force make
certain industries dominant in these cities [53].

[ Industry [ Construction
[ JRetail [ Transportation

[ IEstate [ | Other tertiary industries “A3
0 750 1500 km

1 1 " o
Figure 4. The industries with the highest location quotient in each China’s city.

For the construction and transportation (Figure 5b,d), it can be observed that they
have similar distribution patterns to the degree of industrial agglomeration. Most cities
in the western region exhibit higher location quotients in both industries, while first-tier
cities in the eastern region, such as Beijing and Shanghai (black points 1, 2 in Figure 5b,d),
have location quotients less than 1. This discrepancy arises because many eastern cities
have reached a high level of urbanization, stabilizing their construction and transportation
development [54]. Eastern cities have shifted their focus to higher value-added industries,
like finance, resulting in lower location quotients for construction and transportation. In
contrast, western cities have relatively underdeveloped infrastructure and road networks
compared to the eastern area, leaving significant room for further development. With the
support of national policies, such as Sichuan-Tibet railway and West-East Gas Pipeline
Project [47,48], the development of these two industries has been promoted in the western
cities. For example, Figure 4 shows that in the western region, cities like Xining and
Lhasa have construction as their dominant industry, while Alashan and Urumgi have
transportation as their dominant industry.
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Figure 5. Location quotient of the (a) industry, (b) construction, (c) retail, (d) transportation,
(e) lodging and catering, (f) finance, (g) estate, and (h) other tertiary industries in China. The
numbers 1, 2, 3, etc. represent cities with higher industrial agglomeration.

The retail industry is primarily concentrated in coastal cities (Figure 5c). This con-
centration is due to cities” advantages in international trade and logistics, coupled with
high population density and substantial consumer markets. Additionally, most cities in
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Inner Mongolia, such as Bayannur and Xilingol League (black points 1, 2 in Figure 5c),
exhibit a location quotient greater than 1. Furthermore, Figure 4 shows that retail is the
dominant industry in Bayannur. Cities in Inner Mongolia are rich in agricultural and
pastoral resources and promote the sale of these retail products nationwide by establishing
e-commerce platforms, which in turn promotes the growth of the local retail industry [55].

For finance (Figure 5f), major cities like Beijing, Shanghai, Shenzhen, and Chengdu
(black points 1, 2, 3, and 4 in Figure 5f), the location quotient of finance is generally
greater than 1, meaning that the financial industry is the dominant industry in these
cities (Figure 4). These major cities serve as economic and political centers and have well-
developed financial policies that have attracted a multitude of financial institutions. This
concentration has not only promoted the growth of financial GDP but also resulted in
higher financial location quotients [51]. Additionally, the result indicates that several cities
in the northwest, notably Lanzhou and Gannan in Gansu province (black points 5, 6 in
Figure 5f), exhibit a high financial industry location entropy. Situated along the overland
Silk Road, these cities are crucial for trade with Central Asia. Influenced by national Silk
Road policies, they have established multiple financial pilot zones, greatly promoting the
development of local finance [56]. In addition, as an important energy production area in
China, the development of energy finance in western China has further promoted industrial
agglomeration of finance [57].

Like the distribution of financial location quotient, the location quotients of the estate in
large cities such as Beijing and Shanghai (black points 1, 2 in Figure 5g) are also greater than
1. This correlation is due to the close linkage between the estate and financial industries.
Estate companies obtain financial support through loans from financial institutions, and
financial institutions generate profits through these loans [58]. Therefore, cities with a high
value of location quotient in the financial industry also display high values in the estate
industry, reflecting the interdependence of these two industries.

Finally, looking at the lodging and catering sectors (Figure 5e), cities with high location
quotients are mostly tourist cities, such as Changsha, Zhangjiajie, Chengdu, and Sanya
(black points 1, 2, 3, 4 in Figure 5e). Meanwhile, lodging and catering are the dominant
industries in Zhangjiajie (Figure 4). These cities which are rich in tourism resources
attract many tourists which promote the development of the lodging and catering industry.
Compared to the eastern regions, these tourist cities have a more vibrant nighttime economy.
Lodging and catering closely related to the nighttime economy are more easily observed
through NTL data [27].

Overall, we can conclude that in most cities in the central and eastern regions, indus-
trial and retail industries are developed as locally advantageous industries. In contrast,
many cities in the western region are influenced by factors such as policies prioritizing the
development of the construction and transportation industries. Additionally, first-tier cities
primarily focus on developing high-value industries such as finance and estate industries.
Cities with abundant tourism resources tend to improve the development of local lodging
and catering industry.

5. Discussion
5.1. Accuracy Assessment and Residual Analysis

The results from the comparison Tables 2 and 3 indicate that, after adding auxiliary
variables, the correlation between NTL and POI features and GDP in construction and
finance decreased. Additionally, in Tables 4 and 5, it is observed that the accuracy of
models in these two industries also decreased after adding auxiliary variables. Analyzing
the reasons for the decline in accuracy, in the case of finance, adding auxiliary variables
introduced redundant information related to the financial POI features. This led to a
reduction in the independent contribution of financial POI features to the interpretation of
GDP, which decreased from 0.88 to 0.82. For construction, the accuracy of the model did
not exhibit a significant decrease (R? from 0.82 to 0.80) after the addition of input features
with auxiliary variables. This may be attributed to the introduction of more randomness
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with the addition auxiliary variables, causing additional noise in the model training process
and resulting in a decline in model accuracy.

The percent error map (Figure 6) of the estimated and reference GDP values in each
industry shows that most cities, especially in the eastern coastal zone, have a low error
percent (0-30%). The cities with high percent errors are mainly concentrated in the west
and northeast of China, which mostly have backward economic development. For example,
drawing from the industries examined (Figure 6a), a high percent error is noted in northeast
China, especially in the cities of Heilongjiang province, such as Jixi, Shuangyashan, and
Yichun (black points 1, 2, 3 in Figure 6a), which are resource-based cities whose industrial
development is highly dependent on local natural resources. With the depletion of resources
and the requirements of sustainable development [59], the industry-by-industry GDP of
these cities changed, resulting in their high percent errors. In addition, cities located
in the northeastern and western zones suffered from population loss, which weakened
consumption capacity. Thus, the GDP estimation for the tertiary industries (e.g., retail,
lodging and catering, and estate) had a high percent error in these zones. Meanwhile,
the GPR model had high accuracy in the eastern coastal cities with a percent error of less
than 20% for each industry. Compared to the west and northeast zones, the urbanization
processes and economic development of the cities in the eastern coastal zone are more
balanced [60].

It is worth mentioning that some cities located in mountainous areas also have high
percent errors. For example, for the construction industry (Figure 6b), some eastern coastal
cities, such as Yunfu, Yangjiang, Nanping, and Longyan (black points 1, 2, 3, 4 in Figure 6b),
have large percent errors because cities in mountainous areas generally fall behind cities in
plains in terms of economic development [61], resulting in overestimation in these cities.

To better evaluate the accuracy of the GPR model in different industries, the percent
errors were divided into three types: high accuracy (0-30%), moderate accuracy (30-50%),
and inaccuracy (>50%). The detailed results of the three types are listed in Table 6. The
GPR model exhibits a high capacity for estimating the GDP of the estate, finance, other
tertiary industries, and retail, with a high accuracy of 80.42%, 80.00%, 75.42%, and 74.16%,
respectively. Combined with Tables 4 and 5, these four industries have high R? in testing
dataset. Moreover, the GDP estimation for the construction and lodging and catering
industries exhibit high accuracy, with a GDP lower than that of the other industries (60.84%
and 61.25%, respectively). Meanwhile, for the inaccuracy results, the percentages of inaccu-
racy are less than 20% in each industry (7.50-16.66%), which indicates the presence of a
few outliers (estimated GDP away from the reference GDP). In general, the results of the
decision coefficient and percent error show that the GPR model can estimate the GDP with
different industries.

Table 6. Different classes of predicted accuracy for the GDP of eight industries.

Percentage of Percent Error (%)

Category Inaccuracy Moderate Accuracy High Accuracy
(>50%) (30-50%) (0-30%)

Industry 9.58 22.08 68.34
Construction 16.66 22.50 60.84
Retail 9.17 16.67 74.16
Transportation 8.33 22.50 69.17
Lodging and Catering 12.08 26.67 61.25
Finance 8.33 11.67 80.00
Estate 7.50 12.08 80.42
Other tertiary industries 8.75 15.83 75.42
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5.2. Analysis of the Relationship between GDP and Industrial Agglomeration

To analyze the relationship between GDP and industrial agglomeration in different
industries, we plotted a scatter plot (Figure 7) based on the GDP and location quotient data
for each city. To mitigate the influence of outliers in the GDP data, we applied a logarithmic
transformation to the GDP values. Analysis of Figure 7 reveals three distinct distribution
trends. Firstly, we can observe that the industries of industry, retail, finance, and estate
(Figure 7a,c,f,g) had a monotonic increasing relationship between the location quotient
and GDP from west to east. Secondly, for the industries of construction and transportation
(Figure 7b,d), their location quotient had no significant relationship with the GDP. Finally,
it is worth noting that the scatter distribution pattern in the lodging and catering industry
was quite distinctive, with cities exhibiting similar levels of location quotient but significant
differences in GDP from west to east.
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(h) other tertiary industries in China.
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For industry (Figure 7a), the location quotient and GDP of the industry exhibit a
monotonically increasing trend from west to the east in China, indicating that industrial
development is progressing well in the eastern regions. The synchronous growth of GDP
and location quotient suggests that industry remains a dominant sector driving the city’s
economic development. The main reason for this phenomenon is that the eastern regions
have location advantages over the western regions. Taking Dongguan in Guangdong and
Guoluo in Qinghai as examples, Dongguan not only has well-developed land transportation
but also benefits from its high-quality port, which facilitates the transportation of goods.
The availability of a large labor force is also an essential factor promoting industrial
development. Moreover, as the pillar industry of Dongguan’s economy, industry has
consistently received support from the local economy and policies, resulting in a high
location quotient and GDP for Dongguan [62]. In contrast, Guoluo in the western region
has harsh natural conditions and a sparse population, making it unsuitable for industrial
development [63]. Therefore, it has lower location quotient and GDP.

From the distribution of GDP and location quotient in the transportation in Figure 7b, it
can be observed that the location quotient has no significant relationship with the GDP from
west to east. However, in some specific cities in the western area, such as Alashan in Inner
Mongolia, it has higher location quotients, whereas first-tier cities in the eastern region,
such as Shanghai, have lower location quotients. This indicates that the development of
transportation in the eastern region is gradually slowing down and the industrial focus is
shifting towards the western region, resulting in higher location quotients in the western
region. However, due to the overall less developed nature and lower population density of
most cities in the western region, the GDP in transportation is low [64].

Regarding the lodging and catering industry data shown in Figure 7c, we can see
that most cities have location quotients within the same range. This indicates that most
cities do not consider lodging and catering as their primary advantageous industry for
development. Cities with higher location quotients in the lodging and catering industry
are mainly those with well-developed tourism resources, such as Guoluo in Qinghai and
Hohhot in Inner Mongolia. Both have high location quotients in the lodging and catering
industry. However, there is a substantial GDP gap between the two cities. This is because,
compared to Hohhot, the market size, consumption level, and population in Guoluo are
much smaller, limiting the development of GDP in the lodging and catering industry.

5.3. Policy Implications

To address the issue of imbalanced development between GDP and location quotient,
we propose the following policy.

Firstly, for certain industries in cities with low location quotient and low GDP, we
can enhance the infrastructure of regional road transportation networks to improve the
transportation convenience and logistical efficiency of the city, thereby attracting more
investments and business to settle in. In addition, the targeted development of industries
based on local natural resources can be pursued. For example, in the case of Guoluo,
which is surrounded by numerous rivers, the construction of hydropower stations can be
considered to drive local economic development.

Secondly, to address the issue of high industry location quotient but low GDP in
certain industries, GDP can be improved by strengthening communication and cooperation
between the eastern and western regions, as well as among different industries. Taking the
transportation industry as an example, to improve the GDP of transportation in western
cities, one approach is to increase the construction of large-scale logistics centers at key
transportation nodes between the eastern and western regions. This initiative can improve
logistical efficiency and reduce transportation costs between the two regions, and thereby
stimulate transportation growth in the west. Concurrently, encouraging the collaborative
development of transportation with other industries such as industry, lodging and catering
can be undertake to create industrial linkages and increase the overall benefits and economic
value of transportation.
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Finally, for the lodging and catering industry, the difference in location quotient among
most cities is not significant, but there is a notable disparity in GDP. In such cases, on one
hand, increasing the number of local distinctive tourist attractions can enhance the city’s
reputation and attract more tourists and investments. On the other hand, investing in
supporting facilities for the lodging and catering industry and improving service quality
can also attract more tourists, thereby improving GDP.

5.4. Limitations

There are still some limitations in this study. When using the POI data as the input
features, our method ignores the large GDP gaps of the POI points in the same category.
This can be solved by combining big data with NTL data in the future. In addition, for
the GPR model, the estimated range of GDP is restricted to those areas covered by the
training datasets. As such, the GPR model cannot accurately estimate GDP beyond the
training data range. This problem will be addressed in the future by improving the GPR
model. Meanwhile, due to the limitations of the VIIRS images in detecting low-intensity
nighttime light and the impact of the satellite’s overpass time at 1:30 PM, the VIIRS data
are unable to detect faint and brief nighttime light emitted by human activities. Therefore,
the capability of VIIRS NTL images to detect human activities in sparsely populated rural
areas is limited and more suitable for extracting illumination from industrial buildings and
residential areas in urban regions [65]. Consequently, this study selected the GDP of the
eight major industries more relevant to urban areas for estimation, and NDVI data were
used to calculate the urban green space to reduce the impact of light emitted by urban
landscape lighting. In future work, the incorporation of multi-source data, such as land-use
data, will be explored to estimate industries related to agriculture. Additionally, using the
VIIRS imagery to extract urban NTL features could result in omissions in detecting some
LED light, which leads to inaccuracies in the NTL features [66]. Therefore, we hope to
address this in future work by using NTL images with a wider wavelength range.

6. Conclusions

This study utilized NTL, POI, and auxiliary data to estimate the GDP of different
industries and calculated the degree of industrial agglomeration for each industry. Addi-
tionally, the study examined the spatial distribution patterns of the degree of industrial
agglomeration with each industry. It was found that the central and eastern regions showed
a developmental focus on industry and retail as local strengths. Conversely, many western
cities emphasized construction and transportation. First-tier cities prioritized high-value in-
dustries like finance and estate, while cities rich in tourism resources aimed to enhance their
lodging and catering industry. Based on the estimated results, three typical relationships
between GDP and the degree of industrial agglomeration were summarized and we also
analyzed the reasons for these relationships and offered policy implications. For industries
which have a monotonic increasing relationship between industrial agglomeration and
GDP, it is suggested to drive local economic growth through advantage industries. For
industries with imbalances between GDP and industrial agglomeration, we recommend
strengthening the connection between eastern and western area to improve the develop-
ment of western cities. Finally, for industries such as lodging and catering, where there
is little difference in the degree of industrial agglomeration but significant differences in
GDP, government can develop local tourism resources and infrastructure to improve the
economic level. Furthermore, the estimated GDP and industrial agglomeration of different
industries can provide a scientific reference for relevant national departments and the
collection of statistical data in cities.
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Abstract: Exploring the impact of urbanization on carbon emissions is crucial for formulating effective
emission reduction policies. Using nighttime light data and attribute data from 68 Chinese cities
(2002-2021), this paper develops an urban development evaluation system with the entropy method.
The Lasso method is employed to select key factors affecting carbon emissions, and hierarchical
regression models are utilized to analyze these factors across different city types. The results show
the following: (1) The extraction of built-up areas using integrated nighttime light data yields an
overall accuracy ranging from 70.90% to 98.87%, reflecting high precision. (2) Expanding cities have
predominated over the past two decades, indicating a continued upward trend in urbanization in
China. (3) Urban development is influenced by internal characteristics and geographic location:
contracting cities are mainly inland heavy industrial centers, while expanding cities are located in
economically advanced coastal regions. Additionally, it is also impacted by the growth of surrounding
cities, exemplified by the imbalance between central cities and their peripheries within metropolitan
areas. (4) The expansion of built-up areas is a significant factor affecting carbon emissions across
all city types. For expanding cities, managing population growth and promoting tertiary sector
development are recommended, while contracting cities should focus on judicious economic planning
and virescence area protection.

Keywords: urbanization; contracting and expanding city; carbon emissions; nighttime light;
low-carbon city; city attributes; built-up area

1. Introduction

Urbanization refers to the process of transitioning rural populations to urban lifestyles.
It is characterized by increases in urban population, the expansion of built-up urban areas,
the creation of landscapes and urban environments, and changes in social structures and
lifestyles [1]. Nearly 4% of the global land has been urbanized, with over 50% of the
population living in urban areas [2]. The report from the C40 Cities Climate Leadership
Group states that urban areas generate more than four-fifths of global greenhouse gas
emissions. The total emissions from urban areas are increasing at an annual rate of 1.8% [3].
With the rapid advancement of urbanization, substantial energy consumption has led to a
rise in carbon emissions. Numerous studies have confirmed that the impact of urbanization
on carbon emissions is both profound and enduring [4,5].
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However, the mechanisms of the impact of urbanization on carbon emissions remain
unclear at the theoretical level. Three predominant conclusions have been drawn regarding
the relationship between carbon emissions and urbanization: (1) The relationship between
carbon emissions and urbanization is positively correlated [6-8], and this correlation
may be either unidirectional or bidirectional [9,10]. (2) The relationship between carbon
emissions and urbanization is negatively correlated [11]. (3) The relationship between
carbon emissions and urbanization exhibits an inverted U-shaped curve [12], and this
relationship changes with the progress of urbanization [13].

Existing research indicates that the impact of urbanization on carbon emissions ex-
hibits spatial heterogeneity depending on the region. In the United Kingdom and France,
there is a clear negative correlation between the urbanization rate and carbon emissions,
with increasing urbanization associated with decreasing carbon emissions. In contrast, in
Japan and the United States, total carbon emissions initially increase with rising urbaniza-
tion rates until reaching a turning point, after which they begin to decline as urbanization
continues [14,15]. Quantitative studies suggest that in developing countries, a 1% increase
in the urbanization rate is associated with approximately a 0.9% increase in carbon emis-
sions [16]. Carbon emissions are observed to peak and decline when the urbanization rate
reaches about 75% [17].

The urbanization of China began late, and its urbanization rate remains lower. There is
still a significant positive correlation between carbon emissions and urbanization rate [14].
Additionally, China is one of the world’s largest carbon emitters. China has announced
a reduction in carbon intensity by over 60% from 2005 levels by 2030. Carbon removals
and emissions must be balanced by 2060 [18-21]. Studying the relationship between urban
development and carbon emissions in Chinese cities can offer useful insights for global
carbon reduction efforts and support goals for reaching the carbon peak and carbon neu-
trality. Moreover, with the large number of cities in China and the variety of urbanization
types, examining this relationship can help manage differences in urban development and
provide a basis for guiding cities towards high-quality, low-carbon, and sustainable growth.

Urbanization is related to population migration, changes in land use, and changes in
production methods; therefore, its impact on carbon emissions is multifaceted [22,23]. Exist-
ing research suggests that changes in urban population structure and increased population
density are direct factors affecting carbon emissions [23,24]. The rise in consumption levels
in urban areas, coupled with an increased demand for energy, contributes to an increase in
carbon emissions [25,26]. In the latter phases of industrialization, the refinement of indus-
trial structures and technological advancements serve as instrumental factors in managing
the escalation of carbon emissions [27,28]. The transformation of the economic structure
has enabled the service industry to drive carbon emissions more than other industries [29].
Additionally, the expansion of urban construction land can influence carbon emissions by
altering aspects such as urban transportation and green spaces [30-32]. In addition, some
research indicates that the impact of urbanization on carbon emissions results from the
interplay of multiple factors. For instance, economic development can improve education
levels, which in turn affects public awareness and perceptions of carbon emissions [33,34].
Therefore, in order to study the relationship between carbon emissions and urbanization, it
is necessary to analyze it from multiple perspectives.

Conventional data are subject to long update cycles and other limitations, making it
difficult to examine the spatiotemporal characteristics of urbanization over a long time
series. Compared with traditional methods, remote sensing technology has timeliness and
wide spatial coverage. As a remote sensing data source that captures and records faint
light radiation from the Earth’s surface at night in real-time, nighttime light (NTL) data
can reflect human activities accurately to some extent [35]. NTL observations have proven
to be effective in tracking light sources generated by human activities. This capability
aids in assessing the spatiotemporal changes in socio-economic activities and urbanization
processes [36,37]. Numerous studies have used NTL data to reveal the external features of
cities, such as extracting city boundaries [38] and detecting city centers and their spatial
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structures [39]. At the same time, NTL data have the advantages of a large scale and
long time series, and are widely used to display the spatiotemporal dynamic changes of
cities or urban agglomerations [40,41]. Therefore, combining nighttime light data with
statistical data can not only obtain indicators of urban socio-economic changes, but also
obtain long-term urban morphological structural characteristics, which is conducive to
jointly analyzing the key factors affecting carbon emissions from both inside and outside
the city.

This study uses multi-temporal built-up area data and nighttime light (NTL) data as
sources to propose a method for integrating remote sensing data with statistical data into
an urbanization development assessment system. The aim is to investigate the key factors
influencing carbon emissions under different urbanization development models and to
expand the understanding of the mechanisms through which urbanization impacts carbon
emissions. We have three objectives:(1) to integrate two types of nighttime light data to get
a long time series data set of the built-up areas of Chinese cities; (2) to establish an urban
development evaluation system and classify cities according to their development status;
and (3) to exam the similarities and differences in the factors affecting carbon emissions in
different types of cities.

2. Materials and Methods
2.1. Study Area

In order to promote sustainable development and fulfill international environmental
responsibilities, China established three batches of urban low-carbon pilot projects includ-
ing 81 cities from 2010 to 2020 to undertake low-carbon initiatives (Figure 1). The data in
some cities are incomplete, so this paper selects 68 of them as the focus of research. The city
and its corresponding serial number can be found in Appendix A, Table Al.
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Figure 1. China’s low-carbon pilot cities.

From a geographical perspective, these pilot cities span across China, ranging from
the Greater Khingan Range in the north to Sanya in Hainan Province in the south. They
encompass five distinct climate types: temperate continental climate, temperate monsoon
climate, subtropical monsoon climate, tropical monsoon climate, and plateau mountain
climate (Figure 2). At the same time, the topography of low-carbon pilot cities is quite

83



Remote Sens. 2024, 16, 3274

varied. In the eastern plain regions, these cities are often grouped together, while in the
central and western plateau regions, they are more spread out (Figure 3).
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Figure 2. Climatic types of low-carbon pilot cities.
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From a social perspective, the 81 pilot cities encompass China’s four major economic
zones: the Beijing-Tianjin-Hebei region, the Yangtze River Delta, the Pearl River Delta, and
the Chengdu—Chongqing urban agglomeration. The varying functions and development
timelines of these city clusters result in differences in their levels of development. Addi-
tionally, there are notable disparities in their scales and functions, including traditional
industrial cities such as Wuhai and Zhuzhou, as well as economically open regions such
as Shenzhen and Xiamen. Figures 4 and 5 reveal significant differences in economic and
population scales among the cities. For example, cities like Shanghai and Beijing are densely
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populated and economically advanced, while cities such as Urumgi and Lhasa are sparsely
populated and less economically developed.
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Figure 4. The GDP of low-carbon pilot cities in 2021.
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Figure 5. The population of low-carbon pilot cities in 2021.

The diverse distribution of low-carbon pilot cities facilitates the development of
tailored policies, addressing the specific needs of different types of cities. The last batch of
pilot cities was initiated late, resulting in limited research focused on these cities as study
areas. Using these pilot cities as samples not only meets the requirement for diversity in the
study area but also provides valuable insights for developing effective low-carbon policies
in China.

2.2. Data Sources

There are two types of widely used nighttime light data. The DMSP/OLS nighttime
light data are provided by the National Geophysical Data Center (NGDC) of the National
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Oceanic and Atmospheric Administration (NOAA). The dataset, available for download,
includes 34 images spanning from 1992 to 2013, with a spatial resolution of approximately
1 km and grayscale levels ranging from 0 to 63. DMSP/OLS data from 2002 to 2013 are
utilized in this experiment.

The National Polar-orbiting Partnership (NPP) satellite is a new-generation Earth ob-
servation system operated by the United States, developed collaboratively by the National
Aeronautics and Space Administration (NASA), the National Oceanic and Atmospheric
Administration (NOAA), and the U.S. Air Force. The satellite provides monthly data with
a spatial resolution of 500 m, available from 2012 onwards. This study utilizes monthly
NPP-VIIRS data from 2012 to 2021, which are aggregated into annual datasets.

Specifically, DMSP/OLS data from 2012 and 2013, along with NPP-VIIRS data, are
used to integrate the two types of nighttime light data.

The MODIS land cover type product MCD12Q1 is selected for the accuracy evaluation
of built-up area extraction. MCD12Q1 is a MODIS land cover type product that provides an
annual global distribution of land cover types with a resolution of 500 m. The data are used
for the accuracy assessment of built-up area extraction. This paper extracts the built-up
areas of the pilot cities from 2002 to 2021. To ensure the validity of the accuracy assessment,
MODIS data from 2010 and 2020 are selected for the validation process.

The carbon emission data at the city level used in this study are from the China
Emission Accounts and Datasets (CEADs). CEADs have compiled carbon accounting
inventories covering China and other developing countries, with the aim of establishing
a cross-validated multi-scale carbon emissions accounting methodology, and creating a
regionally and locally unified, detailed carbon accounting data platform [42-44]. CEADs
provide a carbon emission inventory for Chinese cities from 1997 to 2019. Because the
data before 2006 are incomplete, data from 2006 to 2019 are used to analyze the factors
influencing carbon emissions.

The urban statistical data and energy data are sourced from the China Urban Statistical
Yearbook (2002-2021) and the China Energy Statistical Yearbook (2002-2021).

The information of the data used in this paper is shown in Table 1.

Table 1. Research data and their sources.

Dataset Data Source
DMSP/OLS nighttime light data 2002-2013 https:/ /eogdata.mines.edu/products/vnl/
NPP-VIIRS nighttime light data 2012-2021 (accessed on 1 September 2023)
The MODIS land cover type product MCD12Q1 2010, 2020 https:/ /ladsweb.modaps.eosdis.nasa.gov
The China Emission Accounts and Datasets (CEADs) 2006-2019 https:/ /www.ceads.net.cn/
The urban statistical data and energy data 2002-2021 http:/ /www.stats.gov.cn/

2.3. Urban Development Evaluation System

Different dimensions of urbanization have varying influences on the carbon emissions
of urban ecosystems. Currently, most scholars believe that urbanization development can
be subdivided into population, economic, social, land, and ecological urbanization [45,46].
Some scholars have also described the complexity of urbanization from the perspectives
of population, building structure, and greenness [47]. Based on the existing research,
this paper establishes an evaluation system for urbanization development composed
of a population subsystem, economic subsystem, construction subsystem, and society
subsystem. The primary indicator of the evaluation system is the overall score of urban
development. Population, economy, urban construction, and society subsystems constitute
the secondary indicators of the evaluation system. Each subsystem contains 2—4 tertiary
indicators. Figure 6 shows the composition of the urbanization development evaluation
system. The following is an explanation of the selection of indicators.
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Figure 6. The evaluation system for urbanization development.

Two indicators are selected to form a population subsystem: population size (PS) and
employment numbers (ENs). GDP, the proportion of the tertiary industry (PTI), retail sales
(RSs) and government investment (GI) are chosen to represent the economy subsystem. For
the social subsystem, virescence area (VA) represents the environmental evaluation factor
and night light intensity (NLI) is selected as the human activity evaluation factor.

The built-up area (BA) and built-up perimeter (BP) regions are obtained after integrat-
ing two types of nighttime light data. The Fractal Dimension Index (FDI) and Compactness
Index (CI) are also calculated. These four metrics are used to construct a development
subsystem. The CI is usually used to reflect the shape characteristics of a region. The FDI
can reflect the tortuosity and complexity of the shape.

The formulas for FDI and CI are as follows [48]:

FDI =2In(P/4)/In A @)
CI=2VrA/P )

P represents the perimeter of the built-up area, and A represents the area of the
built-up area.

The multi-index evaluation method is used to establish an urban development evalua-
tion system, which combines various indicators by measuring the impact of each one on the
city, thereby forming an evaluation system. Firstly, this paper employs the normalization
of evaluation indicators to eliminate the influence of different units and dimensions among
various indicators. The standardized data results lie within the range of [0, 1]. To ensure the
universality of the evaluation system, this study employs the objective weighting method
known as the entropy method to determine the weights of the evaluation indicators. After
establishing the evaluation system, a 5-year cycle is adopted to calculate the rate of change
in urban scores. Based on this rate of change, cities are classified into three categories:
contracting city (C < —0.1), stable city (—0.1 < C < 0.1), and expanding city (C > 0.1).

The process of establishing the urbanization development evaluation system is shown
in Table 2 [49].
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Table 2. The process of establishing the urbanization development evaluation system.

Method

Step Formula Meaning

Min-Max Normalization

Xj; is the standardized data for
city iyear t.

— X)) Xt e and Xy is the minimum
and maximum values in the data
of 68 cities in year t.

Xit = (X = Xtpin )/ (Kta

Information Entropy Method

The proportion of city i indicator j o /Y
to al{)citri)es Y ! Vi =%y /‘fo’]

. Xij is the standardized data for
city 7indicator j.
yij is the weight of indicator j in
city i.
ejj is the entropy value of
indicator j.
r is the number of sample cities.
m is the number of indicators.
E; is the score of city i.

r
Entropy value of indicator j ej = —(1/In7) X ¥ yij x Iny;;
i=1

Information utility value of the

entropy value of indicator j di=1-¢

m
Weight of indicator j wj = dj/ j; 4

m

Score for the development of city i Ei= _):1 wj X Xij
=

Urban development change rate

Cj; is the change rate of period t
in city .

Ejt, and Ejy, are the scores of city i
in the early and late stages of
period f.

Cit = (Eit, — Eity)/ Eit,

2.4. Using Nighttime Light Images to Extract Built-Up Areas

The radiometric performance and detection capabilities of different sensors on the
DMSP satellites vary, leading to certain limitations in the DMSP/OLS data. Therefore, the
first step involves preprocessing the DMSP/OLS data, as illustrated in Figure 7. Firstly,
the imagery is extracted using Chinese vector data as a boundary. The extracted image
is then converted to the Albers projection and resampled to a resolution of 1 km. As the
data are sourced from multiple satellites, it is necessary to minimize differences among
the data through mutual calibration. Generally, Hegang City in Heilongjiang is used as
the reference area, and the F162006 image is used as the reference image. This is used
to establish correspondences between the other 33 images and the reference image. The
mutually corrected images still have discontinuity problems, so the images need to be
further corrected for continuity. In a long time series of DMSP/OLS data, bright pixel
values in the image from the previous year may become non-bright values or exhibit
different DN values at the same location in the image from the subsequent year. To address
this unusual fluctuation, it is necessary to conduct an interannual correction on the pixels
after the continuity correction. The preprocessing process of DMSP/OLS data is shown in
Table 3 [50].

The next step involves processing the NPP-VIIRS data.

The average values of data for each year from 2013 to 2021 are calculated, the annual
data are synthesized, and the images are resampled to 1 km. NPP-VIIRS images contain a
significant amount of faint light, and unlike DMSP/OLS data, there is no saturation effect
in NPP-VIIRS data, with significant fluctuations in DN values. In order to make the NPP-
VIIRS data and the DMSP/OLS data comparable, the noise and outliers of the NPP-VIIRS
data need to be eliminated. Current research mostly uses 0.3 as the threshold and assigns
pixels with a DN value less than 0.3 pW/(cm?-st) in the image to 0, effectively eliminating
noise [51]. As for the removal of outliers, it is usually assumed that the DN values for other
cities will not exceed those of Beijing, Shanghai, Guangzhou, and Shenzhen [52]. Therefore,
the maximum pixel values for these four cities in the corresponding years are recorded, and
this maximum value is used as the threshold. Pixels exceeding this threshold are assigned
a threshold value.
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Figure 7. Preprocessing of DMSP/OLS data.

Table 3. Calculation for mutual correction, continuity correction, and interannual correction.

Step Formula Meaning
DN is the DN value of the pixel to
be corrected.
Mutual correction DN,y =ax DN?+bx DN +c¢ DN is the DN value of the pixel

after correction.
a, b, c are the parameters obtained from
quadratic regression.

DN,y is the DN value of pixel i in the
corrected image of year 7.

. _ b
Continuity correction DN, » = 0 DN,y =0 and DN,y =0 DN? . and DN? . are the DN value of
¥ (i) (DN® .+ DN )/2 Others . i) i) = .
(i) (i) pixel i in the original image acquired by
different sensors in the year n.
DN(nfl,[)/ DN(n,i)' DN(]/H»],Z') are the
0 DN 414 =0 DN value of pixel i of the original data.
Interannual correction DNy = { DN(y-1,) DN(ys1,iy > 0and DN, _q 4y > DNy, 5y from the same year’s image after mutual
DN,y Others correction and continuity correction in the

n—1, n, n+1years.

To obtain a long-term sequence of nighttime light images, NPP-VIIRS data and
DMSP/OLS data need to be integrated. DMSP/OLS and NPP-VIIRS both released images
for 2013. Therefore, a function relationship between the DN values of the two types of im-
ages for 2013 is established. By fitting the optimal curve, the paper explores the correlation
between the two datasets, facilitating the integration of NPP-VIIRS and DMSP/OLS data.

Using the DN value range of 0-63 from DMSP/OLS data as a mask (excluding pixel
values of 1 and 2), the pixel values at corresponding positions are extracted from NPP-VIIRS
data. These values undergo a logarithmic transformation, and the average is calculated.
Different functions are then applied for fitting (Table 4). The results show that the power

function provides the best fit.
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Table 4. Fitting results of DMSP/OLS data and NPP-VIIRS data.

Fit Method Formula Meaning R-Squared (R2)
Exponential function y = 9.81e08419% 0.8200
- - y is the DN value of
Linear function y = 22.524x +3.9871 DMSP/OLS images. 0.9830
Logarithmic function y = 15.577Inx + 33.829 x is the corresponding DN 0.7510
- 0.6963 value of NPP/VIIRS images
Power function y = 28.078x" 0.9836

This paper uses the mutation detection method to extract built-up areas. Real urban
areas should maintain the integrity of their geometric shapes. The larger the light value,
the greater the probability of belonging to an urban area. As the segmentation threshold
increases, the polygon patches representing urban built-up areas gradually become smaller
along the edges. When the segmentation threshold reaches a point, the polygon patches
no longer shrink along the edges. Instead, they break and split from the inside into
many smaller polygon patches, causing a sudden increase in the perimeter of the polygon
representing the urban built-up area. This point is considered the threshold for extracting
the urban built-up area [53].

2.5. Validation for Urban Built-Up Area Extraction Results

According to the framework proposed by Olofsson et al., the good practice recom-
mendations for assessing accuracy comprise three components: sampling design, response
design, and analysis [54]. After extracting the built-up areas, this paper evaluates the
accuracy of the results following the process (Figure 8).

Sampling design Response design Analysis

Nighttime Light Data

% confusion matrix
V Pixel TR 1
V *| consistency 1 Presiet

+ Stratified
comparison 0

sampling

4T
AN N PP TR

Modis G T

.

Figure 8. Process for accuracy assessment of built-up area extraction using MODIS.

For sampling design, simple random, stratified, and systematic sampling methods
are commonly used in research [55]. Stratified random sampling is a probability sampling
design that is relatively easy to implement and is widely used in the field of remote sensing
for accuracy assessment [56]. In this study, a stratified sampling method is employed,
categorizing 68 cities into three classes based on their area: large, medium, and small.
Sampling is conducted within each category, resulting in the selection of nine cities for
accuracy assessment. The nine cities selected are Chongging, Beijing, and Kunming (large);
Tianjin, Chengdu, and Suzhou (medium); and Guangzhou, Shanghai, and Xiamen (small).

For response design, the MCD12Q1 products of MODIS in 2010 and 2020 are used to
as the reference data; these data are of a high quality and come from one of the most widely
used land cover datasets globally. In this paper, the land cover class is selected and labeled
as a built-up area from the MCD12Q1 product, and its consistency is compared with the
built-up area pixels extracted in our study on a per-pixel basis.

For the analysis, the confusion matrix is used in this paper. The confusion matrix is a
cross-tabulation method used to compare the class labels assigned by the remote sensing
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classification with the reference data for the sample sites, and it plays a central role in
accuracy assessment [57]. The main diagonal of the confusion matrix displays correctly
classified instances, while the off-diagonal elements represent misclassifications. The pro-
portion of correctly classified pixels to the total number of pixels is referred to as the overall
accuracy. A higher value indicates better classification performance [50]. In this study, the
overall accuracy is used as a metric to evaluate the built-up area extraction results.

2.6. Methods for Factors Influencing Carbon Emissions

Based on the urban evaluation system established in the previous section, this article
divides 68 cities into expansion and contraction types, selects socio-economic data related
to carbon dioxide emissions (Table 5), and proposes a method to discuss the similarities
and differences of carbon emission factors among different types of cities.

Table 5. Data on factors influencing carbon emissions in low-carbon pilot cities.

ID Meaning Abbreviations

Y Carbon emission CE
X1 Population size PS
X2 Employment numbers EN
X3 GDP GDP
X4 The proportion of tertiary industry PTI
X5 Retail sales RS
X6 Government investment GI
X7 Built-up area BA
X8 Built-up perimeter BP
X9 Fractal dimension FDI
X10 Compactness index CIL
X11 Virescence area VA
X12 Nighttime light intensity NLI

2.6.1. Lasso

In order to comprehensively consider influencing factors and increase the model’s
interpretability, a large number of variables are usually chosen to be included in the model
in research. However, as the number of variables increase, multicollinearity and variable
autocorrelation will occur, which will reduce the accuracy of the model. The Lasso method
is widely used to select variables. The Lasso method adds a penalty term to the model and
adjusts it to affect the coefficients of the model. In this process, the coefficients of some
insignificant variables will gradually approach 0. By deleting these variables, variable
screening can be achieved. The specific implementation process is as follows [58]:

Y is the dependent variable, X is the independent variable, and the observed values
of sample data are (X, Y). The following linear relationship can be established between
them. B is the regression coefficient and ¢ is the random disturbance term.

Y=XB+e 3)

To select significant variables, it is necessary to perform Lasso estimation on the
unknown parameter f in the above model. The estimated value of p must satisfy the

4
minimum value of the following formula. A ) ‘ /S]-‘ represents the penalty term. A > 0is an
=1

adjustment parameter, indicating the intensity of punishment. As A becomes larger, the
penalty will increase, the selection of variables will become stricter, and some insignificant
variables will be eliminated.

P P
ﬁlassu = argmin(HY_ XﬁHZ +AZ‘AB]D = RSS—"AZ‘ﬁj‘ (4)
j=1 j=1
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Usually, the Lasso cross-validation (LassoCV) method can be used to adjust the values
of the parameter A. By selecting a range of A values, calculating the corresponding cross-
validation errors, and choosing the parameter with the minimum CV error, the optimal
tuning parameter value is determined. This article uses the K-fold cross validation method
to select A. The K-fold cross validation method divides the initial observation dataset into
roughly identical K sub samples, selecting one as the validation set each time and the
remaining K — 1 as the training set. The training is repeated K times, and the entire process
will result in K test errors MSE1, MSE,, ..., MSE;.The cross validation error is as follows:

1 K
CVix) = g L MSE; (5)
i=1

2.6.2. Hierarchical Regression Model

When analyzing the factors affecting carbon emissions, this article uses the hierarchical
regression model. The hierarchical regression model is an effective method for analyzing the
degree of influence of variables on dependent variables, as well as studying the relationship
between different variables and dependent variables by analyzing the R-squared changes
when variables are added at different levels [59,60].

Youm = o + uXpm + &
Yn+1,m = g + & Xy + ‘Xn+1Xn+1,m + & (6)
Yiiom = oo + 0 Xpm + 01 Xyp1,m + X2 Xpo,m + €

Y; is the carbon emissions of city i. «; is the regression coefficient for variable X;. ¢;
is the error term. n and m represent the number of regression steps and the type of city
in hierarchical regression model, respectively. With the steps increasing by one, one more
variable was added in the step n + i. The variables with significance and with a change
in the R-square value were selected as independent variables to construct the specific
regression model for this type of city.

3. Results
3.1. Extraction of Built-Up Areas

After extracting the boundaries of built-up areas, sample cities are selected, including
Chengdu and Chongging, and an accuracy assessment is conducted. The overall accuracy of
urban area extraction ranges from a maximum of 98.87% to a minimum of 70.90% (Table 6).
Therefore, it can be concluded that the extraction results using integrated nighttime light
images meets the experimental requirements. Figures 9 and 10 show a comparison of the
built-up areas extracted from MODIS data and nighttime light data.

Table 6. The overall accuracy calculated during the accuracy assessment.

Number City Time Overall Accuracy

ch ) 2010 90.22%

a onggin
@ sIms 2020 88.76%
Y Bei 2010 98.87%

eijin;

®) e 2020 97.27%
2010 97.27%

(c) Kunming
2020 95.05%
2010 85.53%

(d) Tianjin
2020 85.82%
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Table 6. Cont.

Number City Time Overall Accuracy
2010 94.49%
(e) Chengdu
2020 86.18%
2010 82.73%
(f) Suzhou
2020 80.73%
© c h 2010 89.12%
uangzhou
& & 2020 71.49%
2010 82.08%
(h) Shanghai
2020 71.49%
2010 79.33%
@ Xiamen
2020 70.90%
(@ (b) ©
R
@ @ ®

)] - . (h) @
LR N
< ) . )
. - A A
L Legend
Sen [ Ay - . 5 B Nighttime Light Data
= == = e I Modis

Figure 9. Comparison of built-up area extraction results using MODIS data and nighttime light
data (2010).
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Figure 10. Comparison of built-up area extraction results using MODIS data and nighttime light
data (2020).
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3.2. Result of Establishment of Urban Development Evaluation System

According to the urban development evaluation system established, with a time
interval of 5 years, the subsystem scores and overall development scores for 68 cities
are calculated and categorized. Next, the results are discussed in sequence based on the
overall development of the 68 cities, followed by the development of the four subsystems:
population, economy, construction, and society.

3.2.1. Overall Development of the 68 Cities

This section presents the overall development trends of 68 cities from 2002 to 2021.

Table 7 shows the number of cities of each type in four periods. In the first period
(2002-2006), the development of 20 cities was stable. And in the fourth stage (2018-2021),
it increased to 38. The number of expanding cities initially increases and then decreases,
while it is opposite for contracting cities. In general, the development of urbanization will
undergo a period of fluctuations and gradually reach a stable state.

Table 7. The number of cities with three development types (contracting city, stable city, and
expanding city).

2002-2006 2007-2011 2012-2016 2017-2021
Contracting City 31 6 6 15
Stable City 21 30 29 38
Expanding City 16 32 33 15

Figure 11 shows the geographical distribution of different types of cities. Cities in the
southeastern region, such as those in Jiangxi and Fujian provinces, exhibit synchronous
development characteristics. Over the past 20 years, their development has undergone phases
of contraction, followed by expansion and then stabilization. Some major cities, such as
Beijing and Chongqing, have undergone more significant fluctuations in their development
process. Meanwhile, cities in the northeastern and northwestern regions, such as Hulunbuir
and Urumgqji, have maintained a stable development pattern throughout the 20-year period. It
can be seen that geographical location has a significant impact on urban development.
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Figure 11. Urbanization development types of 68 cities in four periods. (a) 2002-2006; (b) 2007-2011;
(c) 2012-2016; (d) 2017-2021.
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In the meantime, we classified cities based on the scores of each subsystem and counted
their numbers (Table 8).

Table 8. The number of three types of cities divided by subsystem scores.

2002-2006 2007-2011 2012-2016 2017-2021

Population Contracting City 13 22 4 35
I Stable City 18 35 25 17
Y Expanding City 37 1 39 16
Econom Contracting City 21 2 4 27
oy Stable City 31 23 34 23
4 Expanding City 16 43 30 18

. Contracting City 49 9 21 7
Construction  giable City 14 20 25 35
Y Expanding City 4 39 2 26

. Contracting City 9 14 7 25
s{i"fi&ﬂ Stable City 15 27 5 15
Y Expanding City 44 27 56 28

3.2.2. The Development of the Population Subsystem

This section presents the development trends of the population subsystems for 68 cities
from 2002 to 2021.

Based on Figure 12, it can be observed that the population subsystem in Chinese
cities exhibited an expansionary trend during the first phase (2002-2006) and the third
phase (2012-2016). In contrast, a significant contraction occurred during the second phase
(2007-2011) and the fourth phase (2017-2021). This indicates that the population subsystem
tends to undergo a decline once it reaches a certain scale of development.
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Figure 12. Types of population subsystems of 68 cities in four periods. (a) 2002-2006; (b) 2007-2011;
() 2012-2016; (d) 2017-2021.
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At the same time, the development of the population subsystem exhibits clear agglom-
eration characteristics. For example, cities in the southeastern regions, such as those in
Jiangxi, Hunan, and Fujian Provinces, display similar patterns of change.

3.2.3. The Development of the Economy Subsystem

This section details the development of the economic subsystems for 68 cities from
2002 to 2021.

As shown in Figure 13, from 2002 to 2006, the cities with an expanding economic
subsystem were mainly located in the coastal areas and the border areas. From 2007 to
2011, the economic subsystem of most cities underwent a concentrated expansion. After
this period, cities with contracting economic subsystems were gradually concentrated
northward, while expanding cities gradually moved southward. Overall, compared to cities
in coastal regions, the economic subsystems of some resource-based cities in inland areas
tend to be less stable, exhibiting more pronounced fluctuations between rapid economic
growth and contraction.
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Figure 13. Types of economy subsystems of 68 cities in four periods. (a) 2002-2006; (b) 2007-2011;
(c) 2012-2016; (d) 2017-2021.

3.2.4. The Development of the Construction Subsystem

This section outlines the development of the construction subsystems across 68 cities
from 2002 to 2021.
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As illustrated in Figure 14, the development of the construction subsystem in Chinese
cities was predominantly characterized by contraction during the first phase (2002-2006).
Expansion began in the second phase (2007-2011) and subsequently approached a stable
state. Overall, regions with more advanced economies tend to initiate urban construction
earlier. Once the demand is met, the pace of construction gradually slows down, leading to
an earlier stabilization.
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Figure 14. Types of construction subsystems of 68 cities in four periods. (a) 2002-2006; (b) 2007-2011;
(c) 2012-2016; (d) 2017-2021.

3.2.5. The Development of the Society Subsystems

This section examines the development of the social subsystems for 68 cities from
2002 to 2021.

As Figure 15 shows, from 2002 to 2016, the society subsystem of the city was mainly
expanding, with a number of 44, 27, and 56, respectively. In the meantime, the expanding
society subsystem gradually spreads from south to north. Since 2017, the number of
contracting society subsystems has begun to increase. The contracting society subsystem
gradually spreads to inland areas. In general, the social subsystem of southern cities
developed earlier than that of northern and western cities. The development of society
subsystems in cities located in the southeast region has been in a relatively settled state
of expansion.
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Figure 15. Types of society subsystems of 68 cities in four periods. (a) 2002-2006; (b) 2007-2011;
(c) 2012-2016; (d) 2017-2021.

3.3. Influence Factor of CO;

From 2006 to 2019, the average annual carbon emissions of 67 cities except Lhasa
were 16.51 million tons. The spatial distribution of carbon emissions shows a characteristic
of high in the east and low in the west (Figure 16). A total of 27 cities have average
annual carbon emissions of less than 10 million tons (Mt). Cities with average annual
carbon emissions of 10-30 Mt are mainly concentrated in the Liaodong Peninsula region.
Cities with emissions exceeding 30 Mt are primarily concentrated in the eastern and
southern regions, such as Suzhou, Hangzhou, Guangzhou, and Shenzhen. Additionally,
four municipalities directly under the central government (Beijing, Shanghai, Chongging,
and Tianjin) have average annual carbon emissions exceeding 50 Mt.

According to the urban evaluation system established earlier, 68 cities from 2006 to
2019 were reclassified (Figure 17). A total of 19 cities are categorized as contracting cities,
while 35 cities are classified as expanding cities. Contracting cities are primarily located
in the central regions, such as Shanxi, Anhui, and Hunan province. Expanding cities are
concentrated in the central and eastern regions, including the Beijing-Tianjin-Hebei urban
agglomeration, the Chengdu-Chongqing metropolitan area, and the Yangtze River Delta
urban cluster.

Before performing the regression analysis, Pearson correlation coefficients were used
to measure the relationships between 12 influencing factors and carbon emissions. A
correlation matrix was derived and visualized as a heatmap (Figure 18). To address
potential issues arising from significant differences in carbon emissions and influencing
factor data, all data were transformed using the natural logarithm to reduce variability.
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Figure 17. Urbanization development types of 68 cities from 2006 to 2019.
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Figure 18. The heatmap of correlations between carbon emissions and the 12 influencing factors.

The heatmap reveals that the absolute values of the correlation coefficients between
carbon emissions and 12 influencing factors range from 0.39 to 0.89, indicating a high level
of correlation. Additionally, the absolute values of correlation coefficients among most
influencing factors are also quite high. For example, the correlation coefficient between
government investment and GDP is 0.98. This suggests the presence of multicollinearity
among the factors.

To assess multicollinearity, the Variance Inflation Factor (VIF) was used. Typically, a
VIF value greater than 10 indicates the presence of multicollinearity. The calculation results
are presented in Table 9. Seven variables have VIF values exceeding 10, indicating the
presence of significant multicollinearity. Therefore, a further variable selection is necessary.

Table 9. Variance Inflation Factor (VIF) of factors.

Variable VIF
X8 83.1233
X10 58.7077
X3 54.2692
X6 45.3954
X7 34.1285
X9 19.7756
X2 13.1348
X1 6.6273
X11 3.3523
X4 3.0207
X12 2.3542
X5 1.7763

The Lasso method is used to reselect key factors influencing carbon emissions. When
using the Lasso method to screen variables, one important step is to adjust the selection of
parameter A. Table 10 shows the different results corresponding to different lambda values.
Df represents the degree of freedom of the model, and %Dev represents the degree of
explanation of the residuals by the model. The larger the value, the better the fitting effect.
It can be seen from the results in the table that the interpretability of the model continues
to increase as A decreases, but its growth rate gradually slows down. Even if the A value
keeps getting smaller and D f keeps getting larger, the residual explanation ratio does not
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change much. Based on this, the number of independent variables in the model can be
selected as 9 or 10.

Table 10. The results of variable selection using the Lasso method.

Df %Dev Lambda
1 0 0 1.062
2 1 13.49 0.9673
3 1 24.7 0.8814
53 9 83.63 0.01112
54 9 83.67 0.01013
55 9 83.69 0.00923
56 10 83.87 0.00636
57 10 83.91 0.0058
58 10 83.94 0.00528
59 11 83.97 0.00481
60 11 84.04 0.00439
61 11 84.09 0.004
62 12 84.2 0.00364
63 12 84.48 0.00276

To further select the optimal parameters, K-fold cross-validation is typically employed.
Figure 19 shows the result of the K-fold cross-validation. The dashed line on the left
represents the logarithmic value corresponding to the minimum root mean square error
(RMSE), while the dashed line on the right indicates the logarithmic value at one standard
deviation away from this minimum value. The numbers above the dashed lines indicate the
corresponding number of variables. Generally, the solution corresponding to the right-hand
dashed line is considered the optimal choice.
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Figure 19. Cross-validation error plot for the Lasso model.

The selected A is input into the Lasso cross-validation model, and the final results
of variable selection are presented in Table 11. The coefficients for variables X6 and X8
are zero and have been discarded, while the remaining nine variables are retained. This
indicates that the retained variables have a significant impact on carbon emissions.
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Table 11. Table of variable selection results.

Variable Coefficient Result
X1 0.2060 Reserve
X2 0.0444 Reserve
X3 0.0064 Reserve
X4 —0.1708 Reserve
X5 —0.0209 Reserve
X6 0.0000 Discard
X7 0.6569 Reserve
X8 0.0000 Discard
X9 0.3582 Reserve

X10 —0.0681 Reserve
X11 —0.0181 Reserve
X12 0.3143 Reserve

Next, based on the classification results presented, the similarities and differences
in the factors influencing carbon emissions between expanding and contracting cities are
further discussed. Tables 12 and 13 show the hierarchical regression results of two-type
cities. As shown in the table, with the inclusion of additional variables, the R-squared
value of the carbon emissions influence model for contracting cities reaches 0.801, while for
expanding cities, it reaches 0.837. All variables in the models pass significance tests.

According to the regression results, a multiple linear regression model is established
for the proportion of carbon emissions and related factors of two-type cities as follows.

In CE(contracting) = 0.543In BA +0.519In NLI +0.373In EN — 0.124In VA — 1.733InCI +2.672  (7)

In CE (£ panding) = 0736 BA +0.296In NLI + 0459 In PS — 0.777In CI — 0531 In PTI +3.613  (8)

The fitting results indicate that for both types of cities, built-up area, nighttime light
intensity, and built-up area compactness are significant factors influencing carbon emissions.
Specifically, built-up area and nighttime light intensity have a positive correlation with
carbon emissions, while built-up area compactness has a negative correlation.

For contracting cities, employment numbers and virescence area also significantly
impact carbon emissions. Employment numbers show a positive correlation, whereas green
space area exhibits a negative correlation.

In expanding cities, the population size and the proportion of the tertiary sector are
more influential. Population size is positively correlated with carbon emissions, while the
proportion of the tertiary industry is negatively correlated with carbon emissions.

Table 12. Results and analysis of hierarchical regressions in contracting cities.

(§)) 2) (3) @) (5)
InY InY InY InY InY
InX7 0.939 *** 0.848 *** 0.472 *#** 0.696 *** 0.736 ***
(33.677) (32.079) (8.034) (7.387) (7.804)
InX12 0.300 *** 0.275 *** 0.290 *** 0.296 ***
(10.015) (8.848) (9.413) (9.688)
InX1 0.429 *** 0.432 *** 0.459 ***
(7.378) (7.563) (8.009)
InX10 —0.777 *** —0.777 **
(—4.871) (—4.781)
InX4 —0.351 **
(—=2.912)
Constant 2.063 *** 1.791 *** 1.711 *** 3.163 *** 3.613 ***
(13.438) (12.866) (12.406) (7.646) (7.646)
Observations 377 377 377 377 377
R-squared 0.752 0.803 0.826 0.828 0.837
F 240.592 136.907 97.007 77.144 63.469

<005, 7 p< 0L
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Table 13. Results and analysis of hierarchical regressions in expanding cities.

@ 2 3) ) (5)
InY InY InY InY InY
InX7 0.949 *** 0.848 *** 0.627 *** 0.734 *** 0.543 ***
(15.511) (32.079) (7.326) (7.375) (4.304)
InX12 0.378 *** 0.414 *** 0.412 *** 0.519 ***
(3.958) (4.006) (4.021) (4.897)
InX2 0.278 0.268 *** 0.373 ***
(2.866) (2.787) (3.674)
InX11 —0.104 ** —0.124 **
(—0.258) (—2.473)
InX10 —1.733 ***
(—3.006)
Constant 1.845 *** 2.048 *** 1.832 *** 1.595 *** 2.672 ***
(7.353) (8.270) (7.305) (5.821) (6.393)
Observations 203 203 203 203 203
R-squared 0.738 0.760 0.783 0.788 0.801
F 240.592 136.907 78.558 64.720 50.016

<005, * p<0L.

4. Discussion
4.1. Urbanization Development

Theories of urban contraction and expansion emerged in the latter half of the 20th
century on a global scale. Scholars have employed changes in urban population size as
the primary metric for assessing urban contraction and expansion [61,62]. With the study
of urbanization processes, scholars have found that using a single indicator to evaluate
urbanization processes can result in significant errors. Domestic and international research
lacks a comprehensive assessment that integrates economic and social factors [63,64].
Therefore, our research offers an integrated evaluation of urban development from four
dimensions—population, economy, construction, and society—extending existing theories
of urban contraction and expansion.

Existing research suggests that “deindustrialization” is a primary cause of urban
contraction [65]. The results of this study indicate that, over the past two decades, cities un-
dergoing a significant contraction in China are predominantly traditional heavy industrial
centers, such as Jilin, Wuhai, and Yan’an. Conversely, cities characterized by expansion
are largely concentrated in regions such as the Yangtze River Delta and the Pearl River
Delta, where the economy is primarily driven by the service sector and emerging industries.
Additionally, the implementation of policies can have a significant impact on both urban
expansion and contraction [66]. In 2008, the Chinese government proposed a policy named
the Four Trillion Plan to address the global financial crisis and promote stable economic
growth. Therefore, in the next five years, the economic subsystems of cities across the
country will generally expand, and the direction of population subsystem expansion will
also shift towards the east and south. This is also reflected in the results of this experiment.
Additionally, the Beijing-Tianjin—-Hebei region, the Yangtze River Delta, the Pearl River
Delta, and the Chengdu—Chongqing metropolitan area, as major economic zones in China,
exhibit a development pattern characterized by expansion from central cities outward.
Consequently, cities situated at the center of these metropolitan areas are developed earlier
and achieve stability sooner. The results of this paper also reveal that the development
of urban construction subsystems follows the principle that earlier development leads to
earlier stabilization. Furthermore, influenced by policies such as reform and opening-up
policies, cities in the southern regions have prioritized development over those in the north,
leading to an earlier expansion of the social subsystems in southern cities compared to their
northern counterparts.

The expansion and contraction of cities also exhibit spatial distribution characteristics.
Existing research shows that one pattern is the clustering of urban contraction and expan-
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sion; another pattern is that the expansion of central cities within metropolitan areas can
induce contraction in surrounding cities [67,68]. According to the results of this paper, in
southeastern China, the provinces of Jiangxi and Fujian, which share similar geographic
conditions, undergo a significant interaction between their populations, leading to a flow
of technology and economic activities. Within twenty years, urban development in this
region has demonstrated synchronicity. This paper also indicates that, as core cities of the
Chengdu-Chongging metropolitan area, Chengdu and Chongqing attract population and
resources from their surrounding areas, leading to contraction in neighboring cities such as
Guangyuan, Zunyi, and Ankang.

The results of this study indicate that the expansion and contraction of cities are
complex processes influenced by both the inherent attributes of cities and external factors
such as policies and so on. In the meantime, these processes are closely linked to the
development of surrounding cities.

4.2. Urbanization and Carbon Emissions

Current research on the relationship between urbanization and carbon emissions has
explored various aspects, such as the impact of different stages of urbanization on carbon
emissions and the effects of urbanization in different regions [69,70]. However, discussions
on the factors influencing carbon emissions based on the expansion and contraction of
urbanization are limited to smaller research scopes [71]. Therefore, the conclusions derived
from this study contribute to the further development of theoretical frameworks and assist
policymakers in formulating more effective carbon reduction strategies.

This study classifies 68 pilot cities into three types based on their development from
2006 to 2019 and compares the factors influencing carbon emissions in expanding and
contracting cities. The results indicate that in both types of cities, an increase in built-up
area and nighttime light intensity is associated with higher carbon emissions. Conversely,
the compactness of the built-up area is negatively correlated with carbon emissions. Ex-
isting research suggests that urban expansion leads to an increased population, which in
turn raises carbon emissions, and also results in higher energy consumption, further con-
tributing to carbon emissions [72]. While a compact city model can reduce the residential
energy consumption and the associated carbon emissions, urban expansion remains in-
evitable [73]. Thus, during urban development, it is crucial to avoid unchecked expansion,
maintain a balance between humans and nature, and strive for optimal economic and social
benefits [74,75].

In contracting cities, an increase in employment is associated with higher carbon
emissions. According to previous analyses, most contracting cities in China are traditional
industrial cities located in inland regions, where employment choices are predominantly
industrial. In addition, the virescence area in contracting cities significantly impacts carbon
emissions. Therefore, in contracting cities, it is essential to focus on environmental pro-
tection while considering industrial development, and to avoid issues such as excessive
resource extraction [76].

In expanding cities, both population size and the proportion of the tertiary sector
have a significant impact on carbon emissions. In China, expanding cities are largely
concentrated in coastal areas, characterized by a service-oriented economy and a robust
economic foundation, which attracts a substantial external population. Therefore, for
expanding cities, policymakers should focus on how to balance the environmental pressures
caused by the influx of the external population.

4.3. Limitations

Urbanization often leads to increased income for residents. On the one hand, higher
income usually corresponds to a higher standard of living and greater consumption capacity,
which can result in higher resource use and increased carbon emissions. On the other hand,
higher income may also improve educational levels and enhance environmental awareness
among residents [77,78]. Therefore, residents” education and individual behavior are also
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crucial factors influencing carbon emissions. Future studies will aim to quantify residents’
psychological and behavioral characteristics to further explore the factors affecting carbon
emissions from an individual perspective.

In constructing the urban development evaluation system, this paper chose the ex-
pansion of built-up areas as the primary indicator for the construction subsystem. Current
research also incorporates additional metrics. For instance, the accessibility of urban
transportation and the configuration of road networks can also serve as indicators for
the progress of urbanization [79,80]. In future work, we will further refine the evalua-
tion indicators to ensure that the evaluation system can more comprehensively assess
urban development.

4.4. The Socio-Ecological Implications of the Results

From a socio-ecological perspective, the result indicates that while deindustrialized
cities are undergoing an economic decline, service-oriented urban areas are seeing strong
growth. This highlights the need for effective policies to support the economic transition of
contracting cities, ensuring that they adapt sustainably and do not exacerbate social inequal-
ities. Interactions between cities at the center of metropolitan areas and their surrounding
cities illustrate the interconnected nature of urban development. This interconnectedness
necessitates comprehensive regional planning that considers the wide-ranging impacts of
expansion and contraction in central cities on surrounding areas. Policymakers should
account for these dynamics to ensure equitable development across different regions.

Additionally, the study indicates that increases in built-up areas and energy consump-
tion are key drivers of rising carbon emissions. Furthermore, issues related to population
movement and environmental degradation also require significant attention. Therefore,
governments should implement tailored low-carbon policies based on the development
patterns and progress of different cities. For expanding cities, this involves integrating
sustainable practices and resource efficiency. In contrast, contracting cities must prioritize
environmental restoration and sustainable industrial practices.

Overall, this paper emphasizes the need for a multi-layered approach in urban policy
development. On the one hand, a thorough understanding of the mechanisms driving
urban growth can significantly enhance urban planning practices. By analyzing these
mechanisms, planners can anticipate future challenges and opportunities and develop more
forward-looking and adaptive policies. On the other hand, governments must consider
both internal city factors and dynamic interactions with neighboring cities. Leveraging
the advantages of developed cities to support surrounding areas is crucial for achieving
regional balanced development. Policies that encourage inter-city cooperation and resource
sharing can strengthen regional cohesion and promote sustainable urban growth.

5. Conclusions

This paper integrates two types of nighttime light data to create a long-term dataset of
built-up areas in China from 2002 to 2021. Compared with MODIS land use data, the accu-
racy of the method exceeds 70%, demonstrating its effectiveness. By combining these data
with social statistics, an evaluation system for urbanization development is established.

The analysis of urbanization development in 68 low-carbon pilot cities reveals that,
over the past 20 years, most cities have undergone stable growth and are geographically
concentrated. In contrast, cities with significant development fluctuations are more dis-
persed. These differences are influenced by internal city attributes, external policy factors,
and the development of neighboring cities.

Regarding the factors influencing carbon emissions, the built-up area and nighttime
light intensity exert a significant effect on carbon emissions across all city types. In contract-
ing cities, employment numbers and virescence areas are significant, whereas, in expanding
cities, population size and the proportion of the tertiary sector are more influential.

The study indicates that stable urban growth can lead to predictable carbon emissions
and emphasizes the need for tailored policy approaches based on specific city characteristics.
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Appendix A

Table A1. 68 sample cities selected for this paper.

Number City Number City Number City
1 Huai’an 24 Chengdu 47 Qinhuangdao
2 Hulun Buir 25 Beijing 438 Qingdao
3 Fuzhou 26 Changzhou 49 Ningbo
4 Chizhou 27 Baoding 50 Nanping
5 Chonggqing 28 Ankang 51 Lu’an
6 Changsha 29 Zunyi 52 Liuzhou
7 Yinchuan 30 Zhuzhou 53 Lhasa
8 Xining 31 Zhongshan 54 Jingdezhen
9 Wuhan 32 Zhenjiang 55 Jinhua
10 Urumgqi 33 Yuxi 56 Jinchang
11 Tianjin 34 Yantai 57 Jilin
12 Shijiazhuang 35 Yan’an 58 Jiaxing
13 Shenyang 36 Xiangtan 59 Ji'an
14 Shanghai 37 Xiamen 60 Huangshan
15 Nanjing 38 Wuzhong 61 Huaibei
16 Nanchang 39 Wuhai 62 Guilin
17 Lanzhou 40 Wenzhou 63 Guangyuan
18 Kunming 41 Weifang 64 Ganzhou
19 Jinan 42 Suzhou 65 Dalian
20 Hefei 43 Shenzhen 66 Chenzhou
21 Hangzhou 44 Sanya 67 Chaoyang
22 Guiyang 45 Sanming 68 Jincheng
23 Guangzhou 46 Quzhou
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Abstract: Mobile phone data have been increasingly used over the past decade or more as a pretty
reliable indicator of human mobility to measure population movements and the associated changes
in terms of population presence and density at multiple spatial and temporal scales. However, given
the fact mobile phone data are not available everywhere and are generally difficult to access and
share, mostly because of commercial restrictions and privacy concerns, more readily available data
with global coverage, such as night-time light (NTL) imagery, have been alternatively used as a
proxy for population density changes due to population movements. This study further explores
the potential to use NTL brightness as a short-term mobility metric by analysing the relationship
between NTL and smartphone-based Google Aggregated Mobility Research Dataset (GAMRD) data
across twelve African countries over two periods: 2018-2019 and 2020. The data were stratified by
a measure of the degree of urbanisation, whereby the administrative units of each country were
assigned to one of eight classes ranging from low-density rural to high-density urban. Results from
the correlation analysis, between the NTL Sum of Lights (SoL) radiance values and three different
GAMRD-based flow metrics calculated at the administrative unit level, showed significant differences
in NTL-GAMRD correlation values across the eight rural/urban classes. The highest correlations
were typically found in predominantly rural areas, suggesting that the use of NTL data as a mobility
metric may be less reliable in predominantly urban settings. This is likely due to the brightness
saturation and higher brightness stability within the latter, showing less of an effect than in rural or
peri-urban areas of changes in brightness due to people leaving or arriving. Human mobility in 2020
(during COVID-19-related restrictions) was observed to be significantly different than in 2018-2019,
resulting in a reduced NTL-GAMRD correlation strength, especially in urban settings, most probably
because of the monthly NTL SoL radiance values remaining relatively similar in 2018-2019 and 2020
and the human mobility, especially in urban settings, significantly decreasing in 2020 with respect
to the previous considered period. The use of NTL data on its own to assess monthly mobility and
the associated fluctuations in population density was therefore shown to be promising in rural and
peri-urban areas but problematic in urban settings.

Keywords: night-time lights; Google Aggregated Mobility Research Dataset; human mobility; Africa;
rural and urban classification

1. Introduction

The acquisition of data pertaining to human mobility and presence is of critical
importance within numerous fields of research for producing socioeconomic and devel-
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opment indicators, estimating greenhouse gas emissions, mapping urban extents, and
assessing the spread, prevalence, and incidence of various human diseases, among
others, driving a demand to refine the processes by which these mobility metrics
are measured. With rates of human mobility increasing in their volumes and reach
at both global and local scales, methods and datasets for quantifying them, partic-
ularly in data-sparse middle- and low-income settings, are becoming an important
need. Moreover, with seasonal changes in human mobility that drive disease dynamics
(Grenfell et al., 2001; Wesolowski et al., 2012; Wesolowski, Metcalf et al., 2015; Wesolowski,
Qureshi et al., 2015) [1-4] the demand for resources (Steele et al., 2021) [5] and impact
infrastructure planning needs (Strano et al., 2018) [6] can be particularly challenging to
quantify (Lai et al., 2022; Mao et al., 2015; Song et al., 2021; Woods et al., 2022) [7-10].
Since its public distribution in recent decades, satellite-derived night-time light (NTL)
imagery has proved itself a reliable proxy of human presence, where large bright areas
correspond to higher populations compared to dimly lit areas (Bharti and Tatem, 2018;
Bharti et al., 2011; Bustos, 2015) [11-13]. Furthermore, NTL imagery has been used as a
global indicator of anthropogenic activity and development (Elvidge et al., 2012) [14]
and, due to its historical availability and regular acquisition, enables comparative stud-
ies to be made over both short and long time periods (Doll et al., 2000; Ebener et al.,
2005) [15,16]. As the technology has matured, so has the quality and availability of the
NTL data for the scientific and operational communities with the new Visible Infrared
Imaging Radiometer Suite (VIIRS) instrument, aboard the joint National Aeronautics
and Space Administration (NASA) and National Oceanic and Atmospheric Administra-
tion (NOAA) Suomi National Polar-orbiting Partnership (Suomi NPP) and NOAA-20
satellites, offering several refinements compared to the older Defense Meteorological
Satellite Program-Operational Linescan System (DMSP-OLS), such as increased spatial
resolution of both the Ground Instantaneous Field of View (i.e., 0.55 versus 25 km? at
Nadir) and the corresponding generated global grids (i.e., 15 versus 30 arc-second grid
cell corresponding to ~500 m versus ~1 km at the equator) and temporal resolution (i.e.,
monthly versus annual) of cloud-free composites, as well as the full filtering of data
impacted by stray light (Elvidge et al., 2013) [17].

Previous research has highlighted the potential of multi-temporal NTL imagery for
measuring changes in population presence and density over time as a result of mobility.
This has included seasonal labour migration into towns and cities in the Sahel region of
Africa (Lai, Farnham et al., 2019) [18] and its impact on infectious disease dynamics (Bharti
et al., 2011) [12], net migration at NUTS III level in Europe (Chen 2020) [19], seasonal
flows of tourists (Stathakis and Baltas, 2018; Tselios and Stathakis, 2020) [20,21], COVID-19
lockdown in global megacities (Xu, et al., 2021) [22], and induced displacement (Lu et al.,
2016) [23].

In each case, while the evidence is clear on NTL data capturing aspects of population
presence and density changes induced by mobility, there are often other factors, such as
disaster- or conflict-induced power outages (Montoya-Rincon et al., 2022) [24], that can be
hard to disentangle, and thus, translation into quantitative direct measures of mobility can
be challenging. Moreover, the saturation of brightness values in highly urbanised settings
can also affect the relationship between changes in brightness, or lack thereof, and mobility.
To improve our understanding of the value of NTL data for assessing human mobility and
the associated changes in population presence and density, comparisons with alternative
datasets are required.

Data on the aggregated movements of mobile phones over time have often been
shown to be a reliable and accurate source of quantitative estimates of human movement
patterns from subnational to global scales (Lai, Farnham et al., 2019; Lai, zu Erbach-
Schoenberg et al., 2019; Ruktanonchai et al., 2018) [18,25,26]. Such data are typically
obtained and derived either from Call Detail Records (CDRs), whereby anonymized and
aggregated billing records of communications routed through cell towers are measured
(Bengtsson et al., 2011; Buckee et al., 2013; Ruktanonchai et al., 2016) [27-29], or from
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aggregations of smartphone-derived GPS location data (Lai, zu Erbach-Schoenberg et al.,
2019; Ruktanonchai et al., 2018) [25,26]. Each has their own set of biases and uncertainties,
which impact the accuracy and reliability of the assessed human mobility patterns (Lai, zu
Erbach-Schoenberg et al., 2019) [25]. The Google Aggregated Mobility Research Dataset
(GAMRD) data, providing a measurement of human movements as quantized flow metrics,
are principally derived from smartphones and represent the result of anonymous and
aggregated phone locations for users who have opted into Google’s Location History
feature, which is off by default (Ruktanonchai et al., 2018) [26]. Previous research has
indicated that there is a strong nonlinear relationship between GAMRD and NTL data
(Dickinson et al., 2020) [30]. However, these studies only obtained and analysed mobility
data for a short time period (e.g., 6-12 months) in a single country. The degree to which
this relationship varies across locations and degrees of urbanisation has not been explored,
particularly in low- and middle-income settings and at the monthly timescale. Based
on multiple-year (2018-2020) and large-scale mobility data and NTL data at fine spatial
resolution across 12 African countries, the current study seeks to address this through
(i) examining the NTL-GAMRD relationship across Africa for two time periods (i.e., 2018/19
and 2020) and (ii) determining how the degree of urbanisation affects the correlations.

2. Materials and Methods

The GAMRD data contain anonymized mobility flows aggregated over users who
have turned on their Location History setting that is off by default. The dataset aggregates
flows between S2 cells which are here further aggregated by the level 2 administrative unit
of origin and destination within and between 12 African countries (Figure 1).

Cardinal
Group

Egypt

; > Rwanda

A ’ Tanzania East
Kenya

South Africa
Botswana
Eswatini
Namibia

Cote D Ivoire
Ghana
Nigeria

Country

Figure 1. The 12 African countries selected for the current study and grouped according to the United
Nations Geoscheme for Africa.

To produce this dataset, machine learning is applied to log data to automatically
segment it into semantic “trips” (Bassolas et al., 2019) [31]. To provide strong privacy guar-
antees, all trips are anonymized and aggregated using a differentially private mechanism
(Wilson et al., 2020) [32] to aggregate flows over time (Google, n.d.) [33]. This research
was carried out on the resulting heavily aggregated and differentially private data. No
individual user data was ever manually inspected; only heavily aggregated flows of large
populations were handled.

All anonymized trips are processed in aggregate to extract their origin and destination
location and time. For example, if users travelled from location A to location B within
time interval t, the corresponding cell (A, B, t) in the tensor would be nFerr, where err
is Laplacian noise. The automated Laplace mechanism adds random noise drawn from
a zero-mean Laplace distribution and yields a (€, 6)-differential privacy guarantee of
€=0.66and 5 = 2.1 x 1072 per metric. Specifically, for each week W and each location pair
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(A, B), the number of unique users who took a trip from location A to location B during
week W is calculated. To each of these metrics, Laplace noise from a zero-mean distribution
of scale 1/0.66 is added. All metrics for which the noisy number of users is lower than
100 are removed, following the process described in (Wilson et al., 2020) [32], and the rest
are published. This yields that each published metric satisfies (€, )-differential privacy
with values defined above. The parameter € controls the noise intensity in terms of its
variance, while  represents the deviation from pure e-privacy. The closer they are to zero,
the stronger the privacy guarantees.

The GAMRD dataset used in this study covered the years 2018, 2019, and 2020 and
initially contained weekly data representing relative population flows which were subse-
quently aggregated to a monthly timescale to allow direct comparison with the monthly
VIIRS NTL data. The GAMRD data for 2020 were initially supplied in S2 Geometry
(52 Geometry, 2018) [34] and were then converted to the GCS-WGS84 coordinate system.
Based on the origin and destination coordinates of the trips and using shapefiles rep-
resenting level 2 administrative units, the relative flows were aggregated into 3 unique
GAMRD-based flow metrics (i.e., internal flow, inward flow, and outward flow) as de-
scribed in Table 1. Therefore, for every level 2 administrative unit of each country of interest,
three distinct GAMRD-based flow metrics were available for each month over the study
period (i.e., 2018-2020).

Table 1. The three Google Location History Flow Metrics created for the current study based on the
direction and nature of movement within and between level 2 administrative units.

GAMRD Flow Metric Description

The internal flow within the same
administrative unit (as this value increases,
population total is unchanged but is more
mobile)

Internal Flow

The external flow to the administrative units
from others either within the same country or
abroad (as this value increases, population
within this admin unit increases)

Inward Flow

The external flow increases, population within

Outward Flow this admin unit decreases)

Although it would have been preferable to combine GAMRD data from all years (i.e.,
2018, 2019, and 2020), this was not possible due to the different spatial aggregation methods
used to produce them, and so the study results were necessarily split into two time-periods:
2018/19 and 2020. The 2018/19 data represented flows originally calculated between 52
cells whilst the 2020 data were originally provided based on 1 km cells in WGS84. Although
both groups were later reformatted to represent flows between level 2 administrative units
in GCS-WGS84, the machine learning-based algorithm used to calculate the raw flows
produced two unique datasets that can be justifiably compared to each other and to other
data (namely, the VIIRS-NTL data in this study) but cannot be directly combined. Finally,
the data referring to December 2019 were removed due to quality issues.

A Python script (Py v3.6) was created to download and extract VIIRS-NTL imagery
for each country of interest and thereafter apply postprocessing stages in preparation for
zonal statistics. The NTL data were provided by the Colorado School of Mines as monthly
composites in geotiff format with the globe divided into 6 tiles (Elvidge et al., 2017) [35].
Monthly composites were filtered to exclude data impacted by stray light, lightning, lunar
illumination, and cloud-cover where the monthly series is run globally using two different
configurations. The first excludes any data impacted by stray light. The second includes
these data if the radiance values have undergone the stray-light correction procedure.
These two configurations, one of which includes the stray-light corrected data, will have
more data coverage toward the poles, but will be of reduced quality with the decision of
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which configuration to use being dependent on the context. For each of the months from
2012-2020, for the monthly non-tiled versions, the annual masks for each year were applied
to all the months for that year. For example, the 2020 lit mask was applied on all the months
of 2020 (Mills et al., 2013) [36]. According to Elvidge et al. (2013) [17], in contrast to the
DMSP overpass time which is near 7.30 pm, the SNPP overpass time is near 1.30 am and
peak lighting is prior to 10 pm (after which there is some decline in the quantity of outdoor
lighting, but we also agree with Eldvige et al. (2013) [17] that VIIRS data strongly indicate
that there is still plenty of lighting being detected after midnight which may or may not
only link to public infrastructure lights). After using the annual composites for removing
ephemeral lights (unrelated to electric lighting) and background (non-lights) from monthly
composites which were already processed for removing persistent gas flares, as well as the
impact of sunlit, moonlit, stray lights, lightening, high energy particle, overglow, and cloud-
cover, the monthly composites should only include electric lights, which may or may not
be related to population presence and thus be affected by human mobility in various ways
in different contexts (i.e., urban, peri-urban, vs. rural). At the time of the study design and
data analysis (mid-2019), VIIRS annual composite data were not available for all three years
of 2018-2020, and only the data that were available up until 2016 had been postprocessed
to remove ephemeral lights, such as volcanic activity, fires, and atmospheric noise (Elvidge
etal., 2017) [35]. However, the version 1 series of the monthly composites were not filtered
to screen out lights from aurora, fires, boats, and other non-residential lights, thus requiring
additional postprocessing (Li et al., 2013; Wang et al., 2017) [37,38]. The downloaded files
were composed of a primary radiance raster (*rade9.tif) containing floating-point radiance
values with units in nanoWatts/cm?/sr and a corresponding coverage raster (*cvg.tif) of
integer values representing the number of observations made on each pixel in each month
to be used for quality control.

After the NTL rasters were downloaded, the postprocessing steps illustrated in
Figure 2 were implemented following the recommendations set out in previous stud-
ies using VIIRS-NTL data (Li et al., 2013; Wang et al., 2017) [37,38]: firstly, the respective
radiance and coverage rasters were clipped to the extent of each country of interest then
buffered to 100 km to allow the preservation of pixels when projecting from WGS84 to
UTM. Radiance pixels were then converted to zero if their values were either negative or
zero in the 2016 annual composite raster. In cases where the coverage raster indicated that
no observations were made in a particular pixel, the corresponding radiance pixel was
converted to no data.
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Figure 2. Workflow for extracting and postprocessing VIIRS night-time lights imagery.
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To remove any signals created by non-residential lights (such as gas flares), the maxi-
mum pixel value in the capital city region of each country for each month was determined.
Working under the assumption that no residential lights would be brighter than these
radiance values outside of the capital city, any pixels outside of the capital region greater
than these values were converted to the mean of the surrounding pixels. The final step was
to remove background noise from the data by removing all values lower than 0.2 nWcm 2
(between 50 degrees north and south) (Elvidge et al., 2017) [35]. All rasters were then
projected to UTM Albers and clipped using country shapefiles. The postprocessed and
smoothed radiance rasters were labelled with an appropriate suffix (*smth.tif) ready for
zonal statistics. Shapefiles representing level 2 administrative units, as provided by the
GADM v3.6 (Warmerdam, 2008) [39], were used in conjunction with the postprocessed
radiance rasters for zonal statistics. The “Sum” metric was used to determine the total
radiance (Sum of Lights or SoL) per month within each level 2 administrative unit, with
results eventually exported to a CSV file for further analysis.

Whilst the current study would ideally include all African countries, the geographical
and temporal range was limited by the availability of the GAMRD data. The criteria by
which countries were determined to have sufficient GAMRD data were that the data should
have an average spatial coverage per country of more than 85% and that less than 10% of
all administrative regions of each country have no data. By following these criteria, twelve
countries for 2018, 2019, and 2020 were selected for a correlative analysis between the three
GAMRD flow metrics and the corresponding NTL SoL values calculated for each level 2
administrative unit. In addition, a previous global study (Dickinson et al., 2020) [30] found
that in different parts of the world, the relationship between mobility and light production
differed considerably, and analyses should account for such regional variations. The twelve
selected countries spanned a broad geographic range across the African continent and
provided a convenient means for grouping for subsequent analysis according to the United
Nations Geoscheme for Africa (UN Statistics Division, 2022) [40] which separates African
countries according to cardinal direction as shown in Figure 1.

To allow collective analysis over multiple countries, each level 2 administrative unit
within each country was categorised according to its degree of urbanisation. By grouping
administrative units in this manner, it was possible to demonstrate how NTL and GAMRD
correlations vary according to the degree of urbanisation, such as highly populated urban
areas vs. sparsely populated rural areas. The GHS Settlement Model (GHS-SMOD) raster
provides a classification raster of global coverage that gives for every 1 km? raster pixel
a value corresponding to one of eight possible rural /urban classifications (Florczyk et al.,
2019) [41] as illustrated in Figure 3.
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Figure 3. The GHS Settlement Model (GHS-SMOD) rural/urban classification definitions.
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As the GHS-SMOD raster provides rural/urban classifications at the 1 km? pixel
level, an aggregation procedure is required to determine the “overall” degree of urban-
isation of each level 2 administrative unit. An R-Script (R v4.0.3) was created for this
purpose and took as input: the GHS-SMOD raster as provided by the GHSL-SMOD Project
(Florczyk et al., 2019) [41], the 2020 Population Raster as provided by WorldPop (WorldPop-
School of Geography and Environmental Science, University of Southampton; Department
of Geography and Geosciences, University of Louisville; Departement de Geographie, Uni-
versite de Namur; and the Center for International Earth Science Information, n.d.) [42] and
the level 2 administrative unit shapefiles for the country of interest. The GHS-SMOD raster
was extracted into eight separate rasters for each rural/urban classification and converted
to binary format (i.e., 0.1). The WorldPop population raster was then multiplied for each of
the eight binary rural /urban classification rasters. The resultant product rasters therefore
contained the population count in each rural/urban classification, with the corresponding
final level 2 administrative unit values obtained through summation via Zonal Statistics.
The eight rural/urban classifications were combined into 3 groups: Group 1 (Classes 10,
11, 12, 13), Group 2 (Classes 21, 22, 23), and Group 3 (Class 30). The final classification
was then determined via a nested hierarchy and majority approach whereby each unit was
assigned to: Group 1 if Group 1 > 50% total country population, Group 2 if Group 1 < 50%
and Group 3 < 50% total country population, or Group 3 if Group 3 > 50% total country
population. Within the highest group, the individual highest classification value provided
the final rural /urban classification for each administrative unit. A simplified illustration of
the procedure using Kenya as an example is shown in Figure 4.

Calculating the Urban Classification of Administrative Units (Kenya as an Example)
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Figure 4. Visual overview of the process to determine urban classification at the administrative unit
level: The GHSL-SMOD raster (A) is multiplied by the corresponding population raster (B) which is
ran through zonal statistics to obtain the majority urban classification for the admin units of each
country’s level 2 shapefile (C).

For each administrative unit during the study period 2018-2019 and 2020, NTL data
were used to calculate the SoL value per month, while the GAMRD data provided the
anonymized and aggregated flows per month. To determine the relationship between
GAMRD and NTL data, their monthly values were used as input for a correlation test using
the Spearman’s product-moment correlation coefficient (p) and its corresponding p-value.
By grouping administrative units together according to the rural/urban classification, a
high sample size was available for the correlation tests.

Furthermore, we examined the relationship between GAMRD and NTL data in a
Gaussian Regression model-based framework to understand the amount of variation in
the GAMRD data that could be explained by the NTL data. Both variables were log-
transformed to improve the relationship between them and to improve normality. Two
models were fitted: (i) a full model that includes NTL and degree of urbanisation as covari-
ates and also accounts for temporal correlation and random variation between countries,
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and (ii) a reduced model that includes NTL as the only covariate. The reduced model was
fitted in a frequentist framework while the full model was fitted in a Bayesian framework
using the INLA package in R (Lindgren and Rue, 2015) [43]. The predictive ability of both
models was evaluated using a hold-out cross-validation exercise in which we used 80% of
the data for model fitting and 20% for validation. The Pearson’s correlation coefficient and
the R-squared statistic were then computed using the observed and predicted values. Both
the full and reduced models were fitted for each GAMRD-based flow metric (i.e., internal
flow, inward flow, and outward flow) separately.

3. Results
3.1. Correlation over Combined Countries

To gain a broad overview of how the NTL SoL values correlate with the three GAMRD
flow metrics, all twelve selected African countries were included for the two time periods (i.e.,
2018-2019 and 2020). Correlation strength definitions based on the Spearman’s correlation
coefficient (p) were taken from Akoglu (Akoglu, 2018) [44]. These are p (0.1-0.3) = weak
correlation, p (0.4-0.6) = moderate correlation, and p (0.7-0.9) = strong correlation. An
example of a typical correlation plot of NTL SoL radiance values ~ GAMRD Inward Flows is
shown in Figure 5.

Correlation Plot - Whole Africa Dataset - 12: Low Density Rural
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Figure 5. A sample of a correlation plot between the NTL SoL radiance values and GAMRD Inward
Flows for the low-density rural class (12 in Figure 3) across all twelve selected African countries
during the 2018-2019 period.

The GAMRD Internal Flow metric for 2018-2019 showed moderate to strong positive
correlations in the rural group (11, 12, 13 in Figure 3) and dense-urban class (23 in Figure 3),
with weak to moderate correlations in the urban (30 in Figure 3) and peri-urban (21 in
Figure 3) classes. For 2020, the correlations were marginally higher in the rural group (11,
12, 13 in Figure 3) and marginally lower in the urban group (21, 23, 30 in Figure 3).

The GAMRD Inward Flow metric for 2018-2019 showed moderate positive correlations
in the rural group (11, 12, 13 in Figure 3) and dense-urban class (23 in Figure 3) with weak
to moderate correlations in the urban (30 in Figure 3) and peri-urban (21 in Figure 3) classes.
For 2020, the correlations were considerably lower in the very-low-density rural (11 in
Figure 3) class, marginally less in the rural (12, 13 in Figure 3) group and considerably less
in the urban group (21, 23, 30 in Figure 3).
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The GAMRD Outward Flow metric for 2018-2019 showed moderate negative correla-
tions in the rural group (11, 12, 13 in Figure 3) and dense-urban (23 in Figure 3) class with
weak to moderate correlations in the urban (30 in Figure 3) and peri-urban (21 in Figure 3)
classes. For 2020, the correlations were considerably less in the very-low-density rural (11
in Figure 3) class, marginally less in the rural group (12, 13 in Figure 3) and considerably
less in the urban group (21, 23, 30 in Figure 3). The Spearman’s correlation coefficients for
each rural/urban classification were placed on a bar chart with the relative proportions of
each rural/urban classification included for reference as shown in Figure 6.
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Figure 6. The proportion of rural/urban classifications for all level 2 administrative units within the
12 selected Africa countries (top left). The Spearman’s correlation coefficients for each rural/urban
classification for the NTL SoL radiance values and GLH flow metrics. All values p < 0.0001 except
those indicated by an asterisk *.

The results indicated that the rural groups (11, 12, 13 in Figure 3) and dense-urban
class (23 in Figure 3) have the highest correlation between the NTL SoL radiance values
and GAMRD flow metrics, with the urban group (21, 30 in Figure 3) having the lowest
correlations. The differences in correlations between the two time periods were consider-
able, with 2020 having far smaller correlations coefficients across almost all rural/urban
classifications compared to those of 2018-2019.

Using the Gaussian regression model for each time period (i.e., 2018-2019 and 2020),
significant positive relationships were observed between the GAMRD flow metrics and
NTL SoL radiance values for both internal and inward flows, and significant negative
relationships for outward flows. Moreover, significant differences were found between the

“urban centre” class and all other rural /urban classifications. The fitted full models showed

good predictive power based on the cross-validation exercise results which are shown in
Table 2. For 2018-2019, the out-of-sample R? values of the fitted models were 0.29, 0.28,
and 0.27 for the internal, inward, and outward flows, while the corresponding correlations
were 0.54, 0.53, and 0.52, respectively. This means that models were able to explain at
least 27% of the total variation in the GAMRD flows using NTL SoL as a covariate, whilst
adjusting for the other sources of variation in the data. However, with the reduced model,
this predictive power reduces to at most 9%, highlighting the importance of accounting for
the degree of urbanisation and other sources of variation in the data in the analysis. For
2020, similar results were obtained, although the predictive powers of both the full models
(£26%) and the reduced models (4%) were lower. This can be explained by the fact that
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while NTL SoL radiance values remained relatively stable throughout all the years (2018,
2019, and 2020), the GAMRD flows significantly decreased.

Table 2. Out-of-sample validation NTL-GAMRD statistics based on hold-out cross-validation exercise.

Correlation R?
Year GAMRD Metric
Full Model Reduced Model Full Model Reduced Model
Internal 0.54 0.31 0.29 0.09
2018-2019 Inward 0.53 0.28 0.28 0.08
Outward 0.52 0.28 0.27 0.08
Internal 0.48 0.21 0.23 0.04
2020 Inward 0.51 0.20 0.26 0.04
Outward 0.47 0.19 0.23 0.04

3.2. Annual Correlation Variation

To gain a deeper insight into why the correlation coefficients for NTL-GAMRD were
so different between the two time periods of 2018/19 and 2020, the data were split monthly
to analyse any change in correlation during the year, as illustrated in Figure 7. During 2018,
the Spearman’s correlation coefficient (p) remained relatively stable throughout most of the
year for all three GAMRD flow metrics except during April, when the values decreased
substantially for the rural group (11, 12, 13 in Figure 3) and “urban centre” class (30 in
Figure 3) and increased slightly for the “peri-urban” and “dense urban cluster” classes. Dur-
ing 2019, the Spearman’s correlation coefficient (p) remained relatively stable throughout
the year across all the rural/urban classifications with the only noticeable perturbation in
values during October. During 2020, two large perturbations in the Spearman’s correlation
coefficient (p) were observed centred around the months of April and September.
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Figure 7. Spearman’s correlation coefficient variation per month between NTL SoL radiance values
and GLH flow metrics for the 12 selected Africa countries over the years 2018, 2019, and 2020.
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3.3. Sum of Lights and GAMRD Annual Value Variation

To determine the possible source of the inter-annual variation of the correlation, the
NTL SoL radiance and GAMRD flow totals were analysed separately across each year of
2018, 2019, and 2020. For each year, a combined NTL SoL metric was calculated by grouping
all administrative units according to their degree of urbanisation across all countries and
then summing the corresponding NTL SoL radiance values for each month, as shown in
Figure 8. Whilst the individual values themselves were not analysed, the degree to which
this metric varied through the year may highlight months of particularly high variance of
the NTL SoL radiance. The variation of the combined NTL SoL metric was most noticeable
within the administrative units classified as “urban centres” (30 in Figure 3), whilst for all
other rural/urban classifications, the metric was relatively stable throughout all the years
2018, 2019, and 2020.
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Figure 8. The combined NTL SoL metric for all administrative units in each month in 2018, 2019, and
2020 across all twelve selected African countries.

Similarly, for each of the three GAMRD flow metrics (i.e., internal flow, inward
flow, and outward flow), administrative units were grouped according to their degree
of urbanisation across all countries, and the corresponding flow values for each month
were summed together as shown in Figure 9. As with the combined NTL SoL metric, the
total flow values were not directly analysed, but rather their variation throughout the
year was used as an indicator of periods of potentially unusual human mobility. During
2018 and 2019, the GAMRD flow totals remained relatively stable for all the rural /urban
classifications except the “urban centre” class (30 in Figure 3). During 2020, the “urban
centre” class (30 in Figure 3) showed drastic variations across a large range for most months,
with two particularly large shifts in April and September, whilst the remaining rural /urban
classes remained relatively stable throughout the year.
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Figure 9. The total GLH flow parameters summed over all administrative units and grouped
according to urban classification.
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3.4. Correlation over Country Groups

According to the United Nations Geoscheme for Africa, the twelve study countries
were separated to four cardinal groups (north, south, east, and west) and the NTL-GAMRD
correlation analysis was repeated as illustrated in Figures A1-A4 in Appendix A. The
Northern Africa group had a high degree of urbanisation with 37.43% of administrative
units classified as “urban centres” (30 in Figure 3). Correlation results were generally
higher within the rural group (11, 12, 13 in Figure 3) for both the 2018-2019 and 2020 time
periods, with correlations for most classes noticeably lower for 2020 than for 2018-2019.
The Eastern Africa group had a high degree of rural presence with 66.47% of administrative
units classified as “very low density rural” (11 in Figure 3). Correlation results were highest
within the rural group (11, 12, 13 in Figure 3) and “urban centres” (30 in Figure 3) for both
the 2018-2019 and 2020 time periods, with correlations for most classes noticeably lower
for 2020 than for 2018-2019. Correlations for 2020 were comparable with correlations for
2018-2019 across most classes with both positive and negative variance. The Southern
Africa group had a balanced rural/urban proportion with neither urban nor rural classifi-
cations dominating the administrative units. Correlation results were highest within the
rural group (12, 13 in Figure 3) and urban group (23, 30 in Figure 3) for both the 2018-2019
and 2020 time periods, with correlations for 2020 considerably lower than correlations for
2018-2019 for all classes. The Western Africa group had a high degree of rural presence
with 82.58% of administrative units classified as “very low density rural” (11 in Figure 3).
Correlation results were highest within the urban group (21, 23, 30 in Figure 3) for both
the 2018-2019 and 2020 time periods, with correlations for 2020 noticeably lower than
correlations for 2018-2019 for most classes. Correlations for 2020 were comparable with
correlations for 2018-2019 across most classes with both positive and negative variance.

4. Discussion

NTL has been widely used for population spatial distribution mapping, and a strong
correlation between NTL and GAMRD data has been demonstrated in previous studies
(Dickinson et al., 2020) [30]; however, the variation of this relationship according to the
degree of urbanisation was previously unexplored. The longitudinal Google Aggregated
Mobility Research Dataset (GAMRD) and the VIIR NTL data for Africa in 2018-2020,
according to the degree of urbanisation, provide a good opportunity to improve our
understanding of the value of NTL data for assessing human mobility and the associated
changes in population presence in low- and middle-income countries. The diversity of the
study’s countries in different regions does ensure that this study contains wide variance
in socioeconomic, geographic, and demographic contexts. Our study, conducted from
2019-2021, has demonstrated the high variability in correlations between administrative-
unit-level NTL radiance values and GAMRD flow metrics across a broad geographic range
and within different rural/urban classifications. Administrative units classified as rural
and semi-rural were shown to have on average the highest NTL-GAMRD correlation
whilst administrative units classified as “urban centres” had the lowest (not including
the peri-urban class, which had several low p-values). This is likely due to the saturation
and greater stability of lighting and NTL brightness values within urban centres/areas.
Indeed, large urban centres/areas in Sub-Saharan Africa and elsewhere tend to be more
consistently lit throughout the year and are often bright enough in their core to saturate
NTL brightness values (Zhao et al., 2019) [45]. This means that changes in brightness due to
human mobility and the associated population presence and density changes are less likely
to occur in urban centres/areas than in small towns/rural and peri-urban areas, where
population arrivals may lead to an increase in brightness due to electric lighting or fires in
residential areas (Bharti et al., 2011) [12].

What was most noticeable in the study was the significant difference in correlation
strength between the two time periods of 2018-2019 and 2020. Correlations across most
rural/urban classifications and particularly “urban centres” were considerably lower in
2020 than in 2018-2019. Whilst the variation of the NTL SoL radiance values across all
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urban classes remained relatively stable throughout the year, the GHL flow metrics refer-
ring to 2020 showed that the corresponding flow values were far more erratic than those in
2018-2019, with the months of April and September being most prominent in their devia-
tion, creating a consequential effect for the NTL-GAMRD correlations during these months.
These changes might be attributed to the implementation of lockdown measures during
the COVID-19 pandemic, with the first wave in March—April (Haider et al., 2020) [46] and
the second wave in September—October (Kuehn, 2021) [47]. This has implications for the
reliability of NTL data as a proxy for human mobility during periods of unusual human
activity, such as lockdown periods. In addition, NTL data have several drawbacks such
as delayed access to real-time data, low light detection thresholds, and the requirement
for additional postprocessing; however, these are expected to continue to be addressed
as the technology further develops and novel data sources become available (Zhao et al.,
2019) [45].

In addition, we only found one similar study conducted by Dickinson et al., 2020 [30].
Based on linear regression and random forest models, they used Google’s human mo-
bility data in 2016 to predict VIIRS satellite imagery and then assessed how accurately
this simulated global NTL imagery could be used to predict GDP across regions in
2015-2016. They demonstrated that the relationship between human mobility and VI-
IRS NTL was nonlinear and varied considerably around the globe. The differences across
regions were made clear by the improvement in the model performance when modelling
each region independently rather than constructing a single global model. Our study fur-
ther measured the degree to which this relationship varied across locations with different
levels of urbanisation and development in 2018-2020. However, we found that compared
with urban settings, there was a higher association between NTL data and mobility changes
in rural and peri-urban areas. In addition, a reduced NTL-GAMRD correlation strength
in 2020 was observed, especially in urban settings, most probably because of the monthly
NTL SoL radiance values remaining relatively similar in 2018-2019 and 2020 but the human
mobility significantly decreasing in 2020 with respect to the previous considered period.
Our study provides new insights about changes in mobility and NTL as well as their
association across settings during a global crisis such as the pandemic.

Furthermore, it is important to highlight that GAMRD data present several limi-
tations and potential biases as well. Indeed, such data are limited to mobile internet
coverage and smartphone users who have opted into Google’s Location History feature,
which is off by default, and thus, they may not be representative of the population as
a whole. Similarly, their representativeness may vary by location and be particularly
low in rural areas characterised by low population densities. Additionally, GAMRD
data are still likely to be biased towards educated males living in urban areas (Lai, zu
Erbach-Schoenberg et al., 2019) [25]. Moreover, comparisons across rather than within
locations are only descriptive, since these regions can differ in substantial ways. Another
primary drawback of GAMRD data is the difficulty of obtaining them due to the restric-
tive data sharing policies implemented to protect individual privacy and GAMRD data
being subject to differential privacy algorithms designed to protect user’s anonymity,
which obscure fine details. However, considering potential biases of representativeness
among populations across regions, it is important to include subnational and up-to-
date statistics on smart-device ownership and internet penetration in future research
where possible. Mobile phone subscribers and smartphone adoption are expected to
continue growing in low- and middle-income countries, and surveys for measuring
mobile phone/smartphone penetration and social media coverage may be necessary to
obtain more precise metrics for each country and subnational region (e.g., administrative
unit level 1 or 2). In addition, considering the potential biases of representativeness
among populations, rather than grouping countries together, it may be of interest to
analyse each country separately to avoid generalisations in the future.
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5. Conclusions

Following the global COVID-19 pandemic and the consequent restrictions on human
mobility, importance has risen dramatically for datasets that can successfully explore short-
term and intra-annual human mobility and assess the associated population presence and
density changes. With several proxies available, it is useful to understand the limitations
and accuracy of each dataset that can be used for mobility research, which motivates the
current study. Results have indicated that VIIRS NTL data may be best-suited for the
analysis of human mobility within more rural areas and that during periods of unusual
human activity (such as the lockdown periods in 2020), VIIRS NTL data may not pro-
vide the necessary spatial resolution for detailed study. In addition, as the NTL-GAMRD
correlation was found to be potentially weaker in “urban centres” areas, this highlights
the importance of integrating additional geospatial datasets that are able to capture dif-
ferent scales of variation into a larger multivariate model, instead of our current simple
modelling framework.

As refinements in NTL technology become available and new datasets are released
with higher spatial resolution and enhanced postprocessing, it is hoped that these limi-
tations may be overcome. Despite the demonstrated efficacy of the GAMRD in “urban
centres” areas and during lockdown periods, with NTL data continuing to be publicly
available with wide geographic coverage, its use can remain important as a proxy of human
mobility and the associated population presence and density changes until alternative
datasets, such as mobile phone locations, can be more easily accessed by the scientific and
operational communities.
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Appendix A

Northern Africa Dataset: SoL ~ GAMRD Internal Flow
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Figure A1l. The proportion of rural/urban classifications for all level 2 administrative units within
the Northern African countries listed in Figure 1 (top left). The Spearman’s correlation coefficients for
each rural/urban classification according to the NTL SoL radiance values and GLH flow metrics. All
values p < 0.001 except those indicated by an asterisk *.
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Abstract: The Lhasa to Nyingchi Expressway in Xizang made efforts to protect the ecological environ-
ment during its construction, but it still caused varying degrees of damage to the fragile ecosystems
along the route. Accurately assessing the process of change in the ecological environment quality
in this region holds significant research value. This study selected the Linzhi-to-Gongbo’gyamda
section of the Lhasa-to-Nyingchi Expressway as the research area. Firstly, based on the remote sensing
ecological index (RSEI), this study constructed an ecological environmental quality evaluation system
for the Xizang region. Subsequently, using the Google Earth Engine (GEE) platform, sub-indicators
were extracted, and the combination weighting method of game theory was employed to determine
indicator weights. This process resulted in the calculation of the MRSEI for the study area from
2012 to 2020. Finally, by utilizing the spatial distribution of the MRSEI, monitoring the level of
MRSEI changes, and employing the transition matrix, this study analyzed the changing trend of the
ecological environmental quality from 2012 to 2020. The results indicate that the MRSEI are 0.5885,
0.5951, 0.5296, 0.6202, 0.59, 0.5777, 0.5898, 0.5703, and 0.5987, showing a gradual increasing trend
with an initial decrease followed by an ascent. This trend is mainly attributed to concentrated road
construction and subsequent ecological restoration, leading to an improvement in the restoration
effect. Simultaneously, the ecological environmental quality remains relatively stable, with 69.5%
of the region showing no change, and the remaining 30.5% experiencing improvement exceeding
degradation. Specifically, there were significant improvements in the land with ecological quality
levels categorized as poor, fair, moderate, and good. The types of degradation primarily involved
lands originally classified as excellent and good degrading to good and moderate levels, respec-
tively. The above results serve as a theoretical reference for the ecological restoration project of the
Lhasa-to-Nyingchi Expressway.
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1. Introduction

The Xizang region is an important ecological security zone in China, with natural
protected areas accounting for one-third of the total area. The Lhasa-Nyingchi Motorway
in the Xizang region not only benefits local economic development and the development
and utilization of natural resources but also contributes to border stability and the common
prosperity of all ethnic groups. However, on one hand, transportation construction will
destroy the permafrost environment that has existed for many years. For example, the
heat absorption of asphalt on the road and the exhaust emissions of vehicles along the
corridor will increase the surface temperature of the area, thereby accelerating the melting
of permafrost [1-3]. On the other hand, it will damage the surface vegetation and topsoil,
accelerating soil erosion [4]. Due to the limited carrying capacity of resources and the
environment in the Xizang region, it is difficult to restore the ecological environment once
it is damaged [5]. Therefore, coordinating the construction of transportation infrastructure
with the quality protection of the local ecological environment is a necessary path for the
development of the Xizang region’s economy. Timely evaluation of changes in the quality
of the ecological environment in the area where linear engineering is located can help
improve the negative impact of human activities on the environment [6].

In 2006, the Chinese Ministry of Environmental Protection proposed the ecological
environment index (EI) for ecological environment assessment, but this index also has
many issues in its application process, such as subjective weighting and lack of visualizable
evaluation results [7]. Remote sensing technology has become an indispensable means of
ecological monitoring and assessment [8]. Taking advantage of the spatial and temporal
coverage of satellite data, Xu H Q [7] proposed an improved method called the remote
sensing ecological index (RSEI) [7] based on the EI index. The evaluation indicators in
this method mainly come from remote sensing indices. This method has been widely
used in ecological environmental quality assessment research and has a high level of
credibility [9-11]. For example, RSEI [7] has been applied in the evaluation of the surface
water ecological environment in Freetown [11], the assessment of ecological environmental
quality in the Samara region of Russia [12], and the evaluation of ecological conditions
during the rainy and dry seasons in Kota Semarang [13]. In addition, researchers have also
improved the evaluation algorithms and indicators based on the RSEI [7] from different
perspectives. In terms of algorithm models, the RSEI initially mainly used the first principal
component (PC1) of the principal component analysis (PCA) to construct the ecological
index. However, the variance contribution rate of PC1 extracted in different studies varies
greatly, which cannot guarantee a high contribution rate. In other words, the interpretation
of the evaluation indicators obtained after dimensionality reduction is more unstable
compared to the original indicators. Therefore, some scholars have made improvements to
the model, such as using a modified remote sensing ecological index (MRSEI) to evaluate the
ecological environment of the Xilingol League Grassland in China [14]. Machine learning
has also been introduced, and the RSEI [7] time series data for Beijing, China, has been
calculated using PCA combined with the random forest algorithm [15]. In terms of indicator
systems, Karimi [16] used the land surface ecological status composition index (LESCI)
based on the vegetation-impervious-soil triangle model to assess the surface ecological
conditions in Iran, as well as some cities in Europe and North America [16]. Xing et al.
used net primary productivity, vegetation index, and light index to construct an enhanced
remote sensing ecological index for an ecological environment assessment of Hainan Island,
China, based on local characteristics [17].

Determining appropriate indicator weights is essential in ecological environmental
quality assessment. There are two types of weight determination methods: objective
weight determination methods (OW) based on data mining and statistics [18], including
entropy weight method (EWM) [19], random forest (RF) [20], and support vector machine
(SVM) [21], and subjective weight determination methods (SW) based on prior knowledge
or expert opinions, including analytic hierarchy process (AHP) [22], multi-criteria decision
analysis (MCDM) [23], and fuzzy mathematics (FM) [24], among others. The subjective
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weight method is influenced by prior knowledge, leading to higher subjectivity in the
final evaluation results, while using only PCA for each indicator’s weight assignment is
too objective and may cause biased results due to the large amount of information [25].
Game theory (GT) is a mathematical model of strategic interaction between rational and
irrational agents, which can effectively use SW and OW weight information to obtain
combined weights (CW) [26]. Therefore, this study uses game theory (GT) to calculate
weights, with PCA used as the objective weight assignment method and AHP as the
subjective weight assignment method, to obtain optimal weights by balancing subjective
and objective weights.

The Lhasa-Nyingchi Motorway from Nyingchi to Gongbo’gyamda section was put
into use in September 2015, meeting the requirements for ecological environment assess-
ment of highways (generally 3 to 5 years after completion and acceptance). Therefore, this
study takes the Lhasa—Nyingchi Motorway from Nyingchi to Gongbo’gyamda section as
an example, using a modified remote sensing ecological index to evaluate the ecological
environmental quality within a 5 km range on both sides of the highway from 2012 to
2020, studying its change trends and analyzing the reasons for the change in order to
provide reference and basis for the ecological environment restoration work after highway
construction in the Xizang region.

2. Study Area and Materials
2.1. Study Area

The Lhasa-Nyingchi Motorway, also known as the Lhoka-Lhasa Expressway, has a
total length of 409.2 km and is the first phase project of the “12th Five-Year Plan” key project
in the Xizang region of China. The Nyingchi to Gongbo’gyamda section of the highway
is 114.3 km long and runs parallel to the Lhasa to Nyingchi section of National Highway
318. It is primarily designed as a dual-carriageway with four lanes, and construction
began in late May 2013. The section was officially opened to traffic on 15 September 2015.
This section is located in the southeastern part of the Xizang region, in the northwest
of Nyingchi Prefecture, with coordinates ranging from 29°31'N to 29°54'N and 93°10'E
to 94°27'E. It is situated in the central part of Bayi District and the southeastern part of
Gongbo’gyamda (Figure 1). Vegetation is the main component of the ecosystem in this
region. The Nyang River valley area is mostly wetlands and water bodies, while the land
use types around the highways are mainly forests and shrubs. Influenced by the warm
and humid air currents of the Indian Ocean, the vegetation in the study area belongs to the
semi-humid temperate mountain vegetation and has a clear vertical distribution pattern.
The land use of the residential area is mainly farmland, with no obvious impervious areas.
The region has a large range of elevation, a complex and diverse climate, and significant
local climate differences, making it prone to natural disasters such as hailstorms, drought,
or floods [27-30]. The highways mainly traverse the middle and lower reaches of the
Nyang River valley, which is characterized by a wide valley landform with flat terrain,
facilitating the implementation of linear engineering. However, there are risks of collapse
and debris flows on the mountainsides on both sides of the Nyang River valley [31].
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Figure 1. Location of Nyingchi to Gongbo’gyamda section of Lhasa—Nyingchi Motorway.

2.2. Data Source and Preprocessing

The remote sensing data used in this study mainly come from the MODIS (moderate-
resolution imaging spectroradiometer) data provided by the Google Earth Engine (GEE)
platform. MODIS is a remote sensing product carried by the Terra and Aqua satellites; it is
used to observe global climate change and biological activities. The MODIS data products
used in this study are processed and analyzed synthetic images, with imaging time ranging
from July to September between 2012 and 2020. This period represents the peak growing
season for vegetation in the Xizang region and helps distinguish vegetation areas from bare
land and snow-covered areas. Five types of MODIS data products (Table 1) were used in
this study. These data products have high quality and have undergone radiometric and
atmospheric corrections. However, due to geometric distortions, geometric correction was
performed using the reproject and resample functions in the GEE platform. Other data
processing tasks, such as mosaicking, mask extraction, and uniform resolution, were also
implemented by coding in the GEE platform. Finally, the indicator data for the study area
could be calculated.

Table 1. Data details.

Index Product Spatial Resolution (m)  Time Resolution (d) Time
NDVI/FVC MOD13Q1 250 16 2012-2020
LAI MCD15A3H 500 8 2012-2020
GPP MOD17A2H 500 8 2012-2020
LST MOD11A2 1000 8 2012-2020
Wet MOD09A1 500 8 2012-2020
2.3. Method

In recent years, vegetation changes have dominated ecological research in the Xizang
region of China. The original RSEI (remote sensing ecological index) [6] only used vegeta-
tion indices (VI) to represent vegetation. However, in this study, considering the extremely
limited ecological carrying capacity and increased sensitivity to greenhouse effects in the
Qinghai-Xizang Plateau, detecting short-term vegetation changes becomes particularly
important [32,33]. Therefore, this study incorporates the leaf area index (LAI), which re-
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flects vegetation growth quality, and the gross primary productivity (GPP) index, which
reflects vegetation carbon sequestration capacity, to improve the vegetation index in the
evaluation system. Soil wetness can be used as an important indicator for monitoring
soil degradation. Additionally, Yijin Wu [34] found that the land surface temperature
(LST) in the Xizang region is positively correlated with vegetation growth; specifically, this
abnormal phenomenon is manifested as follows: the larger the aridity index, the better the
ecological environment. Therefore, this study uses the LST and the wetness (Wet) to replace
the original TVDI(Temperature Vegetation Dryness Index). Finally, the five indicators of
greenness (FVC, LAIL and GPP), warmth (LST), and wetness (Wet) were used to construct
an improved RSEI [7] (MRSEI).

2.3.1. Indicator Calculation

(1) Greenness

FVC (Fractional Vegetation Cover) is the percentage of the area covered by vegetation
in relation to the total surface area. It is a simple measure of vegetation coverage and
growth and a key factor in soil and water conservation and ecological assessment [35]. FVC
can be used to estimate shrub biomass in high mountain or subalpine environments [36].
In this study, FVC is derived using the normalized difference vegetation index (NDVI)
and pixel-based binary method [37]. The NDVI is primarily derived from MODIS data
products, as shown in the following formula:

NDVI = NDVIyeg x FVC + NDVIgy x (1~ FVC) 1)

NDV Iy and NDV I, represent the NDV I values in areas with complete vegetation
coverage and areas with complete bare soil or no vegetation coverage, respectively. The
calculation formulas are as follows:

FVCpax X NDV I — FVCyin X NDV Iyax
FVCmax - FVCmin

NDV i = ()
(1= FVCin) X NDVIugx — (1 = FVCpiax) X NDV I,
Fvcmax - Fvcmin

Since the MODIS data used in this study were acquired from July to September,
which is the period of the year with the best vegetation growth in the study area, we can
approximate that FVCy = 100% and FVC,,;, = 0%. Based on the pixel-based binary
method, the vegetation coverage model is defined as follows:

NDVIyeg = ©)

NDVI — NDV I,
NDVImar — NDVIm

FVC = 4)

In the equation, NDVI,,,4y represents the normalized difference vegetation index value
of pixels with vegetation coverage, while NDV I,,,;,, represents the normalized difference
vegetation index value of pixels with complete bare soil. Since the study area is mostly
inaccessible and obtaining extensive field measurements is challenging, this study uses
the confidence interval values of the cumulative frequency of NDVT at 5% and 95% as the
NDVI,;, and NDVI,,,, values.

The leaf area index (LAI) is a dimensionless parameter that measures the amount
of foliage in the canopy and is used to reflect the vegetation growth quality in the study
area [38]. In this study, the MODIS data product MOD15A3H is used to obtain LAI data
for the study area. The calculation formula is as follows [39]:

LAI = 0.1 x DN (5)

DN 4 represents the gray value of the leaf area index image except for bare land,
glaciers, or water areas.
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Gross primary productivity (GPP) refers to the total amount of organic carbon fixed by
vegetation through photosynthesis in a unit of time. The accumulation of organic carbon
by vegetation is a driving force for multiple ecosystems and a key component of land
carbon balance, mainly reflecting the carbon source-sink status of vegetation in the study
area [40]. In this study, the MOD17A2H product of GPP is extracted at the grid level and
dimensionless processing is applied to obtain the distribution of GPP in the study area.

(2) Heat

The thermal index utilizes land surface temperature (LST), which refers to the surface
temperature of the Earth’s land surface that has been corrected for emissivity. It is measured
in degrees Celsius (°C) and is an important surface parameter that controls the energy
balance between the atmosphere and the land surface. The process of extracting LST
involves converting the digital number (DN) values from the MOD11A2 product data into
Celsius to represent the distribution of land surface temperature in the study area. The
calculation formula is as follows:

LST = 0.02 x DN — 273.15 (6)

(3) Wet

This study utilizes a modified tasseled cap transformation (Kauth-Thomas, K-T)
formula [41] to extract the wetness index. The K-T transformation is a method based on
image physical characteristics, which uses a linear orthogonal transformation to project
and transform multi-spectral remote sensing images into three-dimensional space. This
method is used to reflect the degree of plant growth and withering, as well as changes in
land information.

We use the MOD09A1 surface reflectance product, which is sensitive to land moisture
information in certain bands, to calculate the humidity of the study area. The formula is
as follows:

Wet = 0.1147p; + 0.24890, + 0.2408p3 + 0.3132p, — 0.312205 — 0.6416p5 — 0.5087p;  (7)

01 ~ p7 The seven bands of reflectance in the MODO09A1 surface reflectance product
are red, NIR1, Blue, Green, NIR2, SWIR1, and SWIR2.

2.3.2. Weight Determination
(1) Principal component analysis (PCA)

Principal component analysis (PCA) is a commonly used statistical analysis method
that can combine several correlated indicators into a mutually independent composite
index through a linear transformation. The advantage of PCA is that it can reduce the
dimensionality of the indicators while retaining the maximum principal components, and
the determination of weights is objective. The steps for determining weights based on PCA
are as follows: (1) Standardize the original data. (@) Calculate the correlation coefficient
matrix of each indicator. ) Calculate the eigenvalues, contribution rates, and cumulative
contribution rates of each principal component. ¥ Calculate the loading values of each
principal component. ) Obtain the scores of each principal component. (6) Calculate the
weight of each indicator; the formula is as follows:

i
pci X e;
PC = 8
L VE<E ®

where PC represents the score coefficient of each indicator, pc; represents the load of
each principal component, ¢; represents the variance contribution rate of each principal
component, k; represents the eigenvalues of each principal component, and E represents
the cumulative contribution rate of the extracted principal components. Finally, the weights
of each indicator can be obtained by normalizing the PC.
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(2) Combination weight method based on game theory

Game theory (GT) can effectively utilize the combined information of subjective
weights (SW) and objective weights (OW) and obtain the most balanced weights, also
known as combined weights (CW). Supposing that the weight set generated by using a
weighting method for m basic indicator vectors is w1, the weight vector obtained by n
empowerment methods is then w;:

w1 = W11, W12, W13, - -+, Wi 9)

Wi = (W1, Wi, W3, - -, W] = w1, w2, w3, ..., wyl,i=1,2,...,n (10)

The arbitrary linear combination W of the n vectors is as follows:
W=Y vw,i=12...,n (11)

Solving the optimal combination coefficient ; to minimize the deviation between the
combination weight and the weight involved in optimization can be achieved through the
following function:

n
min|| Y viw] — ]|, i=1,2,...,n (12)
i=1

Solving the first derivative of the above equation for optimization yields the following
equivalent linear equations:

Y1 w1><w1T w1><w2T lean; lew,{

Y2 wy X a]{ wy X sz wy X w,{ wy X cuzT
n
Z ")/Zwlw;r _ . % . . . . _ . (13)
i . . . . . .

Yn [ ><a;1T wy, ><sz Lo Wy xw{ Wy Xw,{

The process of calculating the combined weight (1, 72, . ., 7x), and then standardizing
it to obtain the optimal combination weight w*, can be expressed as follows:

n
w*zZvixwf,izl,Z,...,n (14)
i=1

Finally, we use the comprehensive index method to calculate the comprehensive
value of the ecological environment, the MRSEI, which can be expressed by the following
formula:

P
MRSEI = Zwl* * X (15)
i=1
where x; represents the standardized value of the i-th indicator, w} represents the optimal
combined weight of the i-th indicator, and P represents the number of evaluation indicators.

3. Results and Analysis
3.1. PCA and Combination Weights

This study utilized IBM SPSS Statistics 25.0 to perform a principal component analysis
on the indicator data. Table 2 presents the results of the principal component analysis
for the years 2012 and 2020. It can be observed that the cumulative contribution rates of
the first three principal components are all greater than 85%, indicating that these three
components capture the majority of the characteristics of the five indicators. Specifically,
PC1 has high loading values for FVC, LAI, and GPP, PC2 has a high loading value for Wet,
and PC3 has a high loading value for LST. Therefore, we can summarize the extracted
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principal components as follows: PC1 represents the vegetation factor, represented by FVC,
LAI, and GPP; PC2 represents the humidity factor, represented by Wet; and PC3 represents
the thermal factor, represented by LST.

Table 2. Results of PCA in 2012 and 2020.

2012 2020
Index
PC1 PC2 PC3 PC1 PC2 PC3
FVC 0.847 —0201  —0.066 0.858 —0.241 0.056
LAI 0.909 ~0.005  —0.002 0.894 0134 0128
GPP 0.86 ~0.095 0.25 0.882 ~0.103 024
Wet 0.081 0.806 0.572 0.226 0.88 ~0.404
LST 0.293 0.65 ~0.693 0.496 0.439 0.745
Eigenvalues 2.375 1.123 0.874 261 1.053 0.794
Variance Contribution 47.5 22.454 17.479 52.201 21.059 15.884
Rate (%)
Total Contribution 475 69.954 87433 52201 73.26 89.144
Rate (%)

Based on the principal component analysis results, the weights for each indicator can
be calculated for each year from 2012 to 2020. These weights are then combined with the
weights obtained from the analytic hierarchy process (AHP) to calculate the composite
weight coefficients. Taking 2012 and 2020 as examples, the final weights are shown in
Table 3.

Table 3. Index weight in 2012 and 2020.

2012 2020

Index

(02 SW CW oW SW CW
FvC 0.1750 0.3178 0.2412 0.1884 0.3178 0.2575
LAI 0.2367 0.1761 0.2086 0.1890 0.1761 0.1821
GPP 0.2477 0.1761 0.2145 0.1752 0.1761 0.1757
Wet 0.2570 0.165 0.2143 0.1439 0.165 0.1552
LST 0.0836 0.165 0.1214 0.3036 0.165 0.2295

3.2. Analysis on the Overall Change Trend of Ecological Quality

As shown in Table 4, the MRSEI values for the Lhasa-Nyingchi Motorway segment
from Nyingch to Gongbo’gyamda in the years 20122020 are as follows: 0.5885, 0.5951,
0.5296, 0.6202, 0.59, 0.5777, 0.5898, 0.5703, and 0.5987. Overall, compared to before the
construction of the highway in 2012, the MRSEI value in 2020 has slightly increased,
but there is significant fluctuation in the MRSEI values each year. The MRSEI values
showed a noticeable decrease from 2013 to 2014, which is closely related to highway
construction. The MRSEI values then increased significantly from 2014 to 2015, mainly
due to the implementation of ecological restoration projects. From 2015 to 2017, there was
a slow decline in the MRSEI values, but from 2017 to 2020, the MRSEI values showed a
stair-step growth trend, indicating that the ecological restoration work was challenging but
that the ecological environmental quality was improving overall.

Table 4. MRSEI from 2012 to 2020.

2012 2013 2014 2015 2016 2017 2018 2019 2019
MRSEI  0.5885 0.5951 0.5296  0.6202 0.59 05777  0.5898  0.5703  0.5987

Figure 2 shows the spatiotemporal changes in the ecological environmental quality of
the study area. The MRSEI values were divided into five categories: poor, fair, moderate,
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good, and excellent, with intervals of 0.2. It can be observed that in 2015, the ecological
environmental quality was rated as good, while the rest of the years were rated as moderate.
In terms of the spatial distribution of the MRSEI values in the nine periods, the ecologi-
cal environmental quality gradually decreased from the eastern segment to the western
segment. The areas with good and excellent ecological quality were mainly located in the
southeastern part of the study area, where the humidity and temperature conditions were
favorable and the vegetation coverage was relatively high. The areas with poor, fair, and
moderate ecological quality were primarily located in the road area and the peripheral
areas of the central and western segments. This is mainly due to the higher altitude and
colder, drier climate in these areas, resulting in relatively lower vegetation coverage. The
relatively poor ecological environmental quality in the western segment may also be related
to the denser distribution of local residential areas.

h

10

Legend

. o

Hoderate

Good.

I Excellent

Figure 2. Spatial distribution of MRSEI values of the Nyingchi-Gongbo’gyamda section of the
Lhasa—Nyingchi Motorway from 2012 to 2020.

The area and proportion of the ecological environmental quality in the study area for
the nine periods were statistically analyzed (Table 5, Figure 3). It can be observed that
the proportion of good ecological environmental quality was the largest, followed by the
moderate category, from 2012 to 2020. The ecological environmental quality structure in
2012-2013 was similar, with the most significant variation occurring in 2014; the proportions
of poor, fair, and moderate ecological quality were the highest in the nine-year period,
and the MRSEI value was the lowest. Although the MRSEI value in 2015 was the highest
in the nine years, there was no significant change in the area of good ecological quality
compared to the previous year, and the area of moderate quality was the lowest in the
nine years, decreasing by 9.72% compared to 2014. It is worth noting that in 2015, the
area of excellent ecological quality reached 21.48%, which was nearly 10% higher than
the average proportion of excellent quality in the other seven years, excluding 2014. This
can be attributed to the construction period of the highway from 2013 to 2015, with full
construction taking place in 2014, stripping the original vegetation and damaging the
ecological environment along the route, resulting in a sudden decrease in the MRSEI
value in 2014. However, in 2015, thanks to the smooth implementation of the highway
ecological environment project, the MRSEI value rapidly increased. After the construction
was completed, the construction facilities were removed, construction waste was cleared,
depressions were leveled, and the original vegetation and turf were replanted, leading to a
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significant improvement in the overall ecological environmental quality in a short period
of time. Clearly, the ecological environmental quality in the road area and the peripheral
areas of the study area has been significantly improved. The proportions of excellent, good,
and moderate levels showed a declining trend in 2016 and 2017, indicating a slight rebound
in the ecological restoration effect, mainly due to the higher requirements for transplanting
vegetation in the high-altitude ecological environment. The ecological environmental
quality structure in 2018 was similar to that in 2017, with similar proportions of excellent
and good levels, but there was a noticeable increase in the proportion of excellent quality
areas in 2018. Looking at Figure 2, it can be further observed that these increased areas were
mainly located in the southern part of the eastern segment of the study area. Compared
to 2018, the MRSEI value decreased in 2019, and the area of excellent quality decreased
by 6.12%. Although there was a slight increase in the proportion of good-quality areas,
the combined proportion of excellent and good levels was lower than in 2018. In 2020, the
overall ecological quality level was good, with a 1.01% decrease in the area of excellent
quality compared to 2012, while the area of good quality increased by 5.46% and had the
highest proportion in the nine years. The area of moderate quality decreased by 2.74%, and
the combined area of poor and fair levels was the smallest in the nine years. In conclusion,
the ecological environmental quality in the study area in 2020 did not show significant
changes compared to before the construction of the highway.

Table 5. Statistics of MRSEI area proportions in different years.

Excellent Good Moderate Fair Poor
S/km? Pct./% S/km? Pct./% S/km? Pct./% S/km? Pct./% S/km? Pct./%

2012 172.8125 10.51 728.3125 443 434.4375 26.43 237.75 14.46 70.6875 4.3

2013 232.0625 14.12 688.25 41.86 405.0625 24.64 235.75 14.34 82.875 5.04
2014 72.5 4.41 640.0625 38.93 511.3125 31.1 292.6875 17.8 127.4375 7.75
2015 353.1875 21.48 652.6875 39.7 351.4375 21.38 211.5 12.86 75.1875 4.57
2016 147.8125 8.99 765.6875 46.57 428.5 26.06 234.125 14.24 67.875 413
2017 146.0625 8.88 740.3125 45.03 423.5 25.76 230.5 14.02 103.625 6.3

2018 221.125 13.45 676.1875 41.13 424.0625 25.79 234.75 14.28 87.875 5.35
2019 120.5 7.33 742.875 4519 439.125 26.71 237.75 14.46 103.75 6.31
2020 156.1875 9.5 818.0625 49.76 389.4375 23.69 204.5 12.44 75.8125 461
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Figure 3. Changes in the proportion of MRSEI levels in the Nyingchi-Gongbo’gyamda section of the
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Furthermore, the sums of the proportions of good and excellent quality (GE%) were
separately calculated. The GE% for the years 2012-2020 are as follows: 54.81%, 55.98%,
43.34%, 61.18%, 55.56%, 53.91%, 54.58%, 52.52%, and 59.26%. Obviously, the GE% initially
decreased due to road construction, then increased due to the implementation of ecological
environment projects and ecological restoration, followed by a stepwise increase.

3.3. Analysis of the Spatial and Temporal Evolution of Ecological Quality

In order to further analyze the dynamic changes in the ecological environmental
quality of the Nyingchi-Gongbo’gyamda section from 2012 to 2020, Table 6 presents the
calculation of the difference in the modified remote sensing ecological index (MRSEI) for
every two years. The difference values are categorized into five levels: significantly deterio-
rated (—2), deteriorated (—1), essentially unchanged (0), improved (+1), and significantly
improved (+2). Figure 4 provides a visual representation of the proportions of each category
and their changes over time.

Table 6. Monitoring of the level of MRSEI changes from 2012 to 2020.

The Ratio and Significantly o Significantly
Years Area of Changes Worse Worse Invariability Improved Improved
Change Area
20122014 (km?) 0.3125 545.375 990.0625 107.4375 0.8125
Percentage (%) 0.02 33.17 60.22 6.54 0.05
Change Area
. . .187! .
2014-2016 (km2) 0 86.0625 1028.125 529.1875 0.625
Percentage (%) 0 5.23 62.54 32.19 0.04
Change Area
1.12! 199.2 1243.7. 199.87.
2016-2018 (km?) 5 99.25 3.75 99.875 0
Percentage (%) 0.07 12.12 75.65 12.16 0
Change Area
0.4375 193.0625 1192.875 256.75 0.875
2018-2020 (km?)
Percentage (%) 0.03 11.74 72.56 15.62 0.05

2016-2018

Legend
I sicnificantly Worse
- Worse
Invariability
Improved

[ sienificantly Improved

Figure 4. Dynamic changes of the MRSEI in the Nyingchi-Gongbo’gyamda section of the Lhasa—
Nyingchi Motorway from 2012 to 2020.

138



Remote Sens. 2024, 16, 265

Combining Table 7 and Figure 5, it can be observed that the ecological quality remained
relatively stable across the four periods. The proportion of areas with deteriorated ecological
quality was highest in the 2012-2014 period, accounting for 33.17% of the total area. The
proportions of areas with unchanged and improved ecological quality were the lowest in
the four periods. Clearly, the construction of the highway had a significant impact on the
local ecological environmental quality. Figure 4 reflects that the regions with deteriorated
ecological environments were mainly located along the road and at the edges of the study
area. During the 2014-2016 period, only 5.23% of the area experienced deteriorated MRSEI,
while the proportion of areas with improved ecological quality reached 32.19%. This
improvement can be attributed to the restoration effects of ecological environment projects.
Overall, the ecological quality of the study area showed a positive trend. From the MRSEI
changes in the 20162018 period, it can be seen that the ecological environmental quality in
the study area exhibited a rebound trend. Looking at Figure 2, it is evident that the areas
with deteriorated ecological quality were mainly located along the road and at the edges
of the study area, indicating the high ecological sensitivity and the difficulty of ecological
restoration in the alpine region. The changes in the 20182020 period were similar to the
previous period. Looking at the 2016-2018 period, it can be observed that the proportion
of areas with unchanged ecological quality tended to stabilize. With the continued efforts
in ecological governance, the transplanted vegetation can better adapt to the local climate
and environment.

Table 7. Monitoring of MRSEI changes in the Nyingchi-Gongbo’gyamda section of the Lhasa-
Nyingchi Motorway from 2012 to 2020.

Change Area o Total Change Total Percentage
Change Level (km?) Percentage (%) (km?) %)
Significantly Improved 1.9375 0.12
Improved Improved 287.0625 17.46 289 17.58
Invariability Invariability 1142.5 69.5 1142.5 69.5
Worse 212.375 12.92
Degenerate Significantly Worse 0.1215 0.01 2125 12.93
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Figure 5. Changes in the level of the MRSEI from 2012 to 2020.

Table 7 presents the calculation of the MRSEI difference between the year before road
construction in 2012 and the fifth year after road implementation in 2020. It is evident
that the overall ecological quality in the study area remained relatively stable from 2012
to 2020, with a value of 69.5%. The majority of this ecological quality was concentrated
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in the western and central parts of the study area. Additionally, a significant proportion
(17.58%) of the area experienced improvement in ecological environmental quality, mainly
located in the central and western sections, as well as the periphery of the entire study area.
Lastly, there were areas where ecological quality degraded, primarily in the eastern-central
part of the study area. Table 8 analyzes the overall changes in ecological quality using a
transition matrix. With the exception of the “excellent” and “poor” levels, the proportion
of each ecological quality level that remained unchanged was the largest. Additionally,
the proportion of transitions between two or more levels was relatively small, regardless
of whether the changes were “improved” or “degenerate”. For each level, except for the
“excellent” level, the proportion of improvements was greater than that of degradations.

Table 8. Level transfer matrix of the MRSEI for the Nyingchi-Gongbo’gyamda section of the Lhasa-
Nyingchi Motorway from 2012 to 2020 (%).

2012

Level Excellent Good Moderate Fair Poor

Excellent 33.35 12.88 0.95 0.21 0.18

Good 65.39 75.98 32.10 4.57 1.95

2020 Moderate 127 10.36 5422 29.60 8.31
Fair 0.00 0.71 11.57 49.21 45.36

Poor 0.00 0.07 1.17 16.40 4421
Rate of change 9.62 —12.32 10.36 13.99 —7.25

From the perspective of MRSEI level transitions, the proportions and areas of land that
did not undergo transitions from the “excellent” to “poor” ecological quality levels are as
follows: 33.35%/57.625 km?, 75.98%/553.375 km?, 54.22%/235.5625 km?, 49.21%/117 km?,
and 44.21%/31.25 km?. Among them, the land with “good” and “fair” ecological quality
levels had a larger area that did not undergo any transitions. Therefore, the land with
unchanged ecological environmental quality from 2012 to 2020 was mainly dominated by
“good” and “fair” levels.

In terms of improvements in ecological environmental quality levels, the proportions
and areas of land that transitioned from “poor”, “fair”, “moderate”, and “good” to the next
higher level are as follows: 45.36%/32.0625 km?, 29.61%/70.375 km?, 32.1%/139.4375 km?,
and 12.88%/93.8125 km?, respectively. It is evident that there was a significant increase
in the areas for all categories. Therefore, improvements in ecological environmental qual-
ity were evident in all four levels: “poor”, “fair”, “moderate”, and “good”. In terms of
degradation types, the proportions and areas of land that transitioned from “excellent”,
“good”, “moderate”, and “fair” to the next lower level are as follows: 65.39%/113 km?,
10.36%,/75.4375 km?, 11.57%/50.25 km?, and 16.4%/39 km?, respectively. It can be seen
that there was a higher proportion of degradation in the “excellent” and “good” categories.
Therefore, the degradation of ecological quality mainly occurred in the transition from “ex-
cellent” to “good” and “good” to “fair”. In summary, the ecological environmental quality
in the study area was slightly better in 2020 than in 2012, with more obvious improvements
in the central and western sections. The areas with significant ecological degradation were
mainly located in the eastern part of the study area, where the “excellent” and “good”
ecological quality levels were degraded to “good” and “moderate”, respectively.

4. Conclusions

This study mainly utilized MODIS data from the GEE platform and combined it with
the characteristics of the Xizang region. By introducing a combination weighting method
based on GT, the RSEI was improved to evaluate the ecological environmental quality of the
Lhasa-Nyingchi Motorway’s Nyingchi to Gongbo’gyamda section. The main conclusions
are as follows:

(1) The overall ecological environmental quality of the Nyingchi to Gongbo’gyamda
section has significant regional differences. The quality of the ecological environment
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decreases from east to west. In the central and eastern sections, the ecological environ-
mental quality is better on the southern side compared to the northern side. The areas
with better ecological quality are mainly located in the southeastern part, while areas
with poor, fair, and moderate ecological quality are mainly located in the roadside
areas and the peripheral regions of the central and western sections.

(2) During the process of highway construction and operation, the ecological environ-
mental quality shows a trend of “initial decline, subsequent improvement, and then a
stair-step increase”. The construction of the highway is the primary driver of ecologi-
cal degradation in the study area, significantly reducing its ecological environmental
quality. However, short-term ecological restoration and compensation efforts have
allowed for the recovery of the ecological environmental quality, followed by a stair-
step growth. This is mainly due to the strong ecological sensitivity of the Xizang
region, as well as its unique geographical and climatic characteristics such as high
altitude and large diurnal temperature differences, which increase the difficulty of
ecological restoration.

(3) The ecological environmental quality in the study area from 2012 to 2020 mainly
remained unchanged; with the area of improved ecological quality being greater than
the degraded area, the ecological restoration project of the Lhasa-Nyingchi Motorway
has shown significant effectiveness. The unchanged rate of ecological environmental
quality is 69.5%, mainly occurring in good and moderate levels. In the area where
the quality of the ecological environment has changed, there were significant im-
provements in all four levels of ecological quality: poor, fair, moderate, and good,
mainly occurring in the middle and western sections. The types of ecological quality
degradation mainly transformed from excellent to good and good to moderate, with
the transformation being more pronounced in the central and eastern parts of the
study area.

Overall, the assessment results validate the importance of ecological restoration
projects. However, it is worth noting that due to the high cloud cover in the Nyingchi
region from July to September, both Landsat and Sentinel data were not available for
use in this study. As a result, the assessment primarily relied on MODIS imagery data
and lacked consideration of factors such as meteorology and economic development. In
future research, the focus will be on integrating high-temporal-resolution land satellite
data, meteorological data, and other relevant factors for a more in-depth analysis. This
aims to further enhance the effectiveness of ecological restoration in the Xizang region.
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Abstract: This study presents a novel method for assessing landslide hazards along highways using
remote sensing and machine learning. We extract geospatial features such as slope, aspect, and rainfall
over Guangxi, China, and apply an extreme gradient boosting model pre-trained on contiguous
United States datasets. The model produces susceptibility maps that indicate landslide probability at
different scales. However, the lack of accurate data on historical landslides in Guangxi challenges the
model evaluation and comparison between regions. To overcome this, we calibrate the model to fit
the local conditions in Guangxi. The calibrated model agrees with the observed landslide locations,
implying its capability to capture regional variations in landslide mechanisms. We apply the model at
a 30 m resolution along the Heba Expressway and validate it against reports from July 2021 to March
2022. The model correctly predicts five of seven landslide events in this period with a reasonable
alarm rate. This framework has the potential for large-scale landslide risk management by informing
transportation planning and infrastructure maintenance decisions. More data on landslide timing
and human disturbance events may improve the model’s accuracy across diverse geographical areas
and terrains.

Keywords: landslide hazard assessment; remote sensing data; XGBoost algorithm; highway; pre-
trained model

1. Introduction

Landslides are a common natural disaster that pose a significant threat to human
society and the environment. They can be triggered by various factors, such as intense
rainfall, earthquake shaking, water level change, or human activities [1]. The occurrence
of landslides is often accompanied by secondary disasters such as mudflows, which can
endanger lives and property [2]. In recent years, the frequency and scale of landslides have
increased due to factors like climate change and human activities [3,4].

Guangxi Zhuang Autonomous Region in China is a region prone to landslides due to
its complex terrain and landform, which are affected by natural hazards such as typhoons
and heavy rains. Landslides in Guangxi often cause damage to infrastructure and agri-
cultural land, and even lead to casualties. For instance, the Jingxi landslide in June 2010
resulted in 26 deaths and 4 missing. Therefore, it is important to conduct research on land-
slide hazard assessment techniques to better forecast and prevent landslides in Guangxi,
which can enhance the protection of the local people and the sustainable development of
the region. However, traditional field investigation approaches are often time-consuming,
expensive, and difficult to implement for regional-scale analysis.

Landslide hazard assessment is a complex task that involves several aspects. It requires
the identification of landslide-prone areas, the evaluation of landslide-triggering factors,
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the estimation of landslide frequency and magnitude, and the assessment of potential
consequences and risks. Different methods have been developed and applied for landslide
hazard assessment, depending on the scale, purpose, data availability, and complexity
of the problem [5,6]. The main challenges of landslide hazard assessment are to select
appropriate methods, integrate multiple factors and sources of uncertainty, and validate
and communicate the results effectively. Some of the commonly used methods for landslide
hazard assessment are heuristic, statistical, deterministic, probabilistic, and multi-criteria
decision-making methods [7]. Heuristic methods are based on expert knowledge and
experience, and they assign qualitative ratings or weights to different factors influencing
landslides [8]. Statistical methods are based on empirical relationships between landslide
occurrence and explanatory variables, and they use mathematical models to calculate
the probability of or susceptibility to landslides [2]. Deterministic methods are based
on physical laws and principles, and they evaluate the stability or instability of slopes
under given conditions [9]. Probabilistic methods are based on stochastic models and
Bayesian inference, and they estimate the likelihood or frequency of landslides considering
uncertainties in input data and parameters [10]. Multi-criteria decision-making methods
are based on analytical techniques and fuzzy logic, and they combine multiple criteria and
preferences to rank or classify landslide hazards [11]. Each method has its advantages and
limitations, and no single method can be universally applicable or optimal for all situations.
Therefore, it is important to choose a suitable method according to the objectives, data
availability, scale, and complexity of the study area. Moreover, it is also useful to compare
different methods or combine multiple methods to improve the reliability and accuracy of
landslide hazard assessment.

Recent advances in remote sensing and machine learning provide powerful tools for
landslide hazard assessment over large areas [12-18]. Remote sensing techniques enable the
acquisition of key biophysical indicators related to slope instability over vast areas. Machine
learning algorithms can detect complex patterns from big data and generate predictive
models. Studies have applied remote sensing and machine learning for landslide hazard
assessment, but there are still challenges and opportunities for further development [19-21].

This study introduces a novel methodology for landslide hazard assessment along
highways that integrates an extreme gradient boosting (XGBoost) model and geospatial
analysis. The framework uses remote sensing imagery and geospatial data to capture
the variations in topography, hydrology, soil properties, and vegetation conditions over
Guangxi, China. XGBoost is an efficient and scalable end-to-end tree-boosting system that
has achieved state-of-the-art results on many machine learning challenges [22-25]. It can
capture complex and nonlinear relationships between landslide factors and susceptibility,
and it can also handle imbalanced data and missing values effectively [26]. In our proposed
framework, we adopt the XGBoost algorithm to first pre-train a base model on United
States (U.S.) datasets and then calibrate it for local conditions in Guangxi using statistical
approaches. The calibrated model is then applied to a 30 m resolution site along the
landslide-prone Heba Expressway for validation with documented landslide events from
2021 to 2022 [27-31]. According to the results of this work, the framework has the potential
to provide quantitative risk assessment over large areas to aid policymaking, reduce loss
from disasters, and promote environmentally sustainable infrastructure in mountainous
regions. Continued progress in remote sensing, machine learning, and computing power is
poised to enable the wider application of this approach worldwide.

The rest of this paper is organized as follows: Section 2 introduces the study area and
the data sources. Section 3 describes the methodology, including the data processing, the
machine learning models, and the evaluation metrics. Section 4 presents the results and
discussion. Section 5 concludes the paper and suggests some future work.
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2. Study Area and Data Sources
2.1. Study Area

The study area of this paper is Guangxi, a coastal autonomous region in southern
China that covers an area of about 237,600 square kilometers. The region has complex
terrain and frequent landslide disasters, which not only pose a great threat to road traffic
safety but also have a serious impact on surrounding residents and enterprises. Guangxi
was chosen as the study area because it is one of the major areas prone to landslides
in China. According to historical data from the catalog, over 15,000 geological hazards
occurred in Guangxi in the past few decades (1950-2020), among which over 4200 landslides
were predominantly located within a 1 km range along roads. Figure 1 shows the spatial
distribution of all recorded landslides along roads in Guangxi from 1950 to 2020.

Legend

+ Landslides
B Roads

0 30 60 90 120 150 ka . 7 Study Area

-

Figure 1. Spatial distribution of landslides along roads in Guangxi from 1950 to 2020.

2.2. Remote Sensing and Terrain Data

In general, landslide risk assessment requires the identification and analysis of various
factors that influence the occurrence of landslides, such as geology, topography, soil type,
vegetation cover, and rainfall patterns. Previous studies have shown that these factors vary
in different regions and need to be selected based on local conditions. In this paper, we focus
on the Guangxi area in China, where landslides are frequent and pose a serious threat to
the local population and infrastructure. Based on the geological terrain, historical landslide
patterns, and existing research in this area, we selected 12 landslide conditioning factors,
namely, slope angle, slope aspect, three types of precipitation, soil moisture, lithology,
vegetation index, two types of land cover, distance to faults, and distance to rivers. In
addition, besides conditioning factors, the landslide catalog is also an important source
of data for landslide susceptibility mapping. It can be used to identify areas prone to
landslides and to develop effective landslide risk management strategies.

1. Slope (1) and aspect (2) are important terrain factors that affect landslide occurrence.
Steep terrain and slopes with different orientations can influence soil stability and the
risk of soil erosion.

2. Daily (3) and antecedent rainfall (4) (7 days in this paper) are important climate factors
that affect soil saturation and pore water pressure. The amount and distribution
of rainfall can both affect soil stability. In addition, to avoid overfitting the pre-
trained models on the training set, this study further incorporated daily accumulated
precipitation information for the past 10 years (5) in the region, which could help
reduce biases caused by differences in regional precipitation distribution.

3. Soil moisture (6) is another important soil factor, and excessive moisture can make
soil unstable and increase the risk of landslides.
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The Normalized Difference Vegetation Index (NDVI) (7), as a vegetation index, can
reflect the density of vegetation. Dense vegetation can reduce soil erosion and improve
soil stability.

Land cover type is a key factor that influences soil stability and affects its physical and
chemical properties. We used two kinds of classification from the Moderate Resolution
Imaging Spectroradiometer (MODIS) in this paper. The first one is the International
Geosphere-Biosphere Programme (IGBP) (8), which consists of 17 classes defined by
the IGBP. These data indicate the dominant land cover type for each pixel every year.
The second one is the annual Leaf Area Index (LAI) (9) based on land cover type,
which is an important variable for estimating photosynthesis, evapotranspiration,
and crop growth. Moreover, by combining annual LAI with the latest NDVI, we can
capture the heterogeneity and dynamics of land surface properties in our model.
Lithology (10) is one of the important factors affecting soil stability, and different types
of rocks can affect the properties and stability of the soil.

Details about all variables utilized in this work can be found in Tables 1 and 2.

Table 1. Selected landslide catalogs.

Landslide Catalog Time Range Landslide Events Reference
https:/ /www.gislounge.com/using-nasas-global-
United States 2009-2020 1963 landslide-catalog-for-landslide-risk-management/
(accessed on 13 May 2023)
Guangxi 1950-2020 4229 /
Heba Expressway 2021.01-2022.03 7 /
Table 2. Selected indicators and data sources.
. Time Spatial
Indicator Source Dataset Resolution Resolution Reference
https:/ /lpdaac.usgs.gov/
Slope and Aspect ASTGTM3 DEM DEM / 30 m products/astgtmv003/
(accessed on 13 May 2023)
https://gpm.nasa.gov/data/
Rainfall GPM Level 3 IMERG Precipitation 1 day 10 km directory (accessed on
Late Daily
13 May 2023)
. https:/ /grace jpl.nasa.gov/
. . Root zone soil
Soil Moisture SMAP L4 ) . 1 day 9000 m data/get-data/ (accessed on
moisture percentile 13 May 2023)
MODIS Surface https:/ /lpdaac.usgs.gov/
Reflectance 1 day 500 m products/mod09gav061/
Daily L2G accessed on 13 May 2023
NDVI i Surface Reflectance (http 7 /Ipd Y /)
. s:/ /lpdaac.usgs.gov
Harmonized (I;?i‘g)sat 23 days 30m products /hls130v002/
(accessed on 13 May 2023)
https:/ /lpdaac.usgs.gov/
MODIS Land LC_Typel(IGBP) 250 m products/modis_products_
Cover Type and 3(LAI) table/mcd12q1 (accessed on
Land Cover Types 1year 13 May 2023)
. https:/ /essd.copernicus.org/
CBEIZJ;?‘(‘SLCC"ST‘ / 30m articles/13/3907/2021/
(accessed on 13 May 2023)
https:/ /www.earthdoc.org/
. Global Lithological content/papers/10.3997 /22
Lithology Map (GLiM) / / / 14-4609.201802924 (accessed
on 13 May 2023)
7. Distance to faults (11) and rivers (12) are also important factors influencing landslide

occurrence. Faults can weaken the rock mass and make it vulnerable to sliding. Rivers
can erode the toe of slopes and cause bank collapse. In addition, river erosion and
undercutting on the outside bends of meandering rivers can also trigger landslides.
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3. Methodology
3.1. Landslide Hazard Assessment (LHA) Framework

The steps of landslide hazard assessment may vary depending on the scale, purpose,
and data availability of the study. However, a general framework can be summarized
as follows:

1. Define the study area and objectives of the assessment.

2. Collect and review existing data on landslide inventory, causative factors, and consequences.

3. Select and apply appropriate methods and techniques for landslide susceptibility,
hazard, and risk analysis.

4. Validate and evaluate the results of the analysis using historical records, field observa-
tions, or expert opinions.

5. Prepare and present landslide hazard maps and reports with recommendations for
mitigation measures and further studies.

In this work, we chose the XGBoost algorithm together with 12 landslide conditioning
factors for implementing the Landslide Hazard Assessment (LHA) model. One of the
challenges we faced while collecting information on landslides in Guangxi was the lack
of detailed geological disaster data. Specifically, the data often did not include important
time information, which is essential for understanding the temporal patterns and trends of
landslides and developing a suitable landslide risk assessment model. To overcome this
challenge, we used a pre-trained model that was based on data from the U.S. with complete
information. Then, we calibrated and transferred the pre-trained model to assess landslide
hazards in the Guangxi area. Additionally, by considering the transferability and generality
of the pre-trained model as well as the larger area and coarse resolution in training data,
the grid cells were chosen as the mapping unit instead of the slope units [32-36].

3.2. XGBoost Algorithm

XGBoost is a powerful machine learning algorithm that has shown a lot of promise
for landslide hazard mapping and assessment. It is an ensemble method that combines
many decision trees to produce robust predictions, even with noisy and complex data.
XGBoost also offers advantages like built-in cross-validation, handling of missing values,
and computational scalability. However, XGBoost also has some significant limitations in
this domain. It may face challenges in extrapolating to new regions. XGBoost is also prone
to overfitting with small datasets and is not inherently interpretable, limiting transparency
for end users. While XGBoost should definitely be considered as a tool for landslide
mapping, it needs to be implemented carefully with these limitations in mind. With issues
of scalability and interpretability adequately addressed, XGBoost can be a highly effective
method for modeling landslide hazards over large areas [22,37-39].

3.2.1. Sample Preparation

Landslides are complex natural phenomenon that involve various factors and have
high uncertainty and randomness. To predict the likelihood of landslides effectively, we
needed to construct a reliable sample set that represented the conditions and characteristics
of landslide occurrence. However, landslides are rare events both globally and regionally,
so using all data in study areas as samples will create a severe imbalance between positive
(landslide area) and negative samples (non-landslide area), which will impair the predictive
performance of the model. Therefore, we applied a date-based sampling method; that is,
on the day of a landslide event, we randomly selected 100 areas that did not experience
landslides as negative samples, which, along with the landslide events as positive samples,
formed a sample data set. This way, we could control the overall ratio of positive to negative
samples in the data while also considering the temporal factors that affect landslides.

Finally, after removing invalid and missing data samples, we obtained a total of
197,431 model samples, including 1963 positive samples and 195,468 negative samples.
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3.2.2. Model Training, Evaluation, and Validation

When training XGBoost, we usually need to divide the dataset into three parts: training
set, test set, and validation set. The training set is used to train the model parameters, and
the test and validation sets are used to evaluate the model’s generalization ability, which is
unknown during the training process to avoid overfitting or underfitting. There are many
ways to create training sets, test sets, and validation sets. A common method is random
splitting. That is, the dataset is shuffled randomly and then allocated to the training set,
test set, and validation set according to a certain proportion.

In this paper, we used the data from 2009 to 2017 from the United States Geological
Survey (USGS) NASA (National Aeronautics and Space Administration) Global Landslide
Catalog and randomly split it into 80% training set and 20% test set. This can ensure that
the distribution of the dataset is uniform and there will be no situation where there are
too many or too few of a certain category or feature. In addition, we also used all the
data after 2018 as a validation set to evaluate the model’s generalization ability. Since the
validation set comes from different time and geographic distributions, it can better test the
model’s adaptability to unknown data. Table 3 shows the three subsets used in this article
for training the model.

Table 3. Summary of datasets for model training.

Dataset Total Time Range Positive Samples
Training 145,738 1478
2009-2017
Test 36,435 335
Validation 15,258 2018-2020 150
Total 197,431 - 1963

Besides a high-quality dataset, the choice of model parameters is also very important
for improving the performance and generalization ability of the model. In this article, we
used the grid search method to determine the model parameters such as the learning rate,
tree depth, and subsampling rate. Grid search is a technique that evaluates the performance
of different combinations of parameters on a given dataset using cross-validation. The
parameter value combined with the highest evaluation metric is finally selected as the
optimal parameter combination. Parameter ranges selected for grid search are shown in
Table 4.

Table 4. Parameters for grid search.

Parameter Name Parameter Content Value Range
Learning Rate The rate at which the model learns 0.001, 0.05, 0.1
Max Depths The maximum depth of the tree 3,4,5,
Subsamples The subsample ratio of the training instances 0.5,0.8,1.0
Camma The minimum loss 1.‘educt10n. TT}e large.r it is, the more 0,0.01, 0.1
conservative the algorithm will be.
Minimum Child Weight The minimum sum of 1.nstanco.3 weight (hessian) 1,2,3
needed in a child
Estimators Number of gradient-boosted trees 100, 200, 300

In terms of the evaluation of model results, we calculated the metrics on the test set
and validation set with the optimal parameters of XGBoost, including overall accuracy
(OA), kappa coefficients, F1-score, true-positive rate (TPR), false-positive rate (FPR), recall,
and Area Under the Curve (AUC). Recall is the TPR, which is the ratio of true positives
to the total number of positives. It assesses how well the model can identify the target
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conditions (in this case, landslides). Overall accuracy measures the total proportion of
correct predictions, regardless of class. However, OA can be misleading when there is
a class imbalance, so additional metrics are needed. The kappa coefficient measures the
proportion of agreement beyond what would be expected by chance alone. It is considered
a robust measure when there are multiple categories and high accuracy that could be due
to class imbalance. The Fl-score is the harmonic mean of recall and precision, providing a
balanced measure of the model’s accuracy on the positive class. Finally, the AUC measures
the area under the Receiver Operating Characteristic (ROC) curve, which plots the true-
positive rate against the false-positive rate at various threshold settings. The AUC ranges
from 0 to 1, with higher values indicating better distinguishing ability between the target
and non-target classes [40-42].
Equations of evaluation metrics are as follows:

TP+ TN
A= 1
OA= TP FP Y ENT TN @
TP
Recall = m (2)
.. TP
Precision = TPLFD 3)

2 x Precision * Recall
F1 - = 4
score Precision + Recall @

(OA—CA)

(1-CA) ©)

Kappa =

(TP + FN)(TP + FP) + (FP + TN)(FN + TN)
(TP 4 FPEN + TN)?

where TP is the number of true-positive predictions, which means the number of positive
samples that are correctly predicted as positive. FP is the number of false-positive pre-
dictions, which means the number of negative samples that are incorrectly predicted as
positive. TN is the number of true-negative predictions, which means the number of nega-
tive samples that are correctly predicted as negative. FN is the number of false-negative
predictions, which means the number of positive samples that are incorrectly predicted
as negative.

CA = (6)

4. Results and Discussion
4.1. Evaluation of Pre-Trained Model in the Contiguous United States

In this section, we compare the performance of seven machine learning algorithms on
three datasets to evaluate their applicability in a landslide hazards assessment task. The
algorithms included XGboost-1, XGBoost-2 (less complex), MLP-1 (MultiLayer Perceptron
with 8 x 8 layers), MLP-2 (16 x 16 layers), MLP-3 (32 x 32 layers), Support Vector Machine
(SVM), and logistic regression (LR).

As mentioned in Section 3.2.2, the metrics used to evaluate the models were AUC,
kappa, F1-score, recall, overall accuracy, TPR, and FPR, which could provide insights into
how well the model is performing and help in comparing different models or algorithms.
However, due to the serious imbalance problem in the landslide and non-landslide samples,
we utilized the weighted recall and Fl-score instead of the recall and Fl1-score for the
landslide class. These weighted metrics were calculated with the classification report
function provided by Scikit-learn in Python.

Finally, we summarize the metrics of seven models on three datasets in Table 5.
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Table 5. Evaluation metrics of 7 pre-trained models.

MLP-1 MLP-2 MLP-3

Metrics Datasets XGBoost-1  XGBoost-2 @8 (16  16) (62 % 32) SVM LR
Training 97 97 95 96 98 88 92

AUC (%) Test 95 96 94 95 93 87 92
Validation 93 93 94 91 90 86 91

Training 81 80 76 79 85 61 68

Kappa (%) Test 78 78 74 77 70 57 70
Validation 68 63 72 68 64 55 67

Training 94 95 93 93 94 91 91

Weighted F1-Score (%) Test 94 95 93 94 94 91 91
Validation 93 94 92 92 93 88 89

Training 89 91 88 89 91 85 84

Weighted Recall (%) Test 89 91 88 89 90 85 85
Validation 88 90 86 88 89 79 82

Training 89 91 88 89 91 85 84

Overall Accuracy (%) Test 89 91 88 89 90 85 85
Validation 88 90 86 88 89 79 82

Training 11 9 12 11 10 15 16

FPR (%) Test 11 9 12 11 10 15 15
Validation 12 10 14 12 11 21 18

Training 92 89 88 90 95 76 84

TPR (%) Test 88 87 86 88 79 72 86
Validation 80 73 86 80 75 75 85

The results above show that the performance of the seven models varies depending
on the dataset and the metric used. To compare them more clearly, we highlight some key
points as follows:

1.  The XGBoost-2 model achieved the best performance in most of the metrics, especially
in Fl-score, recall, FPR, and overall accuracy, which represent the overall classification
ability and precision. However, it also had a significant drop in kappa and TPR on the
validation set, which means it was less consistent and sensitive in LHA.

2. MLP-3 showed similar performance to XGBoost-2, ranking second in most of the
metrics. Compared to XGBoost-2, MLP-3 was slightly inferior, especially on the test
and validation sets. There was a steep decline in metrics from training sets to test and
validation sets, indicating a more serious overfitting problem.

3. XGBoost-1 and MLP-2 also share similar performances in most metrics. In general,
XGBoost-1 was slightly better than MLP-2 as all metrics ranked 1-3 among seven
models. As for MLP-2, most values ranked third but with small gaps (1-2%) with
XGBoost-1. It should be noted that both XGBoost-1 and MLP-2 had an obvious
improvement in TPR but a slight loss in FPR on validation sets compared to XGBoost-
2 and MLP-3. A higher TPR with a relatively low FPR is more valuable for balancing
the accuracy and management cost in engineering applications for LHA.

4. Finally, the SVM and LR models did not outperform XGBoost and MLP models. The
classification performance and generalization ability were relatively poor. However,
the LR model was the most robust one when tested on three datasets. The difference
in metrics only ranged from 2 to 3%.

In summary, based on the overall ranks in metrics, we can infer that the XGBoost-1
model outperformed the other models in this evaluation scenario. The MLP-2 model ranked
second and showed a stable trade-off between TPR and FPR. The XGBoost-2 and MLP-3
models had lower ranks but achieved higher scores in LHA, which could be preferable
for applications that prioritize accuracy over sensitivity and specificity. Therefore, we
finally chose the XGBoost-1 model as the best choice for this problem domain. We also
report the optimal parameters of the XGBoost-1 model in Table 6 and visualize the feature
importance and the ROC curves for this model in Figures 2 and 3. Feature importance is a
technique that assigns a score to each input feature based on how useful it is for predicting
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the target variable. Feature importance scores can help us understand which features are
most relevant for our prediction task, and which ones can be ignored or removed.

Table 6. Values of hyperparameters for pre-trained model.

Parameter Name Values
Learning Rate 0.1
Max Depths 4
Subsamples 0.5
Gamma 0.1
Minimum Child Weight 2
Estimators 200
Tree Method exact
0.14 B Importance
0.12
0.10
0.08
0.06
0.04
0.02
40 S O & e T S& & &
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Figure 2. Feature importance of pre-trained model.
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Figure 3. Plots of ROC curves with different sets.

The results in Figure 2 show that our model identified slope as the most important
factor influencing landslide risk. However, the relationship between slope and landslide
susceptibility is not linear, but rather complex and influenced by multiple factors. The
slope is an important first-order control, but not the only one.
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1. The slope is the most important factor affecting landslide occurrence in the region,
according to the ranking analysis. Aspect also influences landslides but to a lesser
degree. Generally, slope stability decreases when slope and aspect are unfavorable, as
they increase the driving forces. However, when the slope exceeds a certain threshold,
collapse becomes more likely than a landslide. Therefore, setting an optimal maximum
slope value to distinguish between landslide and collapse could further improve the
performance of the LHA model.

2. Climatic factors (daily rainfall, antecedent rainfall, and extreme rainfall) are also
important features of the model. The importance of daily rainfall and antecedent
rainfall (7 days) ranks third and fourth, respectively, indicating that the amount and
distribution of rainfall are important reasons for soil instability in the region. For
example, as rainwater infiltrates into the soil, it fills up the pore spaces and exerts
pressure on soil particles. When the pore pressure builds up rapidly due to intense
daily rainfall, it reduces the effective stress between soil particles that provide shear
strength. This can quickly destabilize the slope and trigger landslides. In contrast,
antecedent rainfall has already had time to drain from the soil, so it contributes less
to elevated pore pressures on the specific day of landslide occurrence. In addition,
sudden heavy rains will also increase the risk of landslides as excessive rainfall can
increase soil saturation and pore water pressure, thus reducing soil shear strength
and stability.

3. Land cover factors (LAl land cover and IGBP land cover) also account for a relatively
large weight in the important features of the model. The importance of LAI and
IGBP classification ranks second and fifth, respectively, reflecting that land use type
has a great influence on slope stability. This is because different land covers have
different impacts on vegetation coverage, soil structure, and hydrological processes,
thus affecting slope stability.

4. Vegetation factors (NDVI) are also one of the features considered in the model. Their
importance ranks ninth, indicating that vegetation cover is also a factor affecting
landslide occurrence, but relatively less than other factors such as terrain, climate, and
land use type. In general, dense vegetation can improve slope stability by reinforcing
soil shear strength through its root system.

5. Geological factors (lithology) and distance to faults and rivers also account for a
certain weight in the model features. The importance of rock type, fault distance, and
river distance ranks 7th, 10th, and 12th, respectively. These factors can weaken the
rock mass and trigger slope collapse.

6.  Soil properties (soil moisture) matter because weaker, more porous soils with low
shear strength saturate more easily and provide less resistance to sliding. Pore pres-
sures rise quickly in these soils during intense rain, reducing stability.

In summary, the proposed LHA model comprehensively considers factors such as
terrain, climate, land use, vegetation, geology, and so on. Among them, terrain, climate,
and land use type are important features of the model, which contribute greatly to the
assessment of landslide risk. The analysis results of the model are reasonable to some
extent and also provide a reference for us to further study the mechanism of landslides and
improve the assessment model.

4.2. Evaluation of Pre-Trained Model Performance in Guangxi

To assess the pre-trained XGBoost model’s generalizability across spatial scales and
regions, two evaluation schemes were deployed for LHA in Guangxi. The first scheme
calibrated the pre-trained model using the local landslide inventory to evaluate landslide
hazards along highways across Guangxi. By calibrating to regional conditions, the pre-
trained model accounted for broad-scale differences influencing slope stability across
Guangxi and generated an overview of landslide susceptibility over a large area. This
examined the model’s ability to adapt to variable controls for land sliding at a regional
scale. The second scheme selected a subsection from 141 to 143 km of the Heba Expressway
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as the validation site to evaluate landslide hazard assessment at 30 m resolution using the
calibrated pre-trained model. This evaluated the model’s capability to detect triggers of
landslides at the hillslope scale, which commonly operates at a higher resolution. Together,
the schemes assessed the pre-trained model’s potential for generalization across spatial
scales as well as regional adaptation.

4.2.1. Calibrating the Pre-Trained Model for LHA across Guangxi

Conventional calibration approaches for model transfer rely on accurate data on the
precise timing of landslide events, which were lacking in this study. Thus, to evaluate the
pre-trained model in Guangxi, an alternative method was developed based on the spatial
consistency between the predicted landslide hazard map and the distribution of known
landslides. Specially, we first used the pre-trained model to calculate the daily landslide
hazard probability along Guangxi roads within the time range of the landslide catalog.
After that, we aggregated these probabilities and extracted the 98th percentile value to
represent the overall probability of a hazardous landslide occurring. Finally, to verify the
performance of our probabilistic model, we overlaid the final hazard map with a catalog of
landslide occurrence locations from the same period and obtained Figure 4.
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Figure 4. Overlay of landslide events and 98th probability map of predicted landslide hazard
in Guangxi.

As shown in the probability map above, the pre-trained model developed in this paper
generally produced relatively low-risk probability (less than 0.4 in most landslide points)
when applied in the Guangxi region, making it difficult to determine whether an area
is at risk. This phenomenon may be attributed to the fact that the pre-trained model is
based on the regional characteristics of the United States, and applying it to a different
region without calibration will lead to performance degradation due to feature distribution
differences. To address this issue, this study adopted a statistical-based threshold-setting
method and reclassified the regional risk probability. The threshold-setting method was
as follows: (1) the probability values of all landslide points in the landslide catalog were
extracted from the probability map; (2) percentiles were set according to the landslide areas
of historical events, such as the {2, 39, 89, 99} calculated by counting landslides areas in
the range of 100, 1000, 10,000, and 100,000 mZ; (3) the percentiles were used to reclassify
the predicted probability into five categories of landslide hazard levels (from very low to
very high as illustrated in Table 7); (4) urban and flat areas (<5 degree according to the
minimum of slope that reported landslides) that rarely suffer landslides, and extreme steep

154



Remote Sens. 2023, 15, 3350

areas (>58 degree, 98th percentile of slope that reported landslides) that are more prone to
develop collapses instead of landslides, were mapped out.

Table 7. Thresholds for classifying the predicted probabilities.

Classified Number Risk Level Percentile Thresholds
0 Very Low <2nd%
1 Low [2nd%, 39th%)
2 Medium [39th%, 89th%)
3 High [89th%, 99th%)
4 Very High >99th%

After classification, we obtained the corresponding landslide risk as shown in Figure 5.
Here, we only focused on highway roadsides, so only areas that were covered with highways
are given in the figure.
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Figure 5. Landslide susceptibility map of highways in Guangxi Province.

The classified landslide hazard map that we produced is now clearer and consistent
with the landslide catalog of Guangxi. The map shows that the regions with high landslide
risk are mainly located in the mountainous areas of Guangxi, where the terrain is steep
and the geology is complex. These areas are also prone to stone desertification due to the
unique karst landscape. In contrast, the central and southern parts of Guangxi have a
lower landslide risk because of their flat terrain and simple geology. Overall, the calibrated
pre-trained model showed a high level of consistency in estimating the relative landslide
hazard along the transportation network. This indicates that our pre-trained model can be
transferred across different regions and still perform well.

4.2.2. Validating Localized Landslide Hazard Assessment at High Resolution

This section presents a daily evaluation of our predictions based on the date informa-
tion of landslide events on the Heba Expressway, which was not available in the previous
section. The Heba Expressway is a highway project in China that connects Hezhou and
Bama. We collected the reports of seven landslides that occurred near sections 141-143 from
July 2021 to March 2022 during the construction. We also improved the image resolution
from 1 km to 30 m to further validate the performance of the pre-trained model. Specifically,
we replaced the land cover data from the MODIS product (250 m) to the China Land
Cover Dataset (CLCD) (30 m) with the mapping given in Table 8 and used the HLS images
(30 m) for calculating the NDVI instead of the MODIS product (500 m). Moreover, due to
the improvement in resolution, the set of percentiles for the probability convention was
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also updated according to the area of pixels. They are now 1, 2, 12, and 66 based on the
percentage of landslide areas in the segments of [5 x 5,10 x 10,20 x 20, 50 x 50] m?.

Table 8. Mapping of MODIS land cover and ICLD surface types.

ICLD Values IGBP Values LAI Values
1 12 3
2 5 5
3 6 2
4 10 1
5 17 0
6 15 9
7 16 9
8 13 10
9 11 9

On the other hand, as the Harmonized Landsat Sentinel-2 (HLS) project is not a daily

product, we utilized a new method for LHA in this section as follows:

1.

First, we set an 8-day data collection cycle and fused the collected data of the same
type to achieve a gap-filled and high-quality image for driving the model. According
to the data illustration in Table 2, using 8 days as a cycle can ensure at least two images
of the same type are obtained within the cycle for data fusion. The cycle length can be
adjusted according to the needs, as long as the main data features of the model are
not empty.

Next, we used the cycle-synthesized data to predict the landslide risk for each day
within the cycle and took the maximum value as the output of the cycle’s risk proba-
bility. The reason for this process is that we assume that the landslide risk is mainly
influenced by the cumulative effects of rainfall and soil moisture. Therefore, taking
the maximum value can capture the highest risk level within a cycle.

Table 9 shows the final predicted results for each prediction cycle covering the landslide

and Figure 6 gives the distribution of predicted risk pixels. For comparison, we also provide
the results of the MLP-2 and LR models.

Table 9. Landslide prediction results for each cycle.

e Start Date End Date Oecursence Pt Medramy

XGBoost-1 MLP-2 LR

1 4 July 2021 11 July 2021 11 July 2021 3 1 0

4 July 2021 11 July 2021 12 July 2021

2 24 October 2021 31 October 2021 25 October 2021 0 0 0

3 17 November 2021 24 November 2021 24 November 2021 0 0 0

4 17 January 2022 24 January 2022 18 January 2022 1 > 1

17 January 2022 24 January 2022 23 January 2022
5 30 March 2022 6 April 2022 31 March 2022 14 30 3

The table and figures show that the XGBoost-1 model successfully predicted and

warned of five landslide events in the first, fourth, and fifth prediction periods. In these
periods, the model identified 3, 1, and 14 pixels with medium or higher risk, respectively.
However, the model failed to detect any risk pixels in the second and third prediction
periods, and only one pixel in the fourth period. This suggests that the model’s performance
is inconsistent and depends on various factors. Some possible reasons are the following;:
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(1) The input variables did not include human interference factors. The study area had
some construction activities that may alter the soil’s physical and hydrological properties
and affect the occurrence of landslides. These factors were not considered in the model
training, resulting in the model’s inability to adapt to this change. (2) The model parameters
and weights were not finely adjusted. Due to the limited number of samples in the study
area, this paper used a statistical threshold-setting method to determine the predicted risk
levels. This method is simple and easy to implement, but it cannot fully utilize the data, nor
can it effectively handle nonlinearity and complexity problems. (3) The data resolution was
mismatched. The model was trained based on 1 km resolution data, but 30 m resolution
data were used for testing in this section. This may have led to a decline in data accuracy
and quality and also affected the model’s generalization ability.

Legend 0 141-143 Section
[ 141-143 Section
Risk Level

. 4: Very High

2: Medium
3: High
. 4 Very High

Figure 6. Predicted hazard pixels in study areas: (a) 2021-07-04 (XGBoost-1/MLP-2); (b) 2022-01-17
(XGboost-1/MLP-2); (c) 2022-03-30 (XGBoost-1/MLP-2/LR).

The MLP-2 model showed a similar overall performance to the XGBoost-1 model, even
with a higher resolution, while the LR model performed poorly. The LR model labeled
only 1 and 3 pixels as risky in periods 4 and 5, respectively, while the MLP-2 model labeled
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1, 2, and 30 pixels as risky in periods 1, 4, and 5, respectively. Based on these results, we
can infer that the MLP-2 model was slightly better than the XGBoost-1 model for the Heba
Expressway. However, as we discussed earlier, the ability of a model to effectively control
the false-alarm rate is also critical for real applications, which can avoid unnecessary alerts
and interventions that save costs in landslide prevention management. To illustrate this,
we calculated the 98th percentile of daily probabilities to count the risk frequency.

Figure 7 shows the distribution of the final predicted risk levels along the Heba
Expressway with these three models.
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Figure 7. Landslide hazard levels along Heba Expressway: (a) XGBoost-1; (b) MLP-2; (c) LR.

As seen from the figure, the LR model was the most conservative, classifying fewer
pixels as risky than the other two models. This contradicts the conclusions in Section 4.1 and
suggests that the LR model might have poor generative ability when applied to a different
region or resolution. Only 8.8% of the pixels were classified as a higher than medium risk
level by the LR model, compared to about 20% by the pre-trained model. The MLP-2 model
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was the least conservative, classifying 14.7% of the pixels as risky, which was similar to the
pre-trained model. The XGBoost-1 model classified 12.5% of the pixels as risky, which was
also close to the pre-trained model. However, many of the risk pixels identified by these
three models were located on the segments of tunnels (see zoomed inset), which were not
suitable for our method since we focused on the roadside slopes that could be observed by
satellites. After omitting these segments, the percentages of risk pixels were 4.2% for LR,
6% for XGBoost-1, and 9.5% for MLP-2. Based on these results, we conclude that all three
models could work along the Heba Expressway under a 30 m resolution, but the LR model
is not recommended for real applications unless further validation is completed. Both
the XGBoost-1 and MLP-2 models showed good agreement with the results in Section 4.1,
but the XGBoost-1 model could balance the effectiveness of landslide identification and
the ratio of high-risk pixels better than the MLP-2 model. Therefore, we recommend the
XGBoost-1 model for LHA applications.

In conclusion, this paper demonstrates the feasibility and effectiveness of using a
pre-trained model to evaluate landslide hazards along a highway. The model can identify
high-risk areas and provide useful information for mitigation and prevention measures.
Despite some limitations, we can further refine and improve the model to enhance its
accuracy and efficiency in practice, especially with more landslide samples. In addition,
the results in Figure 7 indicate that risk levels vary with different models, suggesting
that a further study on the integration of models would also improve the performance of
pre-trained models in LHA.

5. Conclusions

Landslide disasters pose a serious threat to the safety of people and property along
highways, especially in mountainous areas like Guangxi, China. To effectively prevent
and mitigate landslide hazards, it is crucial to assess landslide risk and identify vulnerable
locations. Remote sensing techniques have been widely used for landslide detection and
monitoring because they provide large-scale, high-resolution, and multi-temporal data on
various factors influencing landslide occurrence.

In this study, we propose a novel method that extracts these features from remote
sensing data and feeds them into a pre-trained XGBoost model. The model can produce
landslide hazard maps at different scales (1 km and 30 m in this work) and indicate the
risk level (0—4) of landslide occurrence for each pixel. We compare the performance of
the XGBoost model with other models such as MLP and LR on the test and validation
datasets. The results show that the XGBoost model outperformed other models on most
metrics, such as the AUC, Fl-score, and kappa, indicating that it can avoid overfitting
and achieve better trade-offs between TPR and FPR. When validated on the Heba Express-
way, our method successfully recognized five out of seven events, with an alert rate of
6%. Compared to the MLP and LR models, the XGBoost model could provide a good
balance between alert rate and landslide identification. Our method shows promise as
a useful landslide hazard assessment tool that can provide valuable information for the
preliminary risk evaluation of transportation networks and help prioritize areas needing
further investigation or intervention.

Nevertheless, our method also faces some limitations. One major challenge is the
scarcity of data on landslide occurrence in Guangxi. This hinders our ability to evaluate
and compare model performance across different locations and to update the model with
new data. Future research should gather more data on the temporal and spatial patterns of
landslides in Guangxi and similar regions to better calibrate and validate the pre-trained
model. Moreover, exploring the combinations of different types of models could also
be valuable to enhance the performance of pre-trained models in LHA. Despite these
limitations, the results on the Heba Expressway illustrate the potential of this method as a
decision support tool for broad-scale risk assessment and management in the absence of
timing data.
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To conclude, this study proposes an innovative framework for landslide hazard
assessment along highways based on remote sensing data and a pre-trained XGBoost
model. This framework can help pinpoint areas susceptible to landslides at various scales
and provide useful information for the preliminary risk assessment of transportation
networks. This can potentially benefit transportation planning and emergency response by
improving the resilience of critical infrastructure against landslide hazards.
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Abstract: Air pollution seriously threatens human health and even causes mortality. It is necessary
to explore effective prevention methods to mitigate the adverse effect of air pollution. Shaping
a reasonable built environment has the potential to benefit human health. In this context, this
study quantified the built environment, air pollution, and mortality at 1 km x 1 km grid cells. The
moderating effect model was used to explore how built environment factors affect the impact of air
pollution on cause-specific mortality and the heterogeneity in different areas classified by building
density and height. Consequently, we found that greenness played an important role in mitigating
the effect of ozone (O3) and nitrogen dioxide (NO,) on mortality. Water area and diversity of land
cover can reduce the effect of fine particulate matter (PM; 5) and NO, on mortality. Additionally, gas
stations, edge density (ED), perimeter-area fractal dimension (PAFRAC), and patch density (PD) can
reduce the effect of NO, on mortality. There is heterogeneity in the moderating effect of the built
environment for different cause-specific mortality and areas classified by building density and height.
This study can provide support for urban planners to mitigate the adverse effect of air pollution from
the perspective of the built environment.

Keywords: built environment; human health; air pollution; GIS; moderating effect

1. Introduction

Air pollution has become increasingly severe in recent years, which profoundly affects
public health and is of concern to health organizations and governments [1,2]. About 90%
of the population of the world lives in areas where air quality levels exceed the standard
limited by the World Health Organization (WHO) [3]. Mitigating the effect of air pollution
on human health has become a key issue to public health. During the last three decades, the
effects of air pollution on human health have been documented, especially from particulate
matter (PM), O3, and NO; [4]. The global burden of disease caused by air pollution has
barely declined since the 1990s [5]. In particular, an association with cardiovascular and
respiratory causes of death has been reported [6,7].

The built environment is defined as human-made physical environment surroundings
and conditions [8,9]. Urban spatial conditions can change the wind direction and velocity,
which affect the air pollution dispersion [10]. Built environment characteristics can shape
our activity patterns, which play a great role in health [11]. However, the health outcomes
from physical activity could be offset by adverse exposure to air pollution [12]. Therefore, it
is important to understand which built environment factors can alleviate the adverse effects
of air pollution on human health. In addition, the definition of some built environment
indicators does not adequately reflect local information [13]. Existing research on the
built environment tends to select greenness, building density, and road density as major
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objects [14,15]. The use of multi-source data such as points of interest (POlIs) can build a
more comprehensive built environment framework [13].

Human health is an important landscape benefit and concern of many landscape
users [16]. Although some studies have assessed the effect of the built environment on
health, the results are inconsistent. As far as greenness is concerned, the reduction in
mortality is associated with the increase in greenness [17]. Greenness was confirmed
to link with the mortality of non-accident, cardiovascular, and respiratory diseases [3].
Other studies have pointed out a non-linear correlation between residential greenness and
health [18,19]. Nevertheless, some studies point out that greenness is not associated with
mortality [20,21]. The effect of the built environment on health is unclear and heterogeneity
may exist across different areas. By incorporating building density and height into the
framework of the built environment, the moderating mechanism of the built environment
can be fully explored from a three-dimensional perspective.

Over the years, the study of the built environment, air pollution, and human health
has shown a pairwise relationship, especially the effect of air pollution on health [2,11,22].
A spectrum of the key mechanisms link the built environment to human health, including
air pollution and health behaviors [23,24]. The relationship between the built environment
and health has been discussed from the perspectives of sleep, resilience, physicochemical
environmental factors, movement, relationships, spirituality, and nutrition [25]. However,
there is a lack of research linking these three fields.

Therefore, taking Nanjing city of Jiangsu Province in China as the study area, the
main objectives of this study were (i) to determine which built environment can mitigate
the adverse health effect of air pollution, (ii) to compare the moderating effect of the built
environment on the relationship between air pollution (O3, PM; 5, and NO;) and cause-
specific mortality, and (iii) to analyze the heterogeneity of the built environment moderating
effect in different areas classified by building density and height. This study quantified
annual O3, PM; 5, NO,, non-accident deaths, cardiovascular disease deaths, and respiratory
disease deaths at a 1 km x 1 km grid scale from 2007 to 2015. Built environment factors
were assumed to remain unchanged in this study, and we calculated them for 2015 as
moderating variables. First, we investigated the moderating effect of the built environment
on the relationship between air pollution and mortality. Then, we further explored the
heterogeneity in different areas classified by building height and density.

Addressing these issues will be beneficial to reveal the mechanism of the built envi-
ronment on mortality, and the findings can provide support for urban planning to reduce
the adverse effect from air pollution.

2. Materials and Methods
2.1. Study Area

China has suffered severe air pollution for the last decade because of fast urbanization
and industrialization, particularly in the economically developed eastern regions such as
the Yangtze River Delta (YRD) region [26]. This study was conducted in Nanjing (Figure 1),
one of the cities in the YRD region, the capital of Jiangsu province in China. Jiangsu
Province is one of the most developed provinces in China. Nanjing (31°14'N-32°37'N,
118°22'E-119°14’E) had experienced a rapid urbanization process with a population of
8.4 million by the end of 2018. At the same time, because Nanjing is surrounded by moun-
tains on three sides, which is not conducive to the diffusion of pollutants, the concentrations
of air pollutants in Nanjing is higher than the national average. Nanjing has a subtropical
monsoon climate.

2.2. Data Collection

The data used in this study include road data, building information, normalized
difference vegetation index (NDVI), land use and land cover data, point of interest (POI),
air pollution (NO,, PM; 5, and O3), population density, and mortality data. Road data from
OpenStreetMap were used to calculate the road length and road crossing at a grid scale.
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The building dataset was acquired from BIGEMAP, which contained detailed information
on building space coordinates, footprints, and the number of floors in a building. Point
of interest (POI) data from BIGEMAP were adopted to measure the diversity of the POI
and the number in the grid. NDVI was used to measure surface greenness in this study.
The study calculated the proportion of construction land, forestland, and water area within
the grid based on the land cover data from Resource and Environment Science and Date
Center. This study considered three air pollutants i.e., O3, PM; 5, and NO,. This study took
into account population density as a covariate in the relationship between air pollution and
mortality. Based on the address information, this study calculated the deaths in the grid
scale. The sources of the data are shown in Table 1. The overall framework of this paper is
shown in Figure 2.

N

0.85

NO: (2015)
N High

. Low

E Provincial boundaries
E Boundary of Nanjing 4

Figure 1. Location of the study area.

Table 1. Date, resolution, and sources.

Data Resolution Sources
Road data OpenStreetMap (http://download.geofabrik.de/asia/china.html#
(accessed on 10 February 2022))
Building dataset . .
Point of interest point BIGEMAP (http:/ /www.bigemap.com/ (accessed on 16 August 2020))
Resource and Environment Science and Date Center
NDVI Tl > 1 km (https:/ /www.resdc.cn/DOI/DOlLaspx?DOIID=49 (accessed on 4 June 2021))
Land cover 30m Resource and Environment Science and Date Center
(https:/ /www.resdc.cn/data.aspx?DATAID=184 (accessed on 27 April 2020))
Air pollution
(O3, PMy 5, and NOy) 1km x 1km [27,28]
Population density 1km x 1km WorldPop (www.worldpop.org (accessed on 7 February 2022))
Mortality Jiangsu Provincial Center for Disease Prevention and Control [29,30]
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Figure 2. Overall framework of this study.

2.3. Measurement of Built Environment

In this study, 24 features were calculated to interpret the built environment. We
operationalized the measurements of the built environment at the grid scale according to
the framework in Table 2. All 24 features were divided into five categories including design,
destination, land use, landscape, and diversity. The factors of design, destination, and land
cover were calculated using the ArcGIS Desktop platform (version 10.8). The landscape
indexes and SHDI of each grid were calculated by the Fragstats 4.2. The diversity of the
built environment was calculated by the entropy method [31] based on the diversity of the
design and diversity of POI and SHDI. This study used standardized indexes to calculate
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the diversity of design. The diversity of design and diversity of POI were calculated using
the following Hill numbers equation [32]:

" 1/(1—q)
D= (E Pﬁ) )
i—1

where D is diversity, n indicates the number of the types, P; is proportion of the category
occupied by type 7, and q = 2 (according to the Gini-Simpson concentration index).

Table 2. Description of 24 indexes of the built environment.

Category Index Description of Index
Building density (BD) The ratio of the building footprint area to grid area
Building height (BH) Average of all building heights within the grid
Desi Standard deviation of building height (SDBH) The standard deviation of all building heights within the grid
esign o .
NDVI The greenness within the grid
Road length (RL) The total length of roads within the grid
Road crossing (RCS) Number of road crossings within the grid
Hygiene facility (HF) Number of hospital and health care facilities within the grid
Government agency (GA) Number of government agencies within the grid
Residential community (RCM) Number of residential communities within the grid
Destination Industrial park (IP) Number of industrial parks within the grid
Traffic facility (TF) Number of traffic facilities within the grid
Gas station (GS) Number of gas stations within the grid
Catering facility (CF) Number of catering service facilities within the grid
Construction land (CL) Proportion of construction land within the grid
Land cover Forestland (FL) Proportion of forestland within the grid
Water area (WA) Proportion of water area within the grid
Al Aggregation index
Landscape ED Edge density
PAFRAC Perimeter-area fractal dimension
PD Patch density
Diversity of built environment (DBE) Diversity of built environment factors
Diversity Diversity of design (DD) Diversity of six indexes of design
Diversity of POI (DPOI) The POI mix
Shannon’s diversity index (SHDI) Diversity of land cover

2.4. Air Pollution and Mortality from 2007 to 2015

High resolution exposure data are helpful to accurately assess the effect of air pollution
on human health. Based on the high-resolution spatiotemporal model and data of previous
studies [27,28], we calculated the annual O3z, PM, 5, and NO, concentration from 2007 to
2015 at 1 km x 1 km grid scale in Nanjing.

Mortality data were classified into non-accidental causes (A00-R99), cardiovascular
diseases (I00-199), and respiratory diseases (J00-J99) based on the International Statistical
Classification of Diseases and Related Health Problems 10th Revision (https:/ /icd.who.int/
browse10/2010/en#/1X (accessed on 14 June 2021)). Based on the addressed information,
we calculated the gridded death counts of non-accidental, cardiovascular diseases, and
respiratory diseases. The high death toll may be related to the high population base.
Meanwhile, higher population density is related to higher mortality [33,34]. Hence, we
selected population density as a control variable to eliminate the effect of population on
mortality in this study.

2.5. Statistical Analysis

This study derived the air pollution and mortality in Nanjing for each year from
2007 to 2015. Then, correlation analysis was used to explore the relationships between
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the air pollution and mortality. In the correlation analysis, this study deleted the sample
with zero death. Based on the correlation test, the study further used regression models to
control the effect of population on deaths. Pearson’s correlation coefficient can measure the
correlation between two variables, x and y [14].

Because of the availability of data, the built environment indexes were calculated
for 2015. This study assumed that the built environment remains unchanged. Then, we
explored the spatial correlation between air pollution and the built environment and
mortality and the built environment, respectively. Local indicators of spatial association
(LISA) can describe the spatial correlation between the spatial distribution of different
variables [35]. The study used GeoDa 1.14 to explore the bivariate spatial correlation. Local
indicators of spatial association were calculated as follows [36]:

v n

X; — X =
i==5= ), wj(xj—%) 2
j=Tj#1
1 _
==Y (x-%)7 3)
i3

I =
.M:

I
—_

X = X (4)

1
where ; is the local Moran index of grid i; w;; is the spatial weight between grid i and j;
n is the number of spatial grids adjacent to grid i; x; and x; are the values of grid i and j,
respectively; ¥ is the variable average; and 42 indicates the variance.

Hierarchical regression was used to explore the moderating effect of the built envi-
ronment in the relationship between air pollution and mortality. Within the model, air
pollution was the independent variable (x) and mortality was the dependent variable
(v), with population density as the covariate. The built environment was defined as the
moderator (w). The study further conducted subgroup analyses by building density and
height [37]. The moderating effect was confirmed by a significant interaction between the
independent variable and the moderator. Before modeling, we normalized the variables
and centered to zero. The moderation analysis was conducted in PROCESS, a plug-in for
SPSS 25.0. All of the analyses were accepted with significance at « = 0.05.

3. Results
3.1. Spatial Patterns of the Built Environment

The spatial patterns of the built environment are shown in Figure 3. It was observed
that built environment indexes have a high level of agglomeration. The diversity of the
built environment is higher in the middle part of Nanjing. Close to the city center, the
urbanization level and development intensity were higher. High-intensity development
usually means higher building density, building height, and road density, while greenness
is relatively low.

3.2. Pairwise Correlation between Air Pollution, Mortality, and the Built Environment

The results of the correlation analysis of air pollution and mortality are shown in
Figure 4, and the detailed results of the regression analysis are shown in the Table 3.
Statistically positive associations were found between air pollution and mortality. NO,
shows the strongest positive association with mortality, especially for respiratory death.
The direct correlations between air pollution and mortality have an indicative character.
However, there are some other factors that can also contribute to mortality, such as built
environment factors.

The spatial correlation between air pollution and the built environment and mortality
and the built environment is shown in Figure S1. It is clear that the built environment
has agglomeration relationships with air pollution and mortality. High-high (H-H) areas
indicate high air pollution or high mortality with a high built environment level. High-low
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(H-L) areas indicate high air pollution or high mortality with a low built environment
level. Low-high (L-H) areas indicate low air pollution or low mortality with high built
environment level. Low-low (L-L) areas indicate low air pollution or low mortality with a
low built environment level.

>z
>z
>z

BD (%) BH (m)

m

(b) (9

>z
>z

RL (km)
— 2188
-

RC (count)
e 262
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Figure 3. Cont.

168




Remote Sens. 2022, 14, 3703

(@) @)

Figure 3. Spatial patterns of the built environment. (a) Building density; (b) building height; (c) stan-
dard deviation of building height; (d) NDVI; (e) road length; (f) road crossing; (g) POI of seven
types; (h) proportion of construction land; (i) proportion of forestland; (j) proportion of water body;
(k) aggregation index; (1) edge density; (m) perimeter-area fractal dimension; (n) patch density;
(o) diversity of the built environment; (p) diversity of design; (q) diversity of design; (q) diversity of
PO (r) diversity of land cover.
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Figure 4. Correlation coefficient (n = 17,715).
Table 3. Results of regression models.
Dependent variable: non-accidental mortality
Independent variable B S.E. B 4
O3 0.125 0.033 0.026 0.000
Population density 0.003 0.000 0.426 0.000
PMy 5 0.133 0.028 0.032 0.000
Population density 0.003 0.000 0.423 0.000
NO, 0.256 0.043 0.047 0.000
Population density 0.003 0.000 0.402 0.000
Dependent variable: cardiovascular mortality
Independent variable B S.E. B p
O3 0.080 0.019 0.033 0.000
Population density 0.001 0.000 0.392 0.000
PM; 5 0.084 0.016 0.040 0.000
Population density 0.001 0.000 0.388 0.000
NO, 0.106 0.025 0.040 0.000
Population density 0.001 0.000 0.370 0.000
Dependent variable: respiratory mortality
Independent variable B S.E. B p
O3 0.012 0.008 0.015 0.139
Population density 0.000 0.000 0.460 0.000
PMy 5 0.007 0.007 0.010 0.304
Population density 0.000 0.000 0.459 0.000
NO, 0.029 0.009 0.039 0.000
Population density 0.000 0.000 0.438 0.000

B is the unstandardized coefficient; S.E. is the standard error; {3 is the standardized coefficient.
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Moderating effect of built environment
in the relationship between O; and mortality

3.3. The Moderation Analysis

The coefficient of the interaction item “built environment x air pollution” was used as
an indicator to judge the moderating effect. The moderating effects of 24 built environment
indexes on the relationship between air pollution (O3, PM; 5, and NO;) and cause-specific
mortality are shown in Figure 5. The results shown in Figure S2 reveal the moderating
effect in six classes, which include high-rise with high-density, high-rise with low-density,
mid-rise with high density, mid-rise with low density, low-rise with high density, and
low-rise with high density. Respective moderating effects of the built environment on the
relationship between air pollution (O3, PM; 5, and NO;) and cause-specific mortality are
illustrated below.

For the relationship between O3 and cause-specific mortality, indexes like diversity
of the built environment, diversity of design, diversity of POI, building density, building
height, SDBH, and construction land have significant positive associations with three
cause-specific mortalities, while NDVI has a negative moderating effect. Road length
has a significant positive association with non-accidental and cardiovascular mortality.
The moderating effect is significant in high-rise with high density areas. We found that a
hygiene facility can inhibit the effect of O3 on cause-specific mortality in mid-rise with high
density areas. The moderating effects detected in respiratory and cardiovascular mortality
are higher than in non-accidental mortality.

=  Non-accidental
Cardiovascular disease
i A Respiratory disease

PD e
PAFRAC }—%—A—I——f—ﬂ
ED S
Al ——A———
Catering facility A %
Gas station ——A
Traffic facilities t t A8 H
Industrial park -
Residential community } —S-AE +—
Government agency A
Hygiene facility I A B
Water area A
Construction land R R ——
Forestland H—A—+—
Road crossing f HA——— +—
Road length H—t—A————
NDVI —+H—Ae——
SDBH " " o= —
Building height | —H—AR—H
Building density | —t 4 +—
SHDI A ——
Diversity of POI | A
Diversity of design : H—emA—H—
Diversity of built environment ! H—A——
|
f T T T t T T T 1
—-0.10 —-0.05 0.00 0.05 0.10

Figure 5. Cont.

171



Remote Sens. 2022, 14, 3703

Moderating effect of built environment
in the relationship between PM, ; and mortality

Catering facility

Gas station

Traffic facilities
Industrial park
Residential community
Government agency
Hygiene facility

Water area
Construction land
Forestland

Road crossing

Road length

NDVI

SDBH

Building height
Building density

SHDI

Diversity of POI
Diversity of design
Diversity of built environment

T
-0.10

Moderating effect of built environment
in the relationship between NO, and mortality

Catering facility

Gas station

Traffic facilities
Industrial park
Residential community
Government agency
Hygiene facility
Water area
Construction land
Forestland

Road crossing

Road length

NDVI

SDBH

Building height
Building density

SHDI

Diversity of POI
Diversity of design
Diversity of built environment

T
-0.20

Figure 5. Moderating effect of the built environment in the relationship between air pollution and
mortality in an unclassified area. (a) Moderating effect of the built environment in the relationship
between O3 and mortality; (b) moderating effect of the built environment in the relationship between
PMjy 5 and mortality; (c) moderating effect of the built environment in the relationship between NO,
and mortality.
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The effects of PM; 5 on non-accidental and cardiovascular mortality are moderated by
the diversity of POI, SHDI, and catering facility, where SHDI shows a negative moderating
effect. The moderating effects of SHDI and the catering facility are higher in cardiovascular
than in non-accidental mortality. The water area has a significant negative moderating
effect in the relationship between PM, 5 and non-accidental mortality. In high-rise with
high density and mid-rise with high density areas, the moderating effects of all built
environment indexes are insignificant. The moderating effects of building density, road
length, road crossing, hygiene facility, government agency, residential community, traffic
facility, catering facility, AI, ED, PAFRAC, and PD are highest for respiratory mortality in
low-rise with high density areas. We found that a higher building height can inhibit the
effect of PM; 5 on cause-specific mortality in high-rise with low density areas. Water area,
government agency, and residential community have a negative effect on the relationship
between PM; 5 and mortality.

On the whole, the moderating effects in the relationship between NO, and mortality
are higher than O3 and PM; 5. Diversity of POI, building density, road crossing, construction
land, hygiene facility, government agency, residential community, catering facility, and
Al have a positive moderating effect on the relationship between NO, and three cause-
specific mortality, while SHDI, building height, NDVI, gas station, ED, PAFRAC, and PD
have a negative effect. The effect of NO, on mortality is most significantly moderated
by building density. The coefficient of the interaction of “building density x NO,” is
0.125 (95%CI: 0.104-0.146) for non-accidental mortality, 0.106 (95%CI: 0.081-0.130) for
cardiovascular mortality, and 0.146 (95%CI: 0.112-0.180) for respiratory mortality, with all
p-values < 0.0001. Although the moderating effect of construction land is positive and not
significant for forestland, SHDI indicates that the diversity of land cover has a negative
moderating effect on the relationship between NO, and cause-specific mortality. Positive
moderating effects for non-accidental and respiratory mortality were detected on the
diversity of the built environment, diversity of design, road length, and traffic facility. The
effects were higher for respiratory mortality. In mid-rise with high-density areas, building
density, hygiene facility, government agency, residential community, and catering facility
have a negative moderating effect on mortality. The building height and SDBH show a
negative moderating effect for three cause-specific mortality in low-rise with high-density
areas. The residential community can inhibit the effect of NO, on mortality on high-rise
with low-density and mid-rise with low-density areas. The relationship between NO, and
mortality can be inhibited by the diversity of the built environment, diversity of POI, and
SHDI in the low-rise with low-density areas.

4. Discussion

In this study, we first assessed the associations among the built environment, air pollu-
tion, and mortality from different causes such as non-accident, cardiovascular disease and
respiratory disease. Then, we analyzed how the built environment affected the relationship
between air pollution and mortality. The results show that the built environment has a
significant moderating effect on the relationship between air pollution and mortality. The
moderating effect is stronger in NO, than PM; 5 and O;. We found some heterogeneity
across different areas classified by building height and density.

4.1. Which Built Environment Can Moderate the Effect of Air Pollution on Mortality?

As the first step, the study analyzed the relationship between air pollution and mortal-
ity by correlation analysis and linear regression. This study confirmed that air pollutants
have an adverse effect on human health. The results were consistent with most existing air
pollution and health studies [22,38,39]. We have found a statistically significant association
between air pollution and mortality, especially in NO,. Then, we explored the spatial
agglomeration between air pollution and the built environment and mortality and the built
environment. According to the spatial correlation (Figure S1), a high built environment
may lead to high or low air pollution and mortality; the pairwise relationship between

173



Remote Sens. 2022, 14, 3703

built environment, air pollution, and mortality is not absolute. Then, we took the built
environment as the moderating variable to explore how the built environment affects the
impact of air pollution on mortality.

The results showed that the built environment played a moderating role in the rela-
tionship between air pollution and non-accident mortality (Figure 5). NDVI can reduce
the effect of O3 on all-cause mortality, which means the effect of O3 on all-cause mortality
is lower for people living in areas with higher greenness. Many studies have indicated
the benefit of greenness. For example, a cohort study of Hong Kong found that elders
living in low greenness areas had a higher health risk than those living in higher greenness
areas [3,17]. SHDI and water area can reduce the effect of PM, 5 on all-cause mortality.
SHDI, NDVI, water area, building height, gas station, ED, PAFRAC, and PD can reduce
the effect of NO; on all-cause mortality. Landscape patterns can change the travel mode
industrial layout and climate conditions, further influencing human health [40]. Higher
greenness and a larger water area can mitigate the adverse effects of the environment
on human health [41,42]. Building height might mitigate the effect of NO, on all-cause
mortality by providing shade to influence human comfort [43].

4.2. Heterogeneity of the Moderating Effect in Different Areas and Cause-Specific Mortality

We further discussed the moderating effect of the built environment for cause-specific
mortality and different areas. The moderating effects of all built environment indexes on
the relationship between three air pollutants and cause-specific mortality are shown in
Figures 5 and S2. The moderating effect of the diversity of the built environment, design,
and NDVTI in the relationship between O3 and mortality is the strongest for respiratory
disease, while building height is the strongest for cardiovascular disease. The moderating
effect of the built environment was not significant in the relationship of PM; 5 and respi-
ratory disease mortality. Generally, the moderating effect of the built environment in the
relationship between NO; and mortality is the strongest for respiratory disease.

In high-rise with high-density areas, the moderating effect of the built environment
is the strongest. SHDI, building height, water area, ED, PAFRAC, and PD can mitigate
the effect of O3 and NO, on non-accident, cardiovascular disease and respiratory disease
mortality. We found that the moderating effect of NDVI and forestland in high-rise with
high-density areas was not significant. The construction land can intensify the effect of O3
and NO; on mortality. However, SHDI, which indicates the diversity of land cover, has
a significant negative effect on the relationship between O3 and NO; on mortality. The
results show that the adverse effect of air pollution can be mitigated with the reasonable
allocation of landscape and improvement in the diversity of land cover in high-rise with
high-density areas. In mid-rise with high-density areas, the hygiene facility plays a vital
role in mitigating the effect of O3 and NO, on mortality. Government agency, residential
community, and catering facility can also mitigate the effect of NO, on mortality in mid-rise
with high-density areas. High accessibility to amenities and greater residential density
mean more transport via walking, which can reduce the risk of all-cause mortality [11,44].
In low-rise with high-density areas, this study found that building height and SDBH can
mitigate the effect of NO, on mortality. Building height and difference is associated with
the wind environment and a high building height will form a strong angular flow area [2].
It is known that wind speed and air flow affect human comfort [45]. They can provide
comfortability and health for pedestrians, as well as maintain a fresh air flow [46].

In high-rise with low-density areas, the diversity of design can mitigate the effect of
PM; 5 on non-accident mortality. Building density can mitigate the effect of PM; 5 on three
cause-specific mortality, and it is strongest for cardiovascular disease mortality. Hygiene
facility, residential community, and traffic facilities can mitigate the effect of PM;5 on
respiratory disease mortality. For NO,, the moderating effect of the built environment
is the strongest for respiratory disease mortality. In mid-rise with low-density areas,
SHDI, NDVI, gas station, ED, PAFRAC, and PD have a negative effect on the relationship
between NO, and mortality in mid-rise with low-density areas. The moderating effect
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of the built environment exited heterogeneity across different air pollutants. SHDI can
mitigate the effect of NO, on mortality while intensifying the effect of O3 on mortality.
This heterogeneity is due to the correlation between pollutants. For instance, NO, and O3
may be negatively correlated in urban areas [47]. In low-rise with low-density areas, we
found that the diversity of POI can mitigate the effect of NO, on mortality, while it had a
positive moderating effect in other areas. A higher diversity of facilities represents more
activities and higher vitality [48]. High accessibility to facilities and mixed land use were
associated with more transport via walking, and walking is an activity that can reduce the
non-accident mortality risk [11,44].

We surprisingly found that greenness appeared to aggravate the effect of PM; 5 and
NO; on mortality in mid-rise with high-density and high-rise with low-density areas,
respectively. A study in China found a nonlinear, inverted U-shaped association between
greenness and health [18]. One potential explanation for the heterogeneity is that larger
NDVI values are probably areas with a large proportion of wild environment and agricul-
tural farmland, which means supporting service facilities and lower physical activity [49].
Hygiene facility, government agency, residential community, and catering facility can miti-
gate the effect of NO, on mortality in high-rise with low-density areas, while they appear
to intensify the effect on the whole.

4.3. Implications for Urban Planning

Air pollution has been recognized as a global concern to human health for decades [47].
In recent years, the built environment, being the human-made physical environment
surroundings and conditions, was confirmed to be linked with human health [9,50]. Based
on the moderating effect analysis in Nanjing city, we put forward the following suggestions
for mortality risk mitigation measures from the perspective of the built environment:

In general, greenness can help effectively mitigate the effect of O3 and NO; on cause-
specific mortality, including non-accident, cardiovascular disease, and respiratory disease.
Controlling the building density may help effectively reduce the adverse effect of air
pollution. However, it is difficult to reduce the building density on an original basis. In
contrast, optimizing landscape patterns and facilities can mitigate the effect of air pollution
on mortality. Landscapes such as ED, PAFRAC, and PD have a negative effect in the
relationship between NO; and mortality. The diversity of land cover can mitigate the effect
of NO, on mortality, as well as the effect of PM; 5 on non-accident and cardiovascular
disease mortality. We can increase the proportion of grassland, forestland, and water area
appropriately to improve the landscape patterns.

Moreover, the built environment as a mitigation measure to moderate the effect of
air pollution on mortality should consider heterogeneity between areas. In this study, we
also provided suggestions for different building height and density areas. We can improve
the diversity of land cover, especially water area, to mitigate the mortality risk from air
pollution in high-rise with high-density areas. The adverse effect of air pollution can be
mitigated by hygiene facility, government agency, residential community, and catering
facility in mid-rise with high-density areas. We can focus on the SDBH and PAFRAC in
low-rise with high-density areas, controlling the effect of air pollution on mortality by
increasing the complexity of the landscape. In low density areas, landscape configuration
plays a vital role in mitigating the effect of air pollution on mortality. In high-rise with
low-density areas, respiratory disease mortality was more severely affected by the built
environment. Traffic facility has a negative effect on the relationship between PM, 5 and
respiratory disease mortality. The adverse effect from PM; 5 and O3 in mid-rise with low-
density areas can be mitigated by placing more government agencies. In low-rise with
low-density areas, the effect of air pollution on mortality can be moderated by increasing
the diversity of land cover, greenness, and gas stations. Our results highlight that the
effects of the built environment vary across different areas classified by building density
and height.
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4.4. Limitations and Future Studies

In this paper, a moderating effect model was used to explored the relationship among
built environment, air pollution, and mortality. Nevertheless, it is important to note that
there are several limitations. Firstly, only the spatial built environment was quantified,
and the change in the built environment over time was not taken into consideration in the
moderating effect model. Secondly, we ignored the effects of meteorology and seasonal
changes, which can modify the impact on health. Climate and weather changes may have an
impact on aero-allergens through variability in meteorological factors (temperature, wind,
rain, storm, blizzard, and so on), thus resulting in health risks [51]. Increased temperatures
in autumn significantly contributed to the increase in ozone-related health effects [52].
There is a seasonal variation in the effect of particulate air pollution on mortality, with the
greatest effect occurring in winter and summer in China [53]. Lastly, our study did not
analyze the moderating effect of all built environment factors systematically, partly because
too many variables can cause instability in the model.

Therefore, in future research, it is necessary to pay attention to the seasonal differences
in the moderating effects of the built environment, and analyze the effects of the built
environment combination on air pollution and mortality from a systematic perspective.
At the same time, we are also searching for a suitable algorithm model to explore the best
built environment combination to reduce air pollution concentration and mortality from
the perspective of optimal design.

5. Conclusions

Based on an empirical study of Nanjing in China from 2007 to 2015, this paper revealed
the moderating effect of the built environment on the relationship between air pollution and
mortality. The result was obtained by the moderating effect model based on hierarchical
regression. In particular, the greenness, water body, and landscape elements can effectively
mitigate the adverse effect of air pollution, while the intensity of the development may
aggravate it. The sensitivity of different populations to air pollution varies, and the
moderating effect of the built environment is also heterogeneous. We should pay more
attention to the diversity of land cover. A single land cover type may not significantly
reduce the adverse impact of air pollutants, or even aggravate it. For example, forestland,
construction land, and water body have no significant impact on the association between
PM, 5 and cardiovascular mortality, while their diversity can mitigate the effect of PM; 5 on
cardiovascular mortality.

Identifying the heterogeneity of the moderating effect of the built environment can
help to formulate more accurate mitigation planning. The moderating effect of the built
environment is the strongest in areas with high building density and height. Water body
and landscape patterns can effectively mitigate the adverse effect of air pollution. A hygiene
facility can mitigate the association between air pollution and mortality in mid-rise with
high-density areas. At the same time, the height of the building also has a mitigating effect.
It is worth noting that government agency can improve the air-pollution-related mortality
in mid-rise areas, while it may aggravate the adverse effects of air pollution in other areas.
Our findings suggest that the built environment could be integrated into urban planning
to mitigate the effect of air pollution on human health. In addition, the development of
mitigating measures needs to take into account the heterogeneity of areas and consider the
mix of built environment factors.

Supplementary Materials: The following supporting information can be downloaded at:
https:/ /www.mdpi.com/article/10.3390/rs14153703 /s1, Figure S1: Spatial correlation of air pollu-
tion (O3, PM2.5 and NO2) and mortality with built environment respectively; Figure S2: Moderating
effect of built environment in the relationship between air pollution and mortality in (1) unclassi-
fied area and (2) areas classified by building density and height. Table S1: The percentage of H-H
type grids corresponding to Figure S1; Table S2: The percentage of L-L type grids corresponding
to Figure S1; Table S3: The percentage of L-H type grids corresponding to Figure S1; Table S4: The
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percentage of H-L type grids corresponding to Figure S1; Table S5: The percentage of not significant
type grids corresponding to Figure S1.
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Abstract: Foodborne diseases are an increasing concern to public health; climate and socioeconomic
factors influence bacterial foodborne disease outbreaks. We developed an “exposure—sensitivity—
adaptability” vulnerability assessment framework to explore the spatial characteristics of multiple
climatic and socioeconomic environments, and analyzed the risk of foodborne disease outbreaks in
different vulnerable environments of Zhejiang Province, China. Global logistic regression (GLR) and
geographically weighted logistic regression (GWLR) models were combined to quantify the influence
of selected variables on regional bacterial foodborne diseases and evaluate the potential risk. GLR
results suggested that temperature, total precipitation, road density, construction area proportions,
and gross domestic product (GDP) were positively correlated with foodborne diseases. GWLR results
indicated that the strength and significance of these relationships varied locally, and the predicted
risk map revealed that the risk of foodborne diseases caused by Vibrio parahaemolyticus was higher
in urban areas (60.6%) than rural areas (20.1%). Finally, distance from the coastline was negatively
correlated with predicted regional risks. This study provides a spatial perspective for the relevant
departments to prevent and control foodborne diseases.

Keywords: bacterial foodborne disease; global logistic regression; geographically weighted logistic
regression; urban and rural areas; vulnerability

1. Introduction

Foodborne diseases are infectious or toxic diseases transmitted by the consumption of
food [1] and are one of the most significant public health problems worldwide. According
to a World Health Organization (WHO) Foodborne Disease Burden Epidemiology Refer-
ence Group (FERG) report, 600 million foodborne illnesses and 420,000 deaths were caused
by global foodborne hazards in 2010 [2]. In China, studies have shown that 748 million
cases of acute gastrointestinal illness and 420 million medical consultations occur annually
throughout the country [3]. As a result, foodborne diseases bring significant socioeconomic
burdens and hidden dangers to residential health. According to the national foodborne
disease molecular tracing network established in 2013, Salmonella species, Vibrio para-
haemolyticus, Staphylococcus aureus, and diarrheagenic Escherichia coli are the most common
foodborne pathogens that cause outbreaks in China [4]. Among these, V. parahaemolyticus
is a halophilic, gram-negative bacterium that has been the leading cause of foodborne
disease outbreaks and cases of infectious diarrhea in China, especially in coastal regions [5].
Therefore, it is essential to analyze the influencing factors and risk of foodborne diseases
caused by V. parahaemolyticus.
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Based on surveillance data, many studies on foodborne diseases have explored their
epidemiological characteristics [6-8] and many scholars have conducted research on food-
borne diseases, such as exploring influencing factors and predicting infection risks [9-12].
Chen et al. conducted a multivariable logistic regression analysis to analyze the association
between food-handling behaviors and foodborne acute gastroenteritis in Anhui, China [9].
Zhang et al. used several machine learning models (e.g., support vector machine, random
forest, and XGBoost) to study foodborne disease outbreaks across China and identify their
confounding factors [10]. Wang et al. applied a Bayesian nowcasting model to forecast
the total daily number of foodborne disease cases [11]. Li et al. used the autoregressive
integrated moving average (ARIMA) model to predict foodborne disease incidence in
Shenzhen City [12]. However, these studies assumed each factor affected the diseases
uniformly, ignoring geographical variations in the influencing factors. As a spatial re-
gression method, geographically weighted logical regression (GWLR) allows the intensity
of these factors and their relative importance to vary geographically [13] and has been
widely used in epidemiological studies of infectious diseases, such as thrombocytopenia
syndrome, dengue, and malaria [14-16]. For instance, Zhou et al. found that, compared to
the non-spatial logistical regression, the GWLR model offers better understanding of the
geographical variations of the risk factors associated with infection of hepatitis C virus [17].
Using GWLR to explore influencing factors can provide a unique spatial perspective.

Vulnerability, which comprises exposure, sensitivity, and adaptability [18], plays a
vital role in global environmental change and sustainability research (e.g., flood, heat waves,
dengue, and SARS-CoV-2 infections) [19-23]. The concept of vulnerability first appeared in
the study of natural hazards [24]. Then it gradually developed into an interdisciplinary and
multiscale direction. Adger considered vulnerability as “ ... the state of susceptibility to
harm from exposure to stresses associated with environmental and social change and from
the absence of capacity to adapt” [24]. The above definition is widely recognized [25-27].
Exposure is defined as the proximity of people or systems to external disturbances [28].
Climate variables, such as temperature and precipitation patterns, extreme weather events,
and ocean warming, have complex effects on the food chain, thus affecting the occur-
rence of foodborne diseases, especially those caused by bacteria. Studies have shown that
rising temperatures and heavy rainfall may increase the number of foodborne disease
cases [29-31]. Sensitivity can be understood as the degree of a system being easily dis-
turbed [26]. The effect of foodborne diseases on crowds varies and the degree of this effect
depends on age, sex, food preferences, and food-handling behaviors [32,33]. Osei-Tutu et al.
found that the most affected group were those between the ages of 15 and 34 in Accra,
Ghana [34]. Moreover, the degree of impact also differs between urban and rural areas; for
example, Czerwinski et al. found that the incidence of foodborne botulism among rural
residents was more than twice as high as that in urban areas [35]. Adaptability reflects
the ability of a system to adapt and adjust to external disturbances [28]. The higher the
level of economic medical development, the stronger the ability to deal with health threats.
Xiao et al. found that per capita gross domestic product (GDP) was negatively associated
with disease incidence [36]. The selection of vulnerability indicators varies depending on
the physical attributes of the event; however, few studies have assessed foodborne diseases
and vulnerability together. Therefore, we propose a comprehensive foodborne disease
vulnerability assessment framework to identify the dominant influencing factors.

181



Remote Sens. 2022, 14, 3613

Zhejiang Province is an important part of the Yangtze River Delta urban agglomer-
ation, which belongs to the typical subtropical monsoon climate and has a wide variety
of aquatic products. Geographical and climatic conditions are suitable for the growth of
microorganisms. Among the identified causes of foodborne disease outbreaks, the number
of foodborne illnesses caused by bacterial pathogen infections were the largest [6]. Previous
evidence has shown that V. parahaemolyticus was responsible for the largest number of
outbreaks in Zhejiang Province from 2010 to 2014 [37]. Taking Zhejiang as a case study,
this study aimed to screen the influencing factors of foodborne diseases, based on the
vulnerability assessment framework, and investigate the specific relationship between
these factors and the positive foodborne disease cases caused by V. parahaemolyticus. Fur-
thermore, the GWLR model was combined with foodborne diseases to identify the relative
geographical importance of environmental and sociodemographic variables. Finally, we
produced a map of the predicted probability of foodborne diseases to determine the spatial
epidemiological risk.

2. Materials and Methods
2.1. Study Area

Zhejiang Province is on the southeast coast of China (Figure 1) and covers 101,800 km?
with a long 1805 km zigzag-shaped coastline. It has a subtropical monsoon climate with
hydrothermal conditions that are conducive to microorganism growth. The province
includes 11 prefecture-level cities and has experienced significant economic development.
With rapid socioeconomic development, regional relationships grow closer, and personal
dietary structures become richer. Zhejiang Province has a high incidence of foodborne
diseases, especially bacterial foodborne diseases caused by V. parahaemolyticus. According to
the Zhejiang Province Foodborne Disease Monitoring and Reporting System, the detection
rate of foodborne diseases caused by V. parahaemolyticus has recently increased. Zhejiang
Province first set up sentinel hospitals to conduct foodborne disease surveillance and
reporting in 2010. To ensure that each district and county can be effectively monitored,
101 sentinel hospitals are located in 89 districts and counties in Zhejiang Province. It should
be noted that sentinel hospitals were added in areas with a large resident population.
However, some problems remain unsolved, such as imperfect monitoring mechanisms,
disunity of information construction standards, and inadequate data utilization. Overall,
it is essential to more effectively mine information based on existing monitoring data.
To carry out more detailed research, we used the ArcGIS fishnet tool to generate the
0.1° x 0.1° grid data.

This study uses the township administrative region as the primary division unit,
dividing the study area into urban and rural areas (Figure 1). The division principles
were defined based on the “Provisions on Statistical Division of Urban and Rural Areas”
designated by the National Bureau of Statistics [38]. Urban areas are those that house
municipal district governments and other subdistrict offices under the jurisdiction of the
district, along with town governments and other neighborhood committee areas under
the jurisdiction of the town. Rural areas refer to the regions outside of these urban areas.
Notably, since regular grids and irregular administrative boundaries do not always fit well,
some grids required manual judgement when dividing the urban and rural areas according
to local knowledge. For example, street administrative divisions are incomplete in a grid.
When the proportion of urban administrative areas in a grid was greater than 70%, we
defined the grid as an urban area. In short, there was an initial division of urban and rural
areas based on the administrative division data of the town, and then a more detailed
judgment was made with the help of remote sensing images and local knowledge.
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Figure 1. Locations of the study area (0.1° x 0.1° grid size) and positive cases caused by
V. parahaemolyticus.

2.2. Data Source

Meteorological data, including dew point temperature, temperature, surface net solar
radiation, total precipitation, daily maximum temperature, and daily minimum temperature,
were obtained from the European Center for Medium-Range Weather Forecasts (ECMWE).

Road data were derived from OpenStreetMap (https://www.openstreetmap.org (ac-
cessed on 23 March 2021)), and the hospital-related points of interest (POI) data were
extracted from Amap application programming interface (API). The population density
data came from the Gridded Population of the World (https:/ /sedac.ciesin.columbia.edu/
data/collection/gpw-v4 (accessed on 23 July 2022)). Based on the Seventh National Cen-
sus of China in 2020, the population raster data were adjusted [39]. The GDP spatial
distribution kilometer grid data, annual normalized difference vegetation index (NDVI),
spatial distribution data, and the China land use data were downloaded from the Re-
source and Environmental Science and Data Center of the Chinese Academy of Sciences
(https:/ /www.resdc.cn (accessed on 28 April 2021)).
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Data on foodborne diseases caused by V. parahaemolyticus were collected from the
“Zhejiang Province Foodborne Disease Surveillance and Reporting System”, which con-
tained data on 31,932 tested cases came from 101 sentinel hospitals in 2018, including
attributes of date, gender, age, address, occupation, and detection results.

2.3. Foodborne Diseases Vulnerability Assessment Framework

According to the definition of vulnerability, this study proposes an assessment frame-
work for foodborne disease vulnerability based on exposure, sensitivity, and adaptability
(Table 1). Previous studies have shown that climate change will have a complex impact
on the persistence and dispersal of foodborne pathogens [40]; therefore, our exposure
indices here were focused on various meteorological indicators. Urbanization affects
consumption patterns and food production processes, which can increase the risk of food-
borne diseases [41]; therefore, our sensitivity indices were focused on road density and
construction area proportions. As indispensable social resources for combating diseases,
hospitals and health institutes are crucial to maintaining personal health [42]. Additionally,
medical resources are closely related to regional economic development; therefore, our
adaptability indices are focused on regional medical time costs and GDP. The vulnerabil-
ity of foodborne diseases mentioned in this paper refers to the relationship between the
“human-environment” system and foodborne diseases; that is, the susceptibility of the
state of the system to harm from exposure to stresses associated with foodborne diseases
and from the absence of the capacity to adapt. All data were processed using the same grid
size (0.1° x 0.1°) in ArcGIS as shown in Figure 2. The numerical differences among each
variable are shown in Table 2.

Table 1. Evaluation index system of foodborne diseases vulnerability.

Criterion

Index Source Resolution Year

Wind Speed (m/s)
Dewpoint Temperature (K)

Temperature (K) g
Exposure Surface Net Solar Radiation (KJ/m?) ERA5-Land

Total Precipitation (m)

(https://www.ecmwf.int/ (accessed on 20 October 2021)) 0.1 x 0.1% 208

Daily Maximum Temperature (K)
Daily Minimum Temperature (K)

Road Data
; 2
Road Density (km/km?) (https:/ /www.openstreetmap.org/ (accessed on 23 March 2021)) Vector 2021
. . o Land Use Data
Proportion of Construction Area (%) (https:/ /www.resdc.cn/ (accessed on 28 April 2021)) 1km 2015
Administrative Division Data (http://www.ngcc.cn/ngec/
Sensitivity Rural Areas (accessed on 6 November 2021)) Vector 2018
Grid Population Density
Population Density (people/ kmz) (https:/ /sedac.ciesin.columbia.edu/data/collection/gpw-v4 1 km 2020
(accessed on 23 July 2022))
Grid NDVI
NDVI (https://www.resdc.cn/ (accessed on 28 April 2021)) 1km 2018
POI from Amap
Medical Cost (h) (https:/ /restapi.amap.com/v3/place/text (accessed on 15 Vector 2012
Adaptability May 2013))
GDP (million yuan/km?) Grid GDP 1km 2015

(https://www.resdc.cn/ (accessed on 28 April 2021))
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Figure 2. Spatial distribution of variables and detection results of V. parahaemolyticus, including
(a) wind speed, (b) dewpoint temperature, (c) temperature, (d) surface net solar radiation, (e) total
precipitation, (f) daily maximum temperature, (g) daily minimum temperature, (h) road density,
(i) proportion of construction area, (j) medical cost, (k) GDP, (1) population density, (m) NDVI,
(n) distribution of urban and rural areas, and (o) test results.
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Table 2. Mean and standard deviations of urban and rural areas.

Total Urban Area Rural Area
Index 964 Grids 155 Grids 809 Grids
Wind Speed (m/s) 0.655 (0.405) 0.767 (0.456) 0.633 (0.391)
Dewpoint Temperature (K) 286.204 (0.980) 286.673 (0.792) 286.114 (0.987)
Temperature (K) 290.307 (0.892) 290.788 (0.592) 290.215 (0.911)
Surface Net Solar Radiation (KJ/m?) 231,698.574 (8818.364) 229,737.638 (9464.728) 232,074.279 (8644.563)
Total Precipitation (m) 0.052 (0.008) 0.049 (0.006) 0.053 (0.008)
Daily Maximum Temperature (K) 294.143 (0.875) 294.423 (0.830) 294.089 (0.874)
Daily Minimum Temperature (K) 287.010 (1.316) 287.614 (1.150) 286.894 (1.315)
Road Density (km/km?) 3.105 (2.288) 5.486 (3.544) 2.649 (1.597)
Proportion of Construction Area (%) 7.946 (11.614) 22.643 (15.630) 5.131 (8.052)
Population Density (people/km?) 638.452 (1098.019) 2048.545 (2105.047) 407.526 (546.304)
NDVI 0.783 (0.121) 0.655 (0.130) 0.807 (0.102)
Medical Cost (h) 0.041 (0.063) 0.017 (0.038) 0.046 (0.065)
GDP (million yuan/km?) 4762.486 (9651.622) 10,687.459 (15866.161) 3627.293 (7417.539)

Note: Standard deviations are in parentheses.

2.4. Global Logistic Regression

We applied classic logistic regression to explore the relationship between vulnerabil-
ity to environmental factors and foodborne diseases caused by V. parahaemolyticus. The
logistic regression model is a generalized linear model with a binomial distribution for the
dependent variable [43]. The dependent variable of the logistic regression in this study was
the presence or absence of foodborne disease cases caused by V. parahaemolyticus. When
Y =1, there were positive cases in the grid; otherwise, Y = 0. The independent variables
were temperature, total precipitation, road density, proportion of the construction area,
distribution of urban and rural areas, and GDP. The classic logistic regression is called

global logistic regression (GLR), expressed as follows:

logit(Y) = Bo+ Zi‘, —1BnXn+e

where B, is the regression coefficient of independent variable X;;, By is the intercept, logit
(Y) is a linear combination function of the covariates, and ¢ is the error term. To detect and
reduce the multicollinearity of these independent variables before regression modeling, we
calculated the variance inflation factor (VIF). When VIF > 10, collinearity in the explanatory
variables was considered problematic [44,45]. The probability (Y = 1) can be calculated

as follows:

exp((Bo -+ X5 1 BuXa)

P(Y = 1) =

1+ exp(ﬁo + Zﬁ -1 ﬁnxn)

where P (Y = 1) represents the probability of detecting foodborne disease cases caused by
V. parahaemolyticus. Areas with larger probability values represent a higher risk of foodborne

diseases. Thus, we can identify the risk of foodborne diseases in the analysis area.
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2.5. Geographically Weighted Logistic Regression Model

Figure 2 shows the geospatial heterogeneity of independent and dependent variables.
Therefore, using the GWLR model is instrumental for considering the spatial dependence
and capturing spatial variations. The GWLR model is a local regression method for
investigating spatial non-stationarity [46], and it can explore the variation of the coefficient
of each covariate geographically. For GWLR, the variables involved in the operation of the
model were the same as those previously described. GWLR model is expressed as follows:

y = ﬁo(u]-,v]-) +E’,‘l:15n(uj,vj)an+sj (3)

where u; and v; are the spatial coordinates of grid j, B, (1, vj) is the regression coefficient
of the independent variable X at location j, and ¢; is the error term specific to location j.
Similar to the GLR model, the probability that (Y = 1) is expressed as follows:

Py = 1) — exp {ﬁo(uj,vj) +yk_, ﬁn(uj,vj)an} "
1+ exp [,BO (M]', U]) + ZI; =1 ,Bn (u]', U])an]

To compare the performances of the GLR and GWLR models, we used the deviance,
corrected Akaike information criterion (AICc), and area under the receiver operating
characteristic curve (AUC) to evaluate the model fitness and prediction accuracy. For
example, the lower the deviance and AICc, the better the model fits the data [47,48]; the
higher the AUC, the better the prediction accuracy of the model [47].

3. Results
3.1. Global Logistic Regression

Based on correlation analysis, we eliminated some variables because of the multi-
collinearity problem. For instance, proportion of construction area, population density,
and NDVI were significantly collinear; dewpoint temperature, temperature, and daily
minimum temperature were highly correlated. After evaluating the performance of the
models from the perspective of collinearity, temperature, total precipitation, road density,
proportion of construction area, dummy variable for rural areas, and GDP were included as
the dependent variables in the regression model. Table 3 shows that the VIF values of these
covariates (VIF = 1.443, 1.412, 1.820, 2.207, 1.503, and 1.456, respectively) are all smaller than
the preselected threshold. The results of the GLR model showed that except for dummy
variable for rural areas, most selected variables had a significant positive association with
foodborne disease cases caused by V. parahaemolyticus (p < 0.05), which indicated that as
temperature, total precipitation, road density, construction area proportions, and GDP
increased, the probability of a grid converting from negative to positive also increased
(Table 3). Furthermore, the positive effects of these independent variables on the pres-
ence or absence of foodborne disease cases, from strong to weak, were construction area
proportions, GDP, road density, temperature, and total precipitation.

187



Remote Sens. 2022, 14, 3613

Table 3. Parameter estimates for the global logistic regression model.

Variable B S.E z-Value p Exp(B) VIF
Temperature 0.390 0.104 3.747 <0.001 1.476 1.443
Total Precipitation 0.262 0.099 2.652 0.008 1.300 1.412
Road Density 0.272 0.142 1914 0.056 1.312 1.820
Proportion of 0373 0.122 3.053 0002 1452 2207
Construction Area
Is Rural Areas —0.924 0.231 —4.007 <0.001 0.397 1.503
GDP 0.559 0.212 2.644 0.008 1.750 1.456
Intercept —1.222 0.094 —13.000 <0.001 0.295 -
AlCc 952.390 Deviance  938.390
AUC 0.772

3.2. Geographically Weighted Logistic Regression

To capture geographical spatial variations, we applied GWLR to the same dataset
of 964 grids, which showed a clear improvement over the GLR model, as shown in
Tables 3 and 4. While the AICc and deviance values for the GWLR model (AICc = 874.659;
deviance = 760.530) were much lower than those of the GLR model (AICc = 952.390; de-
viance = 938.390), which meant that the GWLR model had a much better model fit, the
higher AUC value of the GLR model (AUC = 0.871) compared to that of the GWLR model
(AUC = 0.772) suggested that it had a higher prediction accuracy for foodborne diseases.

Table 4. Summary statistics for geographically weighted logistic regression parameter estimates.

Variable Mean STD Min Max % — % +
Temperature 0.458 0.469 —0.491 1.693 16.5% 83.5%
Total Precipitation 0.297 0.637 —0.830 1.982 37.4% 62.6%
Road Density 0.461 1.076 —1.790 2.072 32.4% 67.6%
Proportion of 0273 0.506 —0.712 1777 29.0%  71.0%
Construction Area
Is Rural Areas —1.324 0.745 —3.187 0.389 97.9% 2.1%
GDP 1.218 1.768 —6.442 7.535 12.5% 87.5%
Intercept —0.001 1.131 —3.697 4111 51.1% 48.9%
AlCc 874.659 Deviance 760.530
AUC 0.871

Parameter estimates and pseudo-t-statistics for each grid were generated using the
software package GWR4. The summary descriptive statistics of the local parameter coeffi-
cients are shown in Table 4, suggesting that temperature, total precipitation, road density,
construction area proportions, and GDP each have negative and positive parameter values.
The majority of the local parameter coefficients for all the variables were positive except for
the dummy variable for rural areas.

The spatial distributions of the generated coefficients and t-statistics surfaces with
a grid size of 0.1° x 0.1° are shown in Figures 3 and 4, respectively. Figure 4 shows that
all the selected variables had certain areas where they were not statistically significant.
For example, temperature had a significant positive effect on foodborne diseases in the
northwestern and southeastern portions of the study area, while total precipitation had a
larger significant positive impact area. In significantly affected areas, only the coefficient
of road density and rural areas were negative. The construction area proportions had a
positive relationship, mainly in the northern regions of the study area. The significantly
positive influence areas of GDP extend in a strip from the northwest to the center of
Zhejiang Province.
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Figure 3. Spatial variation of regression coefficients in geographically weighted logistic regression
model, including (a) temperature, (b) total precipitation, (c) road density, (d) dummy variable for
rural areas, (e) proportion of construction area, and (f) GDP.

3.3. Mapping the Risk of Foodborne Diseases

Figure 5 illustrates a map of the predicted probability of foodborne disease infection
based on the GLR and GWLR models. We divided the risk of foodborne diseases into five
grades, from low to high, based on GWLR. The areas of each risk region were 55.7%, 20.1%,
12.3%, 6.7%, and 5.2%, respectively (Table 5). Moreover, this map indicates that the risks
were higher in urban areas (60.6%) than in rural areas (20.1%). Compared with the GLR,
the GWLR risk map predicted a higher probability of cases in some regions (e.g., Wenzhou
in the southern part of Zhejiang Province) and a lower probability in some areas (e.g., the
western part of Hangzhou).
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ing (a) temperature, (b) total precipitation, (c) road density, (d) dummy variable for rural areas,
(e) proportion of construction area, and (f) GDP.
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Figure 5. Predicted risk map of foodborne disease cases caused by V. parahaemolyticus. (a) Global
logistic regression model; (b) geographically weighted logistic regression model.
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Table 5. Percentage of foodborne disease risk areas and average prediction probability based on
geographically weighted logistic regression model.

Grade Total Area Urban Area Rural Area

Very low (0-0.2) 55.7% 11.4% 63.2%

Low (0.2-0.4) 20.1% 15.8% 20.8%

Middle (0.4-0.6) 12.3% 17.1% 11.5%
High (0.6-0.8) 6.7% 25.3% 3.6%
Very High (0.8-1.0) 5.2% 30.4% 0.9%
Average Prediction o o o

probability 26.0% 60.6% 20.1%

Furthermore, we divided Zhejiang Province into different areas according to their dis-
tance from the coastline and calculated the average prediction probability for each area. The
calculation results are shown in Figure 6. The changing trend of the prediction probability
is similar to that of the actual average detection rate. The distance from the coastline had
a negative association with the average prediction probability around Zhejiang Province,
except for an area 90-120 km and 180-240 km from the coastline.
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Figure 6. Average of prediction probability within a certain distance and actual average detec-
tion rate. Note: The corresponding areas near the peak (A and B) are located in Jinhua and
Quzhou, respectively.

4. Discussion

Based on the vulnerability assessment framework and variable screening method,
Tables 3 and 5 show that regional temperature, total precipitation, road density, construc-
tion area proportions, rural areas, and GDP have a significant effect on the positive detection
of V. parahaemolyticus in the GLR or GWLR models. Positive cases of foodborne diseases
were positively correlated with air temperature, which is consistent with the findings
of Hsiao et al. [49], who reported similar findings in Taiwan [49]. However, these posi-
tive relationships differ from the findings of Shih et al. [50], in that the detection rate of
V. parahaemolyticus was negatively correlated with average daily rainfall [50]. One possible
reason for this disparity is that the very humid plum rain season occurs in June and July in
Zhejiang Province, which brings abundant precipitation, making it easier for bacteria to
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breed. Road density and construction area proportions also had significant positive effects
on foodborne diseases, while the occurrence of rural areas had a negative relationship
with positive cases occurrence. It is consistent with the view proposed by Prinsen [41] that
urbanization can affect the risk of foodborne diseases. Based on these correlations, urban
areas in Zhejiang Province should be more heavily studied than rural areas. Additionally,
there was a positive correlation between GDP and foodborne diseases, suggesting that
the prevention and control of foodborne diseases should not be neglected when pursu-
ing economic development. However, this differed from the findings of Yang et al. [51],
who reported that the incidence of foodborne diseases had a negative correlation with
GDP in Jinan. This discrepancy could be because the attitudes and behavior of foodborne
disease patients in choosing healthcare vary due to different socioeconomic and cultural
backgrounds; for example, rural residents are less likely to visit hospitals when they suffer
from foodborne diseases.

The GLR model ignores geographical variations in the relationships between the
dependent variable and covariates, whereas the GWLR model can detect this spatial vari-
ability [52]. Temperature and total precipitation only showed significant positive effects in
some areas of northwest and southeast Zhejiang. The mostly non-significant relationship
and differences from others may have been a consequence of the spatiotemporal scales of
the meteorological data. A significant and positive relationship between road density and
the presence or absence of positive cases was found in the western and eastern regions,
while an outlier occurred in northern Zhejiang, and there was a negative correlation be-
tween road density and V. parahaemolyticus detection rate. Although the developed road
network can promote food transportation, the supervision of food hygiene quality in these
areas near the main urban area of the provincial capital city is more stringent, and the
daily dietary hygiene habits of residents are healthier. The proportion of construction
area had a positive relationship, predominantly in the northern and southwestern parts of
the study area. Furthermore, the rural areas had a significant negative relationship in the
west and southeast of Zhejiang Province. The significantly positive influence area of GDP
extends in a strip from the northwest to the center of Zhejiang Province. The coefficients
and significance of the proportion of construction areas and GDP varied geographically.
The influence of these factors on foodborne diseases caused by V. parahaemolyticus varied
geographically. Furthermore, our findings verify that GWLR can provide improvements
and additional perspectives over classic non-spatial regression models for eco epidemi-
ological studies on bacterial foodborne diseases [53]. As the relative importance of each
independent variable differed geographically, public health practitioners can identify the
most important influencing factors and develop public health interventions for various
regions more precisely.

GWLR had more advantages in model performance compared to GLR. Owing to
the spatial heterogeneity of the driving mechanism, non-spatial regression models may
perform poorly [54]. A comparison of the model performances between the GLR and
GWLR is shown in Tables 3 and 4. The AICc and deviance values of GWLR were 874.659
and 760.530, respectively, which were lower than those of the GLR model, indicating
that GWLR performed better than the GLR model in quantifying the impact of selected
variables on foodborne diseases. Additionally, the AUC of GWLR was 0.871, which was
much larger than that of the GLR model, suggesting that GWLR had higher prediction
accuracy for the probability of positive foodborne disease cases. The evaluation indices of
the GWLR model were all better than those of the GLR model, similar to the findings of
previous studies [53,55], suggesting that the influence of spatial geographical location on
the results of the dependent variables should be considered when fitting data with spatial
structure. However, this GWLR approach used the annual total value or average value of
covariables to model the relationship between V. parahaemolyticus detection information
and vulnerability environmental factors in different regions, ignoring the seasonal variation
characteristics of foodborne diseases. It is difficult to predict the epidemic trends of
foodborne diseases according to the climate change and other risk factors. Similar to the
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study on the spatial trends in Salmon infection in Spain [56], we paid attention to the
geospatial variation of bacterial pathogen detection, and confirmed the existence of the
spatial difference in the risk of bacterial pathogen infection at the province level or grid
level. Under the constraints of limited resource input and environmental improvement, it
is important to evaluate the spatial risk of V. parahaemolyticus infection in Zhejiang province
to help develop local public health strategies, which is the main contribution of this study.

According to the predicted risk maps of foodborne diseases caused by V. parahaemolyticus
(Figure 5), the prediction probability in urban areas (60.6%) was higher than that in the
rural areas (20.1%). One reason for this phenomenon is that the percentage of seafood
intake is lower in rural residents than in urban residents [57]. Outbreaks of foodborne
diseases caused by V. parahaemolyticus are associated with dietary habits of seafood con-
sumption. V. parahaemolyticus foodborne disease risks differed between urban and rural
areas, which have also been reported by other researchers; for example, using simple linear
regression and locally weighted regression, Ford et al. found significantly higher rates of
V. parahaemolyticus serotype typhimurium in urban areas than rural areas [58]. Therefore,
relevant departments should pay more attention to urban areas than to rural areas. Stricter
food regulations, such as the step-by-step seafood safety regulations in Japan, from the
production to the consumption stages, are recommended [59]. Considering factors such as
medical distance and cost, there are also patients in rural areas who do not visit the hospital
after falling ill. Therefore, the monitoring, prevention, and control of foodborne diseases
requires efforts from both urban and rural departments.

However, not all urban areas have high prediction probabilities and not all rural areas
have low prediction probabilities; for example, the prediction probability of the coastal
areas that belonged to rural areas in the northeast and southeast of Zhejiang Province
was also high, whereas the prediction probability of some grids belonging to urban areas
in the middle of Zhejiang Province was low. Additionally, Figure 6 shows that, as the
distance from the coast increased, the prediction probability decreased overall, except
for some regions, which was consistent with a study conducted in the littoral domain,
where V. parahaemolyticus caused outbreaks of most foodborne diseases [6]. One possible
reason for the high prediction probability in inland areas is that V. parahaemolyticus is
occasionally detected in other foods. Remarkably, V. parahaemolyticus contamination has
been found at a high rate in aquatic products as well as in ready-to-eat (RTE) foods, such
as cooked meat, roasted poultry, and cold vegetable dishes in sauce, which are popular
in China [60]. Jinhua, 90-180 km from the coastline, is famous for its traditional pickled
food, Jinhua ham; Quzhou, 210-270 km from the coastline, is famous for its special stewed
meat. Therefore, relevant departments should not ignore other foods while addressing
seafood contamination.

5. Conclusions

In this study, we proposed a foodborne disease vulnerability assessment framework,
and foodborne disease vulnerability environments were comprehensively described using
various types of geographic data. This study combined the GWLR model with foodborne
diseases for the first time to analyze the spatial epidemiological risk of foodborne diseases
caused by V. parahaemolyticus.

We found that temperature, total precipitation, road density, the proportion of con-
struction area, and GDP are important environmental indicators that affect foodborne
diseases. Additionally, the GWLR model had better model fitness and higher prediction
accuracy than the GLR model. Compared with the GLR model, the GWLR model can
consider the spatial heterogeneity of selected independent variables and their relative geo-
graphical importance. The significant relationship between foodborne diseases and these
covariates was mostly positive throughout Zhejiang Province, except that road density also
had a negative relationship in the northern part of the study area. Furthermore, our model
can effectively predict the foodborne disease risks, and our predicted risk map showed
that urban areas had a higher overall probability of positive cases. Although foodborne
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diseases caused by V. parahaemolyticus are related to the distance from the coastline, the
supervision of food and residential dietary hygiene habits also contributed to an increased
risk of foodborne diseases. Generally, this study provides guidance and geographical
support for relevant government departments to prevent and control foodborne diseases in
Zhejiang Province.

The limitations and future perspectives should be addressed to better understand
these findings. First, urban and rural divisions in this study were based on administrative
divisions, and a mixed area may still exist. Determining how to divide urban and rural
areas more effectively would be instrumental for future work. Second, the spatiotemporal
resolutions of meteorological and socio-economic data limit the spatial scale and neglects
seasonal changes in the results. Except for meteorological data, other vulnerability envi-
ronmental assessment data show the annual average distribution of factors in each region,
which are cross-sectional data. Future studies should include higher spatial resolution and
dynamically changing time-series data, and then carry out spatiotemporal risk prediction
research. Third, the proposed foodborne disease vulnerability assessment framework must
be further improved. Based on the perspective of exposure, sensitivity, and adaptability,
related information such as age structure, food consumption structure, and fiscal med-
ical hygienic expenditure to the index framework should be included in future studies,
aiming to describe the vulnerability of the Zhejiang Province environments from a more
comprehensive perspective.
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