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ABSTRACT

The global urbanization process is rapidly increasing, and a reasonable and scientific analysis of the
relationship between urban land expansion and land resources plays an important role in the rational
allocation and coordinated development of land resources. This paper constructs a spatio-temporal
geographic weighted regression model coupled with geospatial and temporal coordinates, and
incorporates temporal and spatial non-stationarity into the model. Then, using the method of
hypothesis testing, the temporal non-stationarity and spatial non-stationarity of the spatio-temporal
geographic weighted regression model are examined, and at the same time, the multiple covariance
test and the variance expansion factor method are proposed to carry out further statistical inference
of the model. As the degree of urban sprawl increases, the land resources weaken year by year from
the center to the surrounding area.The global Moran's I for the three periods from 2003 to 2023 are
0.6289, 0.7159, and 0.7368, respectively, which show a trend of increasing year by year. It shows that
land resources are strongly influenced by urban expansion, and the spatial distribution of land
resources shows spatial aggregation. Several variables, such as building volume rate, population size,
regional economic development, regional cultural level, infrastructure construction and urban fallow
area, have significant effects on the spatial differentiation of land resources. The above differentiation
characteristics provide insights into the rationalization of urban expansion and the scientific allocation
of land resources.

Keywords: land resource allocation, spatio-temporal geographically weighted regression, variance
inflation factor method, urban sprawl

1. Introduction

With the continuous growth of population, urban expansion has become a real problem in today's
society. Urban expansion has a far-reaching impact on land resource utilization, involving land
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occupation, environmental quality, and sustainable development [1-3].

First of all, urban expansion leads to a large amount of land occupation. With the expansion of cities,
land that was originally used for farmland, forests and other natural ecosystems has been forced to be
used for the construction of residences, commercial districts and industrial land, etc. This occupation
not only directly affects the stability of the ecological environment, but also leads to the waste of land
resources [4-7]. Especially, some big cities have to develop the neighboring farmland or mountainous
areas in order to meet the demand of population growth, which leads to the reduction of farmland and
ecological damage [8-9]. Secondly, urban expansion has brought about unbalanced utilization of land
resources. In the process of urban expansion, some rich land resources may be prioritized, while areas
that cannot be developed are neglected. Such unbalanced utilization not only causes waste of land
resources, but also leads to unbalanced urban development [10-13]. In some cities, resources are over-
utilized in the central areas while the surrounding areas are relatively poor, thus exacerbating the gap
between cities. In addition, urban expansion has a negative impact on the efficiency of land use. In the
process of urban expansion, the utilization efficiency of land is often low due to asymmetric
information and imperfect policies [14-15]. Some land has been used for inefficient construction
projects, and there is also the phenomenon of large areas of vacant land. This not only wastes valuable
land resources, but also brings challenges to the sustainable development of cities [16-17].

vanVliet, ]. emphasizes that forest loss due to displacement of cropland exceeds that caused by
urban expansion. This was verified with global data. It is pointed out that guiding urban development
towards a sustainable trajectory is conducive to the protection of forests and other natural areas [18].
Wu,Y. et al. used Landsat images to assess urban expansion and LULC changes from 1979 to 2013. It
was pointed out that urban growth had a serious impact on land cover. And taking Guangzhou as an
example, they emphasized that the obvious changes in LULC and urban sprawl were highly correlated
with indicators such as economic development and population growth [19]. Colsaet, A. summarizes
the relationship between land occupation and different explanatory factors based on a literature
review. It was pointed out that demographic, income, political and institutional factors were
mentioned, suggesting that urban sprawl is influenced by public policy in addition to being the result
of “market forces” [20]. Wei,Y.D. analyzed the relationship between urban sprawl and equitable and
sustainable development. It also explored the pattern, structure and dynamics of urban sprawl and its
impact on spatial inequality from various economic and social dimensions [21]. Brend'Amour, C.
combines spatially explicit projections of urban expansion with datasets of global farmland and crop
yields. The results of the study illustrate that urban sprawl will cause a global loss of cropland of 1.8-
2.4% by 2030, with significant regional variations. And the loss of arable land will be accompanied by
other risks that pose a threat to livelihoods [22]. Sen, G. aims to determine the change in land cover in
a city from 1999-2014. This change was assessed based on relevant data from the last 15 years and
using remote sensing methods. The results showed that agricultural and forested areas became
artificial land surface during many years [23]. Song,X. et al. explored the quantitative and qualitative
correlations between ecosystem service functions and urban expansion indicators in Wuhan using
spatial autocorrelation analysis and linear regression. It was pointed out that urban expansion had
the greatest impact on food production, and the expansion area was an important factor contributing
to the decline of ecosystem service function [24]. Huang,Q. et al. analyzed the global urban expansion
and its impact on cropland NPP from 1992-2016 based on urban expansion data. The results showed
that urban expansion caused a sharp decline in the area of arable land and led to food security risks in
developing countries [25].

This paper mainly applies the comprehensive evaluation method to measure the effective degree of
land resource allocation, and adopts the index of effective degree of land resource allocation to
quantify the level of land resource allocation. On this basis, for the traditional spatio-temporal model
that does not take into account the spatial and temporal changes of the data, a spatio-temporal
geographically weighted regression model that integrates temporal and spatial features is proposed,
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which further grasps the spatio-temporal non-stationarity of the land resource allocation data.
Chinese cities were selected as examples for empirical analysis, and the law of urban expansion on the
spatio-temporal changes of land resources was explored. Eight variables are selected as the factors
influencing the spatial differentiation of land resource allocation for research and analysis.

2. Methodology for quantifying land resources

2.1. Comprehensive evaluation method

This part mainly applies the comprehensive evaluation method to measure the effective degree of land
resource allocation [26], and the formula of the comprehensive evaluation method is as follows:

&:ZM% (1)
i

where S, isthe comprehensive evaluation index, which represents the degree of effectiveness of land
resource allocation in the evaluation of land resource allocation, respectively. W, isthe weight of each
index; z,, is the standardized value of each city in each index.

On the determination of indicator weights, in the evaluation of land resource allocation effectiveness,
since there are only two indicators in the evaluation of land resource allocation effectiveness, and this
paper believes that these two indicators are equally important to regional land resource allocation,
and there is no difference between the advantages and disadvantages; therefore, the coefficients to be
determined are determined to be equal weights.

Entropy value method is an objective empowerment method, which determines the weights based
on the degree of dispersion of the indicators. If the greater the degree of data dispersion, the smaller
the information entropy, the greater the amount of information provided by the indicator, the greater
the impact on the comprehensive evaluation results, so its weight in the comprehensive evaluation
should be greater. Most of the existing researches use the traditional entropy method, i.e., they can
only calculate the two-dimensional table, which has certain limitations. On this basis, the global
entropy value method introduces the time sequence in the general cross-section data, and makes the
data comparable among years by establishing the three-dimensional data of “region, time and
indicator”. Therefore, this paper introduces the global entropy method to determine the weights of
each indicator, which helps to dynamically analyze the new urbanization level, the effective degree of
land resource allocation and the level of regional high-quality development of Chinese cities and
municipalities. The specific steps for determining the weights of each index using the global entropy
method are as follows:

1) Establishment of three-dimensional time series data table. There are m municipality, »
evaluation indicators,and T years, which together form the initial global evaluation matrix:

X = {xnf}men (2)

where x, representsthe jthindicator for the ird municipality inyear 7.

2) Data standardization. The polar value method was used to standardize the indicators to avoid the
interference of the inter-indicator scale and positive and negative orientation. At the same time, in
order to eliminate the influence of zero on the subsequent model, the standardized data were
distributed between 0.1 and 0.9. The specific standardization formula is shown below:

Positive indicators:

x;; —Min(x,)

Z = 0.140.8(—4
/ Max(x,)~ Min(x,)

(3)
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Negative indicators:
x,; —Min(x;) “@
Max(x;)—Min(x,)

2, =0.1+0.8(1 -

where x, isthe jth indicator for the ird municipality in year ¢, z, is the normalized value of

x;,and Max(x;) and Min(x;) are the maximum and minimum values of the ; th indicator for all

tij !
municipalities.
3) Indicator normalization.

>3, *)

4) Calculate the entropy value.

T m
Q=%ZZ%mmk-—L— (6)

5) Calculate the redundancy of each indicator.

D, =1-E, (7)
6) Determination of weights.
A
S (8)
J

2.2. Land Resource Allocation Effectiveness Index (LREI)

The primary issue in quantitative research on land resource allocation is to rationally quantify the
level of land resource allocation. Existing studies usually equate agreement transfer with industrial
land, and measure land resource allocation by the ratio of the area of land transferred by agreement
to the total area of land transferred. Land resource mismatch is the distorted behavior of urban
industrial land and commercial land supply. Combined with existing studies, in order to reduce the
problem of bias in research results caused by a single variable, this paper decomposes the degree of
land resource allocation effectiveness into the degree of quantitative allocation effectiveness and price
allocation effectiveness, and portrays the degree of land resource quantitative allocation effectiveness
by the ratio of the area of land granted by way of bidding and auctioning to the total area of land
granted. The ratio of the unit price of the land granted by agreement to the unit price of the land
granted by auction is used to measure the effective degree of price allocation of land resources. The
specific formula for calculating the effective allocation of land resources is as follows:

La=a-La—q+b-La—p 9)

where La is the effectiveness of land resource allocation; La—q. Allocate the effectiveness of the
quantity of land resources; La—q. Allocate the effectiveness of land resource prices; a,b are the
coefficients to be determined, considering that both the effectiveness of quantity allocation and the
effectiveness of price allocation have a positive impact on the effectiveness of regional land resource
allocation, and both are equally important, and there is no difference between advantages and
disadvantages. Therefore, the pending coefficients for quantity allocation validity and price allocation
validity are determined to be equally weighted, i.e., a=b=1/2.
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3. Spatio-temporal geographically weighted regression models

3.1. Definition of spatio-temporal geographically weighted regression models

The spatio-temporal geographically weighted regression model [27] combines the original geospatial
coordinates with temporal coordinates to form the spatio-temporal three-dimensional coordinates
(u;,v,,t,). The mathematical expression of the model is as follows:

P
Y, =B v t)+ D B, v, t)x, +&  i=12,n (10)
k=1

where (u,,v,,t,) isthe spatio-temporal 3D coordinates of the ind sample point, n isthe number of
sample points, f,(u,,v,,t,) isthe regression coefficient of the & th independent variable for the ith

sample point. &, is the random error of the ith sample point, & ~ N(0,0°) and the random errors
of the different sample points i and ; are independent of each other with a covariance of zero.

3.2. Estimation of spatio-temporal geographically weighted regression models

The estimation of the spatio-temporal geographically weighted regression model is similar to that of
the geographically weighted regression model, and the regression coefficients can be estimated by the
following equation, based on the weighted least squares method:

n P
minzwij (yj _ﬂiO - Zﬁik‘xik )2 (1 1)
j=1 k=1

Here w; is the spatio-temporal weight matrix whose value decreases as the distance between the
sample point and the data point increases.
The regression coefficient valuation S for the indsample pointis:

B =BB ) = (XWX) XW,y (12)
The fitted value of dependent variable Y atpoint i is:
9i=XiBi=Xi(XmX)71XVKy (13)

Let );z(ﬁl,)?2,~~-,j/n)T be the vector consisting of the fitted values of y,y,,..,»y, and

&=(&,¢,,-+,&,)" be the corresponding residual vector, then:
Y =5SY
\ ; (14)
6=Y-Y=(-S)Y
Among them:

X, (X'wxy)y'x"w,
X, (X'W.X)y' X"'w,

S — 2( 2 ) 2 (15)
X, X'wx)y'x'w,

The residual vector e is the difference between the observed and fitted values:
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ni|s
e=| | F y=u-s)y (16)
Yol LS,
The residual sum of squares RSS is:
RSS = eTe:[(I—S)y]T [(I—S)y] =y'(I-8)'(I-S)y (17)

In general the lower #(S) is so close to #(S'S) that the effective degrees of freedom can be
approximated as n-—tr(S), thus leading to a simplified formula:

,  RSS

) (18)

3.3.  Spatio-temporal weight function and bandwidth

The core of the spatio-temporal geographic weighted regression model is the spatio-temporal weight
matrix, and different spatio-temporal weight functions are selected to describe the spatio-temporal
relationship between data. The mutual combination of temporal and spatial information can be
realized by the Gaussian function method to establish the spatio-temporal weight function of the
spatio-temporal geographic weighted regression model.

The spatio-temporal distance can be expressed as a linear combination of temporal distance d!-].f

and spatial distance dijs. :

dS" = \A(dS) + p(d] ) (19)

where for 4 and u are scaling factors indicating the balance between spatial and temporal

distances. d;; is the temporal distance between sample points i and j, Eq:
(d;) =(t~t,) (20)

d;

i

is the spatial distance, Eq:
(d,;v )2 =(u, - u; )2 +(, —V; )2 (21)
Thus the spatio-temporal distance can be expressed as:

a5" = A=, + =) Tt =1, 22)

The weights atrow i and column j are calculated by Gaussian function:
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. d;r jz l[(ui —u, )2 +(v,. -V, )2J+,u(ti —tj.)2
=expq—

=exps— +

[ 15V r)? (23)
— exp/ - (d§)2+(d;)2]

() (")
exp 1) L op) 15

(#°) (#")
=Wy xw;

where #° isthe spatial bandwidth, %" is the temporal bandwidth, and #*" is the spatio-temporal
bandwidth, which is linearly related to the two, respectively:

(B°TY" =AY, (h*")* = u(h")’ (24)

4. Statistical inference of spatio-temporal geographically weighted regression
models

Statistical inference is the estimation and making of inferences about one or some characteristics of
the population by analyzing data, models and the reasonableness of the inference method, including
parameter estimation and hypothesis testing.

4.1. Tests for spatio-temporal non-stationarity

The goodness-of-fit can be used as an evaluation metric to verify whether the geographically weighted
regression model is better than the ordinary linear regression model.
Based on the above analysis, the original hypothesis H, and alternative hypothesis H, are

constructed as follows:

H:y, =pByxo+ Bix,++Bx,+&i=12,.n (25)
J2

H:y = ﬁo(ui’vi)+2ﬂk(ui’vi)xik +e i= 1,2,---,n (26)
k=1

If the original hypothesis is true, it proves that the model is not spatially non-stationary. If the
alternative hypothesis is true, the original hypothesis is rejected, indicating that the model is spatially
smooth, i.e,, the regression relationship varies with geographic location.

From the previous section, the residual sum of squares RSS, of the general linear regression
model is calculated as:

n

RSS, =Y e =e'e=y"(I-H)' (I-H)y (27)

i=1

The residual sum of squares and RSSs for the geographically weighted regression model with
embedded spatial location are calculated as:
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RSSs=Y e’ =e'e=y"(I-5) (I-S)y (28)

i=1

RSS, —RSS; _y'(R,—Rs)y

Construct the test statistic F,= , where R, and R are both

RSS. Vv Rsv
semipositive definite real symmetric matrices.
R,=(I-S,)(I-S,) (29)
Ry =(I-55)"(I-5y) (30)

Under the condition of E(,)=E(y),E(},)=E(y)

&'Re (31)

If the original hypothesis H, is nottrue, there is a tendency for F, to be biased toward the larger,

H, test p value for alternative hypothesis H,:

P =Py, (F > 1) =Py, (R, ~(fy +DR)e > 0) (32)

where f, is the observed value of the test statistic, given a significance level of «.If p, is greater
than «, the original hypothesis is accepted, i.e., the geographically weighted regression relationship
is smooth with respect to changes in spatial location. Otherwise, if p, isgreaterthan «, spatial non-
stationarity is considered to exist.

Whether the spatio-temporal geographically weighted regression model is superior to the
geographically weighted regression model is also verified here using goodness-of-fit.

Based on the above analysis, the original hypothesis H, and alternative hypothesis H, are
constructed as follows:

p

Hy:y, =By, v)+ Y B, v)x, +& i=12,,n (33)
k=1
P

Hy:y, =B, v)+ Y Bou,v)x, +& i=12-n (34)
k=1

If the original hypothesis is true, the model is shown not to be time non-stationary. If the alternative
hypothesis is true, the model has temporal smoothness, i.e., the regression relationship changes over
time.

Under the condition that the original hypothesis is true, the residual sum of squares RSS, of the

geographically weighted regression model is obtained and calculated as:
RSSS, =Y e =e'e=y"(I-5)"(I-S)y (35)
i=1

The residual sum of squares RSSs of the spatio-temporal geographically weighted regression model
are obtained and calculated as under the condition that the alternative hypothesis holds:

RSSS, =Y e =e'e=y"(I-5,)"(I-S,)y (36)

i=1

Constructing test statistics:
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RSS; —RSS;, y'(RS1 —Rg)y

’ RSS;, y ,Rsl y (37)
Under the condition of E(J;)=E(»),E(J, )=E():
&' (R, —R, )¢
Fy=—"3_ "5 (38)

!
&'Rse

If the original hypothesis H is nottrue, then F, there is a tendency for it to be large, otherwise
F, there is a tendency for it to be small, and H, the value of test p for alternative hypothesis H,
is:

p, =B, (F,> f,)=PF, ('R, = (f, +DR )& > 0) (39)

The F -distribution approximation can be used to reduce the difficulty of the operation. The F
distribution approximation method means that the distribution of the value of the statistic is
approximated by the F distribution. The distribution of the quadratic form of the normal variable in
the numerator and denominator of the test statistic F is approximated by taking the appropriate
multiplicity and degree of freedom of the y* distribution, and the distribution of the test statistic F
is approximated by using the F distribution with the corresponding degree of freedom.

Let O=¢"A¢& E~N(0,1), A denote semipositive definite real symmetric matrices of order n.If
A is an idempotent matrix, then Q obeys a y* distribution with #(4) degrees of freedom. A
common treatment is to approximate Q by the distribution of by’. The constants b and r can
be computed so that the variances of matrices 4 and by’ are the same as the expectation.

Since E(by’)=br,Var(by:)=2b"r , and E(Q)=tr(A),Var(Q)=2tr(4*) , it follows that

[r()] ,_ ir(4)

br=tr(A),2b’r =tr(4%) yields r= , .
r=ir(d).2br =4y (A r(4)

For the ratio of quadratic forms of normal variables F = éffTAzf, &~ N(0,1).inthe caseof 4, and

4, idempotents and 4,4,=0, F obeys a F distribution with degrees of freedom #(4,) and

tr(4,), and in the usual case the distribution of bl.;(j can be de-approximated to the distribution of
EAE first, i=1,2. And then let:

F= \/Z :tr(ff)F
t
(bl‘}::TAz‘}::j r(4)
i

is the F -distribution approximated by the F -distribution with degrees of freedom v, and r,.

(40)

4.2. Multicollinearity test

Multicollinearity refers to the highly correlated relationship between two or more explanatory
variables in a linear regression model. When multicollinearity occurs among the variables in the model,
the estimation of the model will be distorted or difficult to estimate accurately.
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1) The economic meaning of the parameter estimates is unreasonable. If the two explanatory variables
in the model appear to be correlated, x, = Ax,, the parameter /3,5, atthis pointdoes notrespond to

its relationship with the explanatory variable xx,, but to their joint influence with the explanatory

variable xx,.

2) The significance test of the variables loses its significance. When there are multiple covariances in
the model, it will lead to the variance and standard deviation of the estimated values of the model
parameters to become larger, and therefore the explanatory variables that originally existed will be
excluded.

3) Failure of the predictive function of the model. Multicollinearity causes the variance of the model
parameters to become larger, which leads to the failure of prediction. Therefore, when analyzing with
the model, it is necessary to perform a multicollinearity test first, and the most commonly used method
is the variance inflation factor (VIF) [28].

The inverse matrix M of the correlation matrix of the variance inflation factor method is:

M=(XX)" (41)

The variance inflation factor v, for variable x, is:

1
v, =m,

;= m; = m (42)

The VIF method assumes that if the value of the variance inflation factor is larger, the stronger the
covariance is and the regression analysis can be performed. Conversely, the smaller the variance
inflation factor, the weaker the multicollinearity, indicating that it is not suitable for analysis.

5. Analysis of the efficiency of land resource allocation

Stata software was used to measure the value of land resource allocation efficiency. Since agricultural
land is mostly defined as carbon sink land, which has less correlation with the apparent CO2 selected
in this paper, only the factor efficiency of urban villages and industrial, mining and transportation land
is analyzed here. The time-series changes of the mean values are shown in Figure 1. From the overall
time series change, the mean value of factor efficiency of land resource allocation in China's provinces
under the carbon emission constraint is higher than the total efficiency mean value during the study
period, and all of them show a two-stage change, the first half of which is a wave-type dynamic change,
and the second half of which shows a downward trend, but with different demarcation points for the
downward turn.

Specifically:

1) The average value of total efficiency decreases from 0.725 in 2003 to 0.471 in 2020, which is
contrary to the conclusion that the green land use efficiency of urban land in China shows an upward
trend from 2003 to 2017, which may be attributed to, firstly, the difference in non-desired outputs,
and the fact that the efficiency measurements of the existing studies do not include the constraints of
carbon emissions, which implies that disregarding the outputs of carbon emissions will overestimate
land utilization efficiency, and the second is the difference in the choice of input land factors.

2) From the perspective of factor efficiency, the average value of carbon emission efficiency of urban
villages and industrial and mining land has been significantly higher than the average value of carbon
emission efficiency of total efficiency and transportation land since 2010, which is partly due to the
fact that the construction land can play a higher role in economic efficiency while bringing about high
carbon emission, and partly due to the fact that the rigid constraints of the construction land index
have reduced the supply of urban villages and industrial and mining land and its inputs, which is
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equivalent to shrinking the supply of land and inputs of urban villages and industrial and mining land,
under the premise of lack of constraints of the input of other factors. On the other hand, the rigid
constraint of the construction land target reduces the supply and input of urban villages and industrial
and mining land, which is equivalent to narrowing the gap between the real input of urban villages
and industrial and mining land and the target input in the absence of other factor input.

0.9
0.8- P =
&l\ o/ e — B
\ / ™ ¢e t 24 | N
g 0.7 s 2t v 30— .
3 V R
P | ]
2 0.6 7 [
2
2 \
o .
0.5 == == Total carbon efficiency | W
== =|= The efficiency of carbon emissions \
0.4 in urban and industrial areés .
The efficiency of carbon emissions .
in transportation land
0.3 T ; T
2001 2003 2005 2007 2009 2011 2013 2015 2017 2019 2021

Year

Fig. 1. Mean time sequence change

Gaussian kernel density estimation method was used to obtain the kernel density distribution of
total and factor efficiency of land resource allocation in Chinese provinces, and the kernel density
distribution of total efficiency, the kernel density distribution of carbon emission efficiency of urban
villages and industrial and mining land use, and the kernel density distribution of carbon emission
efficiency of transportation land use are shown in Fig. 2, Fig. 3 and Fig. 4, respectively. The kernel
density distributions of total efficiency and factor efficiency differ greatly.

1) From the viewpoint of total efficiency, the kernel density curve shifted to the left overall from
2003 to 2020, and shifted to the left even more obviously from 2010 to 2020, and the peak of the curve
continued to rise, indicating that the total efficiency of land resource allocation firstly showed a
downward trend, and secondly, the gap between domains narrowed, and shifted from multi-
polarization to “agglomeration”. “This corresponds to the fact that during the sample period, the
allocation of various types of land resources was not balanced enough, and “high factor inputs and low
economic outputs” combined with increasing carbon emissions and undesired outputs led to
inefficiency in the allocation of land resources and a narrowing of the inter-regional gap. This is the
result of a common decline in the efficiency of most provinces and a decreasing number of model
efficiency highlands.

2) In terms of the carbon emission efficiency of urban villages and industrial and mining land use,
the kernel density curve from 2003 to 2020 showed a dynamic upward trend in the y-axis direction,
and then declined in 2020, with a higher peak and a smaller change interval, representing a narrowing
of the gap between regions, and the curve shifted to the right with a left trailing tail, which implies that
the threshold for low efficiency has been increasing, and that the gap between the low and the high
values is narrowing, and the above indicates a narrowing of the gap between regions. All of the above
indicate that the carbon emission efficiency gap between urban villages and industrial and mining land
use between provinces and regions is narrowing.

3) In terms of the carbon emission efficiency of transportation land, the peak of the curve from 2003
to 2016 is a single wave, and the peak is constantly shifted upward, indicating that the gap in the
carbon emission efficiency of transportation land between provinces is decreasing, but it is still in the
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state of polarization, which corresponds to the rapid development of China's transportation industry,
and the allocation of transportation land is more balanced between provinces, but the first-mover
advantage of some provinces still exists. The difference in the statistical caliber of the transportation
land use classification in the “three surveys” data in 2020 has caused the kernel density curve of the
carbon emission efficiency of transportation land use to change in the opposite direction, which is
shown by a leftward shift of the curve, with the wave peak located in the low-efficiency range, which
is related to the fact that transportation land use carries a large amount of carbon emissions, and under
the constraint of carbon emissions, the difference between provinces and regions is still polarized, and
the difference between provinces and regions in carbon emission efficiency has continued to narrow.
emission constraints, the differences between provinces and regions are narrowed but the overall
efficiency is lower.
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Fig. 4. Distribution of nuclear density of traffic land

6. Analysis of spatial and temporal changes in land resources due to urban
expansion

6.1. Characterization of spatial differentiation

The three periods of data of the relevant parameters fitted by the semi-variance function of China's
land resource values from 2003 to 2023 were calculated by applying the trend analysis function of the
Geostatistical Analyst tool in the extension module of Arc GIS 10.2 software, and the spatial trend
distributions of China's land resource indices for 2003-2023 were obtained, and the spatial trend
distributions of the land resource indices in 2003, 2013 and 2023 are shown in Figures 5-7,
respectively. The X and Y axes represent the spatial locations of the data points, and the Z axis
represents the values of the data points. The lines on the X and Z sides are the east-west trend lines,
and the lines on the Y and Z sides are the north-south trend lines. It is possible to analyze the spatial
layout trend of China's LRI based on these two trend lines.

China's LRIs from 2003 to 2023 all show a spatial trend direction of high in all directions and low in
the middle. In terms of the east-west trend line, the curves of the three periods are bending more and
more, indicating that the degree of spatial variation of China's LRI in the east-west direction gradually
strengthens and the value of LRI in the middle gradually decreases. From the trend of the north-south
trend line, the trend line in 2003 is more gentle, and the spatial variability of the LRI in that year is not
particularly obvious on the surface. However, the trend lines in the following two periods are getting
lower and lower from the perimeter to the center, and the spatial variability of the LRI is getting more
and more obvious. Overall, China's land resource index shows a certain degree of decline in both the
east-west and north-south directions, and the value in the central region declines most significantly.
This indicates that during the period of 2003-2023, due to the expansion of cities, China's land
resources are weakening year by year from the central region to the surrounding area, and the overall
land resources are strongly influenced by human activities.
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Fig. 6. Distribution of land resource space in 2013
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Fig. 7. Distribution of land resource space in 2023

6.2. Global spatial autocorrelation

With the help of GeoDa1.18 software to spatially analyze the impact of distribution characteristics of
land resources in China under urban expansion in three phases, the global spatial autocorrelation
results and Moran scatter plots obtained are shown in Table 1 and Figures 8-figure supplement 10,
respectively.The global Moran's I for the years 2003-2023 are 0.6289, 0.7159, and 0.7368, respectively,
which show an overall increasing trend. The lowest Z value is 71.25 and the highest is 87.59, and the
P values are all <0.01, which tends to be close to 0, indicating that the spatial distribution of land
resources in China from 2003 to 2023 all show a positive correlation, and the correlation is high, and
the spatial distribution is more aggregated. In addition, the values of Moran's I index and Z-value from
2003 to 2023 show an upward trend, indicating that the spatial distribution of land resources in China
has become more and more obvious with the socio-economic development and urbanization process
in the past 20 years.

Table 1. Moran's I index and test value

Year Moran's | P Z

2003 0.6289 0.000 71.25
2013 0.7159 0.000 83.56
2023 0.7368 0.000 87.59
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7. Analysis of factors influencing the spatial differentiation of land resources

In this study, the ordinary least squares (OLS) method in ArcGIS was first utilized to calculate the
significance (p-value) and global impact of the explanatory variables. Building volume rate, population
size, regional economic development, regional cultural level, infrastructure construction, recreational
facilities construction, medical facilities construction, and urban fallow forest area were selected as
explanatory variables.The results of the OLS regression are shown in Table 2.The building volume rate,
population size, regional economic development, regional cultural level, infrastructure construction,
and urban fallow forest area have the most significant impacts on the spatial differentiation of land
resources at the global level. The influence is most significant. Meanwhile, according to the coefficient
analysis, the building volume rate and the area of returning farmland to forest are inversely
proportional to the spatial differentiation of land resources, and the lower their values are, the higher
the spatial differentiation of land resources is.

In order to ensure that there is no strong statistical correlation or linear relationship between the
explanatory variables, the variance inflation factor (VIF) was calculated in this study. When the VIF
value of an explanatory variable is >5, it is considered that there is multicollinearity and should be
removed.The variable of urban fallow area was chosen to be removed in the result of the VIF value.
Spatio-temporal geographically weighted regression analysis was performed on the indicators that
passed the test. In the process of constructing the spatio-temporal geographic weighted regression
model, referring to the research of previous scholars, this study chooses the adaptive Gaussian
function and optimizes it with the AICc criterion. In order to verify the superiority of the spatio-
temporal geographic weighted regression model, this study compares the running results of the OLS
model, the GWR model and the spatio-temporal geographic weighted regression model, and the
specific results are shown in Table 3. The comparison results show that the spatio-temporal
geographically weighted regression model has a higher fitting accuracy compared with the other two
models, while the AICc value is lower, 64958.This indicates that the spatio-temporal geographically
weighted regression model can more accurately capture the spatial heterogeneity of the spatial
differentiation of the land resources, and shows a higher superiority.

Table 2. Common least squares results are summarized

Variable Coefficient Standard deviation Probability VIF
Construction volume -278.495 105.69 0.012" 1.021
Population scale 451.46 1542.05 0.000" 0.108
Regional economic development 75891 456.78 0.000" 2.616
Regional cultural level 496.12 145.69 0.037" 1.511
Infrastructure construction 125.69 577.81 0.000" 1.375
Recreational facilities construction 226.14 458.69 0.415 1.315
Medical facilities construction 598.78 1254.26 0.121 1.516
Urban reforestation area -789.58 1112.26 0.000" 5.205

Table 3. The comparison of the three models

OLS GWR This model
R?2 0.403 0.495 0.678
Adjusted R? 0.395 0.474 0.583
AlCc 67893 65895 64958
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8. Conclusion

This paper constructs a spatio-temporal geographically weighted regression model to explore the
impact of urban expansion on land resources based on the collation of quantitative methods for land
resources. The main conclusions include the following:

1) From the point of view of the temporal change of land resource allocation efficiency, in the past
20 years, China's land resource allocation efficiency has shown a wave-like change in the first half of
the period and a downward trend in the second half. The total efficiency trend of land resource
allocation efficiency evolution is declining. The gap between different values of carbon emission
efficiency of urban villages and industrial and mining land narrows, and the gap between provinces
narrows.

2) From the point of view of spatial differentiation characteristics, China's land resource index
shows a trend of high surrounding and low center. The trend bending amplitude of the three periods
on the east-west trend gradually increases. The trends of the north-south trend line and the east-west
trend are consistent. It shows that China's urban expansion gradually increased during the 20-year
period, and the land resources weakened year by year from the center to the periphery, and the overall
land resources were strongly influenced by urban expansion. From the results of global spatial
autocorrelation analysis, China's three-period global Moran's I are 0.6289, 0.7159, and 0.7368,
respectively, increasing year by year. It shows that the spatial distribution of land resources in China
presents a strong spatial aggregation feature, and the feature becomes more and more significant with
the increase of urban expansion.

3) Urban expansion features such as building volume rate, population size, regional economic
development, regional cultural level, infrastructure construction and urban area of returning farmland
to forests have the most significant influence on the spatial differentiation of land resources in the
whole world. At the same time, the lower the values of building volume rate and urban forest area, the
higher the spatial differentiation of land resources.
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