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Abstract The robust principal component analysis (RPCA) is a technique of multivariate statistics to assess the sodal and economic environ-
ment quality. This paper aims to explore a RPCA algorithm to analyze the spatial heterogeneity of social and economic environment of land uses
(SEELU) . RPCA supplies one of the most effident methods to derive the most important components or factors affecting the regional difference
of the social and economic environment. Acoording to the spatial distributions of the levels of SEELU, the total land resources of China were di-
vided into eight zones numbered by to  which spatially referred to the eight levels of SEELU.
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Principal component analysis ( PCA) is widely used to i-
dentify the contribution of some certain factors during an inte -
grated assessment of the regional land use environment'" .
Methodologically, PCA is capable of providing valuable infor -
mation for environmental management policies benefiting the
biodiversity preservation and the rational exploitation of natural
and agricultural resources'? . However, the assumptions that
the observed data has a high signal 4o noise ratio, the princi-
pal components with larger variance correspond to interesting
dynamics, and those with lower variance correspond to noise
of PCA always limit the application of PCA, when we explored
the spatial heterogeneity of social and economic environment
of land uses ( SEELU) . By contrast, the robust principal com-
ponent analysis ( RPCA) rules proposed here resist outliers
well and perform excellently for fulfiling various PCA 1ike tasks
such as obtaining the first principal component vector and the
first k principal component vectors as well as directly finding
the subspace spanned by the first k principal component vec -
tors. In some sense, RPCA improves the performances of the
PCA algorithms significantly, when outliers are present.

SEELU is a basic element for human subsistence and
connects the regonal economy with social sustainable devel -
opment. The evauation for the SEELU is helpful to find out
the current regional status of sustainable development and put
forward the corresponding countermeasures to improve the
ecdogica and environmental quality by carrying out an opti-
mized land use practices. As aresult, the evaluation for SEE -
LU is popularly applied at home and abroad, and various algo -
rthms and methodologes are used to evauate the SEELU.
There are a number of indictors used to identify the regional
dfference of the SEELU at a regona extent®™ . There are

Received: August 6, 2009 Accepted: September 9, 2009
Supported by the National Scientific Foundation of China
(70873118; 70821140353), the Chinese Academy of Sciences
( KZCX2 YW 305 2; KZCX2-YW-326-1) and the Ministry of Science
and Technology of China ( 2006DFB919201; 2008BAC43B01;
2008 BAK47B02) .

* Comesponding author. E mail dengxz. ccap @igsnrr. ac. cn

many choices for us to make, at least, those indictors from
the dimensions of population growth, economic development,
technical progress, infrastructure construction need to be spe -
cifically included. In addtion, one more thing to be addressed
here is that the inclusion or exclusion of a couple of indictors
affects the final assessment results. Alfsen and S? b? identi -
fied the important basic principles behind the choice of indica -
tors™™ . As for the integration approach, analytic hierarchy
process ( AHP), the common means to evaluate environment
quality, is widely used in practice at present with the technical
support of geographic information system ( GIS) . But the rest
to be readdressed here is that the determinacy of the weights
of factors might strongly affect the finally evaluation results of
social and economic envionment ( SEE) at a regional extent.

As ore of the most direct indicators to identify the intensi -
ty of human activities, land use constantly affects the SEE -
LU® . At the same time, the form and conversion of land u -
ses are also restricted by envionment quality. So it becomes
a hot topic to analyze the heterogeneity of SEELU. However,
since environment is a large and multi fayer system, it is one
of the biggest challenges to evaluate the SEELU using multi -
level, multisource and multi scale data. Under the circum-
stances, we conducted the RPCA to solve this problem.

This paper aims to explore a reasonable method to ana -
lyze the spatial heterogeneity of SEELU by using the RPCA
algorithm. The paper introduces the used data and methodol -
ogy, illustrates the schemes RPCA used to derive the princi -
pa components to identify the social and economic environ -
ment conditions, and finally concludes the key findings.

Methodology

As we have addressed above, PCA supplies one of the
most efficient methods to derive the most important compo -
nents or factors affecting the regional differences of the SEE.
As one of the mutivariate statistical technique, PCA is able to
analyze the dependencies existing among a set of inter corre -
lated variables. PCA is conducted on centered data or anom -
alies, and it is used to identify patterns of simultaneous varia -
tions. Its purpose is to reduce a data set containing a large
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number of inter correlated variables to a data set containing
fewer hypothetical and uncorrelated components, which nev -
ertheless represent a large fraction of the variability contained
in the original data. These components are simply linear
combinations of the original variables with coefficients given
by the eigenvector. A property of the components is that
each contrbutes to the tota explained variance of the original
variables. The analysis scheme requires that the component
contributions occur in descending order of magnitude, such
that the largest amount of variance of the first component ex -
plains the largest amount of variance of the original varia -
bles, the second explains the next largest, and so on. PCA,

however, is with some limitation to be expanded to explore
the spatial heterogeneity of SEELU, given that classical PCA
is strongly affected by abnormal objects ( outliers) . In order
to robustify the covariance matrixin classical PCA, the MCD -
estimator and estimator of the location and shape are gener -
aly used. However, these methods might fail. In this study,

a robust principal component analysis ( RPCA) is investiga -
ted. RPCA is still effective, evenif there are few anomalous
observations.

Data and methodology

Indictor system to identify the spatial heterogeneity of
SEELU The socia and economic environment of land uses
is a complex system. There are quite a lot of factors affecting
spatial heterogeneity of SEELU at a regiona extent. These
factors are interactively influenced by each other. Basically,

four kinds of factors at the top level, population, economy, in -
frastructure and technology, are included to explore the spa -
tial heterogeneity of SEELU.

Preparation of spatial dataset and attribute dataset One
of the most onerous tasks in preparing the data was to create
a set of county devel observations which were consistent dur -
ing the study period, since the consistency problem of county -
level units generated a result of the changes of Chinas admin -
istrative dvision. As a fact, the boundaries of counties
changed, and the number of counties rose over the study pe -
riod. For example, China had 2 156 administrative units at the
county level in 1988, whereas the number expanded to 2 733
in 2006. The organizational shifts of county tevel administra -
tive units were problematic for this study, since data within
each county odbservational unit needed to be comparable dur -
ing the study period. In order to overcome this problem, we
used the geo coding system of the National Fundamental Ge -
ographical Information System (NFGIS) " and a 2007 admin -
istrative map of China from the Data Center of Chinese Acad -
emy of Sciences, which included a consistent geo eoding sys -
tem with that of NFGIS. Using these todls, if two counties had
been subject to border shifts (e. g., one county ceded juris -
dictional rights to another) ; we combined them into a single u -
nit for the entire sample period. In case that the city core of a
county had been removed from the jurisdiction of the original
county fevel govemment, we re -aggregated the municipal ad -
ministrative zone back into the county proper. In the case of
large metropdlitan areas (i. e., Chinas four provincial fevel
municipalities — Beijing, Tianjin, Shanghai and Chongging,

provincial capitals, and other large cities), the districts within
city§ administrative region were combined into a single, sam-
ple period eonsistent observational unit. In this way, we en-
ded up with a sample which includes 2 348 observational units
(excluding Taiwan, Hong Kong and Macao) at the county-
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level that are consistent in size and jurisdictional coverage
during the study period. In the rest of the paper, even though
the observations included municipality district, cities and cther
administrative units larger and more complex than counties,
for clarty, we called observations county sampling units or
simply counties.

Several datasets were used to generate variables which

measured the quality of SEELU of each county. Information of
economy including scale, efficiency and structure for each
county comes from Socio economic Statistical Yearbook for
China’s Counties'” , supplemented by each province’s anmual
statistical yearbook. The population data are from Population
Statistical Yearbook for Chinas Counties ( Ministry of Public
Security of China, various years), as well as residential den -
sity, which is published by the Ministry of Public Security of
China. There was a variable which measured the density of a
county s infrastructure, including highway network density,
road density and drainage density. lts base was a digital map
of transportation and water developed by Chinese Academy of
Sciences ( CAS) .
Schemes used to generate the map to identify the spatial
clusters There were mainly eight steps by using RPCA to
generate the map to identify the spatial clusters. The 1st step
was to conduct singular value decomposition so as to reduce
the data space to the affine subspace with dimensions. The
2" step was to make the data points gather around the medi -
an value of the observation data. The 3° step was to seek the
first principal component with the maximal robust scale. The
4" step was to identify the data point with the data, so that the
first eigenvector was mapped onto the first basis vector. The
5" step was to project the data onto the orthogonal comple -
ment of the first eigenvector. The 6" step was to repeat the
3" step to 5" step urtil all required eigenvectors and eigenval -
ues found. The 7" step was to transform each eigenvector
back to the p dimensional space using the same reflections as
in4" step. And the final step was to link the clusters into the
base map to get the final quality adjustment and thus get the
clustering results of the data point to identify the spatial heter -
ogeneity of SEELU.

Abstraction of Principal Components

Data normalization

Normalization of original data The original data ( Table 1)
used to calculate the index data was normalized as followings:

Xa =>%/4 (1)
Xi=18x., (2

n a=1
Sy=5(X, -x4” (3)
where, i =1, 2, .., p(pisindexesdata); a =1,2, ..., n

(n is the number of observations) .

Calculation of correlation matrix According to the folowing
equation, the correlation matrix between variables was calcu -
lated.

€ij =2§( X = X4 (X _% (4)
where, i, j =1,2, ..., p.
The correlation matrix was then calculated as folowings:
R=(15, ) (5)
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eij
r=j=——0r
€i€j

where, e; is the deviation matrix.

Table 1 Data used for exploring the spatial heterogeneity of SEELU

Indicators x &
River density 8.53 H1.90
Residential density 2.36 13.52
Railway density 1.09 12.89
Road density 7.41 H0.56
Population number 40.38 178.63
Sown area of grains 99.92 1203.00

35468.00 132 170.00
49416.00 H54017.00
1153.00 32 886.00
1156.00 33 184.00
583.82 12 234.00

Agricultural output value

Non -agricuttural output value

Non -agricultural output value per capita
Agricultural output value per capita
Grains production per capita

Proportion of non-agricultural output value 40.44 121.29
Share of irrigated area to total sown area 54.11 436.33
Fettilizer consumption per mu 20.58 H7.30

Abstraction of principal components It is one of the pre -
requisites to calculate the eigenvalues Mi=1, 2, ... p) and
eigervectors I(i=1, 2, .., p) according to the correlation
matrix and abstract the principle components according to ac -
cumulative variance propottion. The bottom level of the pro -
portion of the variabilty of the data explained by the selected
principal components was around 70% —90% .

In our case study, the level of the proportion of the varia -
bility was up to 70.50% . By calculating the factor loading ma -
trix after abstraction of principle components, we generated
the factor loading matrix identifying the relationship of variance
and primary factor. Factor loading is the correlation coefficient
between factor and variance. Correlation matrix between fac -
tor and variance is denoted factor structure matrix. The factor
structure matrix is just factor loading matrix, when factors are
orthogonal. The correlation between factor load and factor va -
riance does no longer exist after factor oblique rotation, when
the common factors are not independent.

Explanation of principal components According to the
methodologies and the indicator systems, a routine RPCA
was conducted with the cleaned statistical data of counties of
China in 2005. Based on the RPCA, five principal compo -
nents were derived from the very detailed indicators. The
weights of road density, residential density, drainage density
and railway density on the principal component were the
highest. The principal component mainly reflected the inte -
grated situation of the four indexes, that is, the infrastructure
supporting economic development, so the principal compo -
nent was titted economic infrastructure factor. Agricutural
output value per capital and grains output per capital owned
the biggest weights in principal component . Therefore, the
principal component mainly represented the efficiency of
agricultural economic development, and it was titled efficiency
factor of agricultural economic development. Proportion of irri -
gation area and fertiizer consumption owned the biggest
weights in principal component . Therefore, the principal
component  mainly represented the effectiveness of agricul -
tural techndogies, and it was titled the effective factor of agri-
cultural technologies. Total population, gross area of grains
and total agricultural output value owned the biggest weights in
principal component , so principal component  mainly repre -
sented the scale and level of agricultural economic development,

and it was titled the scale factor of agricultural economy.

Spatial heterogeneity of SEELU The above four principal
components integrated the 14 variables, which idertified the
integrated level of the SEELU. The equation used to calculate
the level of SEELU is as following:

b= SaF, (7)
where, Bis the level of SEELU, «q, is weight of principal com -
ponent i, and F; is the normalized value of principal compo -
nent by using the fdlowing equation.

f; —minf;

max{f; —minf; (8)
where, f;is the score of i common factor, maxf; and minf; are
respectively the maximal and minimal values of the common
factor i, and F;is the standard value of the normalized com -
mon factor i.

a=ME) (9
where, a is the weight of common factor , and A is the ei-
genvalue of common factor i.

Eight levels of the SEELU were identified by the calcula -
tion. According to the spatial distributions of the levels of
SEELU, the total land resources of China were dvided into
eight zones numbered by to  and spatially referenced to
the eight levels of SEELU. Zone with an area of 1.00% of
the total land resources was mainly distributed in coastal re -
gions or around the mega cities, e. g., Liaoning, Shandong,
Jiangsu, Guangdong, Beijing, Shanghai, Tianjin, Chengdu,
Shenyang, Wuhan, etc. Zone , and  with an area of
11.37% of the total land resources were mainly distributed in
eastern coastal areas including Liaoning peninsula, Shandong
peninsula, Huabei plains, midde and lower reaches Plains of
Yangtse River, Yangtse River Delta, Pear River Delta, Si-
chuan Basin and Guanzhong Basin, which are developed re -
gions with densely population distribution and good infrastruc -
ture. Zone and with an area of 27. 10% of the total land
resources were mainly distributed in eastern regions covered
by hils and low mountains, and these regions were featured
by geophysical conditions redistricting the economic develop -
ment to some extent. Zone and , an arid and subarid
area occupying 47.46 % of the total land resources of China,
were mainly distributed in the 1st and 2nd grades of topogra -
phy of China, and these regions were featured by physical
conditions redistricting the economic and social development
at the regional extent. The forestry and animal husbandry took
the main parts in the regional industrial structure.

F, =

Conclusion and Discussion

It is of significance to identify the spatial heterogeneity of
social and economic environment of land uses for exploration
of the scientificand practical land use plans at regional extent.
A lot of indicators, from the domains of demography, econo -
my, technology and infrastructure, were identified to evaluate
the regional difference of the SEELU in China. As a basic in -
dicator to identify the social and economic environment of land
uses, SEELU is characterized with an obvious spatial hetero -
genetty. In our study, five principal components were derived
from the very detailed indicators. Eight grades of the socia
and economic environment of land uses were identified by the
integrated assessment. In this sense, the RPCA based as-
sessment for the social and economic environment of land u -
ses is of importance within the context of a clear hierarchy of
planning policy for land uses, and it is generally consistent
with and complements national pdicy and region wide policy.
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