September, 2017

Int J Agric & Biol Eng Open Access at https://www.ijabe.org Vol. 10 No.5

95

Local attribute-similarity weighting regression algorithm for

interpolating soil property values

Zhou Jiaogen'’, Dong Daming?, Li Yuyuan®

Abstract: Existing spatial interpolation methods estimate the property values of an unmeasured point with observations of its
closest points based on spatial distance (SD). However, considering that properties of the neighbors spatially close to the
unmeasured point may not be similar, the estimation of properties at the unmeasured one may not be accurate. The present
study proposed a local attribute-similarity weighted regression (LASWR) algorithm, which characterized the similarity among
spatial points based on non-spatial attributes (NSA) better than on SD. The real soil datasets were used in the validation.
Mean absolute error (MAE) and root mean square error (RMSE) were used to compare the performance of LASWR with
inverse distance weighting (IDW), ordinary kriging (OK) and geographically weighted regression (GWR). Cross-validation
showed that LASWR generally resulted in more accurate predictions than IDW and OK and produced a finer-grained
characterization of the spatial relationships between SOC and environmental variables relative to GWR. The present research

results suggest that LASWR can play a vital role in improving prediction accuracy and characterizing the influence patterns of
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1 Introduction

Spatial interpolation is an important field in spatial
analysis and is used in many cases where interested
property values at some points are required but not
measured!'™).  Conceptually, spatial interpolation is a
process that estimates the interested property values at
unmeasured points with observed values of measured

points around the target points. The interested property
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values at the unmeasured points are generally estimated
with values from & neighboring points closest to the target
points among n (rn>k) spatial points that have observed
values for the interested property. This estimation is
based on the assumption that the target points are
spatially closer to the observed points, the more similar
the property values at the target points are as the property
values at the observed points, and the more accurate the
estimation will be.

The proximity among spatial points is generally
assessed using spatial distance (SD), commonly defined
as Euclidean distance based on their geographical

. 45
coordinates™’].

SD is widely used to search the
k-nearest neighbors for unmeasured spatial point whose
property values are to be estimated with spatial
interpolation methods.
methods include OK!", GWR'®! regression kriging
(RK)m, local RK™ and geographically weighted

regression kriging (GWRK)!'").

Common used interpolation

These methods are also
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based on the aforementioned assumption, which is
applicable to estimation of property values with good
spatial dependency. For properties with less spatially
dependent, other factors may play a more important role
than SD in determining the interested properties value of
spatial points. In other words, the property values
among spatial points may not be similar even though they
are spatially close to each other!''™"].

Figure 1 presents a case when spatial interpolation
methods based on spatial distance may not work well
The three

measured points (4,-43) are located at the middle slope,

under a complex geographical environment.

and the other three measured points (44-4¢) and the
unmeasured point (4y) at the upper slope. Generally, the
points of A, to 43 are more spatially close, and the points
of A4 to Ag are not spatially close but closer in terms of
properties due to environmental factors like soil erosion.
Thus, the estimation of soil property at 4y with its three
spatially closer neighbors of A;-A43 is less accurate and
This

illustrates that spatial distance is not good choice to

reliable than estimation made with A4-Ag.

characterizing the similarity between a pair of points

under complex geographical environments.

Note: Ay represents the soil location to be estimated, and 4;-4¢ for six soil

measured locations. The points of 4,-43 are more spatially close, and points of

As-Ag are not spatially close but closer in terms of properties.

Figure 1 Challenge for spatial interpolation methods based on

spatial distance under a complex geographical environment

Inspired by the observation above, we proposed a
local attribute-similarity weighted regression algorithm to
LASWR

searches the measured points closest to an unmeasured

predict the properties of unmeasured locations.

point based on non-spatial attribute similarity (NSA), and

is expected to provide more accurate predictions than

based on SD. The following sections will discuss the
LASWR algorithm in detail.

2 Proposed algorithm

2.1 Description of LASWR algorithm

NSA was assumed to be better for characterizing the
proximity of different points and provided more accurate
predictions than SD. The GWR method was extended to
LASWR method by using NSA to predict the values of
response variables for unmeasured locations.  The
LASWR method modeled the correlation between the
environmental variables and response variable, which
spatial relationships between
environmental variables and the response variable. The
LASWR method was different from GWR in terms of
having a different neighborhood for each of unmeasured
A LASWR neighborhood was composed of the

spatial points whose environmental attributes were very

helped to understand

points.

similar to those of the point to be estimated, and who
might be located at any possible places within the whole
The GWR neighborhood only contained

those points which were spatially close to the points to be

study area.

estimated, while their non-spatial properties might not be
similar.

The basic steps to apply LASWR for spatial
prediction included: (1) determine the environmental
variables correlating well with the property of interest
(response variable); (2) find its k& nearest neighbors based
on NSA for each of unmeasured spatial points; (3) design
weighting function and compute regression coefficients
with the weighted least-squares technique; and (4)
estimate the values of the response variable for all
The steps (2) and (3) are the key
steps in LASWR and are discussed below.

2.2 Search k nearest neighbors based on NSA

unmeasured points.

Given n number of measured spatial points and each
of unmeasured points xo, LASWR calculated all distances
of x¢ to the n measured spatial points based on NSA and
selected the £ number of measured points closest to xy as
its k-nearest neighbors. The resulted & nearest neighbors
was used to estimate the property values at x.

LASWR used NSA to measure the similarity between

any two spatial points in their non-spatial attribute space.



September, 2017

ZhouJ G, etal. Local attribute-similarity weighting regression algorithm for soil property

Vol. 10 No.5 97

Given an unmeasured spatial point xy, and any measured
spatial point x;, NSA was defined as the Euclidean
distance of the point x, to x; in non-spatial attribute space

rather than in geographical space as follows:

dyy = \J[P(xy) = PO P(x,) — P(x)]" (1)

where, P(xo) is the row vector of the predictors at xo;

P(x;) is the row vector of the predictors at x;, and T for
matrix transpose operation.

Noting a spatially measured point normally contains
both spatial attributes (geographical coordinates) and
non-spatial attributes (such as environmental factor and
other properties determined by physical or chemical
analysis methods). Some constraints were firstly on the
definition of attributes in this research.  For the
measured spatial points, their geographical coordinates,
environmental attributes and physical or chemical
properties of interest are considered as the spatial
attributes, predictors and response variables, respectively.
The unmeasured spatial points are defined as spatial
objects whose spatial attributes and predictors are known,
and whose response variables are yet to be predicted.
Considering that not all environmental variables are
related well with the response variable, step-regression
method with forward selection was used to reduce the
variables not correlating well with the targeted response
variable in the paper.

2.3 Estimate regression coefficients

In LASWR, the attribute value Z(x,) at an

unmeasured spatial point X, is estimated as follows:

)= A+ BB Q)

where, Bo(xo), Bi(x0), P{xo) and m are the regression
intercept coefficient, the regression coefficient, the value
of the j‘h predictor at the point xy, and the number of the

predictors at x, respectively.

Let  f(x,) =[5y (x0)s B (x%0): By (X)), B, (%,)]  and
P(x,)=[1,P(x)), P,(x,),-s P, (x,)]" , then Equation (2)
can be rewritten as follows:

2(x,) = B(x) B (x,) €)
In fact, the regression coefficient f(xo) is generally

unknown, and the estimation ﬁ(xo) of f(xo) depends on

the k nearest neighbors of x; in non-spatial attribute space.
Thus, LASWR first performed a k-nearest neighbor query
to estimate f(xo). The regression coefficient f(xo)was
estimated by using a weighted least squares technique to
minimize the weighted sum of residual squares (WS) as

follows:
RTRDWACHIEA WACHIHEN) SO

where, Pj(xo) is the value of the ™ predictor of the i"
nearest neighbor of xo; W(x,) is the weight of the i

nearest neighbor on xo, and Z; is the value of the response
variable of the i"™ nearest neighbor of x.

Differentiating with regarding to f in Equation (4),
the unique solution can be obtained in the matrix notation
from Equation (5).

Bx) =[P"W (x,)PY P'W (x,)Z 5)
where, P is a kx(m+1) predictor matrix of the £ neighbors
around the location xp; W(xo) is a kxk diagonal matrix
whose off-diagonal elements are zero and diagonal
elements denote the weighting of the neighbors for the
location xp; Z is the column vector of response variables
of the k neighbors around location xy. As a result, the

estimation Z(x,) at location xj is as follows:
2(x,) = B[P W (x,)P]" P"W (x,)Z (6)

where, Py is the m+1 vector of m predictors at x.
2.4 Construct weighting function

In LASWR, the weights are in accordance with the
closeness of the neighbors to the point xy in non-spatial
attribute space. The closer the neighbors to x, are, the
higher their weights are. Various weighting functions
were discussed and used to calculate their weights!'?. A
Gaussian kernel function was used in the present study to
The weight W(x) of the i"

neighbor for the point x, is calculated in Equation (7).
W (x)) = expl—0.5x(d,, / @)’] @)

where, dj is the Euclidean distance between the point x,

calculate the weights.

and its /" neighbor in non-spatial attribute space rather
than in geographical space and calculated as Equation (1),
and a is the kernel bandwidth for x.

The bandwidth o can be simply considered as the
radius of this influence region, and the parameter o

controls the kernel bandwidth at location x0[14]. The
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distribution of neighbors may be different across the
study region, and therefore the selected bandwidth should
be flexible to satisfy all locations. To accomplish this,
an adaptive strategy was used to automatically set the
parameter. Specifically, the parameter used the median
value of the distances of each unmeasured location to its

neighbors.
3 Experiments and results

3.1 Data acquisition and pre-processing

In this research, the real soil data sets were collected
from two study areas for evaluating the performance of
LASWR. These two study area were Pantang area
(PTA) in Taoyuan County with an area of 4.5 km” and

the Jinjing watershed (JJW) in Changsha County with an
They are both located in the

area of 134.4 km’.

Sampling sites

SOC/g-kg'

+ 1.02-6.85

» 6.85-11.28

« 11.28-15.03
15.03-19.31
19.31-26.60

Elevation/m
439.8
247.9
559

d. Sampling sites and elevation

e. TWI

typically subtropical and hilly red soil region of Hunan
In the PTA study area,

523 surface (0-20 cm) soil samples were collected with

province, China (Figure 2c).

averaged sampling density of 116.2 samples/km’, and
analyzed for SOC and TSN contents in 2003 (Figure 2a).
In the JJW study area, 1033 topsoil samples were
collected with averaged
7.7 samples/km®, and analyzed for SOC in 2010 (Figure
2d). The contents of SOC and TN were determined

with a C/N elemental analyzer (Vario MAX, Elementary,

sampling density of

Hanau, Germany).

model (DEM) with a spatial resolution of 5 m for the

The most recent digital elevation

two study areas and a land use map with a spatial
resolution of 5 m for the JJW study area were acquired
from the land surveying department in Hunan province,
China.

i CES ' A
Sampling sites a Va3 A
SOC/g-keg' ? Pantang area
< 4.35-8.73 i ) 4
« 873-11.34 Jinjing watershed
« 11.34-14.38

14.38-17.40

17.40-22.34

Elevation'm  Slope/degree
128.9 242
103.2 12.2
78.7 0

0 T 205 410 km
I .

c. Two study areas in Hunan Province

Land use
B Teca lands
Paddy fields
B Wood lands
Others

f. Types of land use

Figure 2 Location of the sampling sites in the two study areas

The topographical factors of elevation, slope and
topographical wetness index (TWI) were derived from
the DEM. Elevation and slope were used as
co-variables in the PTA study area, while elevation, TWI
and land use were used as co-variables in the JJW study
area.

wood land and tea land) in JJW, which had average SOC

There were three main land use types (paddy field,

values of 14.51 g/kg,

respectively.

13.22 g/kg and 9.43 g/kg,

To extract unmeasured points, grid maps of Smspatial
The

centroids of these grids were used as the locations for the

resolution were generated for PTA and JJW.

unmeasured points. The co-variables at each measured

and unmeasured point were obtained by overlaying the
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point layer on the corresponding raster data of each
co-variable. To alleviate the problem of skewness in the
raw data, logarithmic transformation (log2) was applied
to the data of SOC and TSN before applying the
prediction models. The pre-processing of spatial data
was carried out with ArcGIS9.0 software.
3.2 Model calibration and validation

To assess the performances of NSA and SD, the
observed datasets containing SOC or TSN in the two
study areas were randomly split into two parts: 75% as
training data and 25% as validation data, respectively.
The mean similarity index (MSI) was calculated to assess
how close the SOC or TSN value at each location in
validation dataset was to ones of their neighbors in
training data in Equation (8):

Pk

1 ZZ|Z;’/ _Z./| (8)

pxk j=1 =1

MSI =

where, & is the given number of the nearest neighbors; p
is the number of validation samples; Z; is the observed
value of the jth validation sample, and Z;; is the value of
its i™ nearest neighbor of the ;" validation sample.
Generally, the smaller the MSI value is, the more similar
their soil properties (SOC or TSN) are.

The ten-fold cross-validation method was used to
evaluate the prediction performance of the four models
(IDW, OK, GWR and LASWR).

sets were randomly split into ten equally sized

The two real data

sub-datasets, respectively. For each round, nine of the
10 sub-datasets were used as training data and the rest
one sub-dataset was used as validation data to test the
models. The process was repeated 10 times with each
of the 10 subsamples used exactly once as the validation
data. In order to improve the reliability of the
validation for a given method, the parameters that obtain
the minimum root mean square error (RMSE) value are
when leave-one-out

considered  optimal

cross-validation'™,

using
Leave-one-out cross-validation
was first performed to obtain the optimal parameters of
the four methods for the observed data for both SOC and
TSN. These optimal parameters were then applied in
cross-validation.

The performance of IDW, OK, GWR and LASWR

were evaluated by determining how close the predicted
value Z(x,) is to the measured value at each location x;.

Two indices were used to evaluate the performance: mean
absolute error (MAE) and RMSE, defined as follows:

MAE=1%
n

i=1

2(x) = 2(x,)| )

RSME = Jli[s(xi) —z2(x)] (10)
n iz

where, n, Z(x;) and z(x;) are the number of validation

samples, the predicted and measured values of location x;,
respectively.
3.3 Programming and implementation

The four methods of IDW, OK, GWR and LASWR
were programmed and implemented using Matlab9.0 in
Windows XP. For OK, the software package of
mGstat was used to obtain the parameters for the
semivariogram. mGstat provides an interface for Gstat,
which is commonly used for geostatistical modeling.
The interface makes it straightforward to call Gstat
using Matlab scripting language. The four datasets of
the interpolated SOC across the JJW by IDW, OK,
GWR and LASWR were firstly all saved in a excel
format, and finally produced to raster maps with
ArcGIS9.0 software.

3.4 Performance comparison of NSA with SD

To compare the performance of NSA and SD, The
MSI values of sampled locations was computed in the
PTA and JJW study areas. The smaller the MSI value
was, the larger the similarity between the observations for
a soil sample and its k£ nearest neighbors was.

Given a value of k&, the MSI value was computed
using Equation (8).
where the value of k& varies from 5 to 390 for PTA and
from 5 to 770 for JJW. In the PTA study area (Figure
3a), the MSI values based on NSA (MSI values of
0.28-0.47 g/kg) are lower than those based on SD (MSI
values of 0.35-0.54 g/kg) for both SOC and TSN, for all £
In the JJW study area
(Figure 3b), the MSI values based on NSA are less than
those based on SD when k<400, but are close to those

based on SD when 400<k<770.

The results are shown in Figure 3,

values less than 390 considered.
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a. Pantang area (PTA)
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The number of neighbors (k)
b. Jinjing watershed (JJW)
Note: PTA study area, PTSOC_NSA and PTTSN_ NSA are the MSI values for
SOC and TSN using NSA, and PTSOC SD and PTTSN_SD are the MSI values
for SOC and TSN using SD. For the JJW study area, JJSOC_NSA and
JISOC_SD are the values of MSI for SOC using NSA and SD, respectively.

Figure 3 MSI values of NSA and SD for validation datasets of
SOC and TSN in the two study areas

For both PTA and JJW, the MSI values generally
increased as the & value increased. This was a result of
including more heterogeneous points in the neighborhood
of each point with the £ value increasing and the larger
differences of soil properties between the set of &k nearest
neighbors. This also resulted in the little differences of
MSI values between SD and NSA when there were a
large number of soil points in the neighborhood of each
location. This explained why the MSI values based on
NSA were always close to those based on SD when &
value close to 390 for the PTA study area and 400<k<
770 for the JJW study area.

results

The above experimental
NSA

proximity between soil points better than SD.

demonstrated that characterized the

In this experiment, NSA consistently resulted in
smaller MSI values compared to SD, and moreover the
differences of MSI values between NSA and SD for SOC
and TSN in the PTA study area are significantly more
than those for SOC in the JJW study area.
controlled by sampling density. The averaged sampling
density in PTA (116.2 samples/km?) is higher than that in
JIW (7.7 samples/km®). In the unit space, the higher the

This may be

sampling density, the higher the similarity of environment

variables between spatial points. This is why the

performance of NSA for SOC in PTA is better than that
of NSA for SOC in JJW.

NSA has another advantage over SD, which can
extend the scope of data utilization, because it is not
limited by geographic distance. Specifically, spatial
prediction using NSA can use soil samples that are
geographically isolated from each other and at a
substantial distance. Overall, NSA is not intended to
replace SD, but instead may provide a good alternative
A hybrid of NSA and SD

may be more effective in predicting soil properties under

for certain circumstances.

complex geographical conditions.
3.5 Comparison among interpolate on methods

The performance of LASWR was compared to those
of IDW, OK and GWR using MAE and RMSE to
evaluate the prediction errors of the four methods through
Smaller values of MAE and RMSE
indicated better prediction. The results were shown in
Table 1. In the cases for both the PTA and the JJW
study area, the LASWR resulted in a smaller MAE
(0.25-0.45) and RMSE (0.31-0.60) values compared to
IDW (MAE values of 0.31-0.58 and RMSE values of
0.39-0.79), GWR (MAE values of 0.28-0.50 and RMSE
values of 0.36-0.71) and OK (MAE values of 0.28-0.53
and RMSE values of 0.39-0.74).

cross-validation.

Table 1 MAE and RMSE for SOC and TSN of validation sets

in the two study areas

Prediction methods

Soil data Metric
IDW OK GWR LASWR
MAE 0.31 0.29 0.28 0.25
PTA SOC
- RMSE 0.39 0.39 0.39 0.31
MAE 0.29 0.28 0.26 0.23
PTA TSN
- RMSE 0.40 0.40 0.36 0.30
MAE 0.58 0.53 0.50 0.45
JJW_SOC
- RMSE 0.79 0.74 0.71 0.60

Note: Logarithmic transformation (log2) was applied to the SOC and TSN data.
PTA_SOC, PTA_TSN and JJW_SOC are for SOC and TSN in the PTA study,
and SOC in the JJW study area, respectively.

The comparison of the maps predicted with IDW, OK,
GWR and LASWR, was made on the SOC dataset from
the JJW study area. The predicted SOC maps by IDW,
OK, GWR and LASWR were illustrated in Figure 4.
The maps of the regression coefficients between SOC and
the co-variables by LASWR and GWR were presented in

Figure 5. The spatial distributions of the SOC values
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predicted by the four methods generally follow the
expected distribution. The SOC values was relatively
high in the northern regions with forested land and in
some regions with paddy field, and relatively low SOC

values in the middle regions with less forested lands.

0 25  5.0km
——

a. IDW b. OK

Note: The ‘Nodata’ in all legends stands for a null value.

Compared with IDW, OK and GWR, LASWR (Figure 4d)
produced a finer-grained SOC map, which showed the
influence

of terrain factors (i.e., elevation and

topographical wetness index) and land use on prediction
of SOC contents.

SOC/g-kg'
=4.30
4.30-5.75

B 5.75-7.38
I 7.38-3.86
I 8.86-10.12
B 10.12-11.45
I 11.45-12.56
I 12.56-13.51
B 13.51-14.54
B 14.54-15.56
I 15.56-16.75
I 16.75-20.24
I 20.24-26.60
"I Nodata

c¢. GWR d. LASWR

Figure 4 Maps of SOC predicted by (a) IDW, (b) OK, (¢) GWR and (d) LASWR in the JJW study area

Weighted intercept of regression

Weighted coefficient of elevation

Weighted coefficient of TWI Weighted coefficient of land use

Note: The ‘Nodata’ in all legends stands for a null value.

Figure 5 Spatial distributions of regression coefficients between SOC and co-variables as predicted by (a-d) GWR and (e-h) LASWR for
the JJW study area

LASWR and GWR could represent correlation
between environmental variables and response variable,

but IDW and OK could not. The regression coefficients

environmental variables on SOC (Figure 5).

predicted by LASWR and GWR spatially varied across

the area of JJW, and reflected the influences of

There were
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the higher coefficients of elevation, TWI and land use
appearing in the regions with higher elevation, and TWI,
and lands with higher SOC contents. Compared to
GWR (Figures 5a-5d), LASWR (Figures 5e-5h) produced
clearer and finer-grained maps of regression coefficients.
The regression coefficients by LASWR and GWR
spatially varied across the area of PTA (Figure 6). The

regression coefficients between SOC and elevation by

Weighted intercept of regression

%

L
Value (
0.003
0.002
0.001

- 0.0006

LASWR

d

Weighted coefficient of elevation

LASWR (Figures 6d-6f) presented better spatial patterns
of the influencing of elevation and slope on SOC than
GWR (Figures 6a-6¢) in the case of PTA. The above
LASWR

regression

demonstrated that

distributions  of

experimental  results

characterized  spatial
coefficients between SOC and co-variables better than

GWR.

Weighted coefficient of slope

Figure 6 Spatial distributions of regression coefficients between SOC and co-variables as predicted by (a-c) GWR and (d-f) LASWR for
the PTA study area

4 Conclusions

The proposed LASWR method based on NSA
generally achieved better prediction performance,
compared to the methods based on SD (IDW, GWR and
OK). One major advantage of LASWR is that it can
produce more fine-grained maps that depict the
relationships between environmental co-variables and soil
conditions. This can assist in better understanding how

environmental factors influence soil conditions.

Therefore, LASWR can play a vital role in improving the

prediction accuracy and reflecting the influencing

patterns of environmental variables on soil conditions.
Considering that the results were obtained on the datasets
of SOC and TSN at the landscape and watershed scales,
datasets of different soil conditions at larger spatial scales
may be necessary to further validate NSA and LASWR.

Acknowledgment

This work was supported by National Natural Science
Foundation (41201299) and the Ministry of Water
Resources Public Welfare Industry Scientific Research
Special (201501055).



September, 2017

Zhou J G, et al.

Local attribute-similarity weighting regression algorithm for soil property

Vol. 10 No.5 103

[References]
Goovaerts P. Geostatistics in soil science: state of the art
and perspectives. Geoderma, 1999; 89: 1-45.
McBratney A B, Odeh I O A, Bishop T F A, Dunbara M S,
Shatar T M. An overview of pedometric techniques for use
in soil survey. Geoderma, 2000; 97(3-4): 293-327.
Bostan P A, Heuvelink G B M. Comparison of regression
and kriging techniques for mapping the average annual
precipitation of Turkey. Int. J. Appl. Earth Obs. Geoinf,
2012; 19: 115-126.
Ester M.  Spatial data mining: databases primitives,
algorithms and efficient DBMS support. Data Mining and
Knowledge Discovery, 2000; 4: 193-216.
Han J, Kamber M. Data mining: concepts and techniques,
Academic Press, San Francisco, 2001.
Fotheringham A S, Charlton M E.  Geographically weighted
regression: a natural evolution of the expansion method for
spatial data analysis.  Environ. Plann. A, 1998; 30:
1905-1927.
Hengl T, Heuvelink G B M, Rossiter D.
regression-kriging: From equation to case studies.
Geosci, 2007; 33: 1301-1315.
Sun W, Minasny B, McBratney A B.

prediction of soil properties using local regression-Kriging.

About
Comput.

Analysis and

(]

[11]

[14]

Geoderma, 2012; 171-172: 16-23.

Sun W, Whelan B M, Minasny B, McBratney A B.
Evaluation of a local regression Kriging approach for
mapping apparent electrical conductivity of soil (ECa) at high
resolution.
2012; 175(2): 212-220.
Kumar S, Lal R, Liu D S.
regression Kriging approach for mapping soil organic carbon
stock. Geoderma, 2012; 189-190: 627-634.

Zhou J G, Guan J H, Bian F L, Li P X. DCAD: a dual
clustering algorithm for distributed
Geo-spatial Information Science, 2007; 10(2): 137-144.

Lin C R, Liu K H. Dual clustering: integrating data
IEEE

Journal of Plant Nutrition and Soil Science,

A geographically weighted

spatial databases.

clustering over optimization and constraint domains.
Trans. Knowl. Data Eng, 2005: 17(5): 628-637.

Jiao L M, Liu Y L, Zou B. Self-organizing dual clustering
considering spatial analysis and hybrid distance measures.
Sci. China Ser. D, 2011; 54(8): 1268-1278.

Hastie T, Tibshiani R. The elements of statistical leaning:
Data mining, inference and prediction, second ed. Springer,
New York, 2009.

Harris P, FotheringhamA S, CrespoP, Charlton M. The use
of geographically weighted regression for spatial prediction:
simulated data sets.

an evaluation of models using

Mathematical Geosciences, 2010; 42(6): 657—668.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


