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The analysis of the classification of SPOT S image based on local
spatial statistics
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Abstract: Influenced by the different spectrum with same object and the same spectrum with different object, when classifying
remote sensing images, there will be a limitation on the improvement of the classification accuracy if merely relies on spectral
signatures. However, this influence could be impaired by the characteristics of local spatial statistics, which are capable of
describing and analyzing the spatial autocorrelation. In this paper, the effects which different Local Spatial Statistics indices (Mo-
ran’s [, Getis-Ord G,, Geary’s C), neighborhood rule, and lags have on the classification accuracy of the high resolution remote
sensing image: SPOT 5 are discussed. Firstly, band 1 is analyzed regarding to local spatial statistics, and the results are added
to original spectral bands as textural ones; Secondly, supervised classification is carried out with both spectral band and textural
band; Finally, test samples are selected to assess the classification accuracy and different accuracies on different conditions are
juxtaposed with each other to figure out the relations and disciplines between the classification accuracy and the parameters.
Results indicate that G, statistics should be the optimum choice to raise the overall classification accuracy, with an increase from

87.74% to0 95.12%.
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1 INTRODUCTION

In the analysis of remote sensing image, local spatial statistics
plays a pushing role (Emerson , et al., 2005).Among the most
popular local spatial statistics indices are Moran’s /, Getis-Ord G,
and Geary’s C. Moran’s [ represents the pixel clustering and a posi-
tive / means similar attribute value within nearby pixels, while a
negative / means difference (Anselin, 1995). However, as an index
to detect variability between spatial pixel and nearby ones, Geary’s
C can represent the edge between clusters and other areas
with dissimilar neighboring values (Anselin, 1995). In addition,
The Getis-Ord G, index identifies hot spots, such as areas of very
high or very low values that occur near one another. This is useful
for determining clusters of similar values, where concentrations of
high values result in a high G, value and concentrations of low val-
ues result in a low G; value (Getis & Ord, 1992).
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Ever since the invention of this method, many researchers did a
lot of experiments about the principle of it and the classification ac-
curacy. G, founder, Getis and Ord (1992), assert that G; can provide
researchers with a straightforward way to assess the degree of spa-
tial association at various levels of spatial refinement in an entire
sample or in relation to a single observation. Additionally, Anselin
(1995) points out that Local Indicators of Spatial Association can
detect local pockets of non-stationarity, or hot spots. At the same
time, Emerson, ez al. (2005) compare the effect of local variance,
fractal dimension, and Moran’s /, and asserted that bands which are
analysed by Moran’s / can be added to the stack of multi-spectral
bands as texture images to lift the accuracy of classification. Fur-
thermore, Wulder and Boots’s (1998) research regarding the use
of local spatial autocorrelation characteristics of remotely sensed
imagery assessed with the Getis statistic also mentioned that Getis-
Ord G; can be used to assist classification.

Results mentioned above show that local spatial statistics indi-
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ces can improve classification accuracy. However, systematical and
quantified analyses are never carried out. This paper is intended to
solve this problem with experiments about different indices, neigh-
borhood rule and lags, using he example of the high resolution
remote sensing image: SPOT 5 of the agricultural transitional zone
in Changping district.

2 METHODS

2.1 Study area and image data

The agricultural transitional zone in Changping district is cho-
sen as the study area in this paper and the image which is used is
the high resolution remote sensing image: SPOT 5. Image projec-
tion is UTM, the ellipsoid is Krasovsky and spatial resolution is

2.5 m. Pre-disposition includes geometric correction, atmospheric
correction etc., Topographic map (1:10000) is used as the bench-
mark to correct the original sensing image and the calibration error
is strictly controlled within one pixel. Atmospheric correction is
carried out to eliminate the interfere of atmosphere. The resulting
image is shown in Fig. 1 The analysis of local spatial statistics uses
Local Spatial Statistics (ENVI), while supervised classification uses
Maximum Likelihood. From Fig. 1, we can see that ,study area is
mostly made up of croplands together with mixed forest, shadows,
water bodies and urban and built up. Because of the same spectrum
with different object between mixed forest and intensive croplands,
and sparse croplands and urban and built up, merely using spectral
signatures is difficult to make the classification. But luckily, charac-
teristics of local spatial statistics can be the alternative.

Fig. 1 SPOT 5 remote sensing image(2.5 m) of the study area

2.2 Parameter

2.2.1 Local spatial statistics indices
Moran’s I: Moran’s /, which is first put forward by Anselin
(1995), is used to detect spatial objects clustering. The defined for-

L2m
R » ) ®

where s> means the variance of attribute values in spatial weights,

mula is

d means the lag, w; means the spatial weights which is only com-
posed of 1 and 0 to represent the impact between 7 and j. ¢; means
the product of the difference between attribute value of spatial pix-
els, i, and average attribute value within the lag and the difference
between attribute value of spatial pixels, j, and average attribute
value within the lag.

Getis-Ord G;: Getis-Ord G, which is first put forward by Ord
and Getis (1992)’, is used to detect hot spots. The defined formula is:

(€)1994-2021 China Academic Journal Electronic Publishing House. All rights reserved.
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where w; means the spatial weights between i pixel and j pixel, d
means the lag, x; means attribute value of spatial pixel, ;.

Geary’s C: Geary’s C, which is first put forward by Anselin
(1995)°, is used to detect the variability of surface features. It
is useful for detecting edge areas between clusters and other
areas with dissimilar neighboring values. The defined for-
mula is

(n _l)iiwﬁ (xl. _x/)2
C(d) = ©)

Ziiwyi(i_})z

=1 j=1 i=1

where the definition of w;, d and x; is the same in Getis-Ord
G
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2.2.2  Neighborhood rule and lag

From ENVI User’s Guide’s Local Spatial Statistics, we can find
out the explanation of neighborhood rule. It is used to define the
neighboring pixels which are in comparison with the central one.
Most common 7 rules are:

Rook’s Case: Selects the pixels on the top, bottom, left, and
right.

Bishop’s Case: Selects four diagonal neighboring pixels.

Queen’s Case: Selects all eight neighboring pixels.

Horizontal: Selects two neighboring pixels in the same row.

Vertical: Selects two neighboring pixels in the same column.

Positive Slope: Selects two neighboring pixels in opposite
corners in a positive diagonal (45°).

Negative Slope: Selects two neighboring pixels in opposite
corners in a negative diagonal (135°).

According to the number of directions, I defined multi-direction
rule and mono-direction rule. The former includes Rook’s Case,
Bishop’s Case and Queen’s Case, which are all compared in more

than two directions, while the latter includes Horizontal, Vertical,
Positive Slope and Negative Slope, which are compared in only
two directions.

The definition of lag is: define 1 in corresponding coordinate in

spatial weights matrix, w;, for all the pixel pairs in given distance

ij>
and 0 for the rest. The neighboring pixels of 1 will affect the index
value of center pixel. Therefore, with the variance of lag, local
spatial statistics index/indices value of the image will change at the

same time.

2.3 Introduction of experiments using local spatial
statistics

In this research, the three local spatial statistics indices,7
rules and 7 lags from 1 to 7 are analyzed ,regarding to their ef-
fects on classification accuracy. Texture bands and image spec-
trum bands are added together to be used in later supervised
classification to improve accuracy of information derived from
study areas (Fig. 2).

| SPOT 5Imagery |

Y

‘ Local spatial statistics |

i Optimal Local Spatial Statistics

r . i Table 2(a),
!‘ Moran’s / ‘ ‘Getls—OrdG,| ‘ Geary’s C |I Fig. 4

L - —

!’ Queen’s Case ‘ ‘ Bishop’s Case “

i - Table 2(b),
|’ Positive Slope ‘ ’ Negative Slope ‘ : Fig. 5
i !
il Vertical | ‘ Horizontal ‘ | Rook’s Case ‘:
‘ Rook’s Case Neighborhood Rule |
Optimal Lag

e R |

| |

i Lag=1,2,3,4,5,6,7 | Table 2(b)

) |

Multi-spectral Imagery}—{ Integration |

Fig. 2 Procedure of local spatial statistical analysis

(Dotted line —+— means comparison of classification accuracy under different parameters.

Dotted line — — means the best parameters of local spatial statistical analysis after evaluation.)

2.4 TImage classification and accuracy assessment

Maximum likelihood classifier is used to carry out supervised
classification and the probability threshold is 0.1 (the max is 1).The
classification is according to IGBP-DIS classification system. Cro-

(C)1994-2021 China Academic Journal Electronic Publishing House. All rights reserved.

pland is sorted into two kinds, which are sparse cropland and inten-
sive cropland (Table 1).The image interpretation signs are shown
in Fig. 3: blue part in Fig. 3 (a) is water bodies, green part in Fig. 3
(b) is intensive cropland, white part or net-like part in Fig. 3 (c) is
http://www.cnki.net
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urban and built up, white rectangles in Fig. 3 (d) is sparse cropland,
green part with jagged edge in Fig. 3 (e) is mixed forest, black part
in Fig. 3 (f) is shadow. The selection principle of training samples
is: Uniform, randomly distributed in the whole panoramic image,
in order to reduce subjective factors on classification accuracy. The
quantity of training samples are: water bodies (1007), intensive
cropland (6179), urban and built up (3393), sparse cropland (1046),
mixed forest (1738) and shadow(1022). The selection principle of
test samples is: random and not repeat. The quantity of test samples
are: water bodies (1005), intensive cropland (2028), urban and built
up (2223), sparse cropland (1007), mixed forest (1718) and shadow
(2064). Confusion matrix is used in classification accuracy assess-

ment.
Table 1 Land cover classification categories
Land cover Land use classes
Water bodies Rivers, lakes, reservoirs, bays and estuaries etc

Intensive cropland Cultivated a following segment, crop more densely

Residential, commercial and service, industrial, trans-

Urban and built up . e
portation and sport facilities etc

Sparse cropland Cultivated a following segment, sparse crops

Mixed forest Mixed forest land

Shadow Interrupted data

Fig. 3 Classification reference
(a) Water bodies; (b) Intensive cropland; (c) Urban and built up; (d) Sparse
cropland; (e) Mixed forest; (f) Shadow

(€)1994-2021 China Academic Journal Electronic Publishing House. All rights reserved.

3 RESULTS AND DISCUSSION
3.1 Selection of local spatial statistics indices

In order to assess the effects different indices have on classifica-
tion accuracy, analysis and calculation of SPOT 5 remote sensing,
band 1, are carried out under Rook’s case and the lag of 1. In
addition, classification accuracy all refers to production accuracy.
The calculation results are shown in Fig. 4. The result of Moran’s
1 shows that high-spatial-autocorrelation urban and built up have a
high 7, while low-spatial-autocorrelation mixed forest have a low
one. The rest four are ordinary. Compared with Moran’s 7, Getis-
Ord G, can distinguish concentrations of high values of urban and
built up and some sparse cropland, while water bodies, shadow,
some mixed forest and most sparse cropland are concentrations
of low values. Getis-Ord G, can hardly judge whether medium
values of some mixed forest cluster or not(Wulder & Boots, 1998).
Geary’s C mainly shows the edge of urban and built up while Cs of
other objects are low.

(b)

© (d)

Fig. 4 Local spatial statistics image from SPOT 5 imagery
(a) Original image; (b) Moran’s 7; (c) Getis-Ord G;; (d) Geary’s C

From Table 3 we can see that, of the three indices, Moran’s
is only useful in intensive cropland. From Table 2 (a), Moran’s /
has the lowest overall classification accuracy except for horizontal.
Therefore, Moran’s [ is the worst of the three. From Table 2 (a)
we can also see that Getis-Ord G; has the most apparent rise in
overall accuracy and is most useful for mixed forest, 83.24%. This
is because Getis-Ord G, can detect the range of accumulation area
precisely. (Zhang & Zhang, 2007). For the rest two indices, Geary’s
C, as an index to detect variability, is most useful for urban and
built up, 97.03%. Ann it is proper for intensive cropland, which is
most likely to be confused with urban and built up in image of only
spectral signatures, with a percentage of 98.31%.
http://www.cnki.net
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To sum up, Getis-Ord G, has the best overall accuracy,
Geary’s C is suitable for objects of high variability, while Mo-
ran’s / is the least useful one. In order to have a more accurate
research of the other two parameter, Getis-Ord G, is chosen as
the only index.

3.2 Selection of neighborhood rules

After analysis, we can conclude that the classification accuracy
is dependent on the similarity between the direction of comparison
of pixel and the direction of distribution of surface features. Table
2 (b) shows the effect that different neighborhood and lag have on
classification accuracy under the same condition of Getis-Ord G..

When it comes to sparse cropland, its distribution direction has
a trend from north to south(Fig. 3 (d) and Fig.4 (a)).Furthermore,
Fig. 5 (d) shows that its best classification accuracy is under
the neighborhood of vertical. At the same time, the best ac-
curacy of urban and built up is under the neighborhood of positive
slope(Fig. 5 (¢)).Therefore, we can conclude that if the chosen
neighborhood is similar with the distribution direction of the ob-
jects, the classification accuracy will be higher. In addition, from
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g |
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g |
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Fig. 5 (c) (d) we can also see that Rook’s Case is useful to classify
sparse cropland and urban and built up. Thus, if the direction of
comparison of pixel is similar with the distribution direction of the
objects, the accuracy will also be raised.

From Fig. 5 (a) (b), we can see that ,as the object whose distri-
bution of direction is not obvious, water bodies and intensive crop-
land, their classification accuracy is the highest when using Rook’s
Case. However, the unit areas of intensive cropland are very tiny
and do not have a consistent distribution direction, so intensive
cropland can only have a good accuracy under multi-direction
neighborhood: Rook’s Case, Bishop’s Case and Queen’s Case.

Although shadow is sparse, it is mainly because mountain shel-
ter. So, its unit areas are large and have ideal spatial self-autocorre-
lation. From Fig. 5 (e) we can see that shadow can be easily classi-
fied except the neighborhood of vertical. Though the distribution of
mixed forest and shadow is similar, the former has similar spectral
signatures and characteristics of local spatial statistics with inten-
sive cropland, so the overall accuracy is low. But Fig. 5 (e) also
shows that, for large-area autocorrelation object, multi-direction
neighborhood is useful. For example, Rook’s Case in Fig. 5 (e).
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Fig. 5 The line chart of classification accuracy of six land covers under different lags and neighborhood rules
(a) Water bodies; (b) Intensive cropland; (c) Urban and built up; (d) Sparse cropland; (e) Mixed forest; (f) Shadow
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In all, the impact that neighborhood rule has on classification
accuracy is actually because similar neighborhood rule with
the objects can reveal the spatial autocorrelation more accurately,
while at the same time weaken the impact that other objects have
on spatial autocorrelation. In addition, due to the more accurate
spatial autocorrelation, textural band can classify different objects
more accurately. Thus, the impact of the different spectrum with
same object and the same spectrum with different object have on
classification can be avoided or weakened.

3.3 Selection of lags

In order to analyze the relationship between lags and classifica-
tion accuracy, we choose the average classification accuracy under
different lags as reference, and it is shown in Table 4.From Table 4
we can see that the classification accuracy of large and high-spatial-
self-autocorrelation object will be the highest under the lag of 1;
However, the accuracy of small and low spatial-self-autocorrelation
object will be highest if the lag is larger than 1. For example, the
accuracy of sparse cropland reached 95.97% when the lag is 3 and
that of mixed forest reached 83.61% when the lag is 4,which are
both the optimal accuracy. In addition, the trend of accuracy with
the growth of lag is: increase before the max and decrease after the
max. Tiny instability may exist but that won’t transcend the max

number.

Table 4 Average classification accuracy of land cover under

different lags
Accuracy/% 1 2 3 4 5 6 7
Water bodies 93.66 93.56 93.49 93.12 9291 92.88 92.64

Intensive cropland  96.57 96.94 97.25 97.17 96.65 96.17 9591

Sparse cropland 9495 9580 9597 9523 94.84 94.79 94.65

Urban and builtup  96.76  97.46 97.71 97.65 9734 97.19 97.02

Shadow 98.15 98.44 9847 9822 98.09 97.71 97.40

Mixed forest 82.51 8279 8339 83.61 8344 8330 8295

3.4 Overall effects of local spatial statistics on
classification accuracy

Compared with classification with only multi-spectral image,
adding textural band created by local spatial statistics can impair
the effect caused by the different spectrum with same object and
same spectrum with different object. For example, in Fig. 6 (a) (b),
mixed forest and intensive cropland, which are classified into
“unclassified” because of the difficulty to be distinguished at first
can now be sorted. Similarity, sparse cropland and urban and built
up, as shown in Fig. 6 (c) (d),can also be better classified.

In addition, because of the effect brought by local spatial
statistics, variance between different indices or parameters is not
that obvious. But, it is much higher than the classification use only
multi-spectral image. The max accuracy is 95.12%, which is 7.37%
higher than 87 75%, which is the result of only multi-spectral

image (Fig.
(19682

202] Chmd Academic Journal Electronic Publishing House. All rights reserved.

= Mixed forest Intensive cropland = Sparse cropland

= Water bodies = Urban and built up = Shadow m Unclassified

Fig. 6 The results of supervised classification (Local): Mixed forest
and Intensive cropland

(a) Only multi-spectral image and (b) multi-spectral + Getis-Ord Gi (Rook’s

case, Lag = 4); Sparse cropland and Urban and built up: (c) Only multi-

spectral image and (d) Multi-spectral + Getis-Ord Gi (Rook’s case, Lag = 4)

(©)

= Mixed forest Intensive cropland =8 Sparse cropland

= Water bodies ™ Urban and built up = Shadow mmm Unclassified

Fig. 7 The results of supervised classification (Overall):
(a) Only multi-spectral image and (b) Multi-spectral + Getis-Ord G,
(Rook’s case, Lag = 4)

4 CONCLUSIONS

This paper mainly discusses the principle of impact on classifi-
cation accuracy caused by indices, neighborhood and lags in local
spatial statistics. The conclusions are:

(1) Getis-Ord G, is most useful to classify objects in study area
under any neighborhood and lag, which is the better than the other
two indices.

(2) Neighborhood has some to do with the distribution direction
of objects, but this spatial autocorrelation do not have apparent im-

pact on sensing image. However, lags has more influence on classi-
http://www.cnki.net
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fication accuracy than neighborhood. For example, under different
lags, the average accuracy of intensive cropland varies a lot.

(3)Local spatial statistics can reduce the effects caused by he
different spectrum with same object and same spectrum with
different object. Therefore, using the textual band created by spec-
tral band and local spatial statistics can improve the classification
accuracy. The accuracy of the latter reached 95.12%, 7.37% higher
than the former.

In addition, considering object-oriented classification has some
influence on local spatial statistics, future study about it will be
carried out.
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A FN ) /3 JRE B M SR (R A R SR . 3l 20T o] LAAE H Getis-Ord GARBOW T AR JERE S BBt i BiARL,

ARG BE DN 87.74%48 55195.12%

KR REARS G, ASEEN, RIFRIEES, AR5

RESEKS: P237 XERFRERD: A

Remote Sensing, 15(5): 957-972

SRR RENE, 5. 2011 ZETJREEmSEaiISPOT SE4& S MBI, 15(5): 957-972
Zhu Z Z and Su W. 2011. The analysis of the classification of SPOT 5 image based on local spatial statistics. Journal of

1 s

TEIE BB Sikh, Rl m gt
XSG M) 53 20KG B 1 £ e ki 35 B 2 H] (Emerson
4, 2005), HHRJRFE A ST B4 50H Moran’s 1,
Getis-Ord GflGeary’s C. H:H'Moran’s 7485048
—INRAEZ 0] L RAIRE, IEIER/RIZES (0] 5
JC S4BT ROTHY IR PR ARL, SRR B A
FAL(Anselin, 1995); MIAE A5 25 8] 550 5 4R T H
TUZ AR SRR FEEL, Geary’s CTEELREAE LI H 2R
£E XI5 A AR EAS AR DL X 3 1 31 2% (Anselin, 1995);
78, Getis-Ord G HEEURESRI 1 e B0 2R AR AR (B 2R
£, RENEGIRREERE, BENNRGHRRKMA
BAE (GetisF10rd, 1992).,

HMIZIr kit ok, F 2 iz s i
W R S5 3 N A SBO ) o3RG FE s Rk A T TR

FEHE: 2010-05-12; f&ITHHE: 2011-03-28
HEE&WB: EREASREAILE G 40801128)

HITE IR . GAREE 1 GetisMOrd (1992)7F
it FH PR B SRR 2 [ DGR R I 8 v i T 5%
SIS B R — SR G A A PP S R AL SR, G
FEECRE SR L 25 A 92 38 — A (T B I] 1 b DA 23 [R]AH G
FEEEM) 7. 1 Anselin (1995)WAEWFFE 48 H T )5
23 (] IR EU AT Joy 382 [ (R sl P Aa
[}, Emerson®: A (2005) LA/ TR 22 . 4%
TIAER FIMoran’s 1 48 506 2615245 0 808
JF4E th 2t Moran’s T H8 5053 BT (418 B AT LI A S0
FRIE S 6IE I BEE N, MM & 2R . 7ok,
WaulderIBoots (1998)fdi [ Getis ZGtit+5 5T 8
B0 Jry 25 6] 19 AR DG RHAE 1 B9 L 4 3] Getis-Ord
GAREOT T /25

LIRSS R R I RS () Ge TR BB B A
FHEEE, AP e R A Ml gt gk . SRS
DY ] i P 2 AN RT3 2 BE RS A T RS . o

E—EEEA: RHIE0989— ), B, Mk, EEWIERECT QAT TA9H5 . E-mail: zhucyclone09@gmail.com.
BRI 79— ), &, W, EEWIERECT R SOERA T TS, C %4605, JSCHR 4R, Bl

. i’j%4% E-mail: suwei7963@163.com, ) o )
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R ASCEET ISR, LUAESTHTE X
AR A I DX ) i3 23 (6] 3 BE R SPOT S AR
YN, Sl RS MIGETE A 2 R R AR
UIESTIEEERNE 24 Rnv e 2 -9 E R [ g i ]
ERSHE G RREEZ MR, A
23 [ 73 Bk AR TR AR 3 IR JE 0 B veg 4R 1T 1y i A
HIiko

2 Wk
2.1 WRXERSHIER

BB DAL R BF RS R, 1l XA
NS PR SPOT 548, UG Iy SRk

SRHE, WRERIACH sEhr R I AR, 25 [ Bl
2.5 m, BRI TAERE U IE . RRKIE
S5, LARERICT 2 100003 IE 1514 H A 1E J5 1 18 Y
B, BOERZE " A RITE—MEIT L HIEBR RS
ARSI, AT RARE, SRS Y
LERMETR o JRfR s [ GETH 4l IR S ENVIEY
Local Spatial Statistics T.J4., &2 FIENVIFY
Maximum Likelihood T-H.. MEITATLIFEH, 51X
WEELMH 32, FIEHEA AL BI5 . KRR
BKIZ . B AR . BB K2 AR )
[FIREIOCHR, AU DG F T4 e LAt
X ARk, =2ia BT SR 23 R ST HREAE AT LA
FHRAHRAX A ]

K1 R X SPOT S1EIESEAR (73 HEA 2.5 m)

22 MHXSH

221 Bz E%EITHiEE
Moran’s I 840. T2 FHIN =S (8] 4 B4R
M, H1Anselin(1995)#2H1, HiE XAR N
chijwij

1d) = e (1)

ZZ%

X, A RIBUEFEN A EEER 72, dRE
PRERES, w NS RIBGERE, Hod JUA TROPTAM A, 1R
TS BATCIHZ R, o, R 23 (B BRLICiF
%) e 5 ) o 91 R R P340 P 2 25 AR 3 AR

Getis-Ord GA8%(: FEHTHMIL, HOrd Ml
Getis (1992)#2, AN

2w (@),
G(d)=""—F— )

2%

K, wi. JHICZ A2 RIEBGE R, d2R )RR e
B, x A AT R R

Geary’s Cf6%0: i Anselin (1995)#&H, FEH
TR A 078 S, BEASAR L (40 11 SR AR DX Y
N, HE SN

("_I)anzn:wy' (xl. _xj)2

C.(d)= - (€))

Zzn“zn:wyi(xi—}j

i=lj=1 i=1

KL, wy. dBlx B E L 5Getis-Ord GAEET Y
AR
222 SBBHN 5 iEFEEEE

MENVI User’s GuidefJLocal Spatial Statistics'!
I RBIAL I R AH G A R R iT LIS, QBRI 2
T SOOI T R RS T, R S
AR, 3l

(DRook’s Case: it#E . T. . fi4DImmy
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RBNIE %5 JETF s

BITIHFAT R

(2)Bishop’s Case: HEFEMRIAIZE Ty 0 iR oCHE
1T

(3)Queen’s Case: EFEEF8AT7 G ICHEAT
HOAL s

(4)Horizontal: HEHER—FTHIEICIHATILEL

(5)Vertical : &4 [F]—F IR ICHEAT LA

(6)Positive Slope: HEFE45° MG ICHATHEL

(7)Negative Slope: #E#£135° ST T HLEL

IR ] RS, KRR 731 1T 22 75 1]
ARSI Ry [ SRR, 225 1] SBI A f RE «
TR R ITI Jr B IS T ), A2 4ERook’s
Case., Bishop’s CasefllQueen’s Case; Ifif 57 [ 4
B R . RAPIAMROC LRy 1] A &R SR
fu$fHorizontal |
Slope,

(] B B 1) o SO %o T2 i R S N 1) BT A ATkt
HBAE A3 RSO FEw R0 ) A B IR AE T, 20, T
EH1 PG T e m B g oo R 2 [ ge s
BE, AR IAH , .ﬁh%%l‘ﬂﬁﬁﬁ%%/}ﬂk,

AL ) S CI W R SRR

Vertical . Positive SlopefliNegative

2.3 BE=EgH SRR E T

FESLRAFFE T, 3PP RARAs [RIGE TR £ . TR
FILOUI 130 7 7 7 ] 5 B2 5 e FH SRR A 5 At AT T 3 Jeksg
GO IHE R . R 2 M GE vt W A i SO B
SR EOGIEN BT &M, HFS SR80 B
Je, DM mil X5 SRR RE . S8 32200
a2,

2.4 GEHEMBETEN

K PR W B 3 R AR, ARSI {E
JE0.6(FKIE Ao MR IR IRIGBP-DIS 7 2 4
FRIATHE R, B A0 5y R 5 SR B RN B
HRk, RGN IEB LR A58
PRSI R . E3(a) i iR kg, E3(b)
SRS R S NS S I S RT(O Li S RENE R R vATiE 2t
B /INERE LR A A AN B K Z , EI3(d) A HLA
SR R A B, K3 (e) et Hill 2 NI FF1Y
S, EI3O T RETR IR . IIGRFEA R SR
JE A $495) 0 BENLHL O TR SRR, Lk &
TR 236 20 SRE BE BRI o AR 0 2 A5 i 2 A Y|
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| Queen’s Case ‘ ’ Bishop’s Case “

L gm).
‘ Negative Slope ‘i K5

‘ ‘ Horizontal ‘ | Rook’s Case "

I‘ Positive Slope ‘

|‘ Vertical

i)

| R ] Elﬁﬁﬁhﬂ |

W IR

K2 Rz g b
(——FERFEDESER NGB INT L — —R RTINS
Bl 5l B SR B A RIS T T S 40)

GREARECR Ny KIR(10071500) . B 1 BkB(6179
%o0) . ANiEKIZ(33931%70) . b B b (104614
Jo). Mdth(1783%%50) MBHRE(10221470), MHAFEA
PBEREE N ERENL . ANEE, BARBEEEE . K
(100515 70) . HHEMHHL(20281%70) . AiBEKZE
(22231%50) . i HFHL(1007127T) | Wﬂa(msf%

Jt) MBS (20641470), K HITRIEHEREIE T4 2K B
o
F1 THBWSLEES
+ Hb A A Hb {42
IS T WA K IEEAAGE 5
A BEHLAH ST 5 A —FD, AAEY) e g
Kk %gﬁgﬁ%ﬁ%{ﬂﬂkﬁﬁiﬂ e, 2
Fgr b HEHBAN I 10—, AR AR B
Ml BERAG A TR SR
5§52 DAL P4 T JIC 20 A 119 - 1 7 = 4
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K3 s RS IR

(a) ZKHA; (b) BRI (o) ABAKZ; (d) FBi AR 5
(e) BRHlL; (f) BIsE

3 FERAE
3.1 REZEGAERRE

R T HEEANRIFE O 3 NG Ry 52, A AH TR
A 40038 B8 DU (Rook’s case) HLIH] B 25k 1RGO0 T X
SPOT 538 JEHS 1% 1Y Il BE 1R A7 A [] 8 B0 20 B AT
B N TETAHT, T SCh A SR R o A
KGR o 3RMEEUNTTH A Z R K4 7R . Moran’s 1 ([&]
4b)IEBOHAEG R R SRIREE A EKZ
I HE G, s () SR AR BEAR A AR LI ARG, H:
4 ) 14 25 [A) SR AL B R Iy — M. SMoran’s 1
SARAHIL, Getis-Ord GSZZ(K14(c)) AT LT Bk AN
K2 A A3 b A A b T S R R (ELRAE MK
A B o 0 PR H AN 4 2 A 0 B ) TR
R, HEGetis-Ord G458 50HELL AW A E 19385
MRHbJE 7 B 4 (Wulder FlBoots, 1998), 5 [ 2 FH /34t
MW A RIYE TR A L, Geary’s CREIZ(F4(d)
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SRV T ORIEKE RS, Hoh b ) Y C{E
AR

M3, FE3FHEECT, Moran’s I 85 HA
AN NG S . mIET, AFR2(a)f i,
Moran’s I $§%0F% T 7 Horizontal 2RI AL T, Bk
STFAE R N AR, HILA A, Moran’s I %02
3FFR B A R AOR I 22 W . R 21 (a) BB 4 S
TR TEARM AR T, Getis-Ord G485 £50%
SV SR RS BB R A B TR T b A ok
Getis-Ord G 45 BOW MR ALY 70 2K B e BEAR (3R3), M
83.24%, X 5Getis-Ord GA8ELREMS F R RN 2 52
DX I 7 BB A S IRAAAR TSR L, 2007) . X FHiAlh
PIRIHEEL, Geary’s CYERIRINN MY 2L SO HE 5L,
XA EIRIZA B A NG, 97.03%. If
HEXTERAGEE LG T 5SAREKZELRER
WY — %R, SRR W ET, N
98.31%,

Zr BRSSP ORS B i FEAE 1Y J2 Getis-Ord
GAEEL, Geary’s CHEEOW AR T 5 B H) o0 NG B 4
I, TMiMoran’s I F8EUZ3FIFEEC P AR RZEM . N T
HERH MBI 58 A2 FP S HO MUY - FEAE BE 52, T
TR I3 S8R D) R (1) o B2 5 1149 32 28 A 22 (U AE Geetis-Ord
GAEE T #17

(© Q)

4 SPOT S5ZARAS B Sl 23 Bl 43 AT 1R
(a) JRIRES: (b) Moran’s I; (c) Getis—Ord Gj; (d) Geary’s C
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3.2 SRR IR

St Ay AT, A ARSI DU T 1l ) 53 K FE 1 5
B THARIT LT ) 5 M 53 A O Il AR DI RR B . 3%
201 (b) AT LE AR TEGetis-Ord GAREU T, AR
Vi) B B X6 AR ARG B s

SRR A E bR T, AR 3 A Ty 1) A R AL ]
HEIFAE3(d) MK 4(a)), I HNES@RFH, BRI
NG FETE Vertical SRBHLIN T ik B f 4t o RIEF, AR
175 7K JZ2 B BEAR 2 2 1 1 B FE Positive Slope(I&15(c))
TUREAS DA . 5 B AR TG T L AT )
RSBkl £l o O B vy s =1
A, MIES(c) (d)thf53], Rook’s CaseX) T i (1 #F
A K ZAERGF R BROR, H AT R AR
RIT LTy 1) 43 55 1 A J7 Tl AR R AL, 4328

94.00

9350 | &=
93.00
92.50
92.00
91.50 |
91.00

PFHNEIE 1%

NG %

(©

NG %

i1 g
(e)

—o— Rook’s Case —— Bishop’s Case —&—(Queen’s Case —%— Horizontal —¥— Vertical

(15 oty A [ 1] i P 8 AR AT SR T~ 3 20

. a) KR (b) BEERIHIHL; (c) AiB/K
(C)1994-2021 China Academic Journal Blectranie Pab
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hin

L] RURES =i

VER 43 A5 7 T A B S A - KA R % 46 1
i, MES@)b)FATLIEH, il 7fERook’s Case Y
SRR B E . AT, R AR B LA T FR A
AN, I EA AT IT AN —3, i DA SR g a h H BB AE
Rook’s Case. Bishop’s CasefllQueen’s Caseix3FlZ£ 7
) BRI T A gk BN I 7 280R . ik iR R
TR RER—E, HAmREKR, FFLIEFENA LS
BRI HA AN B o A B

FHSE 2 ARSI 2 A, AR, [H2 %
— PO ARAK, 2318 H AR DGR . ANEIS(e)Hr AT LA
53], BHRBR T 7E Vertical N 43284522, HAhoFRE A
BT, AR SRR A G OUAR L, H R
HETE R AR F Ry 38 25 (B e THRRAE R -5 %% 42 1 B b AH
L, BT LLEAR NG B LK. AN it IS (e) ik sk 1]

98.00
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2 96.00
% 95.00
R 9400
93.00
1 2 3 4 5 6 7
[1] P B
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o 9600
S 95.00 | fE
[ -
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R 9200 |
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DIARE], X FRIBRE S, d 2 77 [ LRI
IR E S(e) P Rook’s Case).

RNZ RIS SOR DX 232N 5 e () A BT S
55 100 5347 77 [ AR ABLA) SRR G OT HL 37 Tl BEAS B
PR M AT B XTI 1 2 (%) 25 1) L AHOCHE ,  [R]IRE RS I8 N
HoAth b0k Hs 6] A DGR SE I . PR Ry s ) A DG
PEER ST, TG 7 AR 0 SRR Bt R 58 E 6 Hh X 43
NG AT, SR S B Al kit G Sl [ 4 S 33
SRl G A X H ) 43 R BE IR

3.3 [EfREEEHERE

T HERR LA BT R B EE B S AR R,
Vg Hl P AN T [ B P 1 20 2ok B S (AR S b
W, FURTHESE R R4, WRATT LA, HXF T
A 2y 5 EL N R s 18] AH DGR B = b, 7E
(] PR HE B R L, 43R BE R B i K (KA, ZE IR
PR MIMS, ~FIFKE B 93.66%) ; X T4 /Nak
PSS 1] [ AR SCRE AR A s, 38 5 R Rl B KT 1
A3 G A B A B e R (LN 65 1 B b R bR b 43 31 7
[ FREE B3 . 4lF, J32SHh BRIk B 5 K 1995.97%
83.61%). i4h, HW 5T JHG FE B[] b FE 25 4 K
PR YR B R B RS, B EER
JE AR RN G, TTRES A /NS, ARSI
PN

F4 EAREEREER THMY TS EEE

ES

I 1 2 3 4 5 6 7
). (]
KR 93.66 9356 9349 93.12 9291 92.88 92.64
giﬂg 96.57 9694 9725 97.17 96.65 96.17 95.91
EEEB@ 0495 9580 9597 9523 94.84 9479 94.65
s

- 96.76 9746 97.71 97.65 97.34 97.19 97.02
KIZ

5522 98.15 98.44 9847 9822 98.09 9771 9740
M 82.51 82779 8339 83.61 83.44 8330 82.95

3.4 RBEREESEIT XS EBER S

AT FUT 2 SRR T 4 3K, VR
2 B S 7 A B S B 5K R )
SRR IR SR AR OB, % T
HO RIS O BEHL (P16 (a) (b)), JEAR AR LA S A
RAPIINAIREIX ST . FRERS, X TR B
R (6(0) (d)). 78 5) T AR SR

A1
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PR Ay SR s T Ge T % 2 2R A R s, R
ANRHEEER S ECZ A L SRS E A 2200 AR K, 3
SER T R 26 AR T 2Ok, ek
FEA TARKIHE S, BRI IR E95.12%(1&7(b))
5 Rl 26055800 73 2K 28 7.75% (1817 (a) ) A 22
T17.37%.

= b AP kP BN
= RiEKZE {5 =R R H)

6 W EE R ER) . MR BBk
(a) A ZOGHERZ AR (b) Z26HER2 8 +Gelis—Ord G(Rook’s
caseX[ AN T, ()RR B A 4) et A AANEKE : (o) B
fFFHZNCERAZ AN (d) 26515+ Getis—Ord G(Rook’s case&B3,
KRR, a] B 25 A 4)

(a) (b)
= AR - -
K w5 - R )

7 MBS R (k)
(a) R 15 (b) 261515+ Getis—0Ord G(Rook’s case
BB, (A BRI ES S 4)
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4 4 ®

FEIE T RS MG fr s gk A8
YR ) o B2 5 6T 328 SR SR 43 O B )5 e R 4
W

(1)Getis-Ord G A& EO 50 DX b4 73 Soks B 46
I, T ELAEAT A S SRR U R e PR R, A
A2 B 2 B 1 5

(2) &R 5 by 53 A0 7 Tl AT %, AFUG) 3 J%
SRR AR ZS R AR FE R MR UL, A KK
S T ] B 2 X A 19 5 i D) L S SR )
K, BINFEARFEEBEIE ST, 8NP MR
NP A BE A 25 1 1.34%;

3) R A MG T RE % I8/ [5) 4 S5 33 F S5
[ XoF 2Rk BE A R B s, PRk, AR EE T R
T B TR IR 2, SR AR DG I BORURIFR S
[V GE T3 B 7 A 0 SO B T R4 T 1) o0 R S A
Joi R R B i iR B T 95.12%, WRTEZ T
7.37%.

AN, 2 R B ) X4 A 48207 0 R 2 [ 4%
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