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The analysis of the classification of SPOT 5 image based on local 
spatial statistics

ZHU Zhongzheng, SU Wei

 College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China

Abstract:  Infl uenced 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 classifi cation accuracy if merely relies on spectral 
signatures. However, this infl uence 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 I, Getis-Ord Gi, Geary’s C), neighborhood rule, and lags have on the classifi cation 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 classifi cation is carried out with both spectral band and textural 
band; Finally, test samples are selected to assess the classifi cation accuracy and different accuracies on different conditions are 
juxtaposed with each other to fi gure out the relations and disciplines between the classifi cation accuracy and the parameters. 
Results indicate that Gi statistics should be the optimum choice to raise the overall classifi cation accuracy, with an increase from 
87.74% to 95.12%.
Key words:  local spatial statistics, neighborhood rule, lag, direction of spatial distribution
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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 I, Getis-Ord Gi 
and Geary’s C. Moran’s I represents the pixel clustering and a posi-
tive I means similar attribute value within nearby pixels, while a 
negative I 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 Gi index identifi es 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 Gi value and concentrations of low val-
ues result in a low Gi value (Getis & Ord, 1992).

Ever since the invention of this method, many researchers did a 
lot of experiments about the principle of it and the classifi cation ac-
curacy. Gi founder, Getis and Ord (1992), assert that Gi can provide 
researchers with a straightforward way to assess the degree of spa-
tial association at various levels of spatial refi nement 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, et al. (2005) compare the effect of local variance, 
fractal dimension, and Moran’s I, and asserted that bands which are 
analysed by Moran’s I can be added to the stack of multi-spectral 
bands as texture images to lift the accuracy of classifi cation. 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 Gi can be used to assist classifi cation.

Results mentioned above show that local spatial statistics indi-
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ces can improve classifi cation accuracy. However, systematical and 
quantifi ed 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 classifi cation 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 diffi cult to make the classifi cation. 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 I, which is first put forward by Anselin 

(1995), is used to detect spatial objects clustering. The defi ned for-
mula is

  
(1)

where s2 means the variance of attribute values in spatial weights, 
d means the lag, wij means the spatial weights which is only com-
posed of 1 and 0 to represent the impact between i and j. cij 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 Gi: Getis-Ord Gi which is first put forward by Ord 
and Getis (1992)2, is used to detect hot spots. The defi ned formula is:

  

(2)

where wij means the spatial weights between i pixel and j pixel, d 
means the lag, xj  means attribute value of spatial pixel,  j.

Geary’s C: Geary’s C, which is fi rst put forward by Anselin 
(1995)3, 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

  

(3)

where the definition of wij, d and xj is the same in Getis-Ord 
Gi.
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2.2.2 Neighborhood rule and lag
From ENVI User’s Guide’s Local Spatial Statistics, we can fi nd 

out the explanation of neighborhood rule. It is used to defi ne 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 defi ned 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 defi nition of lag is: defi ne 1 in corresponding coordinate in 
spatial weights matrix, wij, for all the pixel pairs in given distance 
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 classifi cation accuracy. Texture bands and image spec-
trum bands are added together to be used in later supervised 
classifi cation to improve accuracy of information derived from 
study areas (Fig. 2).

2.4 Image classifi cation and accuracy assessment

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

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 

Fig. 2 Procedure of local spatial statistical analysis
(Dotted line  means comparison of classifi cation accuracy under different parameters. 

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

SPOT 5 Imagery

Local spatial statistics

Getis-Ord Gi Local Spatial Statistics

Optimal Neighborhood Rule

Table 2(a),
Fig. 4

Table 2(b),
Fig. 5

Table 2(b)

Optimal Lag

Lag=4

Multi-spectral Imagery Integration

Classifi cations

Lag=1, 2, 3, 4, 5, 6, 7

Rook’s Case Neighborhood Rule

Queen’s Case

Positive Slope

HorizontalVertical

Bishop’s Case

Negative Slope

Rook’s Case

Optimal Local Spatial Statistics

Moran’s I Getis-Ord Gi Geary’s C
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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 classifi cation 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 classifi cation accuracy assess-
ment.

Table 1 Land cover classifi cation categories

Land cover Land use classes

Water bodies Rivers, lakes, reservoirs, bays and estuaries etc

Intensive cropland Cultivated a following segment, crop more densely

Urban and built up Residential, commercial and service, industrial, trans-
portation and sport facilities etc

Sparse cropland Cultivated a following segment, sparse crops

Mixed forest Mixed forest land

Shadow Interrupted data

Fig. 3 Classifi cation reference 
(a) Water bodies; (b) Intensive cropland; (c) Urban and built up; (d) Sparse 

cropland; (e) Mixed forest; (f) Shadow

(a) (b)

(c) (d) 

 (e) (f)

3 RESULTS AND DISCUSSION

3.1 Selection of local spatial statistics indices

In order to assess the effects different indices have on classifi ca-
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, classifi cation accuracy all refers to production accuracy. 
The calculation results are shown in Fig. 4. The result of Moran’s 
I shows that high-spatial-autocorrelation urban and built up have a 
high I, while low-spatial-autocorrelation mixed forest have a low 
one. The rest four are ordinary. Compared with Moran’s I, Getis-
Ord Gi 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 Gi 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.

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

(a) (b)

(c) (d) 

From Table 3 we can see that, of the three indices, Moran’s I 
is only useful in intensive cropland. From Table 2 (a), Moran’s I 
has the lowest overall classifi cation accuracy except for horizontal. 
Therefore, Moran’s I is the worst of the three. From Table 2 (a) 
we can also see that Getis-Ord Gi  has the most apparent rise in 
overall accuracy and is most useful for mixed forest, 83.24%. This 
is because Getis-Ord Gi 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%.



961ZHU Zhongzheng, et al.: The analysis of the classifi cation of SPOT 5 image based on local spatial statistics
Ta

bl
e 

2 
C

la
ss

ifi 
ca

tio
n 

ac
cu

ra
ci

es
 in

 d
iff

er
en

t i
nd

ic
es

, n
ei

gh
bo

rh
oo

d 
ru

le
s a

nd
 la

gs

R
oo

k’
s c

as
e

B
is

ho
p’

s c
as

e
Q

ue
en

’s
 c

as
e

H
or

iz
on

ta
l

Ve
rti

ca
l

Po
si

tiv
e 

sl
op

e
N

eg
at

iv
e 

sl
op

e

To
ta

l
ac

cu
ra

cy
/%

K
ap

pa
To

ta
l

ac
cu

ra
cy

/%
K

ap
pa

To
ta

l
ac

cu
ra

cy
/%

K
ap

pa
To

ta
l

ac
cu

ra
cy

/%
K

ap
pa

To
ta

l
ac

cu
ra

cy
/%

K
ap

pa
To

ta
l

ac
cu

ra
cy

/%
K

ap
pa

To
ta

l
ac

cu
ra

cy
/%

K
ap

pa

(a
)T

hr
ee

 d
iff

er
en

t 
in

di
ce

s 
(L

ag
 =

1)

M
or

an
’s

 I
92

.7
9 

0.
91

20
 

93
.1

6 
0.

91
64

 
93

.0
4 

0.
91

50
 

92
.8

3 
0.

91
24

 
92

.9
9 

0.
91

44
 

93
.3

2 
0.

91
84

 
93

.1
2 

0.
91

59
 

G
et

is
-O

rd
 G

i
94

.1
6 

0.
92

85
 

94
.3

9 
0.

93
13

 
94

.3
2 

0.
93

05
 

93
.7

7 
0.

92
38

 
93

.6
7 

0.
92

26
 

94
.2

1 
0.

92
92

 
94

.0
5 

0.
92

72
 

G
ea

ry
’s

 C
93

.5
5 

0.
92

12
 

93
.9

0 
0.

92
54

 
93

.9
2 

0.
92

56
 

92
.5

4 
0.

90
90

 
93

.1
1 

0.
91

59
 

93
.3

4 
0.

91
86

 
93

.2
9 

0.
91

80
 

(b
)S

ev
en

 d
iff

er
en

t 
la

gs
 i

n 
G

et
is

-O
rd

 
G

i

1
94

.1
6 

0.
92

85
 

94
.3

9 
0.

93
13

 
94

.3
2 

0.
93

05
 

93
.7

7 
0.

92
38

 
93

.6
7 

0.
92

26
 

94
.2

1 
0.

92
92

 
94

.0
5 

0.
92

72
 

2
94

.4
9 

0.
93

27
 

94
.6

7 
0.

93
49

 
94

.7
0 

0.
93

52
 

94
.1

4 
0.

92
83

 
94

.2
3 

0.
92

94
 

94
.5

8 
0.

93
38

 
94

.6
0 

0.
93

40
 

3
95

.0
2 

0.
93

91
 

95
.0

0 
0.

93
89

 
94

.9
3 

0.
93

80
 

94
.3

5 
0.

93
09

 
94

.5
6 

0.
93

36
 

94
.6

2 
0.

93
43

 
94

.5
9 

0.
93

39
 

4
95

.1
2 

0.
94

04
 

94
.7

0 
0.

93
52

 
94

.7
7 

0.
93

61
 

94
.2

5 
0.

92
96

 
94

.4
8 

0.
93

26
 

94
.3

9 
0.

93
13

 
94

.3
0 

0.
93

02
 

5
94

.8
5 

0.
93

71
 

94
.2

0 
0.

92
90

 
94

.5
0 

0.
93

28
 

94
.1

7 
0.

92
87

 
94

.2
4 

0.
92

95
 

94
.1

4 
0.

92
83

 
93

.8
8 

0.
92

51
 

6
94

.4
8 

0.
93

26
 

93
.9

0 
0.

92
54

 
94

.3
1 

0.
93

04
 

94
.2

0 
0.

92
90

 
93

.9
2 

0.
92

56
 

93
.8

4 
0.

92
47

 
93

.6
6 

0.
92

24
 

7
94

.2
1 

0.
92

92
 

93
.7

4 
0.

92
35

 
94

.0
7 

0.
92

75
 

94
.0

8 
0.

92
76

 
93

.6
8 

0.
92

27
 

93
.3

6 
0.

91
88

 
93

.4
3 

0.
91

96
 

Ta
bl

e 
3 

T
he

 a
ss

es
sm

en
t o

f s
up

er
vi

se
d 

cl
as

si
fi c

at
io

n 
of

 d
iff

er
en

t l
an

d 
co

ve
rs

 u
nd

er
 fo

ur
 d

iff
er

en
t m

et
ho

ds

O
nl

y 
m

ul
ti-

sp
ec

tra
l i

m
ag

e
M

ul
ti-

sp
ec

tra
l +

M
or

an
’s

 I
M

ul
ti-

sp
ec

tra
l +

G
et

is
-O

rd
 G

i
M

ul
ti-

sp
ec

tra
l +

G
ea

ry
’s

 C
   

Pr
od

uc
tio

n/
%

U
se

r/%
Pr

od
uc

tio
n/

%
U

se
r/%

Pr
od

uc
tio

n/
%

U
se

r/%
Pr

od
uc

tio
n/

%
U

se
r/%

W
at

er
 b

od
ie

s 
83

.2
8 

95
.7

7 
93

.0
3 

93
.7

8 
93

.7
3 

96
.8

1 
93

.0
3 

95
.8

0 
  

In
te

ns
iv

e 
cr

op
la

nd
 

95
.8

6 
89

.1
3 

97
.5

3 
86

.7
5 

96
.5

0 
91

.2
4 

96
.4

0 
87

.9
4 

U
rb

an
 a

nd
 b

ui
lt 

up
 

80
.7

0 
94

.9
7 

95
.0

1 
93

.6
2 

96
.8

1 
91

.9
7 

97
.0

3 
93

.7
8 

Sp
ar

se
 c

ro
pl

an
d

92
.3

5 
91

.1
8 

96
.2

3 
89

.5
6 

94
.5

4 
93

.8
9 

98
.3

1 
94

.5
6 

Sh
ad

ow
96

.8
5 

98
.3

8 
97

.0
0 

98
.0

9 
98

.1
1 

98
.4

4 
97

.4
8 

98
.1

5 

M
ix

ed
 fo

re
st

 
76

.2
5 

94
.2

4 
77

.1
2 

96
.3

6 
83

.2
4 

95
.0

8 
78

.4
6 

94
.7

3 



962 Journal of Remote Sensing 遥感学报 2011,15(5)

To sum up, Getis-Ord Gi has the best overall accuracy, 
Geary’s C is suitable for objects of high variability, while Mo-
ran’s I is the least useful one. In order to have a more accurate 
research of the other two parameter, Getis-Ord Gi is chosen as 
the only index.

3.2 Selection of neighborhood rules

After analysis, we can conclude that the classifi cation 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 
classifi cation accuracy under the same condition of Getis-Ord Gi.

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 (c)).Therefore, we can conclude that if the chosen 
neighborhood is similar with the distribution direction of the ob-
jects, the classifi cation accuracy will be higher. In addition, from 

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 classifi cation 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-
fi ed 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).

Fig. 5 The line chart of classifi cation 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 
classifi cation can be avoided or weakened.

3.3 Selection of lags

In order to analyze the relationship between lags and classifi ca-
tion accuracy, we choose the average classifi cation accuracy under 
different lags as reference, and it is shown in Table 4.From Table 4 
we can see that the classifi cation 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 classifi cation 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 92.91 92.88 92.64

Intensive cropland 96.57 96.94 97.25 97.17 96.65 96.17 95.91

Sparse cropland 94.95 95.80 95.97 95.23 94.84 94.79 94.65

Urban and built up 96.76 97.46 97.71 97.65 97.34 97.19 97.02

Shadow 98.15 98.44 98.47 98.22 98.09 97.71 97.40

Mixed forest 82.51 82.79 83.39 83.61 83.44 83.30 82.95

3.4  Overall effects of local spatial statistics on 
classifi cation 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 
“unclassifi ed” because of the diffi culty to be distinguished at fi rst 
can now be sorted. Similarity, sparse cropland and urban and built 
up, as shown in Fig. 6 (c) (d),can also be better classifi ed.

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 classifi cation 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. 7).

 

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 Gi 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 infl uence on classi-

Mixed forest Intensive cropland Sparse cropland

Water bodies Urban and built up Unclassifi edShadow

(a)

(c)

(b)

(d)

Fig. 6 The results of supervised classifi cation (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 Sparse cropland

Water bodies Urban and built up Unclassifi edShadow

(a) (b)

Fig. 7 The results of supervised classifi cation (Overall):
 (a) Only multi-spectral image and (b) Multi-spectral + Getis-Ord Gi 

(Rook’s case, Lag = 4)
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fi cation 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 classifi cation 
accuracy. The accuracy of the latter reached 95.12%, 7.37% higher 
than the former.

In addition, considering object-oriented classifi cation has some 
infl uence on local spatial statistics, future study about it will be 
carried out.
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基于局部空间统计分析的SPOT 5影像分类

朱钟正，苏伟
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摘 要：受同物异谱和异物同谱现象的影响，对遥感影像进行分类时若仅利用光谱信息则分类精度的提高将会受到限

制，而局部空间统计特征可以通过对地物空间聚集度的描述与分析在一定程度上减轻这种影响。本文研究了局部空间

统计在不同指数(Moran’s I, Getis-Ord Gi, Geary’s C)、邻域规则和间隔距离下，对高空间分辨率的SPOT 5影像分类精度的

影响规律。首先，对波段1进行局部空间统计分析，运算结果作为纹理波段添加到原始的光谱波段中；然后，综合利用

光谱波段和纹理波段进行监督分类；最后，选取测试样本进行分类的精度评价，并比较分析不同条件下的分类精度，

得到地物分类精度同参数之间的关系与规律。通过分析可以得出Getis-Ord Gi指数对于总体分类精度的提高最理想，总

体分类精度从 87.74%提高到95.12%。

关键词：局部空间统计分析，邻域规则，间隔距离，空间分布方向

中图分类号：P237   文献标志码：A

引用格式： 朱钟正，苏伟．2011．基于局部空间统计分析的SPOT 5影像分类．遥感学报，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 
Remote Sensing, 15(5): 957–972

1 引 言

在遥感影像分析与解译中，局部空间统计分析

对影像地物分类精度的提高起着重要作用(Emerson 

等, 2005)，常用的局部空间统计分析指数有Moran’s I, 
Getis-Ord Gi和Geary’s C。其中Moran’s I 指数体现某

一现象在空间上的聚集状态，正的I 值表示该空间单

元与邻近单元的属性值相似，负的I 值表示属性值不

相似(Anselin, 1995)；而作为检测空间单元与邻近单

元之间变异性的指数，Geary’s C指数能够检测出聚

集区域与相邻但不相似区域的边缘(Anselin, 1995)；

另外，Getis-Ord Gi指数能探测出高值聚集和低值聚

集，显著的正Gi表示高值聚集，显著的负Gi表示低值

聚集(Getis和Ord，1992)。

自从该方法被提出来后，许多研究者对该算法所

涉及的原理及各参数对地物分类精度的影响进行了大

量的研究与试验。Gi指数提出者Getis和Ord (1992)在

使用距离统计指数分析空间关联的研究中提出了在完

全的实例或单一实验现象的各种空间细化等级下，Gi

指数能提供给研究者一种简单明了地评估空间相关

程度的方法。而Anselin (1995)也在研究中指出了局

部空间关联指数能检测局部空间的热点或非平稳性。

同时，Emerson等人 (2005)比较分析了局部方差、分

型维数和Moran’s I 指数对多光谱影像分类的效果，

并指出经过Moran’s I 指数分析的波段可以作为纹理

特征与光谱波段叠加，从而提高分类精度。另外，

Wulder和Boots (1998)使用 Getis 统计指数评价遥感影

像的局部空间自相关特征的研究中也提到Getis-Ord 
Gi指数可用于辅助分类。

上述研究结果表明局部空间统计指数能够提高分

类精度，但并没有就指出局部空间统计指数、邻域规

则和间隔距离的不同对分类精度的影响进行系统、定
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墨卡托，椭球体为克拉索夫斯基椭球，空间分辨率为

2.5 m。影像的预处理工作包括几何校正、大气校正

等，以试验区1∶10000地形图为基准校正原始遥感影

像，校正误差严格控制在一个像元以内；为消除大气

对影像分类的影响，进行大气校正，影像预处理后的

结果如图1所示。局部空间统计分析使用的是ENVI的

Local Spatial Statistics工具，监督分类则是用ENVI的

Maximum Likelihood工具。从图1可以看出，试验区

内主要以耕地为主，同时还有林地、阴影、水体和不

透水层。因为林地和耕地、耕地和不透水层存在异物

同谱的关系，若仅仅使用光谱信息进行分类难以将他

们区分开来，幸运的是他们的局部空间统计特征可以

用来解决这个问题。

量的比较分析。本文基于这个问题，以北京市昌平区

农林交错带试验区的高空间分辨率SPOT 5遥感影像

分类为例，通过局部空间统计分析多个指数、邻域规

则与间隔距离的多组试验，考察局部空间统计分析方

法各参数与影像分类精度之间的相互关系，从而为高

空间分辨率遥感影像分类精度的提高提供新的途径

与方法。

2 研究方法
2.1 研究区概况与数据源

试验区为北京市昌平区农林交错带，试验区影像

为高空间分辨率SPOT 5影像，影像投影方式是横轴

2.2 相关参数 

2.2.1 局部空间统计指数

Moran’s I 指数：主要用于探测空间地物聚集状

况，由Anselin(1995)提出，其定义公式为：

  

(1)

式中，s2为空间权矩阵内各个属性值的方差，d为间

隔距离，wij为空间权矩阵，其中只有1和0两种值，代

表着空间单元i和j之间的影响程度，cij为空间单元i和j

的属性值与间隔范围内平均属性值之差的乘积。

Getis-Ord Gi指数：主要用于探测热点，由Ord和

Getis (1992)提出，计算公式为：

  
(2)

式中，wij是i、j单元之间的空间权矩阵，d为间隔距

离，xj为空间单元j的属性值。

Geary’s C指数：由Anselin (1995)提出，主要用

于探测地物的变异性，能够很好的探测出聚集区域的

边界，其定义为：

  

(3)

式中，wij、d和x j的定义与Getis-Ord  G i指数中的

相同。

2.2.2 邻域规则与间隔距离

从ENVI User’s Guide的Local Spatial Statistics中

关于邻域规则的相关解释中可以得知，邻域规则是为

了确定与中心像元进行比较的邻域像元，常用的总共

有7种，分别是：

(1)Rook’s Case：选择上、下、左、右4个方向的

图1 研究区域的SPOT 5遥感影像(分辨率为2.5 m)
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像元进行比较；

(2)Bishop’s Case：选择两个对角线方向的像元进

行比较；

(3)Queen’s Case：选择全部8个方向的像元进行

比较；

(4)Horizontal：选择同一行的像元进行比较；

(5)Vertical：选择同一列的像元进行比较；

(6)Positive Slope：选择45°角的像元进行比较；

(7)Negative Slope：选择135°角的像元进行比较。

依照选择方向的数量，将邻域规则分成了多方向

邻域规则和单方向邻域规则，多方向邻域的解释为：

中心像元比较像元的方向超过两个方向，包括Rook’s 

Case、Bishop’s Case和Queen’s Case；而单方向邻

域的解释为：只有两个像元比较方向的邻域规则，

包括Horizontal、Vertical、Positive Slope和Negative 

Slope。

间隔距离的定义是对于给定距离内的所有像元对

都在空间权矩阵wij对应的坐标中赋值1，否则是0。赋

值1的邻域像元会影响到中心像元的局部空间统计指

数值，赋值0的则相反，因此随着间隔距离的变化，

影像的局部空间统计指数值也会改变。

2.3 局部空间统计分析实验简介

在此次研究中，3种局部空间统计指数、7种邻域

规则和1到7的7种间隔距离被用来研究他们对遥感影

像分类精度影响。局部空间统计分析产生的纹理波段

与影像光谱波段进行叠加，共同参与后续的监督分

类，以提高试验区地物信息提取的精度。实验主要流

程如图2。 

2.4 影像分类和精度评价 

采用的监督分类方法是最大似然法，相似度阈值

是0.6(最大值为1)。此次分类是依照IGBP-DIS分类体

系进行确定的，其中耕地被细分为密集的耕地和稀疏

的耕地，系统具体分类情况见表1。各地物的影像解

译标志如图3所示：图3(a)中蓝色部分为水体，图3(b)

中绿色部分为密集的耕地，图3(c)中白色且单位面积

较小或呈网状分布的为不透水层，图3(d)中白色且呈

矩形的是稀疏的耕地，图3(e)中绿色且边缘不整齐的

是林地，图3(f)中黑色部分为阴影。训练样本的选择

原则为：均匀、随机地分布于整景影像，以减少主

观因素对分类精度的影响。影像分类中各地类的训

练样本数量为：水体(1007像元)、密集的耕地(6179

像元)、不透水层(3393像元)、稀疏的耕地(1046像

元)、林地(1783像元) 和阴影(1022像元)。测试样本

的选择原则是随机、不重复，具体选择数量为：水

体(1005像元)、密集的耕地(2028像元)、不透水层

(2223像元)、稀疏的耕地(1007像元)、林地(1718像

元) 和阴影(2064像元)，采用混淆矩阵进行分类精度

评价。

表1 土地覆被分类类别

土地覆被类型 土地使用分类

水体 河流、湖泊、水库、海湾和入海口等

密集的耕地 耕地细分后的一种，农作物比较密集

不透水层
包括居住地、商业用地、生产用地、交
通和体育场所用地

稀疏的耕地 耕地细分后的一种，农作物比较稀疏

林地 此影像中主要为混交林

阴影 因遮挡而无法确定的土地覆盖类型

图2 局部空间统计分析流程

( 在不同分类参数下分类精度的对比； 经分类精度评价得
到最适宜的局部空间统计分析参数)

SPOT 5 影像

局部空间统计分析

最优局部空间统计指数：Getis-Ord Gi

最优邻域规则

表2(a)、
图4

表2(b)、
图5

表2(b)

最优间隔距离

最优间隔距离：4

原始多光谱影像 图像叠加

监督分类结果

间隔距离等于：1、2、
3、4、5、6、7、

最优邻域规则：Rook’s Case

Queen’s Case

Positive Slope

HorizontalVertical

Bishop’s Case

Negative Slope

Rook’s Case

最优局部空间统计指数

Moran’s I Getis-Ord Gi Geary’s C
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图3 地物分类参照图

(a) 水体；(b) 密集的耕地；(c) 不透水层；(d) 稀疏的耕地；
(e) 林地；(f) 阴影

(a) (b)

(c) (d) 

 (e) (f)

3 结果和讨论

3.1 局部空间统计分析指数的选择

为了考察不同指数对分类精度的影响，在相同

的领域规则(Rook’s case)且间隔距离为1的情况下对

SPOT 5遥感影像的波段1进行不同指数的分析和计

算。为了便于分析，下文中的地物分类精度皆为生产

精度。3种指数的计算结果如图4所示。Moran’s I (图
4(b))指数计算结果表明：空间聚集度高的不透水层

地物I值较高，而空间聚集度低的林地I值则很低，其

他4种地物的空间聚集度表现皆为一般。与Moran’s I 

影像相比，Getis-Ord Gi影像(图4(c))可以分辨出不透

水层和部分稀疏的耕地属于显著的高值聚集，而水

体、阴影、部分林地和大部分密集的耕地则属于低

值聚集，但是Getis-Ord Gi指数难以判断中值的部分

林地是否聚集(Wulder和Boots, 1998)。与上面2种分析

地物相似性的指数相比，Geary’s C影像(图4(d))主

要勾画出了不透水层的边缘，其他地物的C值则都

比较低。

从表3得出，在3种指数中，Moran’s I 指数只有

密集的耕地分类精度最高。同时，从表2(a)得出，

Moran’s I 指数除了在Horizontal邻域规则下，总体

分类精度均为最低。由此可知，Moran’s I 指数是

3种指数中分类效果最差的。从表2的(a)部分中得

出，无论在任何邻域规则下，Getis-Ord Gi指数对

总体分类精度的提高最显著。而相对于地物来说，

Getis-Ord Gi指数对林地的分类精度最理想(表3)，为 

83.24%，这与Getis-Ord Gi指数能够较准确探测聚集

区域的范围有关(张松林和张昆，2007)。对于其他

两种指数，Geary’s C作为探测地物变异性的指数，

对不透水层有着最好的分类精度，为97.03%。并

且它对于在只有光谱信息影像下与不透水层发生混

淆的地物—密集的耕地，分类精度也是最好的，为

98.31%。

综上所述，总体分类精度最理想的是Getis-Ord 
Gi指数，Geary’s C指数对变异性高的地物分类精度较

好，而Moran’s I 指数是3种指数下效果最差的。为了

准确地研究其他2种参数对地物分类精度的影响，下

面邻域规则和间隔距离的选择和确定仅在Getis-Ord 
Gi指数下进行。

图4 从SPOT 5影像得到的局部空间分析影像

(a) 原始影像; (b) Moran’s I; (c) Getis-Ord Gi; (d) Geary’s C

(a) (b)

(c) (d) 
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3.2 邻域规则的选择

经过分析，得出邻域规则对地物分类精度的影响

取决于像元比较方向与地物分布方向的相似程度。表

2的(b)部分是比较在Getis-Ord Gi指数下，不同邻域和

间隔距离对总体分类精度的影响。

就稀疏的耕地来说，其整体分布方向有由北向南

的趋势(图3(d)和图4(a))，并且从图5(d)得出，它的分

类精度在Vertical邻域规则下达到最好。同时，从不

透水层最理想分类精度出现在Positive Slope(图5(c))

则能得出以下规律：若选择的邻域规则像元比较方向

与地物分布方向相同或相似，则分类精度会提高。另

外，从图5(c) (d)也得到，Rook’s Case对于稀疏的耕

地和不透水层有着很好的分类效果，由此可知若邻域

像元比较方向部分与地物分布方向相同或相似，分类

精度也会提高。

作为分布方向不明显的地物：水体和密集的耕

地，从图5(a)(b)中可以看出，他们在Rook’s Case下的

分类精度最高。不过，因为密集的耕地单个面积较

小，并且分布方向不一致，所以密集的耕地只能在

Rook’s Case、Bishop’s Case和Queen’s Case这3种多方

向邻域规则下才能达到不错的分类效果。而水体绝大

部分聚集在一起，且单个面积较大，所以它在所有邻

域规则下都有不错的分类精度。

阴影主要因山体遮挡而产生，虽然分散，但是每

一块面积较大，空间自相关性较好。从图5(e)中可以

得到，阴影除了在Vertical下分类较差，其他6种情况

下都比较好。虽然林地与阴影分布情况相似，但是因

其光谱特征和局部空间统计特征都与密集的耕地相

似，所以总体分类精度比较低。不过从图5(e)依然可

图5 6种地物在不同间隔距离和邻域规则下分类精度

(a) 水体；(b) 密集的耕地；(c) 不透水层；(d) 稀疏的耕地；(e) 林地；(f) 阴影
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以得到，对于大面积聚集地物，使用多方向邻域规则

分类较好(如图5(e)中的Rook’s Case)。

总之，邻域规则对分类精度的影响的本质就是，

与地物分布方向相似的邻域规则像元比较方向能够更

准确地得到对应地物的空间自相关性，同时能够减小

其他地物对其空间自相关性的影响。因为空间自相关

性的提高，分析后产生的纹理波段就能更准确地区分

不同的地物，这样就能更好地避免或减轻同物异谱和

异物同谱现象的对地物分类精度的影响。

3.3 间隔距离的选择

为了准确地分析间隔距离与分类精度的关系，

将地物在不同间隔距离下的分类精度平均值作为标

准，具体计算结果如表4。从表4可以得出，相对于

其他地物较大且内部空间自相关程度高的地物，在

间隔距离为1时，分类精度达到最大(如水体，在间隔

距离为1时，平均分类精度为93.66%)；对于较小或

内部空间自相关程度低的地物，通常间隔距离大于1

分类精度才能达到最大(如稀疏的耕地和林地分别在

间隔距离为3、4时，分类精度达到最大的95.97%、

83.61%)。另外，地物分类精度随间隔距离增大的走

势规律为：当分类精度达到最大前递增，达到最大

后都呈减小趋势，可能会有小波动，但是不会超过

最大值。

表4 在不同间隔距离下的地物平均分类精度

分类精
度/% 1 2 3 4 5 6 7

水体 93.66 93.56 93.49 93.12 92.91 92.88 92.64
密集的
耕地

96.57 96.94 97.25 97.17 96.65 96.17 95.91

稀疏的
耕地

94.95 95.80 95.97 95.23 94.84 94.79 94.65

不透
水层

96.76 97.46 97.71 97.65 97.34 97.19 97.02

阴影 98.15 98.44 98.47 98.22 98.09 97.71 97.40
林地 82.51 82.79 83.39 83.61 83.44 83.30 82.95

3.4 局部空间统计分析对分类精度的总体影响

相对于只用多光谱影像进行的分类来说，添加局

部空间统计分析产生的纹理波段的分类能够减少同物

异谱和异物同谱对分类精度结果带来的影响。对于林

地和密集的耕地(图6(a) (b))，原本因难以分辨而成为

未分类的地物被区分开了。同样的，对于稀疏的耕地

和不透水层(图6(c) (d))，也得到了很好的分类效果。

因为局部空间统计对分类精度带来的影响，虽然

不同指数或参数之间相比较分类精度相差并不大，但

是相比于只用多光谱影像进行的分类来说，它们的精

度有了很大的提高，最大的分类精度95.12%(图7(b))

与只使用多光谱影像的分类精度87.75%(图7(a))相差

了7.37%。

图6 监督分类结果(局部)：林地和密集的耕地

(a) 只使用多光谱影像和 (b) 多光谱影像+Getis-Ord Gi(Rook’s 
case邻域规则下，间隔距离为4);稀疏的耕地和不透水层：(c) 只
使用多光谱影像和 (d) 多光谱影像+Getis-Ord Gi(Rook’s case邻域

规则下，间隔距离为4)

林地 密集的耕地 稀疏的耕地 水体

不透水层 未分类地物阴影

(a)

(c)

(b)

(d)

图7 监督分类结果(整体)

(a) 只使用多光谱影像；(b) 多光谱影像+Getis-Ord Gi(Rook’s case
邻域规则下，间隔距离为4)

(a) (b)

林地 密集的耕地 稀疏的耕地 水体

不透水层 未分类地物阴影
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4 结 论

主要探讨了局部空间统计分析中指数、邻域规

则和间隔距离对遥感影像分类精度的影响规律。结

论如下：

(1)Getis-Ord Gi指数对试验区地物分类精度提高

最明显，而且在任何邻域规则和间隔距离下，相比其

他2种指数都是最好的；

(2)邻域规则与地物分布方向有关，但对于遥感

影像这种总体空间聚集度较小的影像来说，没有太大

影响。而间隔距离对于分类精度的影响则比邻域规则

大，例如在不同的间隔距离下，密集的耕地最大和最

小的平均分类精度相差了1.34%；

(3)局部空间统计分析能够减少同物异谱和异物

同谱对分类精度带来的影响，因此，相比于只用光

谱波段进行的监督分类，综合利用光谱波段和局部空

间统计分析产生的纹理波段所进行的分类效果更好，

后者总体分类精度最高达到了95.12%，比前者多了

7.37%。

此外，考虑到面向对象的分类方法对局部空间统

计分析有着相关影响，本文将对影响分类精度的面向

对象分类方法进行研究。
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