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Abstract
Optimal feature selection is one of major problems associated with the design of classifiers for identifying ground 
cover in satellite remote sensing images. This paper proposes a novel method of optimization of feature selection, 
namely, Corrects and Errors Offset Each Other (CEOEO). The proposed method can resolve the close coupling 
that exists between the feature selection process and the classifier. First, our studies showed that the performance 
of feature combination mainly relies on the complementarity of the feature between correct and wrong recognition 
and does not relate to the performance of the classifier. Therefore, we built an optimal model of the feature subset 
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1. Introduction
With the rapid development of satellite remote 

sensing imaging technologies, remote sensing images 
are produced with very high resolution and a larger 
number of spectrums are more accurate in expressing 
and describing ground cover characteristics. How-
ever, selecting the appropriate ground cover features 
and extracting them using the large amount of avail-
able remote sensing data represent a challenge. For 
the selection of ground cover features in remote sens-
ing images, we aim to find an optimized feature selec-
tion method that can reduce the number of features, 
retain major information on the ground cover, and 
provide good separability from other types of ground 
cover [1].Based on some particular separability cri-
teria (classifier), available feature selection methods 
usually search the optimal feature subsets, and these 
methods are mainly divided into four categories. The 
first is the exhaustive search method [2–5], which 
selects the optimal feature subset by exhaustively 
searching the entire feature space and evaluating the 
separability of each possible candidate feature subset 
[6–8]. The second is the heuristic search method [9–
13], such as sequential forward selection, sequential 
backward elimination which can obtain the classifier 
that depends on the feature subsets and classification 
parameters so that, for the subset of complicatedly 
interactive features, the feature subsets are not nec-
essarily optimal. The third category includes random 
search methods [14], which set the maximum itera-
tion numbers to limit the complexity of the algorithm 
through randomly generated feature subsets, thereby 
determining whether optimal solutions exist; an ex-
ample is the simulated annealing method. By using 
the specific classifier as evaluation criterion, the se-
lected results are closely related to the performance 
of the classifier. The fourth covers intelligent meth-
ods, such as neural network methods [15, 16], the 
SNR-based method [17], the fuzzy entropy method 
[18], and so forth [19–20], which focus on designing 
classifiers. These do not indicate whether the selected 
feature or the feature subsets truly describe the per-
formance of the ground cover. 

In summary, for aforementioned methods, the pro-
cess of feature selection is closely integrated with the 
classifier accuracy, thus making the selection results 
mainly dependent on the performance of the classi-
fier, as a result, it is very difficult to prove whether 
the optimality is because of the performance of the 
selected feature or the classifiers. Therefore, under 
acceptable computational complexity, the problem of 
selecting the optimal feature subsets is not yet com-
pletely solved. Targeting the problem of feature ex-
traction of ground cover in remote sensing images, 
we analyze the object-background separability of 
each feature, construct a classifier-independent fea-
ture subset separability criterion that combines the 
complementarity and separability of features, uncov-
er the internal principles of feature combination from 
the perspective of recognition, and finally obtain the 
optimal feature subset based on performance-com-
plementarity. Therefore, we propose a feature subset 
selection method CEOEO and compare it with SA 
and SFS to show its effectiveness.

2. Feature selection issue
Feature selection studies the methods of the de-

scription and the separability of the object and back-
ground, including single feature selection and an 
optimal selection of the feature subset. The feature 
selected or the feature subset can describe the object 
and distinguish it from the background. We mainly 
investigate how to select the optimal feature subset.

Assumption: There is a feature set D including D 
features.

We select feature d of D ( )d D<  to form a subset 
as small as possible. The subset does not significantly 
decrease the classification accuracy or influence the 
class distribution, and it is stable and adaptive as well 
[21, 22].

Jij represents the separability rule of the i-th and 
the j-th feature, such as in formula (1): 

 
1,      
[0,1),ij

i j
J

i j
=

=  ≠
  (1)

ijJ meets the following conditions:

selection and proved that the model is optimal. Second, we used CEOEO to optimize five ground covers of the 
feature selection process: ocean, desert, mountain, vegetation, and city in satellite remote sensing images and ob-
tained five optimal feature subsets. Third, we compared the five feature subsets with the feature subsets that were 
selected by Simulated Annealing (SA) and Sequential Forward Selection (SFS) methods. The advantages of the 
five feature subsets obtained by CEOEO that they have smaller feature dimensions, higher recognition rates, less 
computational complexities, and no relation to the performance of classifiers. The results verify the validity and 
superiority of the feature subsets selected using CEOEO.
Key words: OPTIMAL FEATURE SELECTION, CEOEO, REMOTE SENSING IMAGE
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Monotonicity,
Additivity, when the features are independent of 

each other,
Symmetry: ij jiJ J= .
We assume that the quasi-complete feature set is 

1 2{ , , , }D Df f f= KF , the selected optimal feature sub-
set is 1 2{ , , , }md m m mdf f f= KF , and the selection rule 
of the feature subset is (2):

 1 2 1 2( , , , ) min{ , , , }m m md DJ f f f f f f=K K   (2)

Where i is the number of d-dimensional subsets 
dF  in the D-dimensional set DF , m indicates the op-

timal feature subset, and fij indicates the feature sub-
set only, including two features: the i-th and the j-th 
feature. 1 2min{ ( , , , )}i i idJ f f fK  indicates the feature 
subset with the best separability in all dF  of DF .

3. Ceoeo feature selection
From the viewpoint of image comprehension, any 

object based on the image information can be de-
scribed using specific combinations of features [23], 
which reflect the intrinsic characteristics of the image 
object. Among those features, every feature depicts 
the characteristics of the object in a distinct aspect, 
while the different combinations of different features 
express the overall property of the object. Through 
the method of offsetting the classification errors of 
different features, the feature set can acquire better 
classification performance compared to a single fea-
ture. In this section, we use set theories to research 
the method of CEOEO feature subset selection and 
thus prove that the selected subset is optimal.

3.1. Some Related Concepts
We define some concepts about features or feature 

subsets based on set theories.
Set of Image Features: The set composed of all 

features acquired from different physical and mathe-
matical statistics that are able to distinguish the image 
object from background, 1 2{ , , , }D DF f f f= K .

Object-Background Pattern Class: 1 2( , )ω ω  ex-
presses the object-background array, in which 1ω  is 
the object class, and 2ω  is the background class.

Image Sample Set: The original image is divided 
into block samples with the total number N; the object 
blocks are N1, and the background blocks are N2.

Object block set: 
11 2 1{ , , , }NO o o o= ∈ωK , where oi 

is the i-th block, and 11,2, ,i N= K .
Background block set: 

21 2 2{ , , , }NB b b b= ∈ωK ,
where bi is the i-th background block, and

21,2, ,i N= K . 
Description of Classification Abilities of Features: 

A feature fi can divide one sample set into the follow-
ing four subsets:

correctly classified object sample subset (correct), 
denoted as Ori;

wrongly classified object sample subset (missed 
alarm), denoted as Oei;

correctly classified background sample subset 
(correct), denoted as Bri; and

wrongly classified background sample subset 
(false alarm), denoted as Bei;

in which the subscript r indicates the correctly 
classified samples, and e indicates the wrongly clas-
sified samples.

Let fi be a single-threshold feature; the threshold 
t separates the object and background, and the object 
sample set is denoted as:

1{ | , 1, 2, , }ri ki i riO o f t k N= ≤ = K

1{ | , 1, 2, , }ei ei i eiO o f t k N= > = K

where 1 1 1
ri eiN N N+ =

 ri eiO O O∪ =

 ri eiO O∪ =∅

Similarly, the background sample set is denoted 
as:

2{ | , 1, 2, , }ri ki i riB b f t k N= > = K

2{ | , 1, 2, , }ei ki i eiB b f t k N= ≤ = K

where 2 2 2
ri eiN N N+ =

ri eiB B B∪ =

ri eiB B∩ =∅

The sample sets are described in Figure 1: 
In Figure 1, the blank area represents the correctly 

classified samples, and the shaded area indicates the 
wrongly classified samples. Obviously, any feature 
that has separability to some extent will divide one 
sample set into four subsets with different meanings: 
two correct partitions Ori and Bri and two wrong parti-
tions Oei and Bei.

Figure 1. The sample sets partition of feature fi. (a) Target 
sets partition (b) Background sets partition

(a) (b)

Feature Subset Operation:
Because of the large and inconsistent dynamic 

ranges of different features, data pre-processing and 
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normalization are necessary. For all image samples 
with D features, calculate the values of every fi to 
construct a sample vector Xi with N, with the number 
of training samples as its dimension:

1 2 1 1 1 1[ , , , ] [ ( ), , ( ), ( ), , ( )]i i i Ni i i N i i NX x x x f o f o f b f b= =K K K

where xji is the value of fi extracted from the j-th sam-
ple, and i=1,2,…,D, j=1,2,…,N.

Normalize every feature to make their ranges lie 
in [1, 0]. When the number of samples is finite, ev-
ery feature value of the object samples and the back-
ground samples in vector Xi can be calculated to form 
the frequency distribution histogram. Then the class 
conditional probability density function 1( | )ip x ω  
with respect to class ω1 and the 2( | )ip x ω  with re-
spect to ω2 of feature fi can be obtained by curve fit-
ting. Let their crossing point ti be the classification 
threshold of feature fi.

Classes Sensitivity: The classes sensitivity of a 
feature is defined as its ability to describe the object 
or background classes, calculated by the Shannon en-
tropy. For feature fi, let Hi1 be the sensitivity of the 
object and Hi2 the sensitivity of the background; then 
both are given by (3)

 2( | ) log ( | )ij j i j iH p w x p w x= −∫   (3)

in which i=1, 2, …, D; j=1, 2;

2
1

( | ) ( )
( | )

( | ) ( )

i j j
j i

i j jj

p x w p w
p w x

p x w p w
=

=
∑

; 

The posterior probability of fi is 

( | ) rj rj
i j

j

O B
p x w

N

∪
= ; and the prior probability of fi 

is ( ) j
j

N
p w

N
=  .

3.2. Feature Separability Rule
Class separability is defined as the ability of a fea-

ture or feature set to distinguish the object and the 
background. To describe the separability of the fea-
ture set, we build a set relationship description mod-
el between any feature fi and fj based on the sample 
consistency of their correctly and wrongly classified 
subsets. Because of its basis in recognition rates, this 

feature set separability criterion only utilizes recog-
nition results and therefore is totally independent of 
the physical characteristics, geometric properties, and 
mathematical expression. 

It has the following properties:
Inclusive: For the samples that can be completely 

recognized by fi, if they can also be correctly recog-
nized by fj, i.e., ri rjO O⊆  and, ri rjB B⊆  then fi is in-
cluded in fj (or fj includes fi), as shown in Figure 2.

Complementarity: The complementarity between 
two features or feature sets means that the wrongly 
classified samples of a feature or feature set can be 
replaced by the correct results of another feature (set), 
thus making the integrated classification results of the 
two features or feature sets combined more desirable 
than their respective results. Complementarity helps 
to make up for the disadvantages among the features 
and improves the separability of the combination of 
features.

Complementarity between two features: The sam-
ples that cannot be recognized by feature fi but can 
be recognized by fj or vice versa are denoted as the 
complementary set Cij of features fi and fj. 

( ) ( ) ( ) ( )ij ei rj ei rj ej ri ej riC O O B B O O B B= ∩ ∪ ∩ ∪ ∩ ∪ ∩

The size of set Cij implies the potential to improve 
the separability of fi and fj combined.

Complementarity of feature sets: The object and 
background classification result subsets of feature set 

1 2 1{ , , , }kI f f f −= K  are as follows.
Wrongly classified target sample subset: 

1
1

k
eI eii

O O
−

=
= I , 

Correctly classified target sample subset: 
rI eIO O O= −

Wrongly classified background sample subset: 
1

1

k

eI ei
i

B B
−

=

= I

Correctly classified background sample subset: 
rI eIB B B= −

Then the complementary set CIk between I and a 
new feature fk is given by

( ) ( ) ( ) ( )Ik eI rk eI rk ek rI ek rIC O O B B O O B B= ∩ ∪ ∩ ∪ ∩ ∪ ∩

(a) (с)(b) (d) (e)

Figure 2. Five types of samples (a) Ocean sample (b) Desert sample (c) Mountain sample (d) 
Vegetation sample (e) City sample
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Class Separability Rule of Features
Definition 1: Separability between two features.
For the given features fi and fj, the separability rule 

is defined in (4):

 

( ) ( )ei ej ei ej
ij

O O B B
J

O B

∩ ∪ ∩
=

∪
  (4)

If i j≠ , Jij corresponds to the number of wrongly 
recognized samples.

If all samples can be correctly classified, i.e., the 
number of wrongly recognized samples is zero, Jij=0.

Definition 2: Separability between a feature set 
and a single feature. 

For a given feature set 1 2 1{ , , , }kI f f f −= K  and a 
single feature fk, the separability rule is defined in (5):

 

1 1
k k

ei eii i
Ik

O B
J

O B
= =

∪
=

∪

I I
  (5)

As separability rules of features, Jij and JIk only 
utilize the classification ability of features (or feature 
sets) and their complementarities instead of requiring 
the designing of a classifier to provide classification 
results. Therefore, the separability rule is decoupled 
from the classifiers and directly reflects on the clas-
sification ability of features or features sets.

3.3. CEOEO Algorithm
The CEOEO selection can be seen as a process 

that compensates for the classification error of each 
feature utilizing the complementarities between them. 
The classification error gradually decreases as the 
number of features increases. The next selection of 
features relies on the previous result to a large extent, 
forming a group of series-dependent actions consid-
ering the complementarity between the selected fea-
tures (or feature set) and the candidate feature, which 
can only be added when it takes the complementary 
effect. Then the separability of the new feature sub-
set is measured with the feature separability rule J(n), 
where n refers to the times of selection. Take comple-
mentarity as the standard to select the next feature to 
combine such that it can further “offset” the existing 
recognition error, guaranteeing that the newly formed 
feature subset has better object-background separa-
bility.

The steps in CEOEO are as follows:
Step 1: Sample pre-processing. D′  features form a 

quasi-complete space, 1 2{ , , , }DF f f f ′′ = K .
F is the minimal quasi-complete space, in which 

the redundant features (that are included in other fea-
tures) are removed, i.e., { }| , . .i i jF F f j s t f f′= − ∃ ⊆

Training samples: The object samples number N1 
and the background samples number N2.

The sample vector calculated from feature fi is:

1 21 2 1 1[ , , , ] [ ( ), , ( ), ( ), , ( )]i i i Ni i i N i i NX x x x f o f o f b f b= =K K K

where xji is the j-th sample’s feature value of fi; 
i=1, 2, …, D; and j=1, 2 , …, N.

In the case of finite samples, calculate the feature 
value of the object samples and the background sam-
ples in each vector Xi to obtain its frequency distri-
bution histogram statistically. Then acquire the class 
conditional probability density function p(xi|ω1) with 
respect to class w1 and the p(xi|ω2) with respect to ω2 
of feature fi by curve fitting. Set their crossing point t 
as the classification threshold of feature fi.

∀fi , ( ){ }|ri ik i k iO o f o t≤= , ( ){ }|ei ik i k iO o f o t>= ,

k = 1,2,…,N1

( ){ }|ri ik i k iB b f b t= > , ( ){ }|ei ik i k iB o f o t≤= ,

k = 1,2,…,N2

ei ei
i

O B
J

O B
∪

=
∪

 i=1,2,…,D

Let J(1)=min{Ji} and i=1,2,…,D.
J(1) corresponds to the first selected feature with 

maximal separability fm1; reorder {fi} into {fmi} such 
that 1 2m m mDJ J J< <…<  . j=1, and choose the first 
feature fm1, 1 1D mF F f− = − .

Step 2: Given j>1, without loss of general-
ity, the selected feature set is { }1 2, , ,j jI f f f= … ,
leaving the unselected features to form the set 

{ }1 2, , ,D j j j j DF F I f f f− + += − = … , with the dimen-
sions of D-j. According to the property of the com-
plete partition of features, the lower boundary of 1 j

C  
is calculated as: 

( ) ( )2
j D j

N

D j −
δ =

− ×
. 

Calculate the partition of the sample set caused by 
Ij: 

,
j j j jrI eI rI eIO O O B B B∪= =∪ .

If 
j jeI eIO B∪ =∅ , stop; otherwise,

calculate jδ .
Step 3: Among all selectable features in FD-j, 

choose the feature that has the best complementarity 
to Ij as the (j+1)-th feature.

If CmI=max{CiI} and i=j+1,j+2,…,D, then choose 
CmI as the corresponding fmI.

The concrete operations are as follows:
(a) 1j > , jk D jf F −∀ ∈ , and 1, 2, ,k j j D= + + … .

( ) ( ) ( ) ( )Ik eI rk eI rk ek rI ek rIC O O B B O O B B∩ ∩ ∩ ∪ ∩= ∪ ∪
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(b) Delete the features that have no classification 

ability in D jF − :

1 jδ 1, 2,{ ,, }|D j D j jk IkF F f C k j j D− − −′ = − < = + + …  

(c) Count the number of features that have the 
largest complementary sets to Ij, denoted as k:

If k≥2, go to (d); otherwise, 
choose fm(j+1) as the (j+1)-th feature, and go to (e).
(d) Calculate the class sensitivities Hm1 and Hm2 

of the k features that have the same complementary 
set to Ij, where 1,2, ,m k= … .

If rI rIO B> , then choose the feature that has the 
biggest target sensitivity max(Hm1) as the (j+1)-th 
feature fm(j+1); otherwise, choose the feature that has 
the biggest background sensitivity max(Hm2) as the 
(j+1)-th feature fm(j+1). 

(e) Let { }(1 )1 2 1, , ,j m m m jI f f f+ +′ = … ; thus
{ }( )1 2 3, , ,D j j j DF f f f− + + += … .

(f) Choose 1jI +′′  , which satisfies: 

'' '''
1 1

min
j jI IJ J
+ +

 =  
 

{ } ( )

(

1

)

1
1

1

 

an  

,

 

|

d
j ma

b

mb a j b D j

m j
j

I f f f I f F

f f
I + − +

+

+

 ′ − ∪ ∀ ∈ ∀ ∈ ′′′ =  
 ≠ 

Compare the separabilities of 1jI +′  and 1jI +′′ .
If ' ''

1 1j jI IJ J
+ +

<  , let 1 1j jI I+ +′= ;

otherwise, let 1 1 j jI I+ +′′= .

( )1 1  D j jF F I− + += − .
(g) Reorder {fi} in Ij+1 into {fmi} such that 

( )1 2 3 1m m m m jJ J J J +< < <…< .
If 1D jF − − = ∅ , go to Step 4; otherwise,

1j j= + .
If j D= , go to Step 4; otherwise, go to Step 2.
Step 4: Let d j=  and stop.
The selected feature subset is:

{ }1 2, , ,d m m mdI f f f= … .

4. Ceoeo set of Five Ground Covers in Remote 
Sensing Images

This section computes the optimal ground cover 
subsets selected with CEOEO, SA, and SFS and dem-
onstrates the validity of CEOEO by comparing the 
size, object-background separability, and recognition 
rate of the selected feature subsets.

4.1. Feature Set of Remote Sensing Images
The information on the ground cover in remote 

sensing images can be expressed in their shape, hue, 
texture, location, and so forth. We take the 19 features 
in Table1to describe the image information, which 
form the candidate feature set { }1 2 19, , ,F f f f= …… .

4.2. Samples of Remote Sensing Images
We chose five typical ground cover categories de-

tected in EO-1: ocean, desert, mountain, vegetation, 
and city. Then we selected the feature subsets of the 
different types of ground cover.

The images of five types of ground cover were di-
vided into blocks with the processing scale of 64×64 
pixel size as the training samples. Each sample was 
manually marked as object (positive sample) or back-
ground (negative sample). Every ground cover cat-
egory contains 400 samples, including 200 positive 
samples and 200 negative samples. When training 
a type of ground cover, other types were treated as 
negative samples. For example, when testing ocean 
samples, desert\vegetation\city\mountain types were 
treated as negative samples. Training and testing 
samples, respectively, accounted for 50% of all the 
samples. Figure 2. (a)–(e) illustrates some examples 
of the five types of samples.

4.3. CEOEO Selection Results
With all the features defined in Table1, each fea-

ture value of the five types of samples was calculated 
to obtain 5×19 groups of 400-dimensional sample ar-
rays. Then each feature space formed by these sample 
data was normalized. The optimal feature subsets of 

Table 1. Candidate feature set of remote sensing images 

Index Feature Index Feature

1 f1: first momentum 11 f11: first momentum of hue
2 f2: second momentum 12 f12: second momentum of hue
3 f3: third momentum 13 f13: third momentum of hue
4 f4: angular second momentum 14 f14: average length of chain code
5 f5: fractal dimension 15 f15: maximum length of chain code
6 f6: entropy 16 f16: total length of chain code
7 f7: maximum of FFT 17 f17: total number of chain code
8 f8: Euler number 18 f18: sum of absolute value of curvature
9 f9: average of skeleton 19 f19: average of absolute value of curvature
10 f10: maximum of hue histogram
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the five types of ground cover and their recognition 
training results were obtained by using the CEOEO 
algorithm.

4.4. Comparison with Other Methods
With the same training samples, we utilized the 

SA and SFS to obtain the selected feature subset ISA 
and ISFS, respectively, as listed in Tables 2 and 3.

Both the SA and SFS methods require setting the 
dimensions of the selected feature sets manually, 
while the CEOEO method automatically determines 
the dimensions of the feature sets. In the SA and SFS 
methods, the dimensions of the selected feature sets 
are calculated before setting the dimension d=1, 2, 3.

From Table 2, it can be observed that SA has dif-
ferent recognition rates for each type at different d, of 
which the results with the best performance are:

ISA_ocean={10, 4}
ISA_desert={6, 13, 11}

ISA_mountain ={4, 13}
ISA_vegetation={4, 1, 7}
ISA_city={11}
We chose these as the final results for comparison 

with ICEOEO.
From Table 3, it can be observed that SFS has dif-

ferent recognition rates for each type at different d, of 
which the results with the best performance are:

ISFS_ocean ={10,4,17}
ISFS_desert={12,16,11}
ISFS_mountain={4,13}
ISFS_vegetation={7,1,4}
ISFS_city={11}
We chose these as the final results for comparison 

with ICEOEO. The results of the three methods are com-
pared in Table 4.

Table 4 shows that CEOEO has the best separa-
bility, which completely distinguishes the 5 types of 

Table 2. Feature set selected by ISA (iterated 20000 times at each temperature)

Category Feature Subset d Missed Alarm Rate False Alarm Rate Recognition Rate
Ocean 10

1

0.00% 37.00% 63.00%
Desert 12 1.00% 45.75% 53.25%

Mountain 4 23.00% 24.50% 52.5%
Vegetation 7 0.25% 4.50% 95.25%

City 11 0.00% 0.00% 100.00%
Ocean 10, 4

2

0.00% 6.75% 93.25%
Desert 13, 16 0.00% 16.00% 84.00%

Mountain 4, 13 0.00% 24.50% 75.50%
Vegetation 7, 1 0.25% 4.50% 95.25%

City 11, 6 0.00% 0.00% 100.00%
Ocean 4, 3, 13

3

2.00% 18.50% 79.50%
Desert 6, 13, 11 0.00% 2.75% 97.25%

Mountain 4, 3, 13 0.00% 24.50% 75.50%
Vegetation 4, 1, 7 0.00% 4.50% 95.50%

City 13, 11, 6 0.00% 0.00% 100.00%

Table 3. Feature set selected by ISFS

Category Feature Subset Missed Alarm Rate% False Alarm Rate% Recognition Rate%
Ocean 10 0.00% 37.00% 63.00%
Desert 12 1.00% 45.75% 53.25%

Mountain 4 23.00% 24.50% 52.5%
Vegetation 7 0.25% 4.50% 95.25%

City 11 0.00% 0.00% 100.00%
Ocean 10, 4 0.00% 6.75% 93.25%
Desert 12, 16 0.50% 14.25% 85.75%

Mountain 4, 13 0.00% 24.50% 75.50%
Vegetation 7, 1 0.25% 4.50% 95.25%

City 11, 6 0.00% 0.00% 100.00%
Ocean 10, 4, 17 0.00% 0.00% 100.00%
Desert 12, 16, 11 0.50% 1.50% 98.00%

Mountain 4, 13, 3 0.00% 24.50% 75.50%
Vegetation 7, 1, 4 0.00% 4.50% 95.50%

City 11, 6, 13 0.00% 0.00% 100.00%
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ground cover from their backgrounds with a recogni-
tion rate of 100%. Except for the city type, SA cannot 
completely distinguish the other four earth surfaces 
from their backgrounds, with the desert type hav-
ing the highest recognition rate of 97.25%. Except 
for the city and ocean types, SFS cannot completely 
distinguish the other three earth surfaces from their 
backgrounds. Considering the feature subset dimen-
sions, although SFS has complete separability for the 
ocean type, its subset dimensions are twice that of the 
feature subset selected with CEOEO. In addition, SA 
and SFS both require setting d, the value of the di-
mensions of the selected feature sets, beforehand so 
as to diminish the degree of automation of the algo-
rithm. Therefore, considering the optimality of the se-
lected feature set and algorithm automation, CEOEO 
is obviously advantageous.

Considering the computing time, SA is the slow-
est, with the computation complexity O(d2t(D)); SFS 
has the computation complexity O(Dlog2D), and 
CEOEO has O(t(D)), where t(D) is a polynomial of 
D.

Because of the complexity of the background of 
remote sensing images and the drastic variance of 
illumination, it is difficult to precisely describe the 
ground cover with features selected by conventional 
methods. The test results show that CEOEO’s com-
putation complexity is identical to that of sequential 
methods and is lesser than that of the other two meth-
ods; additionally, it achieves the best classification 
results and highest recognition rates with the least 
dimensions of feature subsets.

The feature subsets of each type of ground cover 
selected by CEOEO, SA, and SFS are respectively 
illustrated in Figure 3. In the figures, P represents the 

target sample with "*", and N represents the back-
ground samples with "∆".

Figure 3. (e-l) show that the SA and SFS feature 
selection applies the Fisher classification rule, which 
minimizes the intra-class distance. Therefore, the 
selected feature will be affected by the performance 
of the classifier, as shown in Figure 3, in which the 
object samples are highly concentrated. This method, 
however, ensures the optimal classification perfor-
mance of the feature subsets. In contrast, CEOEO 
takes the complementarities and the minimal number 
of wrongly classified samples of the features as the 
classification standard, independent of any specific 
classification rules associated with the classifier, such 
that the classifier-independent optimal feature subset 
is selected within a relatively short computing peri-
od. This avoids cases in which the feature selection 
results are closely related to the performance of the 
classifier, which means that the feature subsets are 
not “really” optimal. A typical example is the fourth 
kind of feature selection algorithm mentioned in the 
Introduction, which utilizes complicated classifiers 
to select features and possibly causes the selected 
features to reflect the performance of the classifiers, 
whereas the classification ability of the feature subset 
per se is not always optimal.

5. Conclusion
This study investigates the feature selection of five 

types of ground cover in remote sensing images and 
objects the problem of the current selection methods, 
which are too closely coupled with the classifiers in 
selecting an effective feature subset. A new method 
called CEOEO is proposed as an alternative. CEOEO 
uses the complementarity of errors and the minimi-
zation of classification errors between features. The 

Table 4. Comparison of the performance of the feature subsets selected by CEOEO, SA, and SFS

Category Feature Subset Feature 
Number

Missed Alarm 
Rate

False Alarm
Rate

Recognition 
Rate Time (ms)

Ocean
6,11 2 0.00% 0.00% 100.00% 0.16
4,10 2 0.00% 6.75% 93.25% 105.34

4,10,17 3 0.00% 0.00% 100.00% 0.02

Desert
4,11 2 0.00% 0.00% 100.00% 0.42

6,11,13 3 0.00% 2.75% 97.25% 127.20
11,12,16 3 0.50% 1.50% 98.00% 0.02

Mountain
1,4,6 3 0.00% 0.00% 100.00% 0.17
4,13 2 0.00% 24.50% 75.50% 105.34
4,13 2 0.00% 24.50% 75.50% 0.02

Vegetation
1,19 2 0.00% 0.00% 100.00% 0.13
1,4,7 3 0.00% 4.50% 95.50% 127.20

11,6,13 3 0.00% 4.50% 95.50% 0.02

City
11 1 0.00% 0.00% 100.00% 0.19
11 1 0.00% 0.00% 100.00% 120.11
11 1 0.00% 0.00% 100.00% 0.02
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inclusion, complementarity, and separability are de-
fined by using set theories, and the optimality of the 
feature subset selected by this separability criterion 
is proven.

Compared with the SA and SFS feature selection 
methods, CEOEO can automatically find the dimen-
sion d of the optimal feature subset by increasing the 
rationality of the feature selection. The relation of 
the CEOEO separability criterion to the selection se-
quence, which not only considers the relation between 
features but also the complementarity and inclusion 
of feature subsets, is more effective at simplifying 
the computation and eliminating feature redundancy. 
This avoids the disadvantage of the current methods, 
which do not consider the influences of the added (or 
deleted) features and require a "black box" calcula-
tion from the beginning. More importantly, the cur-
rent methods process feature selection through com-
plex classifiers, whose performance greatly affects 
the selection results, making the selected feature sub-
sets highly dependent on the performance of the clas-
sifiers. In addition, the advantage of the performance 
of the classifiers may overshadow the selected feature 
subsets, whose optimality in object-background sepa-
rability is therefore not ensured. Consequently, when 
applied with other classifiers, these features may have 
unexpected results. Meanwhile, compared with the 
test results for SA and SFS, CEOEO shows a better 
recognition rate and lower computation complexity.

It is worth mentioning that, being independent 
of recognizing concrete contents, the CEOEO algo-
rithm is applicable not only in the feature selection of 
ground cover in remote sensing images but also in the 
recognition of other objects in remote sensing images 
and ordinary images.
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