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Feature selection and its application in object-oriented classification
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Abstract: The SEaTH method (SEparability and THresholds) can select features and compute thresholds automatically based on
Jeffries-Matusita distance to separate classes, which may cause information redundancy and affect classification results. In this
paper, a new method based on SEaTH is proposed, and then the method that considers the Jeffries-Matusita distance, the inner class
distance, and the correlation of different features is used in the classification of multi-resolution remote sensing images of Zhao-
qing, China. The result indicates that our method can select more effective information than the original SEaTH algorithm, with
accuracy in extracting farmland improved by 12.26%, and total accuracy improved from 80% to 85.26% . Such an improvement is
significant to the classification when multi-temporal data are difficult to be obtained.
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1 INTRODUCTION

Land-cover classification is a major application of remote
sensing, and is also the foundation of studying climate, ecology,
and the environment on a regional scale. With the development
of the social economy and the progress of science and
technology, problems such as global climate change and
ecological environment destruction have become more
prominent, and have brought serious consequences to human
survival and progress. Obtaining land cover information fast,
accurately, and timely to provide reliable basic data for
ecological environment protection and economic development
planning is an urgent problem. Simultaneously, selecting the
effective classification features to improve the classification
accuracy and increase separable feature types is also a key
concern. Along with in-depth research, a greater demand exists
for the method and key technology of land-cover classification to
obtain more accurate and detailed surface information in an effi-
cient manner.

Today, the features of optical remote sensing images
used for classification are varied, and the most basic ones are
spectral features, texture features, geometric characteristics, and
so on. With the increase of remote sensing data sources and the
method of classification, the basic features of multi-source
remote sensing data have further evolved, thus deducing more
information that is available. More information can be used in
object-oriented classification than in pixel-based classification,

particularly shape and context information, which can explore
features from different aspects to improve separability and accu-
racy (Laliberte, et al., 2012). However, given the increasing types
and dimensions of the features, it is difficult to obtain accurate
features and their reasonable thresholds quickly. To solve these
problems, several parameter selection methods have been
proposed (Koller, et al., 1996; Feng, et al., 2008; Gao, 2010;
Bruzzone, et al., 2000; Zhang, 2006; Ye, 2007; He & Xu, 2002;
Peng, et al., 2005; Nussbaum, et al., 2006; Zheng, 2010; Addink,
et al.,, 2010; Chen, et al., 2010; Han, et al., 2010; Wu, et al.,
2009). Among these methods, SEaTH is a typical algorithm used
in feature selection and threshold computation based on the
Jeffries-Matusita distance and the Gaussian probability mixture
model, as proposed by Nussbaum, et al. (2006). Previous studies
have shown that this algorithm with higher efficiency and less
manual intervention provides better results than the nearest
neighbor classification and the maximum likelihood classification
(Gao, et al, 2011). The SEaTH algorithm considers only the
probability distance but ignores the correlation between the
features and the inner differences of the classes, which can cause
information redundancy and affect the classification results.

In this paper, a new method considering the correlation,
inner distance, and probability distance is proposed to select the
optimal classification features. Then, Landsat TM and HJ-1A/1B
images of Zhaoqing city are used in land-cover classification
research by object-oriented classification.

Received: 2012-09-11; Accepted: 2013-01-08; Version of record first published: 2013-01-15
Foundation: Strategic Priority Research Program of the Chinese Academy of Sciences (No.XDA05050107-03)
First author biography: WANG He (1986— ), female, master. Her current research interests are information extraction from multi-source remote sensing

images and its applications. E-mail: he.wang(@ siat.ac.cn

Corresponding author biography: YU Xiaomin (1982— ), female, Ph.D., assistant researcher. She specializes in dynamic change detection of remote sens-

ing. E-mail: yu.x.min@ gmail.com



WANG He, et al. ; Feature selection and its application in object-oriented classification 817

2 METHODOLOGIES
2.1 SEaTH algorithm

SEaTH identifies the
characteristic features with a statistical approach based on

The feature-analyzing tool

training objects. Its main steps are listed below.

(1) Construction of the training dataset. The training dataset,
which contains all types of features, is built (the sample number
accounts for approximately 2% of all image objects). Then, the
candidate features are presented.

(2) Selection of the optimum classification features. For a
given training dataset, the probability distribution for each class
can be estimated and used to calculate the Jeffries-Matusita
distance between two object classes, C, and C,, as their separa-
bility. Under the assumption of normal probability distribution,
the Jeffries-Matusita distance (J) is given by

J=2(1-¢e") (D)
B = L( m, = m, )2

2+ 2
. 2 +Lln(7gl "2) (2)

o tor 2 20,0,

where m, and o7, i=1,2, are the mean and the variance, respec-
tively, for the two feature distributions. The scale of J is [ 0—2]
in terms of B. The higher J is, the better the separability is and
the less the misclassified objects are. Thus, the features with
higher J were selected for classification.

(3) Calculation of the threshold. When a Gaussian
probability mixture model is fit to the frequency distribution of a
feature for two object classes C, and C,, the decision threshold
that minimizes the error probability can be obtained by

p(xl CHP(C,) = p(xl C)p(Cy) (3)
where p(x1C,) is a normal distribution with mean m,, and vari-
ance o, and similarly for p(x1C,). Then, the threshold can be
calculated by

1

X2y T T, 2 [mcz‘TLZl _m'fla'zzz +
Og ~0q
0,05/ (m, _md)z +2A(0',2| _0'?2> ] (4)
Cv
A:]og[gd « 2 -)] (5)
() P(Cl)

The one between m, and m,, is used as the final threshold.

cl

2.2 Improved feature selection method

A significant correlation between classification features is
observed, which can cause information redundancy. Based on the
theory that adding or deleting related features from the original
feature set does not affect classification ability (Ji, et al., 2001),
the decorrelation is introduced in the method discussed in this
paper. The other improvement is that the combination of inner
distance and the probability distance is used to build the feature
selection index instead of the probability distance only. The
improved procedure is:

(1) Feature decorrelation. If the original multidimensional
feature set is Fy=(f},/>,**,fy) and the number of the objects
is K, their correlation coefficient matrix is given by

r=|: : (6)

> (ol =) (o = 7)
NDERER U
(= 1,,N5 = 1, W) (7)

where #; is the value of the i" feature of the [" object and #; is

ry =

) \ K
the mean of the ith feature that can be identified by «x; :%l; x;.

According to the criterion of image information measurement
that the smaller the variance is, the less the information included
in the feature is, and the larger the variance is, the more the
information is (Zhang, et al., 2009), the features with higher
correlation and smaller variance are removed. Under different
threshold conditions, the number of the selected features is
different. Thus, the smaller the threshold is, the less the selected
features are. In this paper, the threshold is cited at 0.95 by expe-
rience. The decorrelation feature set F,,( M<N) that contains
most information of the original features and avoids information
redundancy is the basis for the next step.

(2) Probability distance calculation. The probability distance
indicates the distance between two classes and can be obtained
by Eq.(1). Ten better features for distinguishing each two classes
are selected by descending their J values and the first ten are
selected to compose the feature set F, as the basis of the next
step.

(3) Feature normalization. The orders of magnitudes of the
selected features are different, so in order to be compared and
calculated, the features should be normalized to 0 to 1 before the
inner distance is calculated. The formula is given by

F-F

F/ - min 8
F _F_ (8)

max min

(4) Inner distance calculation. For the normalized feature set

F,=(fi.fo,>.},), the classes set is C,= (¢, ,¢,,,c,), and
the number of the typical objects is K, = (k, ,k,,-+,k, ), so the
inner distance can be obtained by
2 k k 5
d=_—"—"+ (%, = x, (9)
R 1) 2,2, (0 7

where %, and x, are the values of the [" and the m" sample
features of a given class, and £ is the number of the samples. The
inner distances d, and d, are calculated, and according to the
numbers of class C, and C,, the weighted inner distance D is
calculated by

= u d, + s 2
k, +k, k, +k,

where k£, and k, are the numbers of the samples of class C, and

(10)

class C,. The weighted inner distance D can consider the
distances within class C, and C, in an integrated manner.

(5) Feature selection index J,. According to the J and D
calculated previously, the new feature selection index can be
obtained by

Jp = % (11)
This formula indicates that the larger the J is and the smaller the
D is, the bigger the J; is. In this condition, the separability of the
feature is better and vice versa. Therefore, the features with
larger J, are more significant for classification. However, for the
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better portability of the method, the selected features should not
be too many. In this paper, the first two features of each two clas-

ses are selected as the optimum features for classification. The
overall classification process is shown in Fig.1.

Oringinal Multiresolution Build up training Feature | _,| Jcalculation &
images segmentation dataset decorrelation feature selection
e Threshold J calculation & . Feature
Classitiation calculation feature selection D claculation normalization
Fig.l1 The overall classification flow chart

3 EXPERIMENT AND ANALYSIS

3.1 Test area and data

The improved method is compared with the SEaTH algo-
rithm by performing object-oriented classification of the HJ and
TM images of Zhaoqing city in Guangdong province (Fig.2).
Zhaoqing is a model of the national environmental protection
city. It is characterized by subtropical monsoon climate with four
distinct seasons. The vegetation in the area is rich and the terrain
is complex. Numerous meteorological disasters such as
rainstorm, flood, high temperature, and drought occur frequently.
Therefore, studying the distribution of the land cover type of
Zhaoqing has great significance for its environmental protection.
The information on experimental data and verifying data is pres-
ented in Table 1, and the distribution of the verification point is
reported in Fig.3. The eCognition software is used in the sample

selection and classification.

Table 1 The information of the test data

No. Sensor Orbit Date Resolution/m
1 HJ-1B CCD 1—88 March 11, 2010 30
2 HJ-1B CCD 1—89 December 4, 2010 30
3 | Landsat 7 ETM+ 123—44 September 1, 2010 30
4 ASTER GDEM 30
— Others
5 LBV transformation images of data 2 30

. Ground sampling points and high-resolution images
6 Verifying data
from Google Earth

25
Fig2 The geographical position schematic
diagram of the test area

5 km

« Verification point

Fig3 The distribution graph of the verification point

3.2 Data preprocessing

The data preprocessing in this study mainly involves
geometric correction, radiation calibration, strip removement,
topographic correction, and LBV transformation.

Geometric correction: ETM + LIT image is already
corrected precisely and HJ-1A/1B L1 image has coordinate
information. However, large deformation is observed on the edge
of the HJ image, so the registration should be done between the
HJ and ETM+ images. In this study, the quadratic polynomial
correction model and the adjacent resampling method of the
ENVI software perform this work.

Radiation calibration: The radiation calibration of the ETM
+ image is conducted with the Landsat calibration module of the
ENVI software, and the HJ images are calibrated based on the
published by the Satellite
Application Center.

coefficients China Resources

Strip removement: This study is mainly focused on the ban-
ding loss problem of ETM+ images.

Topographic correction: The images are corrected by
ASTER GDEM.

LBV transformation: According to the LBV transformation
method (Zeng, 2007), the transformation formula for the HJ mul-
tispectral images is deduced and given by

A

L =D,, =-0.2005D, +0.4055D, +

0.7358D, + 0.1183D, (12)
V=v -v, +v; —v, == 0.5575D, +
1.3338D, - 0.8967D, + 0.1203D, (13)
B =-b =1.9571D, + 0.9630D, -
0.1553D, —2.7648D, (14)
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The
vegetation, bodies of water, and artificial surfaces, so it is used in

LBV transformation is efficient in extracting
the classification. The reflection of the images is expanded
10,000 times before being segmented because the eCognition
software cannot segment the images with float values. Then, an
extremely simple segmentation procedure is applied with scale
factor of 30, shape factor of 0.1, and compactness of 0.5.

In this study, the images are classified into five classes:

forest, cropland, wetland, artificial surface, and others.

3.3 Experiment results and analysis

To compare the application effect of the SEaTH algorithm
and the improvement method in land cover classification, the
features are selected via three methods: (1) the original SEaTH
algorithm, (2) the SEaTH algorithm with decorrelation, and (3)
the improved method proposed in this paper. The segmentation
results in 4343 image objects and 109 samples are selected,

which provide 215 original features (Table 2). The results of the
feature selection and threshold calculation are reported in
Table 3.

Table 2 The original feature set

Spectral features Shape features Texture features

Mean Area GLCM Homogeneity

Standard deviation Border length GLCM Contrast

Maximum differential Length GLCM Dissimilarity
Brightness Width GLCM Entropy

NDVI Length/width GLCM Ang. 2nd moment
NDWI Asymmetry GLCM Mean

BAI Compactness GLCM StdDev

RRI Density GLCM Correlation

NDGI Elliptic fit

SBI Main direction

Rectangular fit
Shape index

Table 3 The results of feature selection and threshold calculation

Class Method Feature J J L Omen Threshold
NDVI12 1.99997117 10. 27196681 > 0.42438
The first
Mean_TM0901_3 1.99966058 19.28704111 < 860. 15310
Forest Mean_TMO0901_3 1.99966058 19.28704111 < 860. 15310
from The second
PP RRI12 1.99708628 11.13284742 < 0.33872
Artificial surface
Mean_TM0901_3 1.99966058 19.28704111 < 860. 15310
The third
Mean_DEM 1.92599969 16. 99376047 > 25. 82830
NDVII2 1. 92696023 9.59152978 > 0.54222
The first
NDWI12 1.91646396 9.26461049 < -0.50348
Fotest Mean_TM0901_5 1.86643553 12.96587952 > 682. 17620
from The second
Mean_TM0901_4 1.77799689 10. 31534917 > 964. 98340
Wetland
GLCM_Mean_DEM 1.45393791 18. 19258302 > 125. 08490
The third
GLCM_Ang_2_DEM 1.76954863 17. 60126486 < 0.006631
Mean_TM0901_4 1.93137638 11.07554497 < 1435.50010
The first
Max_diff 1.90015117 14.71414946 < 0.94229
Antificial surface Mean_TM0901_4 1.93137638 11.07554497 < 1435. 50010
from The second
§ Max_diff 1.90015117 14.71414946 < 0.94229
Cropland
Max_diff 1.90015117 14.71414946 < 0.94229
The third
RRI12 1.68712599 12.50484458 > 0.46765

Note: Table 3 only shows a part of the typical results

Table 3 implies the following conclusions: (1) The decorre-
lation analysis can select the features with small correlation to
ensure that most information is used in the classification, and that
information redundancy is avoided. For example, in
distinguishing the artificial surface and forest, NDVI and the
mean value of TM band 3 are selected by the first algorithm,
whereas the ratio resident-area index (RRI) (Wu, et al., 2006) is
selected instead of NDVI by the second algorithm. The identifi-
cation of the two indices suggests that the features selected by
the second method contain more information than those selected
by the first method. (2) The new index J, is better than J in
selecting the classification features. For example, in
distinguishing forest and wetland, the extraction result of the

second method is better than that of the first (Fig4). Fig4 sugg-

(b) Wetland extraction result
of the second method

(a) Wetland extraction result
of the first method

Fig4 Wetland extraction results of two methods
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ests that it may be better for the first two features to be used
alone because the information they contain is similar and so are
the extracted objects, whereas the latter two features containing
richer information can have a complementary function in extrac-
ting objects more accurately. Meanwhile, feature decorrelation
can remove the redundancy and not the useful information.
(3) The features filtered out by the first method are concentrated
in the mean values of spectral bands, whereas the third method
filtered out more diversified features such as maximum
differential (Max _ diff), brightness, standard deviation, and
texture features. (4) The result of the first and the third methods
in distinguishing cropland and artificial surface suggests not only
that RRI is efficient in extracting artificial surfaces, but also that
third method can filter out better features than the first one.
(5) These results can be used as a reference for other
classification projects. (6) Throughout the feature selection
results in Table 3, regardless of which method is used, no shape
features are observed, which indicates that for low-resolution
remote sensing images, the separability of the shape features is
not stronger than that of the spectral and texture features.

The classification results of the first and the third methods
are illustrated in Fig.5, and their accuracy assessments are also
presented in Table 4 and Table 5.

The classification results indicate that forest and artificial

surfaces can easily be mixed with cropland at their edges by the (bjihe dlagsinication esult of the improved sl sorithm

first method. The accurate distinction of the three features has 0 25 3 M

been a difficulty of classification by a single image, but the

proposed method improves the classification results to a certain M Forest [[] Cropland M Artificial surface [l Wetland [l Others
extent. Specifically, the accuracy of cropland is increased by Fig5 Two classification maps

Table 4 The confusion matrix of the first result

Reference data
Sample data
Forest Cropland Artificial surface Wetland Others Sum User accuracy/ %

Forest 53 1 0 1 1 56 94. 64
Cropland 7 28 16 5 0 56 50.00
Artificial surface 0 5 50 2 0 57 87.72

Wetland 0 0 0 20 0 20 100

Results
Others 0 0 0 0 1 1 100
Sum 60 34 66 28 2 190
Producer accuracy/% 88.33 82.35 75.76 71.43 50.00
Overall accuracy =80.00% Kappa=0.7277
Table 5 The confusion matrix of the second result
Reference data
Sample data
Forest Cropland Artificial surface Wetland Others Sum User accuracy/ %

Forest 53 0 1 0 1 55 96.36
Cropland 7 33 11 2 0 53 62.26
Artificial surface 0 1 54 5 0 60 90.00

Wetland 0 0 0 21 0 21 100

Results
Others 0 0 0 0 1 1 100
Sum 60 34 66 28 2 190
Producer accuracy/% 88.33 97.06 81.82 75.00 50.00
Overall accuracy =85.26% Kappa=0.7989
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12.26% because the latter classification features are richer, so
that the classes can be separated in different aspects.

However, compared with other categories, the classification
accuracy of the cropland remains low, and it is mixed with artifi-
cial surface to a larger extent. The main reason is that the images
are acquired in September and December when most of the crop-
land in Zhaoqing is in the harvest period, thus reflecting the bare
surface characteristics, which can be mixed easily with the
construction land. The classification accuracies of the four other
features are more than 90% and the overall accuracy is as much
as 85.26% , which basically meets the requirements of automatic
classification accuracy. Generally, the improved method is more
efficient than the original SEaTH algorithm.

4 CONCLUSIONS

In this study, an improved feature selection method is
proposed and applied to object-oriented land cover classification.
By comparing and analyzing the experiment results, this study
obtains several conclusions below.

(1) Decorrelation can increase the effective information
from the selected features and prevent information redundancy.

(2) The improved method selects more diversified features
such as texture features, maximum differential, and brightness,
except for spectral features.

(3) For low-resolution remote sensing images, the shape
features are not extremely effective in distinguishing surface
features.

(4) The improved method can effectively improve the clas-
sification accuracy of the artificial surface, forest, and cropland,
which are difficult to separate via remote sensing images, partic-
ularly the multi-temporal images without good quality. Thus, this
method is useful in improving the single-temporal image classifi-
cation result.

However, this proposed method has several limitations:
(1) This approach is more effective for the rough categories, but
requires further validation for the more detailed categories (such
as woodland leaved forest and coniferous forest). (2) The classi-
fication accuracy of the cropland in this experiment is not high
enough, and requires further research to improve its classification
accuracy. In addition, the influence of the classification order on
its result also requires investigation.
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About the Cover

20105+ EHBERISBUSIEEEMR ( ChinaCover2010 )
The China National Land Cover Data for 2010 (ChinaCover2010)

2010 S E T EERERETUEIESE ( ChinaCover2010 ) HFERFRIEMSHFHIRMRAAKSEM 9 AN HEREAE , RA 30 m 25
SHRNTEE (H)-1A/1B ) 48 , FARSERKRES (FAO) NLCCSHE TR, MBTIERTPEERREN 38 - EW SRR, F
BEFBEFANEETLE. ERNRNBmSE. WEEASEHSHN 10 A MNFINFELURBASIERE S38EaI5E | 8UENEIAT 85%.
ChinaCover2010 EEE‘FE?‘EEB?& ﬁﬂﬁ%ﬁm & . FEEMERI M LR PSR RIS HIERATE R RIE 78RR | rlhs
E&EAINET AL SR ARG EREHRSTH. ( Rkt : http://www.chinacover.org.cn)

The China National Land Cover Data for 2010 (ChinaCover2010) has been completed after two years of team effort by the Institute of
Remote Sensing and Digital Earth (RADI), Chinese Academy of Sciences (CAS), together with nine other institutions’ participation. The HJ-
1A/1B satellite at 30 m resolution is main data source. Based on the landscape features in China, 38 land cover classes have been defined
using UN FAO Land Cover Classification System (LCCS). Super computers were used in the data preprocessing. An object-oriented method
and a thorough field survey (about 100000 field samples) were used in the land cover classification, with radar imagery as auxiliary data.
The overall accuracy of ChinaCover2010 is around 85%. Mainly based on domestic imagery, the products take advantage of various in situ
data and strict quality control. ChinaCover2010 is a good dataset for ecological environment change assessment and terrestrial carbon
budget studies. (Website: http://www.chinacover.org.cn)
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