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Abstract—An indicator kriging (IK) approach for remote sensing image classification is proposed. By introducing indicator
variables for categorical data, the work of image classification
is transformed into estimation of class-dependent probabilities in
feature space using ordinary kriging. Individual pixels are then assigned to the class with maximum class probability. The approach
is distribution free and yields perfect classification accuracies
for training data provided that collocated data in feature space
do not exist. Technical considerations regarding implementation
of IK such as indicator semivariogram modeling and handling
of collocated data in feature space are also described. The IK,
Gaussian-based maximum likelihood, nearest neighbor, and support vector machine (SVM) classifiers were applied to study areas
within the Shimen reservoir watershed (case A: FORMOSAT-2)
and Taipei city (case B: SPOT 4). The results show that the overall
accuracies of the proposed IK classifier and SVM can achieve
higher than 97% for training data and 81% for testing data. (The
overall accuracies of IK are a little higher than those of SVM.) IK
and SVM are found to be superior to the other two classifiers in
terms of overall accuracies for both training and testing data. The
proposed IK classifier has the following advantages: 1) It can deal
with anisotropic problem in feature space; 2) it is a nonparametric
method and needs not to know the type of probability distribution;
and 3) it yields 100% classification accuracy for the training data
provided that collocated data in feature space do not exist.
Index Terms—Image classification, image recognition, statistics.

I. I NTRODUCTION

L

AND use/land cover classification is frequently applied
using remote sensing images. Many classification methods exist in the literature, e.g., maximum likelihood (ML)
classification, Bayes classification, and nearest neighbor classification, and new methods using artificial neural network
(ANN), support vector machine (SVM) [1]–[3], geostatistics,

Manuscript received November 5, 2012; revised April 20, 2013; accepted
July 11, 2013. Date of publication September 9, 2013; date of current version
February 27, 2014. This work was supported in part by the National Science
Council of Taiwan under Grants NSC101-2625-M-020-001 and NSC102-2625M020-001.
J.-L. Chiang is with the Department of Soil and Water Conservation,
National Pingtung University of Science and Technology, Neipu 912, Taiwan
(e-mail: jlchiang@mail.npust.edu.tw).
J.-J. Liou is with the Information Division, National Science and Technology Center for Disaster Reduction, Taipei 23143, Taiwan (e-mail: leojeanz@
gmail.com).
C. Wei is with the Experimental Forest, National Taiwan University, Nantou
55750, Taiwan (e-mail: d87622005@ntu.edu.tw).
K.-S. Cheng is with the Department of Bioenvironmental Systems Engineering, National Taiwan University, Taipei 10617, Taiwan (e-mail: rslab@
ntu.edu.tw).
Color versions of one or more of the figures in this paper are available online
at http://ieeexplore.ieee.org.
Digital Object Identifier 10.1109/TGRS.2013.2279118

and other algorithms are also evolving in recent years. Many of
these classification methods root in specific statistical criteria
since both the target objects (land surface objects) and the
remote sensing data exhibit certain random characteristics in
space and in time.
Therefore, terms like statistical pattern recognition or statistical discriminant analysis are also used to describe such work.
Supervised classification requires the user’s involvement in
choosing training data. Implementing statistical criteria in classification, particularly for supervised classification, may require
the data to be fitted to certain distribution types, and distribution
parameters are estimated using training data. Such methods
are termed the parametric (distribution specified) approach. For
example, ML classification in many commercialized remote
sensing image processing software packages assumes Gaussian
distributions for classification features, although the concept of
ML method only requires modeling each class with a probability density function, but the density function used may be of
any form.
A drawback of the parametric (distribution specified) approach of remote sensing image classification is that probability
distributions of classification features are often complicated
and assumptions on these probability distributions are generally invalid. For example, land cover classification involves
several land cover classes, and each class is characterized
by several spectral or textural features. It is unlikely that all
features will have the same type of probability distribution.
In particular, the Gaussian-based ML classifier assumes that
all classification features form a joint Gaussian distribution.
Unfortunately, we often find classification features being nonGaussian and having multimodal probability density functions.
In such cases, splitting multimodal classes into separate unimodal subclasses for classification is a common practice [4],
[5]. However, forcing a unimodal Gaussian assumption is not
always justified. There are many reasons for features to be nonGaussian, for example, areas of the same vegetation class in an
image may have different slopes, aspects, and densities. Even
though many applications have been conducted using Gaussianbased ML and Bayes classifications without a careful check
of normality, quest for releasing the constraint on distribution
type, i.e., the nonparametric (distribution free) classification,
remains.
Geostatistics, which has been successfully applied to many
spatial processes, also finds its way into remote sensing image
analysis. Geostatistics is a set of techniques, often referred to as
kriging methods, which utilize the spatial covariance function
or the semivariogram for spatial data analysis. Since remote
sensing images are spatial data, it is therefore attractive for
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people who are familiar with geostatistics to apply such methods for remote sensing image processing. Atkinson and Curran
studied the effect of regularization due to change of support (or
pixel resolution) on local estimation and estimation of regional
mean using remote sensing images [6]. They demonstrated that
the semivariogram and kriging variance provide a powerful
means of assessing the support in potential remote sensing
investigations. Inggs and Lord applied ordinary kriging in
interpolation of satellite-derived wind field [7]. Cheng et al.
applied an anisotropic kriging approach for remote sensing
image rectification [8]. Carr and Miranda compared the variogram measure computed within a local window with traditional co-occurrence-matrix-based textural features for image
classification [9]. They found that the semivariogram yields
better accuracy than co-occurrence-matrix-based features for
classifying microwave imagery. Other studies also used the
semivariogram as a textural feature for remote sensing image
classifications [10], [11]. Atkinson and Lewis point out that the
main problem with using semivariogram as a measure of texture
is that the homogeneous regions of different texture within the
image must be sufficiently large to allow computation of the
variogram up to a reasonable number of lags [12].
Unlike the aforementioned methods which use the semivariogram as a measure of texture for classification, Van der Meer
[5] applied an indicator kriging (IK) approach to classification of remotely sensed images for calcite–dolomite mineral
mapping. The approach involved defining indicator variables
for each feature (spectral band) of specified classes, based on
predetermined lower and upper threshold values of individual
features in spatial space (not in feature space). The spectral
ranges used for class assignment and subsequent calculation of
indicator variables are based on laboratory studies of spectral
characteristics of certain minerals rather than on ground truth
data [13]. Then, class-specific average values of individual
indicator variables within block areas were estimated by IK.
For each class, an average value over all indicator variables (or
spectral bands) was obtained to represent the probability that
the central pixel of the block belongs to that class. Finally, IKclassified images were derived by thresholding at 0.5 probability for both of the two classes used in their study. This study
marked an important and the first application of geostatistics
to probability-based image classification. However, the block
average of indicator variables is specific to both spectral bands
and land cover classes; therefore, when different spectral bands
are considered, the approach yields different probabilities that
the central pixel belongs to specific classes. For a certain class,
the average value of indicator variables over all spectral bands
represents the probability of the central pixel belonging to
that class. Ambiguous class assignment may result since it
is possible to have two or more classes having the average
indicator variables higher than 0.5.
Since probability density and correlation structure between
classification features are insightful, probability-based classification methods are appealing to many researchers and practitioners. The work of probability-based classification can be
conceived as a spatial estimation problem for which the estimates are probabilities that a pixel with certain feature vector
belongs to different classes. Van der Meer’s [13] study per-
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formed the probability estimation in 2-D geographical space
for individual spectral features. To circumvent the previously
mentioned ambiguity in Van der Meer’s study, this study proposes a feature-space-based IK approach of image classification
which is nonparametric (distribution free) and integrates all
classification features in probability estimation.
II. IK IN F EATURE S PACE
Different from Van der Meer’s study, we estimated class
probabilities in feature space by using IK instead of probability
estimation in geographic space because the spatial structure
will be more obviously in feature space than in geographical
space. For example, the pixels with similar features (spectrums) will be more likely the same class than those pixels
with close location in geographic space. In this section, we
describe the detailed procedures of IK in feature space for
image classification. We begin with the definition of indicator
variable for continuous random variables and the method of
IK, followed by the indicator variable for categorical data. An
algorithm for estimating class probabilities (the probabilities
that a pixel belongs to certain classes) in feature space is finally
described.
A. Indicator Variable and IK
For a continuous random variable Z with sample space Ω and
cumulative distribution function FZ (z), an indicator variable
(or indicator function) ID (z) can be defined as

ID (z) =

1,

if z ∈ D

0,

if z ∈ D

(1)

where D represents a subset of the sample space Ω. Given a
random sample {z1 , z2 , . . . , zn } of Z, the empirical cumulative
distribution function can be defined as

1
F̂Z (z) =
I(−∞,z] (zi ) =
wi I(−∞,z] (zi )
n i=1
i=1
n

n

(2)

with wi = 1/n. Equation (2) indicates that the average of the
indicator variables corresponding to a random sample is an
estimate of the cumulative distribution function. All weights
in (2) are equal since values of a random sample are observed
from a set of independent variables with a common probability
density function.
To extend usage of indicator variable to spatially distributed
data, let us consider a continuous random field Z(x) with
n measurements {z(x1 ), z(x2 ), . . . , z(xn )}, where xi , i =
1, 2, . . . , n, represents the spatial location and z represents
the corresponding measurements. We want to estimate the
cumulative distribution function of Z(x0 ) using the nearby
measurements {z(x1 ), z(x2 ), . . . , z(xn )}. Unlike random samples of a random variable, measurements of a random field
are generally correlated, and therefore, unequal weights must
be used. Weighted linear combination of the nearby sample
indicators is used to estimate the local cumulative distribution
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function [14]. Given a threshold value vc for Z(x0 ), the nearby
sample indicator variables are determined by

1, if z(xi ) ≤ vc
Ivc (xi ) =
(3)
0, if z(xi ) > vc
and the cumulative probability of Z(x0 ) corresponding to vc is
estimated as
F̂Z0 (vc ) =

n


λi0 Ivc (xi ).

(4)

i=1

Weights λi0 , i = 1, 2, . . . , n, are determined by solving the following ordinary kriging system equation of indicator variables
or the IK system:
⎧
n
⎪
⎪
λi0 γij +  = γj0 ,
⎨
i=1
n
⎪

⎪
⎩

Fig. 1. Illustrative example showing (a) discontinuity in geographical space
and (b) stronger continuity in feature space. (a) Image in geographical space
with four types of land cover (shown in different patterns). Marked symbols
represent training data points. (b) Distribution of training data in a 2-D feature
space (e.g., IR and R bands).

neighboring indicator variables is an estimate of the probability
that a pixel at location x0 belongs to the jth class, i.e.,

j = 1, 2, . . . , n
(5)

λi0 = 1

P (s(x0 ) ∈ Cj ) = Pj (x0 ) =

n


λi0 Ij (xi )

(8)

i=1

i=1

where  is a Lagrange multiplier and γij = γ(|xi − xj |) or
γj0 = γ(|xj − x0 |) is the semivariogram, or simply the variogram, of the indicator random field Ivc (x) and is defined as
γ (|xi − xj |) =

1
E [Ivc (xi ) − Ivc (xj )]2 .
2

(6)

Semivariograms calculated from observed data, also termed as
the experimental semivariograms, must be fitted to theoretical models in order to be feasible [20]. The (γ(h) = ω[1 −
exp(−(h/a))])γ(h) semivariogram will reach its maximum
value ω as the distance h approaches infinity; however, at distance hc = 3a, the semivariogram will be approximately 0.95ω,
and 3a is termed the practical influence range of the exponential
semivariogram. Random variables corresponding to two spatial
points that are at least 3a distance apart are considered to be
mutually independent. Readers are reminded that, for IK, the
semivariogram of indicator variables (indicator semivariogram)
must be utilized. F̂Z0 (vc ) is obtained by solving the IK system,
i.e., (5), for kriging weights λi0 and then substituting them
into (4). Estimate of the local cumulative distribution FZ0 (z)
can be obtained by using different values for the threshold vc .
For detailed description of ordinary kriging and IK, readers are
referred to [14] and [15].
Since land cover types are categorical data, the definition of
indicator variable must be modified to accommodate the image
classification problem. Similar to the case of a continuous
random field, the indicator variable can be used to estimate the
probability that a pixel belongs to a certain class for a categorical random field. Let the indicator variable be defined as

1, if s(x) ∈ Cj
j = 1, 2, . . . , k
(7)
Ij (x) =
0, if s(x) ∈ Cj
where Cj represents the jth class and s(x) represents the
pixel at location x. Ij (x) is the value of the indicator variable
related to the jth class. The weighted average of values of n

where Pj (x0 ) is the probability that s(x0 ) belongs to class Cj .
B. Transforming Classification Into Estimation
The work of remote sensing image classification assigns one
class identity to each pixel in the image. Class identities are
categorical data and are noncontinuous in geographical and
feature spaces. Thus, spatial estimation of a class identity in
space is logically incorrect. In order to transform the work of
image classification into an estimation problem, two factors
need to be considered. First, we need to have a noncategorical
measure that associates with class identities. Second, we need
to find a space in which the chosen measure is continuous
and spatial estimation of the chosen measure will be made.
In this study, we adopt the class probabilities, i.e., the probability that a pixel belongs to certain classes, as our spatial
estimation parameters. Since spatial discontinuity of land cover
often occurs in geographical space due to human activities, our
estimation of class probabilities takes place in a feature space
rather than a geographical space. Fig. 1 illustrates an example of
spatial discontinuity in geographical space, whereas it exhibits
stronger spatial continuity in feature space.
Consider an image classification problem of k classes
using m classification features. A random field {Z(x) ∈
{1, 2, . . . , k}; x ∈ Ω} represents the distribution of class identity in an m-dimensional spatial domain Ω. For convenience
of illustration, let us assume that k = 3 and m = 2. From a
set of training pixels, we first establish the three-class scatter
plot in feature space [Fig. 2(a)]. In order to estimate the class
probabilities in feature space, we then transform the three-class
scatter plot in 2-D feature space into three two-class scatter
plots corresponding to each of the three individual classes
[see Fig. 2(b)–(d)]. Hereafter, we shall refer to these two-class
scatter plots as binary scatter plots of individual classes. For
each binary scatter plot, we consider the spatial distribution of
indicator variables as a random field associated with that particular class. By conducting ordinary kriging of class-specific

CHIANG et al.: FEATURE-SPACE IK APPROACH FOR REMOTE SENSING IMAGE CLASSIFICATION

4049

Fig. 2. Binary scatter plots in 2-D feature space. (a) Three-class scatter plot in
2-D feature space (∗ denotes collocated training data). (b) Class-1/non-class-1
scatter plot. (c) Class-2/non-class-2 scatter plot. (d) Class-3/non-class-3 scatter
plot.

indicator variables, as defined by (7), in feature space, we
obtain the class probability for each individual class. Finally,
the pixel of interest is assigned to the class with maximum class
probability.
C. Semivariogram Modeling and SVM Classification
Experimental indicator semivariograms of different land
cover classes are fitted to exponential (9)/Gaussian (10) models.
Since indicator semivariograms γ(h) are calculated in a feature
space formed by four spectral bands, the distance h is in unit
of digital number of the satellite images. It is also important
to compare and consider the scale of classification features
in calculating the separation distance h. In our study, digital
numbers of the three bands are of the same scale, and scale
adjustment is not necessary. However, if image classification
involves texture features which are not all of the same order of
scale, it may be necessary to adjust the scale of classification
features in the calculation of the separation distance.
The experimental indicator semivariograms of land cover
classes 1–5 in case A are fitted to an exponential model, and
the others (land cover classes 6–8 and the classes in case B) are
fitted to a Gaussian model

h
(9)
γ(h) = ω 1 − exp −
a



2
h
.
(10)
γ(h) = ω 1 − exp −
a
Another important consideration in semivariogram modeling
is the anisotropy. Digital numbers of different spectral bands
are often correlated, and class-specific training data may scatter
along certain directions in a spectral feature space. Under such
situation, an anisotropic semivariogram which considers directional distribution of training data can be adopted. Anisotropic
semivariogram modeling in a 2-D feature space involves identification of the principal (maximum and minimum) variation

Fig. 3. Locations and images of the study area. (a) Locations of cases A
and B. (b) Case A image (FORMOSAT-2). (c) Case B image (SPOT 4).

directions and an anisotropic ratio. Semivariogram modeling is
needed in one of the principal directions only, and a semivariogram in any other direction can be derived using the principaldirection semivariogram and an equivalent distance calculated
using the anisotropic ratio. For feature space with number of
dimensions higher than or equal to three, anisotropic semivariogram modeling becomes more complex and difficult to apply.
Since remote sensing image classification often involves more
than three classification features, anisotropic semivariogram
modeling is practically difficult and therefore is not discussed
in this paper.
Recently, in addition to ANN, SVM is a commonly used
classification technique as well and had been widely applied
in remote sensing image classification [1]–[3], [16]–[18].
In recent years, SVM has been widely used in various fields,
particularly in image classification. SVM is a powerful nonlinear pattern recognition technique. A user-friendly SVM tool,
namely, Library for Support Vector Machine (LIBSVM) [19],
was used to implement the multiclassification for comparative
studies. At the data preprocessing stage, raw digital numbers
of different spectral bands were linearly rescaled into [−1, 1]
using the ranges of their minimums and maximums. In
LIBSVM, two unknown parameters (cost and gamma) were
determined by trial and error, while a kernel function was
given as a radial basis function. At the model establishing
stage, a K-fold cross-validation strategy (five disjoint subsets
of training data) was adopted to avoid the overfitting problem.
The optimal parametric pair (cost and gamma) was decided
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TABLE I
E VALUATION OF C LASSIFICATION ACCURACIES —G AUSSIAN -BASED ML M ETHOD. (a) T RAINING DATA (C ASE A).
(b) T ESTING DATA (C ASE A). (c) T RAINING DATA (C ASE B). (d) T ESTING DATA (C ASE B)

by the best averaged multiclassified result among different
parametric pairs. The parametric space of the former parameter
(cost) was varied between e−5 and e15 with a step of e2 , while
the latter (gamma) was between e−15 and e5 with the same step
as the former.
SVM is a famous and powerful nonlinear classifier, but IK is
linear. Both SVM and IK divide samples belonging to different
categories in the feature space.
Nonlinear classifiers should yield better results than linear
ones in most cases. However, the more effort was done in
parametric optimization, the better classified results might be
yielded. This should also be true in both SVM and IK multiclassifications. The point of this study is not SVM but the
first application of replacing space distance by spectral distance

in the semivariogram model. Therefore, this study had made a
lot of work in parametric calibration of a variogram model but
few at parameters of SVM’s kernel function. This should be
mentioned before making a conclusion of classified results.
III. S TUDY A REA AND I MAGE DATA
The following are two case study areas which contain a
mountain area (case A) and an urban area (case B) and are the
most commonly seen land covers in Taiwan (see Fig. 3).
Case A: A study area of approximately 415 km2 mostly
within the Shimen reservoir watershed [Fig. 3(b)] was selected
for test of the proposed IK classification approach. Taoyuan
county occupies the northwestern corner, and vegetation covers
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TABLE II
E VALUATION OF C LASSIFICATION ACCURACIES —N EAREST N EIGHBOR M ETHOD. (a) T RAINING DATA (C ASE A).
(b) T ESTING DATA (C ASE A). (c) T RAINING DATA (C ASE B). (d) T ESTING DATA (C ASE B)

of forests, farms, parks, campuses, river banks, etc., widely
disperse over the area. Eight major land cover types—softwood,
bamboo, hardwood, paddy field, dry farming field, buildup
area, bared soil, and water—were identified using 1 : 5000-scale
orthophotographs.
Multispectral FORMOSAT-2 satellite images (8-m resolution) acquired on March 5, 2008, were used for land
cover classification. We use the blue (0.45–0.52 μm), green
(0.50–0.60 μm), red (0.63–0.69 mm), and near-infrared
(0.76–0.92 μm) spectral bands of the FORMOSAT-2 images
as classification features.
Case B: A study area of approximately 70 km2 mostly
within the Taipei metropolitan [Fig. 3(c)] was selected as
case B. Four major land cover types—water, woods, grasslands,
and built-up areas—were identified due to the relatively simple
land use condition within the study area.

Multispectral SPOT 4 satellite images (20-m resolution)
acquired on December 24, 2001, were used for land cover
classification. In case B, we use the blue (0.45–0.52 μm),
green (0.53–0.59 μm), red (0.62–0.69 mm), and infrared
(0.76–0.89 μm) spectral bands of the SPOT 4 images as classification features.

IV. R ESULTS AND D ISCUSSIONS
A. Classification Results
The Gaussian-based ML, nearest neighbor, SVM, and IK
classification methods were applied to the study area. The
classification accuracies of all the four methods using training
and testing data are listed in Tables I–IV. With complex land
use condition in the study area, the ML classifier achieves
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TABLE III
E VALUATION OF C LASSIFICATION ACCURACIES —SVM M ETHOD. (a) T RAINING DATA (C ASE A).
(b) T ESTING DATA (C ASE A). (c) T RAINING DATA (C ASE B). (d) T ESTING DATA (C ASE B)

overall accuracies of 83.59% for training data and 78.63% for
testing data. The results of the nearest neighbor and SVM classifiers are 99.91% (training) and 81.54% (testing), and 97.65%
(training) and 81.54% (testing), respectively. The IK classifier
yields overall accuracies of 99.91% and 82.01% for training
and testing data, respectively. Figs. 4–6 show the classification
results of the IK method.
In case B, although all classification methods result in high
overall accuracies, it is noteworthy that the IK classifier has
superiority over other classifiers with regard to the producer’s
and user’s accuracies using testing data. For example, the
producer’s accuracy of woods is 61.67% for the Gaussian-

based ML method, as compared to 100% for the IK method.
Detailed inspection using high-resolution aerial photographs
and site visit also confirm higher accuracies achieved by the
IK classifier. The true color details of three exemplar sites (the
circled sites in Fig. 5) shown in Fig. 6 demonstrate that the land
cover map derived from IK can show the details (e.g., in sites
A, B, and C).
B. Exact Estimation of IK
As shown in Table IV(a), the IK classification achieves
99.91% of overall accuracy, and its error matrix of classification
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TABLE IV
E VALUATION OF C LASSIFICATION ACCURACIES —IK M ETHOD. (a) T RAINING DATA (C ASE A).
(b) T ESTING DATA (C ASE A). (c) T RAINING DATA (C ASE B). (d) T ESTING DATA (C ASE B)

is the same as the result of the nearest neighbor classifier using
training data. Such results are not unexpected since IK is an
exact estimator which yields exactly correct estimates at the
measurement points. This is a significant contrast with a least
squares fitting of a polynomial, which will never give the true
value at the measurement points [20]. As an exact estimator,
the IK can expect to yield very high classification accuracies if
enough numbers of training data are available.

data in feature space exist. Assume that m pixels of training
data have the same digital numbers of classification features
and among which k1 and k2 pixels belong to classes 1 and 2,
respectively (see ∗ in Fig. 2). Under such situation, all these
collocated data are assigned to the class with more collocated
data. As a result, it may also be possible for the IK classifier
to yield less than 100% accuracies. The amount of differentclass and collocated data generally accounts only a very small
portion of the total number of pixels.

C. Collocated Training Data in Feature Space
Theoretically, IK yields exact estimates, i.e., completely correct classification results; however, ambiguity in class assignment may occur when collocated but different-class training

V. C ONCLUSION
In this study, we have proposed a feature-space-based IK approach for remote sensing image classification. The approach is
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Fig. 4. Land cover classification results of the IK classifier (case A).

Fig. 6. True color details of three exemplar sites (site locations are shown in
Fig. 5).
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