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ABSTRACT 
A classification strategy which does not require a priori 
assumptions about the statistical distribution of training 
pixels in each class is proposed. This method uses an 
indicator kriging approach in feature space to classify 
remotely sensed images incorporating both spectral and 
textural information of bands. Texture information is used 
only in cases where spectral information is not sufficient 
to resolve the assignment of the pixel to a class. 
Application of the proposed methodology on a remotely 
sensed natural scene shows an improvement in the overall 
classification accuracy with respect to the case when the 
scenes are classified by the traditional supervised 
Gaussian maximum likelihood classification (GMLC) 
method using either spectral band only or using both 
spectral and textural bands. A marked improvement in 
classification accuracy is obtained particularly for the 
classes for which the GMLC’s assumption of multivariate 
normal distribution of training pixels in a class fails 
miserably. 
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1.  Introduction 
 
Remotely sensed data are widely used for thematic map 
generation by performing multispectral digital 
classification. Traditional image classification methods 
use only spectral information (pixel values) as a basis to 
analyze and classify remotely sensed images (also termed 
per-pixel classification methods). However, if pixels 
belonging to two different classes possess similar 
brightness values, they can be distinguished based on 
their textural information [1].  Several efforts have been 
made to incorporate texture into the classification process 
with varying degrees of success [2], [3]. The reason for 
varied successes stems from the fact that whenever only 
spectral information is sufficient to assign a pixel to a 
particular class, added texture information is either trivial 
or contributes to confusion in classification thus 
decreasing its accuracy. So it is imperative to use texture 
data intelligently such that it is used only as an 
information source rather than noise.  

More often than not, the classification techniques used 

are parametric in nature. For example GMLC, which is 
one of the most common supervised classification 
methods, assumes that the probability distribution 
function (PDF) of pixel values in each training class is 
Gaussian in nature, i.e. they follow normal distribution. 
However, the assumption of normality may not be valid in 
several practical applications. For instance when the PDFs 
of the classes may be skewed or have a double peak (in 
the case of heterogeneous classes). It may also be very 
difficult to determine the probability distribution of a 
class based on a limited number of training pixels. The 
existence of cases where the assumption for parametric 
classification schemes is not valid has led to the 
continuing search for a classification strategy which is 
free of a priori assumptions about the PDFs of training 
pixels in a class. 

Accounting for the shortcomings of traditional 
classifiers viz. a priori parametric assumptions and an 
improper use of texture information – as highlighted in 
previous two paragraphs – this paper presents an 
attractive alternative classification strategy to 
conventional statistical classifiers which does not require 
any assumptions about distribution and uses both spectral 
and textural information intelligently.  
The paper is organized in five sections. Section 2 
presents, sequentially, the steps performed to implement 
the proposed methodology. The respective subsections 
describe the algorithmic details of corresponding steps. 
Section 3 discusses the application of the proposed 
methodology on a test data set. In Section 4 the result 
obtained from the proposed methodology has been 
compared to that obtained using the GMLC method. 
Section 5 is a summary of this research effort. 
 
 
2.  Approach 
 
A flowchart depicting the sequence of steps performed in 
the proposed methodology is shown in Fig. 1. The 
following subsections describe the steps and algorithmic 
details of the proposed method.  
 
2.1 Texture Band Extraction 
 
At a simple level texture can be thought of as the 
variability in tone within a neighborhood, or the pattern of 



spatial relationships among the gray levels of neighboring 
pixels [4]. Texture  

 
Fig. 1: Procedural steps in proposed classification strategy 

 
can be modeled as a grey level function using one of the 
numerous statistical approaches like gray level difference 
histogram (GLDH) [5], gray level co-occurrence matrix 
(GLCM) [1] and wavelet transform [6]. Each of these 
methods has some inherent advantages and disadvantages 
in terms of their computational efficiency and 
classification of texture patterns. In this paper, GLCM 
method is used to calculate texture as it performs best in 
terms of higher texture discrimination accuracy [7]. 
Texture is quantified by entropy which is a measure of the 
degree of disorder or heterogeneity in an image [1] and is 
calculated as  
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where, ),( jip is the average of normalized frequency 

taken on all directions. 
 

2.2 Classification Algorithm 
 
The proposed method is a supervised classification 
approach. Basic steps in the proposed methodology 
include: training pixel selection, defining an experimental 
frequency-in-interval variogram (FIV), modeling a FIV 
for each class, kriging and calculation of probability of 
assignment of a pixel to a particular class and finally, 
listing and evaluating the criteria when texture will be 
used along with spectral information in resolving the 
assignment of a pixel to a particular class. The following 
subsections describe the steps and algorithmic details of 
the classification algorithm. 
 
 Training Pixel Selection: Specific sites that represe- 
t areas of known classes a priori on the ground are 
located on the image. These sites are called training sites 
and pixels belonging to these specific locations are called 
training pixels. As suggested by [8], random pixels are 
chosen from within a training area rather than using 
contiguous blocks. Once the training sites corresponding 
to different classes are located, their spectral and textural 
properties are used to classify the image. In the proposed 
methodology, all subsequent analyses are performed in 
feature space. A synthetic but representative Nb ( = 3) 
dimensional  feature space with total number of classes, 
Nc = 4,  is shown in Fig. 2. It is obvious from Fig. 2 that 
pixels which belong to the same class are closer and those 
from different classes are farther separated. This implies 
that if two pixels are near to each other in feature space, 
then it is more probable that they will belong to the same 
class. On the contrary, if they are further apart then they 
are expected to belong to different classes. Based on the 
previous argument, the distribution of training pixels of 
each class in feature space is modeled. The modeled  

 
Fig. 2: Schematic Diagram of a feature space 

 
distribution is eventually used to calculate an assignment 
probability for a particular pixel to the respective classes. 
Training pixel distribution in feature space is captured 
using the FIV metric. FIV is obtained for each class in 
both spectral and textural feature space separately. 
 
 Fraction-In-Interval Variogram: The FIV metric is 
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FIV metric is similar to a traditional semivariogram in the 
sense that both quantify the spatial autocorrelation in the 
data, showing that the variation in data is small within a 
small region and increases with distance until it stabilizes 
at a distance called the range of the variogram [9]. 
However, though a semivariogram is generally defined in 
a geographical or image space, the FIVs define spatial 
autocorrelation in the data in a feature space. In earlier 
efforts that used kriging for image classification, the 
variogram was calculated in the image space within a 
rectangular window for each training land-cover type to 
perform texture classification [10], [11]. The analysis was 
based on the premise that pixels are spatially 
autocorrelated in image space and are expressed as unique 
semivariograms for each class. However, computation of 
the variogram function is difficult in the image space for 
highly heterogeneous areas and for classes, like a winding 
river, which are only a few pixels wide and which often 
change direction [12]. Also a large number of 
observations are needed in image space to take into 
account the anisotropy of classes. More so, these 
strategies are essentially capturing only the texture 
information using variograms in image space. On the 
whole, classification strategies which use variogram 
calculations in image space have limited flexibility.  

In the proposed methodology, a modified form of the 
traditional variogram called FIV is derived in spectral and 
textural feature space instead of in image space. FIV, 

)(hc is calculated in a feature space as  
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where, nc(h) is the number of distinct training pixel pairs 
such that both belong to class c and are > h and <= 

h apart in feature space and n(h) is the number of 

distinct training pixel pairs such that at least one training 
pixel in the pair belongs to class c and are > h and <= h  

Fig. 3: Calculation strategy for )(hc  in a representative two 

dimensional space 
  
apart. h  and h  are the either extremes of the lag h.  In 

the calculation of lag h, maxDistP is the maximum 

distance between any two pixels in a feature space and  
minDistP is the minimum distance and i varies from 1 to 
Nh  where Nh is the number of lag intervals. Fig. 3 
depicts a representative situation using synthetic data for a 
two dimensional feature space.  nc(h) is the number of 
lines that connect pixels which belong to class c1 (these 
are shown as solid lines in Fig. 3) and have a length 
> h and <= h . Similarly, n(h) is the number of lines 

connecting a pixel which belongs to class c1 to any other 
pixel (these include both the solid and dotted lines shown 
in Fig 3) and has a length > h and <= h . )(hc  is 

calculated using equation (2). Note that for better clarity 
and interpretability of Fig. 3, only the lines emanating 
from pixel a are shown. In fact, lines emanating from 
every pixel in c1 (i.e. from pixel a,b,c,d and e) are 
considered in the calculation of nc(h) and n(h). In this 
example, class c1 has 5 training pixels and if there are 14 
training pixels in all (belonging to class c1, c2 and c3), 
then nc(h) corresponding to class c1 and lag h will be 
equal to  the number of pixel pairs out of the total 10  

(= 2
5 C ) pairs (these pairs have both pixels belonging to 

class c1) such that the distance between pixels in the pair 
is > h and <= h . Similarly n(h) will be equal to number 

of pixel pairs out of the total of 55 (= 2
5 C  + 5*(14-5)) 

pairs (these pairs have at least one pixel belonging to class 
c1) such that the distance between pixels in the pair is 
> h and <= h . Obviously, if h is small, all pixel pairs 

with distance between pixels in the pair being > h and <= 

h  will belong to same class. In that case n(h)  nc(h) 

which implies 0)( hc . Conversely for a large h, all 

pixel pairs with distance between pixels in the pair being 
> h and <= h  will belong to a different class. In that 

case nc(h)  0 which implies 1)( hc . )(hc  is 

therefore a spatially distributed bounded structure in 
feature space associated with a given land cover class c. 
The value of )(hc  varies between 0 and 1. For a 

particular class c, )(hc is calculated for all possible Nh  

lags. The value of Nh is selected large enough to smoothly 
model )(hc . The ordered set of 

values )1(hc , )2(hc …… )(Nhc  are calculated at h1, 

h2…Nh respectively and this summarizes the spatial 
relation in training data. The calculated FIVs (also called 
an experimental FIV henceforth) have more or less an 
erratic appearance due to sampling fluctuations. To get 
FIV values at unsampled lags, a smooth modeled 
variogram representing regional variation is obtained.  
Functions used for modeling a variogram are such that the 
negative of  )(hc   is a positive definite function [13]. 

Some generally accepted model functions used for fitting 
experimental variograms are called authorized models 
viz. spherical, linear, Gaussian, exponential etc. [9]. More 
often than not, experimental FIVs do not consist of a 
single spatial structure. In such cases, different authorized 
model equations are added to yield the FIV model that 



best fits the calculated value of )(hc . Each particular 

structure in such a nested model can consist of different 
range and structural parameters representing varied scales 
of spatial dependence.  
 
 Kriging and Classification Probability: Utilizing  
the feature space spatial correlation structure inherent in 
FIVs, kriging provides a best linear unbiased estimate of 
unmeasured values calculated using the weighted values 
measured in a local neighborhood. Based on a limited 
number of observations, the utility of entire the analysis 
rests upon the derivation of a probability distribution [14]. 
The kriged estimate at x0 using the observed values at x1, 
x2….xn is evaluated using the following equations 
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)( 0xxic  in (3) is the FIV magnitude at h = |xi – xo|. Note  

that the reliability of this entire analysis hinges on the 
appropriateness of variograms and so proper modeling of 
FIV as discussed in the previous section is quite crucial. 
n+1 equations are solved for all MxN image pixels and 
corresponding to Nc FIV configurations which uniquely 
define each class in feature space. A linear system of 
equations in n+1 independent variables for all the (MxN) 
pixels present in the image can be assembled in form of a 
matrix algebra computation as shown below in equation 
(4) 

 

 
xi in (4) is the position vector of ith training pixel in Nb 
dimensional feature space. Similarly, ximg[i] denotes the 
position vector of the ith image pixel. Note that xis and 
ximg[i]s are vectors of size Nb*1. Matrix algebra performed 
in (4) is repeated for each class. Since, there are different 
FIVs for each class (details in section II-B2), the values of 

)(hc  terms in (4) are different for different classes even 

when the value of h is the same. The solution to (4) is a 
two dimensional vector c  of size n*(M*N). Each 

column of c , of size n*1, is the vector of weights on a 

particular pixel exerted by all the training pixels. It 
signifies the degree of influence of the FIV on that 
particular pixel. For each pixel, Nc vectors of weights are 
obtained. If the pixel is closest to the center of training 
pixel cluster c, the column vector belonging to vector c  

corresponding to a particular image pixel is chosen for 
further calculations. 

Note that kriging does not assure positive weights. 
Negative weights are assigned during kriging when the 
value of the data to be interpolated has a larger magnitude 
than the rest of the data points being used in the 
interpolation. Since FIV is bounded and can only vary 
between 0 and 1, negative weights are generally not 
encountered. However, due to deviations in the modeled 
FIV from the experimental FIV, the modeled function can 
sometimes produce FIV values exceeding 1 at higher lags. 

This may lead to assignment of very small negative 
weights. These weights are set to zero.  
Indicator kriging uses the ordinary kriging weights c and 

class information of each training pixel (TP) to estimate 
the probability of assignment of an image pixel to a 
particular class. Indicator Kriging makes no assumption 
about the theoretical distribution of the data [13]. 
Defining an indicator variable as 

For ( j=1,2,….,Nc) 
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The weighted average of values of indicator variables is 
an estimate of the probability that a pixel belongs to class 
j [11] and is given by 

For ( j=1,2,…..,Nc) 
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Once the probability of an image pixel belonging to a 
particular class has been obtained in both spectral and 
textural feature space, a metric is needed that would 
finally assign an image pixel to a class based both on 
spectral and textural information. 
 
 Critereon for use of texture: The metric of concern  
is given by 
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where maxP is the largest of the probabilities, Pi, of a 
particular pixel to belong to any class. Robustness can be 
calculated for each pixel corresponding to both spectral 
and textural feature space. The assignment of a pixel to a 
class j is done purely on the basis of Pj(spectral) i.e. 
probability calculated in spectral feature space, whenever 
spectralRobustness (specR) > texturalRobustness (texR). 
In that case if (Pj(spectral) = maxP ) >>  Pi(spectral) for 
i  j, then the pixel is assigned to class j. However in 
cases of small spectralRobustness, i.e. whenever it is 
difficult to distinctively assign a pixel to a class entirely 
on the basis of a probability calculation performed in 
spectral feature space, the pixel is assigned to the class j 
for which the weighted probability is a maximum. The 
weighted probability, wPj is calculated by 

texRspecR

texRtexPspecRspecP
wP
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where .)(specPj  and .)(texPj  are the probability of 

assignment of a pixel to a particular class j, in spectral and 
textural feature space respectively. Small 
spectralRobustness can either be due to all the Pis being 
small or because of Pis (for all i  j) is close to Pj = maxP. 
The robustness strategy is depicted in Fig. 4. Note that in  
 

Fig. 4: Robustness calculation (i) maxP in spectral space > maxP in 
textural space (b) maxP in spectral space < maxP in textural space, 
however the robustness of spectral space is higher. Note that in both 
the cases, image pixel (denoted by a  circle in this figure) is assigned 
to class 1. 
 
Fig 4-case(i), the larger the maximum probability of 
assignment of a particular pixel to a class in a feature 
space, the greater is the robustness. However, Fig 4-

case(ii) shows that in some cases, just the comparison 
between maximum probabilities of the assignment of the 
pixel to any class in two feature spaces is not a sufficient 
measure in classification. It is obvious from Fig 4-case(ii) 
that though in the textural feature space, a pixel has larger 
maximum probability, but it also faces more confusion 
because of a greater probability that it will get assigned to 
other classes. This reduces its robustness. In contrast, the 
maximum probability of TP to get assigned to a class in 
blue feature space is larger relative to its probability of 
assignment to other classes resulting in higher robustness.  
To sum up, both spectral and texture information is used 
to produce the classified map but texture is used 
selectively depending on the robustness criteria. 
Classification accuracy is calculated to ascertain the 
performance of the proposed methodology.  
 
2.3 Accuracy Analysis  
 
To check the classification accuracy two sources of 
information are needed. The first is the classified image 
and the second is the reference image having training and 
test pixels. Corresponding to each test pixel position, class 
value is gathered from the derived classified image and 
matched using an error or confusion matrix [15]. The 
accuracy of classification is estimated from all the 
available samples – both training and test sets – using the 
Khat index k. This index uses all the elements of the 
confusion matrix to measure how well the remotely 
sensed classification agrees with the reference data [16]. 
The overall Khat statistic is defined as 

c
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where Po and Pc  are overall accuracy and chance 
agreement respectively. In the present study, classification 
of the AOI has been performed using the proposed 
method while considering both spectral and textural 
information. The results are then compared to 
classification obtained using traditional GMLC algorithm 
[17], [16] with only spectral bands and also with both 
spectral and textural bands. For overall or individual class 
agreements, pairwise statistical tests using a Z-statistic 
[16] is performed to assess the significance of any 
difference observed between classifications performed 
using different techniques. At the 95% confidence level, a 
classification “a” is considered to be significantly better 
(/worse) than classification “b” if abZ  > 1.96 (/< -1.96). 

If the absolute abZ  value is below 1.96, then 

classifications “a” and “b” are considered statistically 
similar. If one wishes to choose the confidence interval of 
99%, the corresponding critical abZ  value is 2.58.  

 As stated earlier, one of the key points of this 
methodology is no a priori assumption about the 
distribution of training data. It still needs to be verified – 
how the proposed methodology performs when the 
distribution of training pixels of a class doesn’t follow 
multivariate normal distribution (as assumed by GMLC 



classifier). In order to verify the aforesaid hypotheses, it is 
imperative to first test the multivariate normality of 
training classes.  
 
2.4 Test of Multivariate Normality  
 
Mardia’s test [18] of multivariate skewness and kurtosis 
assesses the degree to which multivariate data deviates 
from multinormality. Assuming zi to be a vector 
representing the i-th training pixel of class c. The 
dimension of vector zi will be Nb*1. Let z  be the vector 
of sample means, and Sz be the sample covariance matrix. 
If there are m training pixels in class c then the 
multivariate skewness (Sk)  and kurtosis (Ku) are 
estimated by 

3

1

1

1
2,1 ))()((

1
zzSzz

m
bSk j

m

i
z

m

j

T
iNb

 






21

1
,2 ))()((

1
zzSzz

m
bKu iz

m

i

T
iNb

 


       (10) 

[18] also discusses different estimates of Sk  and Ku for 
the case when m is large.  
 
 
3.  The Experiment 
 

 
As a test application of the proposed strategy, a remotely 
sensed scene of a mixed agriculture/forestry landscape in  
the Indian Pine Test Site in Northwestern Indiana imaged 
by Airborne Visible-Infrared Imaging spectrometer  

 
Fig. 5: False color composite for AVIRIS acquired scene (using 
bands 6, 3 and 1) 
 
(AVIRIS) [19] is classified and analyzed. Fig. 5 shows 

 

 
Fig 6: Modeled FIVs (a) Spectral feature space (b) Textural feature space. Note that actual Lag is equal to Lag shown in the graph divided by 
450 
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false color composite (FCC) of the scene. Note that 
though AVIRIS has 224 bands for each scene, only 9 
bands equally distributed over the entire spectral region 
are used in the present analysis as this simplifies the 
logistics while still being sufficient to demonstrate 
efficacy of the method. Though several efforts have 
focused on selection of the best combination of bands that 
lead to higher classification accuracy, in this paper 
attention is focused on a new classification algorithm. We 
refer the reader to [20] for more details on feature 
selection with AVIRIS data. The image contains 145 rows 
by 145 columns of pixels. Overall 2603 and 1301 test and 
training are selected respectively. FIV is obtained for all 
Nc classes in both spectral and textural feature space using 
eqn. (2). In accordance with the discussion in section 2.2, 
combinations of authorized models are used to model 
these experimental FIVs. Modeled FIVs are shown in Fig. 
6. These modeled functions are used for the calculation of 

kriging weights using eqn (3). The calculated kriging 
weights are eventually used to calculate the probability of 
assignment of each pixel to a class using eqn (6).  
 
4.  Results 
 
The classified image obtained by implementing the 
proposed methodology on the remotely sensed image is 
shown in Fig. 7. Scene is classified into 16 classes viz. 
Alfalfa (1), Corn-notill (2), Corn-min (3), Corn (4), Grass/ 
Pasture (5), Grass/ Trees (6), Grass/ Pasture-mowed (7), 
Hay-windrowed (8), Oats (9), Soy-notill (10), Soy-mintill 
(11), Soy-clean (12), Wheat (13), Woods (14), Bldg-
grass-trees-drives (15) and Stone-steel towers (16). A 
similar classification map is also derived using (a) the 
GMLC classifier with only spectral bands and b) GMLC 
classifier with both spectral and textural bands. The same 
training and test pixel set is used for each experiment.  

 
 

Fig. 8: Percentage of times only spectral information is used to assign a pixel to a class 
 
Accuracy analysis of the respective classified maps is 
performed based on the discussion in Section 2.3.  Kappa 
accuracy is calculated for each class and also for the 
overall classified image. Calculated values are tabulated 
in Table I. Relative comparison of the performances of 
various classification strategies are performed by using 
the Z–statistic. A five percent increase in overall accuracy 
of test pixels is obtained by using GMLC(S+T) with 
respect to GMLC (S). The proposed method further 
increases the accuracy by 2 percent. Also note that, the 
first column in Table I lists the group of which the 
training pixels of the corresponding classes are members 
to. A class falls in group 1 if it’s training pixels follow a 
multivariate normal distribution and they fall in group 2 if 
they drastically violate the multivariate distributional 
assumption of GMLC. Identification of classes into two 
groups was performed based on the analysis in Section 
2.4. Four classes are found to have statistically significant 
Z-statistics for classification accuracy. Interestingly these 
are the classes for which the normality distributional 

assumption for training pixels is violated. For some 
classes, like class 7, 9 and 13, GMLC(S) outperformed 
GMLC(S+T) and the proposed method. Fig. 8 shows the 
percentage of pixels which are assigned to a particular 
class based just on spectral information (i.e. the case 
where spectralRobustness > texturalRobustness). The 
percentage of the total pixels in the scene that are 
assigned a particular class based just on spectral 
information only is around 49.6%. This means that around 
half of the pixels in the image don’t need texture 
information for getting classified to a particular class. 
Obviously, this percentage will be dependent on the 
heterogeneity of the classes. Expectedly, for highly 
homogenous classes like Hay, Woods, Wheat and Stone-
steel towers, a large percentage of pixels get classified 
based just on spectral information. 
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Table I: Comparison of proposed methodology (PM) to GMLC strategy 
 

 
 
5.  Conclusions 
 
Indicator kriging using FIV provides a good tool to 
estimate the probability of occurrence of a class at a 
particular pixel location. The classification methodology 
described in this paper leads to increased classification 
accuracy. These results may be explained by the fact that 
no assumption is made about the distribution of pixels in a 
class and the additional benefit of using texture 
information only when spectral information is not enough 
to classify a pixel.  However, the proposed methodology 
still requires expert input on the number of lags to be 
used. 
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