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Abstract 
Conventional techniques of classification make use of the 
spectral information at each pixel to predict the class of that 
pixel independently of the observations at other pixels. Con- 
textual techniques, on the other hand, utilize the information 
from other neighboring pixels also. Two methods of contex- 
tual classification exist - one for low-resolution data and 
one for high-resolution data. A new method is proposed by 
combining these two methods. The new method is compared 
with the Gaussian maximum-likelihood classification and the 
two methods of contextual classification for low-resolution 
and high-resolution data. Classification algorithms are com- 
pared using normalized classification accuracies and the 
Kappa statistics. 

Introduction 
An important objective of remote sensing is land-cover clas- 
sification. Each objectlland-cover class may have its own 
characteristic spectral response in different spectral bands of 
the electromagnetic spectrum (Swain and Davis, 1978). This 
characteristic feature of the land-cover classes is helpful in 
their identification and delineation in a multispectral image. 
In the absence of noise, the spectral response of two pixels 
from the same land-cover class would be identical in feature 
space (response at different spectral bands forming the fea- 
tures). In practice, however, the presence of noise causes the 
spectral response of a particular land-cover class to deviate 
from its ideal response. This noise is usually of two types, 
class dependent noise and class independent noise. Class de- 
pendent noise is caused by the inherent natural variations 
present in a particular land-cover class, while class indepen- 
dent noise is due to the other sources of variation such as 
scatter and/or absorption, deterioration of the sensors, etc. 
The objective of classification in remote sensing is, therefore, 
to partition the noisy image into its constituent classes. 

In the usual approach, the spectral response vectors of 
each class are modeled to have multivariate normal distribu- 

I tions, and the parameters of such models are estimated from 
training samples. Such a technique is known as supervised 
classification. In an unsupervised classification, they are esti- 
mated from test image pixels by a suitable clustering 
method. The pixel class assignments are based on likelihood 
calculated from the observations of each pixel to belong to 
each of the classes under consideration. In this technique, 
known as the maximum-likelihood classification technique, 
the class of a pixel at a location (i,j) is decided based solely 
on the observations at that pixel. Thus, the decision for the 
classification of a pixel is made independently of other pix- 
els. Even though such a procedure is used extensively and 
with a fair amount of success, such a procedure is likely to 
lead to misclassifications in the presence of random noise. 1 The presence of random noise causes different classes to re- 
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semble each other. To overcome such a problem, a class of 
techniques called contextual techniques have evolved which 
make use of the spatial context of a pixel in its classification. 
These techniques are based on the assumption that the re- 
sponse and class of two spatially neighboring pixels are 
highly related. For example, if (i,]] and (k,l) are two neigh- 
boring pixels and if (i,jl belongs to class k, then there is a 
high probability that (k,l) also belongs to same class. Thus, 
the decision for a pixel is to be taken based not only on the 
observation x, at (i,]] but also on all x, where (k,l) is a neigh- 
bor of (i,~]. Use of contextual techniques will usually result 
in a reduction of classification error rates (Swain et al., 1981; 
Jhung and Swain, 1996; Welch and Salter, 1971). 

Several contextual classification techniques have been 
developed for the classification of remote sensing data. A 
brief review of some of these techniques is given in the next 
section. The proposed method is then presented. Methods of 
accuracy analysis are given, the test results are presented, 
and, finally, a summary and conclusions are given. 

Review of Existing Methods 
The different approaches adopted by the researchers during 
the past few years to incorporate context in the classification 
of remotely sensed data can  be grouped as follows: 

Methods based on the classification of homogeneous objects, 
Techniques based on probabilistic relaxation, 
Methods derived using compound decision theory and se- 
quential compound decision theory, and 
Methods derived based on a stochastic model for the distri- 
bution of classes in the scene. 

One of the early and best known contextual classifiers is 
Supervised Extraction and Classification of Homogeneous 
Objects (SECHO), discussed by Landgrebe (1980). It can be re- 
garded as a "per field" classifier. It first divides the scene 
into homogeneous image segments and then classifies these 
segments using an extended version of the Gaussian maxi- 
mum-likelihood (GML) algorithm. This technique is well 
known to be efficient for classifying data sets that contain 
homogeneous objects that are large compared to the spatial 
resolution provided by the sensor. The CASCADE algorithm of 
Merickel et al. (1984) and the agglomerative clustering tech- 
nique of Amadsun and King (1988) are other examples of 
such an approach. 

Contextual techniques based on relaxation methods iter- 
atively adjust some initial estimates of class membership 
probabilities by reference to spatial context. The possibility 
of using probabilistic relaxation for contextual classification 
of remotely sensed data has been investigated by various au- 
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thors (Eklundh et a]., 1980; Peleg, 1980; Richards et al., 
1982). DiZenzo et al. (1987) proposed an efficient implemen- 
tation of the probabilistic relaxation method suited to the 
needs of actual remote sensing applications. The probabilis- 
tic relaxation scheme proposed by DiZenzo et al. (1987) 
works as follows. Let i = l ,  2, ..., N be the N pixels to be clas- 
sified into K classes w,, w,, ..., w,. Let the vector [P,(wl), 
P,(w,), ..., P,(wK)] denote the probabilities of pixel i belonging 

K 

to classes wl, w,, ..., w,, 0 5 P, (w,) 5 1 x Pi (wI) = 1. The 
I=1 

classes are assumed to be mutually exclusive and exhaustive. 
For each pair of neighboring pixels i and j and each pair of 
classes wI and wk, there is a compatibility measure r,,(wk, w,) 
in the range [-I, 11 or [O, I]. These coefficients indicate the 
degree to which classifying pixel i to wk and pixel j to wl are 
compatible. The iterative updating process uses the updating 
rule defined by 

where 

Nb is the number of neighbors considered for pixel i. The r,, 
can be chosen empirically. One possibility is to use estimates 
of the mutual information of the pair of events iwk, j~w, as 
r,,(wk, wl). Emperically, it can be estimated from the GML clas- 
sification as 

where N,, (w,, wl) is the frequency of occurrence of classes wk 
and wl as neighbors at pixel i and j. It is important that, in 
order to obtain reliable estimates of r,,,, the GML classification 
must be reasonably accurate. If this requirement is not met, 
the coefficients r,, will not reflect the actual characteristics of 
the image. In that case, they cannot be expected to promote 
true improvements of classification accuracy. 

The process of probabilistic relaxation does not utilize 
measurement information except in the initialization stage 
when the measurement information is used to obtain the ini- 
tial class membership probabilities for each pixel. 

Let the image data consist of a two-dimensional array of 
N= N, x N, random observations X,, having fixed but un- 
known classifications f),,. The observation X,, consists of p- 
dimensional measurements while O,,  can be any one of the K 
spectral or informational classes from the set C={w,, w,, ..., 
~ k ) .  

Let X denote a vector whose components are the ordered 
observation X=[X,, I i=1,2, ... , N,, j=1,2, .... , N,IT; similarly, 
let O be the vector of states (true classifications) associated 
with the observations in X: a=[@,,  l i=1,2 ,..., N,, j=1,2 ,..., N2IT. 

Let the action (classification) taken with respect to pixel 
(i,~] be a,,, and the loss suffered due to such action be A (O,,,, 
a,, (3). The average loss over all classifications is then 
1' 
- z A(Oj,j, a, ( 3 ) .  The expected average loss or risk is R,=E 
N ij 
1 

[- A (%,,,, a,, ( a ) ]  where E denotes the expectation opera- 
N i,i - .  

tor. The action a,,  is in general a function of all observations 
X. The corresponding decision rule which minimizes the risk 
R, assigns pixel (i,~] to class wk if 

This decision rule is based on the context of all observations 
X. Swain et al. (1981) derived a decision rule based on a 
subset of observations in X which includes XI,, the observa- 
tion at pixel (i,$ to be classified. The subset denoted by D,, 
constituted the neighborhood of XI,. They assume a,,,=d (D,,J 
where d(.) is a decision rule. It is shown that the risk R, is 
minimized if d(D,,J is the action a which minimizes 

where BP is the vector of classes corresponding to the ele- 
ments of the set D,,,, and G(ff) is the context distribution, i.e., 
the relative frequency with which BP occurs in the array O, 
with the class corresponding to pixel (i,~] being a. They fur- 
ther assume that the observations are class conditionally in- 
dependent so that f(D,, I BP) = n,,, f (X, I 8,). The parameters 
of the class conditional distribution f(Xl I 0,) are obtained 
from the training samples from each class. To estimate the 
context distribution G(BP), they use a non-contextual preclas- 
sified image. They then propose an iterative classification 
scheme where, after each classification, the context distribu- 
tion is re-estimated and the samples are re-classified. This 
process is continued until no more changes in classification 
occur for any pixel. The performance of this method has 
been shown for various neighborhood sizes using simulated 
data. But their performance on real data was far from satis- 
factorv. 

- J 

Application of the decision rule above (Equation 1) us- 
ing Bayes' procedure depends upon the specification of the 
probability distribution of (el, e,, ..., ON, xl, ...., x,). This be- 
ing an enormous vector, Equation 1 will usually be impossi- 
ble to use in practice. An approximation to it is to use-a 
smaller set of observations A,, instead of X as was done by 
Hjort and Mohn (1984). 

Hjort et al. (1985) expressed the feature vectors from 
neighboring pixels as a sum of two independent processes, 
one having independent vectors with class dependent distri- 
butions and the other being a contaminating autocorrelated 
noise process. This model is combined with different models 
for the joint distribution of classes of the neighbors, giving 
contextual classification rules incorporating the spatial rela- 
tionship of the feature vectors. Accordingly, the decision rule 
(Equation 1) is modified to classify pixel (i,J to class k if 

P (Bi,, = wk I Ar,J > P (Oi,  = wI l A,,), b'l = 1,2 ,..., K (2) 

where A,, is the set of observations from a chosen neighbor- 
hood of pixel (i,j). Thus, the rule (Equation 2) is contextual 
in the sense that observations from the neighbors are also 
used in classifying the center pixel. Assuming a nearest- 
neighbor system with A,. = (xi,,, xi+,,,, xi+, j, xi,;+,), the a 
posteriori probability can be expressed as 

- 1 
-- P (wk) C g (a, b,c,d l q) f (Ai.j l wk, u,b,c,d) 

f (Ar,> a,b,c,d 

(3) 

where (a,b,c,d) is one of the K4 possible class contigurations 
for the neighbor pixels and g(a,b,c,d I wk) is the conditional 
probability of seeing this configuration given that the central 
pixel is from class w,. Further, f(A,,  I wk,a,b,c,d) is the condi- 
tional joint density of the five vectors given that the classes 
in question are ok,a,b,c,d. The denominator f(A,,J is the un- 
conditional density of the five spectral vectors, making 22  
(O,,,=w, l A,,) = 1. They have proposed a simple autocorrela- 
tion modei for modeling the class independent spatial corre- 
lation of observations to specify the joint distribution of 
neighboring pixel vectors. For this purpose, they assumed 
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that the observed process Xi,, can be decomposed into two 
independent components as 

where Y,? is a purely class dependent process having no spa- 
tial correlation and Ei,  is a class independent zero mean pro- 
cess having a spatial correlation structure. The class condi- 
tional distribution of Y is assumed to be multivariate normal 
for each class, having a common covariance matrix; that is, 
&,j I 9,,-N, (P~,,,, (1-  0) and C O V ( Y ~ , ~ , Y ~ , ~ )  = 0 V (i,jI Z (k,I). 
The process E,,, is specified by Ei,,-N (0 ,  9 s )  and 
c~v(E,,~, E,,,) = pd92, where d2 = (i-kJ2 + (j-OZ. 

The classification rule is obtained by an expression for 
f(A,,I wk, a,b,c,d) in Equation 2 .  Under the Gaussian assump- 
tion, this is also a multivariate normal density in 5p dimen- 
sions. Assuming that the conditional distribution of xV, given 
the classes in the neighborhood, just depends on the class of 
pixel (i,j), the class density f(x, ,  I w,) can be factored out. This 
gives 

Rk xi+,,,, xi,.-,) can be considered as an adjustment 
factor accounting for the contextual contribution in the clas- 
sification rule. 

Depending upon the models assumed for g and h, different 
contextual classification rules result. The functions g and h 
contribute to the contexual information. The g-function is 
used to model the distribution of classes in the chosen 
neighborhood, and its contribution is in the form of probabil- 
ities of different class configurations. The h-function is used 
to model the joint distribution of the pixel intensities in the 
chosen neighborhood given their classes. 

A popular assumption in the literature (Swain et a]., 
1981; Hjort et al., 1985; etc.) on contextual methods is that 
the spectral vectors are conditionally independent given the 
classes. But this assumption may be acceptable when applied 
to low resolution scenes, whereas models reflecting depend- 
ence between X,,  given the classes is needed in the case of 
high-resolution scenes. Different specifications for 
g(a,b,c,d I wk) are possible. A simple choice would be to as- 
sume g(a,b,c,d I wk) = P (a)  P (b )  P ( c )  P (d) .  This results in a 
classification rule which ignores spatial dependence between 
classes, but takes into account spatial dependence between 
spectral measurements. ~nother-im~ort&t assumption would 
be to consider the distribution of classes as a realization of a 
stochastic process. With this assumption, g (a,b,c,d l wk) = P 
(a I wk) P(b I wk) P ( c  I wk) P(d I wk), where P(m I t)  = P(9,,] 
= m lok,, = t ) ,  ( i , j  and (k,O are immediate neighbors. The as- 
sumption provides a possible method for incorporating tran- 
sition probabilities in the classification procedure. If it is 
further assumed that spectral vectors are conditionally inde- 
pendent, the classification rule reduces to 

P (9,, = wk l = const. 
P (wk) f (Xi,j I wk)Tk ( ~ i - ~ d ) T k  (xidtl) Tk (xi+l,j) Tk (xi,j-~) 14) 

where Tk (x) = ZmP(m I k ) f (x  I m ) .  This rule was derived by 
Welch and Salter (1971) and Haslett (1985). Swain et al. 
(1981) and Haralick and Joo (1986) also assumed class condi- 
tional independence between the spectral measurements in 
the neighborhood. 

Methods for estimating the parameters of the conditional 
joint density function, assuming multivariate normal distri- 

bution for the observational vectors, are also given by Hjort 
et al. (1985). These parameters include the spatial correlation 
parameters in addition to the mean vector and the covari- 
ance matrix of each class. 

In order to implement this contextual classification, it is 
necessary to estimate the configuration probabilities 
g(a,b,c,d l w,). They assumed positive probability for three 
patterns, which are referred as the X, T, and L types as 
shown below: 

This is a realistic assumption when the regions are large 
compared to pixel sizes so that most &st-order neighbors are 
formed from only two classes. There are four possible L-type 
patterns and four possible T-type patterns, and P(X) + P(L) + 
PIT1 = 1. . . 

Kartikeyan et al. (1994) proposed two methods, one for 
low-resolution data and one for high-resolution data on the 
lines of Khazenie and Crawford (1990). They assume spatial 
dependence for high-resolution data and class conditional in- 
dependence for low-resolution data. The suitability of their 
method for classification is demonstrated with two sets of re- 
motely sensed data of high and low resolution. 

Proposed Method 
Having reviewed some of the important contextual classifica- 
tion techniques used in remote sensing, we now consider the 
methods proposed by Kartikeyan et al. (1994). They have de- 
veloped two methods, one for high-resolution data and one 
for low-resolution data. The terms high and low resolution 
refer to the value of the ratio of region size to pixel size. 
Even though the pixel size is fixed within an image, the re- 
gion size may vary for different types of land-cover classes, 
and, hence, the assumption of highllow resolution uniformly 
for all classes in the data may not be proper in most of the 
cases. Thus, further investigations are needed. One possibil- 
ity is to use an appropriate model for each class, depending 
on whether it is of high resolution or low resolution, which 
has been tried in thiswork. 

The low and high resolution correspond to the value of 
the ratio of region size to pixel size for each class. Region 
size for a class is the average minimum size of a set of con- 
tiguous pixels of that class in the image. Because the pixel 
size in a given image is fixed, high or low resolution corre- 
spond to the region size of a class. 

In the proposed method, the decision regarding high or 
low resolution is made based upon the actual observed con- 
figuration probabilities from a noncontextual preclassified 
image. If the probability of observing X,T,L type context for a 
class is close to unity, then for that class the data are to be 
considered as high resolution and the spatial correlation 
model is to be used for class conditional density of neighbor- 
ing pixel vectors. Otherwise, class conditional independence 
assumption will be used and the class conditional joint den- 
sity will be estimated as the product of marginal densities. In 
other words, the decision function is calculated as 

where 

and 
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and 0 assumes the values 1 or 0 depending on whether the 
probability of X,T,L type patterns for class k is close to unity 
or not. Pixel (i,~] is assigned to class k for which g(kI A,,> is 
maximum. 

The configuration probabilities P(a,b,c,d l w,) are esti- 
mated from a noncontextual preclassified image. For low-res- 
olution data, all the configurations for which P(a,b,c,d l w,l is 
non zero are used in evaluating the decision functions. For 
high-resolution data, only X,T,L type configurations are con- 
sidered. The probabilities p,q,r corresponding to X,T,L type 
configurations are estimated from classified sample as 

where M,, M,, M1 are the number of occurrences of the X,T,L 
type configurations, respectively, in a preclassified image: 
i.e., 

K 

M = M, + M, + M, and W = C (P ( ~ ~ 1 ) ~ .  
k=1 

For estimating the spatial correlations, the method pro- 
posed in Hjort et al. (1985) is used. It is assumed that the ob- 
servation x,,~ is composed of two independent components Y , , ~  
and e,? y,, accounts for class dependent variations while ej,j 
accounts for class independent variations. It is assumed that 
contextual information is in the form of spatial correlations 
between the e(i,j] of the neighboring pixels. = y,,] + e,,,, 
where (y,,, 1 O i j  = wk) -N(pk,  Ck) and e , ,  -N(O,Z0). The struc- 
ture of variability in y,, is given by the covariance matrix Zk. 
The e , ,  s are spatially correlated, but no correlation exists be- 
tween the components of e,,. That is to say, the covariance 
matrix of e, ,  is a diagonal matrix. If e,,j(p) and e,,,(q) denote 
the p-th and q-th components of e,,, then 

if p2q 
R,,, (q,q), if p=q, k= I i-m I, I= I j-n I 

Under these assumptions, the distribution of (A,,j I I*, w,) is 
(for the four-neighbor case = [ X  ,-,, x , ,~+~,  x,,,,~, X, ,,-,, xi,JT) 
5p  dimensional multivariate normal with mean vector p, 
= [p,, pb, pc, pd, pkIT and covariance matrix 8, given by 

where p is the number of spectral bands considered. The 
parameters pi and 2, of the marginal distributions are esti- 
mated from training samples from each class k .  The elements 
of the R matrices are estimated from a noncontextual pre- 
classified image. 

Methods of Accuracy Analysis 
In remote sensing applications, the accuracy of an image 
classification refers to the extent to which classifications 
agree with a set of reference data. Most quantitative methods 
to assess classification accuracy involve an error matrix built 
from the two data sets: classifications and reference data. 
The percentage agreement uses only the main diagonal ele- 
ments of the error matrix and, as such, it is a relatively sim- 
ple and intuitive measure of agreement. It does not take into 

account the proportion of agreement between data sets that 
is due to chance alone, and, as such, it tends to overestimate 
classification accuracy (Congalton et al., 1983; Rosenfield 
and Fitzpatric-Lins, 1986). 

Congalton et 01. (1991) reviewed the methods of accu- 
racy assessment of land-uselland-cover classifications gener- 
ated from remotely sensed data. Fienberg (1970) developed 
an iterative proportional fitting procedure to normalize a 
contingency table and include the effects of off diagonal en- 
tries on the classification accuracies. Zhuang et al. (1995) 
suggested a method for eliminating zero counts in the error 
matrices. It is based on the method of smoothing with 
pseudo counts for eliminating zero counts developed by 
Fienberg and Holland (1970). The approach used a Bayesian 
estimator to produce pseudo counts. For the examples con- 
sidered here, normalization of the error matrix has been 
done after smoothing the error matrix with pseudo counts as 
suggested in Zhuang et al. (1995). The normalized classifica- 
tion results showed uniform margins and the accuracies for 
the individual classes. 

Another important statistic frequently used in error anal- 
ysis is the Kappa statistic. The Kappa ( K )  coefficient has 
come into wide use (Congalton, 1991) because it attempts to 
control the chance agreement by incorporating all marginal 
distributions of the error matrix (Cohen, 1960). Therefore, 
the Kappa coefficient is generally used to assess the accuracy 
of image classifications. 

The Kappa coefficient was derived by Cohen (1960) as a 
flexible index for use when chance agreement between two 
data sets is a concern. It may be calculated as 

where 
M 

1 
Po = ,=I z P,. = N. "ii 

and 

where N is total number of pixels, M is the number of clas- 
ses, and Pi+ and p+, are the marginal distributions corre- 
sponding to the row and column. Similarly, ni+ and n,, are 
the marginal totals corresponding to the rows and columns. 

Testing for Significant Differences in Accuracy Coefficients 
Each error matrix built for accuracy analysis must satisfy the 
following assumptions: 

Pixels are sampled independently, 
The different classes involved are independent mutually ex- 
clusive and exhaustive, and 
The classification runs independently. 

The percentage agreement estimate parameter (Po) follows a 
binomial distribution. When the sample size is large (i.e., the 
number of pixels used for building the error matrix, N>100), 
it follows a normal distribution. Hence, the distribution of 
the statistic Kappa also follows a normal distribution (Cohen, 
1960). Hence, tests of significance can be performed for any 
given matrix to determine if the Kappa coefficient is signifi- 
cantly greater than zero. An approximation for the variance 
of Kappa (Cohen, 1960) is given by 

The significance of the difference between two Kappa coeffi- 
cients can be tested using the statistic 
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Figure 1. Subscene 1. 
Figure 2. Subscene 2. 

which follows a normal distribution with zero mean and unit 
variance. 

Test Results 
The proposed method of contextual classification was tested 
using three examples with two data sets of the Indian Re- 
mote Sensing Satellite (IRS-ZB) (subscene 1 and subscene 3) 
and one data set of Landsat Thematic Mapper (subscene 2). 
For all data sets, data from spectral bands 2, 3, and 4 were 
used. These data are from three different subscenes of the 
eastern part of India. A single band (band 4) of the images 
used in the examples are displayed in Figures 1, 2, and 3. 
Subscene 1 is 256 by 256 pixels, and subscenes 2 and 3 are 
512 by 512 pixels. The dates of acquisition of subscenes 1, 2, 
and 3 were 22 May 1993, 18 March 1989, and 27 November 
1992, respectively. No geometric corrections were made. Ra- 
diometric corrections to rectify atmospheric effects and sun 
angle were done by the data supplying agency (National Re- 
mote Sensing Agency, Hyderabad, India). 

The details of the classes involved in these scenes and 

Figure 3. Subscene 3. 

the sample sizes are presented along with the classification 
results. The different classes were identified by the experts 
in the field. Whenever distinct spectral classes were observed 
within a particular land-cover class, such classes were desig- 
nated as class I ,  class 2, etc. For example, in subscene 1, 
though Eucalyptus was a single class, two distinct spectral 
responses were observed, corresponding to the shrub types 
and fully grown trees. Such classes were distinguished by 
Eucalyptus 1 and Eucalyptus 2. The available ground truth 
for these classes was used for the generation of class statis- 
tics and classification accuracies. The class statistics for all 
the classes in terms of means and covariance matrices were 
estimated from the training samples to specify the noncon- 
textual component P(xl w,) for the classes. Assuming equal a 
priori probabilities P(w,), the full image was classified on a 
per-pixel basis by the Gaussian Maximum-Likelihood (GML) 
classifier. In all the examples, the GML-classified image was 
used to estimate the contextual parameters. 

The estimates of P(I* I w,) for various configurations I* 
for each class were obtained from the relative bequency of 
their occurrence in the GML-classified image. Any combina- 
tion I* for which P(Z* I w,) 5 0.005 was ignored and set equal 
to zero while using the class conditional independence 

TABLE 1. CLASSIFICATION RESULTS OBTAINED WITH GML CLASSIFICATION: SUBSCENE 1 

Reference Categories 

Classification categories 1 2 3 4 5 6 7 8 9 10 11 1 2  13 14 Total 

1. Sediment 
2. Water tank 
3. Deep water 
4. Shallow water 
5. Urban 
6. Orchard 
7. Eucalyptus-1 
8. Eucalyptus-2 
9. Degraded 

10. Fallow-1 1 7  173 
3 

11. Crop-1 30 127 452 
3 

12. Crop-2 60 60 
13. Fallow-2 6 27 2 3 5 
14. Sand 159 159 
Total (sample size) 13  8 65 11 57 27 24 13 10 20 30 193 27 161 1206 

0 5 3 



TABLE 2. CLASSIFICATION RESULTS OBTAINED WlTH METHOD 1: SUBSCENE 1 

Reference Categories 

Classification categories 1 2 3 4 5 6 7 8 9 10 11 12 13 14 Total 

1. Sediment 
2. Water tank 
3. Deep water 
4. Shallow water 
5. Urban 
6. Orchard 
7. Eucalyptus-1 
8. Eucalyptus-2 
9. Degraded 
10. Fallow-1 

13. Fallow-2 
14. Sand 

Total (sample size) 

model. The relative frequency of total occurrence of X, T, 
and L type configurations for each class and the relative fre- 
quency of total occurrence of other types of configurations 
were used for the proposed method. The GML-classified im- 
age was used in conjunction with the original image to esti- 
mate the probabilities P,(k),Pdk,m),P,(k,m) for each class k = 
1, 2, ..., K and each neighbor rn ! # k and the spatial correla- 
tion R,,, for spatial correlation model. 

Classification of the scene was then carried out using the 
proposed method. If the probability of X,T,L type patterns for 
a particular class was found to be greater than that for other 
types of patterns, then the spatial correlation model was 
used for that class; otherwise, the class conditional inde- 
pendence model was used for calculating the a posteriori 
probabilities for classification. The classification accuracy 
was estimated using the training data by comparing the clas- 
sified pixels with those in the original scene. The same train- 
ing sample was used for all the classifiers in each example. 

For the sake of comparison, contextual classification was 

also done by assuming class conditional independence 
(method 2) and also assuming the spatial correlation model 
(method 1). 

An estimate of overall classification accuracy is obtained 
from the confusion matrix after normalization using the 
method of iterative proportional fitting procedure. Tables 1 
to 4 present the confusion matrix for the four classification 
methods for subscene 1. The confusion matrices for the other 
scenes are not presented here for want of space. However, 
the normalized classification accuracy for all the methods is 
presented in Tables 5, 6, and 7 for subscenes 1, 2, and 3, 
respectively. 

Example 1 
The classification results of subscene 1 are shown in the 
form of confusion matrices in Tables 1 to 4 for the GML clas- 
sification, method 1, method 2, and the proposed method. 
There were 14 classes. The sample sizes corresponding to 
each class are given by the column totals of these tables. In 

TABLE 3. CLASSIFI~ATION RESULTS OBTAINED WlTH METHOD 2: SUBSCENE 1 

Reference Categories 

Classification categories 1 2 3 4 5 6 7 8 9 10 11 12 13 14 Total 

1. Sediment 9 1 10 
2. Water tank 5 4 9 
3. Deep water 60 60 
4. Shallow water 11 11 
5. Urban 57 
6. Orchard 50 
7. Eucalyptus-1 22 
8. Eucalyptus-2 1 1 11 
9. Degraded 93 6 6 2 115 
10. Fallow-1 12 1 19 2 9 223 

8 
11. Crop-1 1 27 14 297 

9 
12. Crop-2 4 16 172 

6 
13. Fallow-2 2 29 
14. Sand 2 1 15 162 

9 
Total (sample size) 13 8 65 11 57 27 24 13 10 20 30 19 27 16 1206 

0 5 3 3 1 

278 A p r i l  1998 PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING 



Reference Categories 

Classification categories 1 2 3 4 5 6 7 8 9 10 11 12 13 14 Total 

1. Sediment 12 26 38 
2. Water tank 7 2 9 
3. Deep water 1 62 63 
4. Shallow 11 11 
5. Urban 60 
6. Orchard 38 
7. Eucalyptus-1 22 
8. Eucalyptus-:! 8 
9. Degraded 100 
10. Fallow-1 211 

13. Fallow-2 3 30 
14. Sand 15 158 

8 
Total (sample size) 13 8 65 11 57 27 24 13 10 20 30 19 27 16 1206 

0 5 3 3 1 

Table 5,  we present the normalized classification accuracy 
for each class, the overall accuracy, the Kappa coefficient, 
and the variance of the Kappa coefficient (@). The Kappa co- 
efficient was found to be significantly different from zero for 
all the methods, thereby implying that classification assign- 
ments differed significantly from random assignments. Tests 
of significance between the Kappa coefficients derived horn 

I the four methods were carried out as explained above using 
the statistic given by Equation 8. From Table 5, we note that 
the Kappa coefficient for method 2 is significantly high, im- 
plying thereby that method 2 is superior to the proposed 
method as well as to other methods. 

Example 2 
In this example, the subscene considered involved 15 clas- 
ses. Table 6 shows the normalized classification accuracy, 
the kappa coefficients and the variance of Kappa coefficients 
for the four methods considered. The Kappa coefficients 
were found to be significantly different from zero. Comparing 
the proposed method with other methods with the help of 
the Z statistics given in Equation 8, we found that the pro- 
posed method and method 2 were not significantly different 

in terms of the Kappa coefficient. But the Kappa coefficient 
due to the proposed method is significantly higher than for 
the other two methods. 

Example 3 
In Table 7, the normalized classification accuracies, the 
Kappa coefficients, and the variance of the kappa coefficients 
are presented. Tests of significance carried out on the Kappa 
statistics showed significance of all Kappa values. The Kappa 
coefficient for the proposed method was significantly higher 
than that for the other methods. 

Summary and Conclusions 
Based on the test results, the following conclusions emerge: 

The Kappa statistics calculated from the classiEcation results 
were significant, implying that all of the classifiers produced 
classifications significantly different from a random assign- 
ment; 
Comparisons made between the Kappa coefficients showed 

TABLE 6. NORMALIZED CLASSIFICATION ACCURACY BY DIFFERENT METHODS: 
SUBSCENE 2 

TABLE 5. NORMALIZED CLASSI~CATION ACCURACY BY DIFFERENT METHODS: Sample Proposed 

SllR<rFNF 1 Classes size GML Method-1 Method-2 method - - - - - -. . - - 
Sample Proposed Forest 87 0.5595 0.8668 0.6937 0.8663 

Class size GML ~ ~ ~ h ~ d - ~  ~ ~ ~ h ~ d - ~  2. Hill forest 100 0.4132 0.7571 0.7080 0.7716 
3. Orchard-1 178 0.9591 0.9927 0.9521 0.9943 - 

1. Sediment 13 0.9764 0.9467 0.9818 0.9259 
2. Water tank 8 0.9304 0.9750 1.0000 0.9364 
3. Deep water 65 0.9247 1.0000 1.0000 0.9364 
4. Shallow water 11 0.9976 1.0000 1.0000 1.0000 
5. Urban 57 0.9837 0.9965 1.0000 0.8788 
6. Orchard 27 0.9754 0.7766 0.9936 0.9717 
7. Eucalyptus-1 24 0.9741 0.8916 0.9906 0.8754 
8. Eucalyptus-2 13 0.9823 0.8458 0.9793 0.8704 
9. Degraded 100 0.9765 0.8388 0.9982 0.9844 

10. Fallow-1 205 0.9543 0.8314 0.9841 0.7833 
11. Crop-1 303 0.9262 0.9045 0.9914 0.9450 
12. Crop-2 193 0.9449 0.9123 1.0000 0.9237 
13. Fallow-2 27 0.9816 0.9855 1.0000 0.9934 
14. Sand 161 0.9791 0.9766 1.0000 1.0000 
Overall accuracy 1206 0.9648 0.9122 0.9942 0.9304 
Kappa(K1 0.8031 0.8895 0.9686 0.9155 I Var(KI 0.0001617 0.0000953 0.0000289 0.0000744 

4. orchard-2 
5. Sand 
6. Plantation 
7. Vegetation 
8. Fallow-1 
9. Fallow-2 

10. Crop-1 
11. Crop-2 
12. Shallow 

water 
13. Deep water 
14. Grass-1 
15. Grass-2 
Overall 

accuracy 
Kappa(K1 
Var(KI 

I 
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I ABLE 7. NORMALIZED CLASSIFICATION ACCURACY BY DIFFERENT METHODS: 
SUESCENE 3 

Sample Proposed 
Classes size GML Method-1 Method-2 method 

1. Deep 
water-1 

2. Deep 
water-2 

3. Sand 
4. Shallow 

water-2 
5. Sparce 

vegetation 
6. Shore 

vegetation 
7. Shallow 

water-1 
8. Vegetation-1 
9. Shallow 

river water 
10. Deep river 

water 
11. Tanks & 

ponds 
12. Wet land 
13. Shore clear 

water 
14. Wet ag. 

field 
15. Mud flat 
16. Dry ag. 

field 
Overall 

accuracy 
Kappa(K1 
Var(K) 

that contextual classifiers produced significantly better results 
than did the GML classification; 
The proposed method has been found to be superior to other 
methods in two out of the three examples cited above; hence, 
we conclude from the overall results that the proposed 
method has an edge over other contextual and noncontextual 
methods. 
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