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Abstract. An algorithm for fusing multiple remotely sensed image clas-
sifiers is addressed herein using fuzzy integral with error proportionate
fuzzy measures. This method includes a procedure for calculating the λ-
fuzzy measures which are adjusted depending on error correlation among
the individual classifiers. Based on these fuzzy measures, the fuzzy inte-
gral is then used as non-linear function to search for maximum degree
of agreement between multiple conflicting sources of evidence. Results
obtained are used for decision making in classification problem. Experi-
mental results on classification of remotely sensed images show that the
performance of proposed multi-classifier method performs better than
conventional method where fixed fuzzy measures are used.

1 Introduction

Data fusion for optimal information extraction has been gaining attention over
the past decade[6]. This study will particularly discuss information fusion in the
sense of combining results from multiple classifiers with application to classifica-
tion of remotely sensed images. Information from multiple classifiers may agree
or conflict with each other. Therefore, the task of fusion is to search for maxi-
mum degree of agreement between the conflicting supports for each pixel. Let p
be an unknown pixel to be classified, Ω = {ωi : i = 1, 2, .., m} a set of classes,
C = {ci : i = 1, 2, .., n} a set of classifiers. The fusion of multiple classifiers can
be expressed as

Φ(ωi/p) = F [f(ωi/p, c1), f(ωi/p, c2), ..., f(ωi/p, cn)] (1)

Where Φ(ωi/p) is the combined information about p being classified as class
ωi, F is fusion operator, f(ωi/p, cn) is the output of classifier indicating the
degree of confidence with which pixel p belongs to class ωi. The performance of
fuzzy integral is greatly affected by changing the values of the fuzzy measures
[2] as explained in next section. Some methods for identifying fuzzy measures
have been proposed (e.g.: [1],[5]) for classification. One main contribution of this
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study is to further investigate the role of fuzzy measures in improving the fusion
performance of fuzzy integral by introducing corrective measure for calculating
these fuzzy measures with application to classification of remotely sensed images.
The classifiers being used in this study are neural networks. The generalization
abilities can be improved using neural network ensemble instead of a single neural
network [3].

2 Fuzzy Measure and Fuzzy Integral

For sake of completeness, some basic definitions and properties of fuzzy integral
are discussed below. For full description of the fuzzy integral and related fuzzy
measure, the reader is referred to [2].

2.1 Fuzzy Measure

Fuzzy measures are generalizations of classical measures. A measurable space is
a pair (X, Ω) consisting of a set X and a σ-algebra of subsets of X. A set function
g defined on Ω is a fuzzy measure if it satisfies the following conditions:

1. g(φ) = 0, g(X) = 1
2. g(A) ≤ g(B) if A ⊂ B and A, B ∈ Ω

A gλ-fuzzy measure was proposed by Sugeno [4] with additional condition.

g(A ∪ B) = g(A) + g(B) + λg(A)g(B), λ > −1 (2)

where A ∩ B = Φ The constant λ can be determined by solving the following
equation:

λ + 1 = Πn
i=1(1 + λgi) (3)

where gi (0 ≤ gi ≤ 1) is fuzzy density and is defined as grade of importance
of classifier ci towards the final evaluation of the system. g(X) is importance of
arbitrary set of X classifiers. For given set of gis, there exists unique root λ > −1
and λ �= 0.

2.2 Fuzzy Integral

Let C = (c1, c2, .......cn) be a finite set of classifiers and 0 ≤ f(c1) ≤ f(c2).. ≤
f(cn) ≤ 1 (if not, the elements of C are rearranged to make this relation hold),
where f(ci) is numerical output of classifier ci for a particular class, then the
Sugeno fuzzy integral can be computed by

∫
A

f(x)og(.) = maxn
i=1[min(f(xi), g(Ai))] (4)

where Ai = {ci, ci+1..., cn}.
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3 Error Proportionate Fuzzy Measures

In classification of remotely sensed images, it is realized that assigning a fixed
value for each fuzzy density is less effective due to the fact that each classifier
may not perform equally well in recognizing all the classes. Therefore the weight
of importance or the fuzzy density of each classifier will need to be adjusted ac-
cording to class and also the simultaneous information given by other classifiers.

In the case of multi neural network fusion, let Ω = (ω1, ω2, .....ωm) be the set
of classes of interest and let C = (c1, c2, .......cn) be set of classifiers. Now con-
sidering that for each ci, the degree of importance gi, must be evaluated. These
values can be evaluated easily from the training data. Consider the confusion
matrix of classifier ck denoted as P k which contains the results of correctly clas-
sified and misclassified pixels obtained from the validation set. It is constructed
for each classifier and expressed in the form:

P k = [pk
ij ] (5)

where, again for short notation i and j stand for ωi and ωj respectively (i,j =
1,2,3,....m). For i = j, pk

ij is correctly classified pixels in class ωi by classifier ck

. When i �= j, pk
ij is the number of pixels in class ωi being misclassified as class

Ωj by ck. In conventional methods proposed earlier[1], the fuzzy density of each
classifier was considered as ratio of correctly classified pixels to the total pixels
in the validation data.

Instead of using a single fuzzy density for an individual classifier, we will
assign different fuzzy densities for different classes for each classifier. The fuzzy
density can be initially defined as:

gk
i = pk

ii/Σm
j=1p

k
ij (6)

where gk
i is the fuzzy density of classifier ck in the classification of class Ωi, i =

1, 2, ...m. Furthermore, it is always observed that each classifier is more robust
than the others in classifying certain classes, but more error-prone in the clas-
sification of some other classes. Therefore it is necessary to take into account
this effect to adjust the values of the initially defined fuzzy densities as given
in (7). In this study we propose that fuzzy densities be updated by consider-
ing the pair wise proportion of the misclassified objects between the considered
classifier and other. Thus, the fuzzy densities can now be updated so as to get
error-proportionate fuzzy densities as follows:

gk∗

i = gk
i ∗ (Πlα

k/l)w (7)

where gk∗

i is updated fuzzy density of the classifier ck for class ωi, and {αk/l},0 <
αk/l ≤ 1, is set of updating parameters according to the information within
considered classifier ck and other classifier cl. The weight w is used to make the
process more flexible. The set of updating parameters αk/l is derived based on the
idea that if both classifiers are assumed to make different mistakes then initial
fuzzy density of classifier which used to make more mistakes will be reduced.
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And there is no change in the updating process if the considered classifier ck

makes same or less mistake than the other classifier cl. Thus, it is expressed as

αk/l =

⎧⎨
⎩

1 if classifier ck makes same or less mistakes than classifier cl;
pl

i,j/pk
i,j if classifier ck makes more mistakes than other classifier cl;

δ if classifier cl makes zero mistakes.
(8)

where δ is a small real value which prevents αk/l from becoming zero.

4 Fuzzy Fusion Using Error Proportionate Fuzzy
Measures

Let Fi = {f(i/k) : k = 1, 2.....n} be set of numerical outputs estimated from
all classifiers ck indicating how likely the input in question should belong to
class ωi, where 0 ≤ f(i/k) ≤ 1. For f(i/k) = 0, classifier ck gives no support
about the pixel in question belonging to class ωi, and for f(i/k) = 1, classifier
ck gives full support about unknown input belonging to class ωi. Start with the
fuzzy measures, and a sequence 0 ≤ f(i/1) ≤ f(i/2).... ≤ f(i/n) ≤ 1, the fuzzy
integral based fusion model combines all of these pieces of evidence from different
classifiers into single real value Φ(Fi), in terms of sugeno integral defined as

Φ(Fi) = maxn
k=1[min(f(i/k), g(Zi/k))] (9)

where Zi/k = {ωi/c1, ωi/c2, ....ωi/ck} i.e., set of first k classifiers after ordering
of the numerical outputs, f(i/k).
Using (9), the object can be classified to a class ω∗

i or denoted simply as i∗ if its
integrated value is maximum, that is

i∗ = argi{max(Φ(Fi))} (10)

The detailed algorithm is given below:

1. Construct the confusion matrix for each classifier as described by (5) using
the training data.

2. Calculate the initial fuzzy densities as defined by (6).
3. Calculate αk/l as defined by (8) for each classifier k with respect to all other

classifiers l.
4. Update the initial fuzzy densities using (7) with given weight w.
5. Repeat steps 2-4 for all classifiers with respect to same class.
6. Compute the gλ-fuzzy measures using updated fuzzy densities.
7. Repeat steps 2-6 for all classes.
8. For each unknown input pixel compute the fuzzy integral defined by (9) for

each class.
9. Using (10), assign the unknown input pixel to a class i∗.
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Table 1. Classification performance of individual BPNNs and the fuzzy integration.
FI1 is integration using fixed fuzzy measures and FI2 is using error-proportionate fuzzy
measures.

Class BPNN1 BPNN2 BPNN3 FI1 FI2

Early Wheat 50.42 76.06 69.23 67.5 68.37
Late Wheat 75 27.77 62.5 55.56 55.56
Rice 100 100 64.28 100 100
Masoor 58.33 75 78.1 63.88 63.88
Forest 100 100 100 100 100
Water 69.13 60.49 77.7 67.90 74.07
Urban 48.14 59.25 22.2 40.74 40.74
APA 71.57 71.22 67.71 70.79 71.79
OA 75.51 74.2 70.62 76.45 77.58

Table 2. Classification performance of individual BPNNs, RBFs and the fuzzy in-
tegration. FI1 is integration using fixed fuzzy measures and FI2 is integration using
error-proportionate fuzzy measures.

Class BPNN1 RBF1 BPNN2 RBF2 FI1 FI2

Early Wheat 42.7 37 43.7 56.2 48.6 47.5
Late Wheat 85.1 75.7 76.5 67.1 84.4 89.06
Rice 89.7 89.7 97.3 89.3 94.1 96.87
Masoor 75 73.4 78.1 68.7 82.8 82.8
Forest 100 99.21 100 100 100 100
Water 59.7 84.7 64.6 87.5 68.75 68.75
Urban 81.2 72.9 81.2 75 79.16 85.41
Background 100 100 100 100 100 100
APA 79.17 79.08 80.18 80.48 82.22 83.79
OA 80 80.4 81.4 83.02 83.12 84.18

Table 3. Classification performance of individual BPNNs, RBFs and the fuzzy inte-
gration using multi dated images. FI1 is integration using fixed fuzzy measures and
FI2 is integration using error-proportionate fuzzy measures.

Class BPNN1 RBF1 BPNN2 RBF2 FI1 FI2

Early Wheat 42.7 44.71 43.7 67.30 52.4 66.82
Late Wheat 85.1 45.31 23.43 95.31 55.46 78.12
Rice 89.7 83.48 75.45 57.58 87.05 89.28
Masoor 75 92.18 98.43 53.12 93.75 92.1
Forest 100 100 100 98.43 100 100
Water 59.7 65.27 78.47 57.63 76.39 72.91
Urban 81.2 70.83 93.75 37.5 100 93.75
Background 100 100 100 100 100 100
APA 79.18 75.23 76.64 70.85 83.13 86.62
OA 80 76.14 74.50 76.22 81.72 86.22
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5 Experimental Results

The proposed fusion technique is applied to combine the results given by multiple
classifiers for classification of remotely sensed images. The data used is taken
from Space Applications Centre (ISRO) Ahmedabad. The image used in this
study is a 990 x 500 pixel image of Varanasi area, Uttar Pradesh in India. Table 1
gives the results on test data using the back propagation neural networks(BPNN)
with 8, 14, 22 hidden units in three layered architecture. Table 2 gives results on
test data using two BPNNs with 2 hidden layers with 10 and 30 hidden nodes
in each hidden layer and two Radial basis function (RBF) networks with 30 and
25 hidden nodes in hidden layer. Table 3 gives results on test data using same
architecture as Table 2, but using the two different dated images. The proposed
method can be seen to improve in classification performance as reflected in high
overall accuracy (OA) and average percentage accuracy (APA) for most of classes
in all the experiments.

6 Conclusions

A fuzzy-integral algorithm for the fusion of information from multiple image
classifiers using error proportionate fuzzy measures has been discussed. From the
experimental results on the classification of remotely sensed images, it has been
shown that proposed method is superior to conventional method of calculation
of fuzzy-densities. A procedure for deriving and updating the fuzzy densities
which are considered very important in calculation of fuzzy measure and the
fuzzy integral is discussed in this paper. One issue worth considering in future
investigation is optimal selection of the exponential weight w used for updating
fuzzy densities, as at present stage this weight is selected manually through many
experiments.
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