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Abstract

We study classifier fusion by the fuzzy template (FT) technique. Given an object to be classified, each
classifier from the pool yields a vector with degrees of “support” for the classes, thereby forming a decision
profile. A fuzzy template is associated with each class as the averaged decision profile over the training
samples from this class. A new object is then labeled with the class whose fuzzy template is closest to
the objects’ decision profile. We give a brief overview of the field to place the FT approach in a proper
group of classifier combination techniques. Experiments with two data sets (satimage and phoneme) from
the ELENA database demonstrate the superior performance of FT over: a version of majority voting;
aggregation by fuzzy connectives (minimum, maximum, and product); and (unweighted) average.

1 Introduction

We consider a pattern classification problem where x € R? is a feature vector to be labeled into one or more
of ¢ classes. Every mapping D : R — {1,2,...,c} is called a crisp classifier. A soft classifier is a mapping

D : R - [0,1]° — {0},

() = (@), @), € . M)

The decision of D can be “hardened” so that a crisp class label from 1,2, ..., c is assigned to x.

Many classifiers produce class labels as posterior probabilities for the classes, given z, i.e. /,Lif)(x) =
P(ilz),i = 1,...,c. Since we do not restrict /,L% (z),i=1,...,c to add up to one, our model allows the labels
to be interpreted as possibilistic, probabilistic or fuzzy.

Combining multiple classifiers to achieve higher accuracy is called different names in the literature:

e combination of multiple classifiers [22, 26, 30, 31];
e classifier fusion [5, 10, 16];

e mixture of experts [13, 14, 15, 25];

e committees of neural networks [3, 7];

e consensus aggregation [2, 24];

e voting pool of classifiers [1];

e dynamic classifier selection [30];

e composite classifier system [6];

e classifier ensembles [7, 9].

Other catchy names include: divide-and-conquer classifiers [4]; pandemonium system of reflective agents
[27]; change-glasses approach to classifier selection [17], etc. The paradigms differ on the assumptions about the
classifiers (e.g., dependencies and output type), on the aggregation strategy (e.g., global (classifier fusion) or
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| Output || No re-training | Re-training |

Crisp Magority [23] Knowledge-Behavior Space [12]

Trained linear combination [11, 28],
Neural network [15],
Fuzzy integral [5, 16],
Dempster-Shaffer combination [26],
Fuzzy templates [20]

Fuzzy connectives
(e.g., Min, Maz, OWA) [19],
Average, Product, [29]
“Naive” Bayes combination [31]

Fuzzy

Table 1: Classifier fusion techniques

local (classifier selection)), and the aggregation procedure (e.g., a function, a neural network, or an algorithm),
etc. The great majority of aggregation techniques are heuristic and empirical. Majority voting has been
investigated in more detail [23].

When designing a combination scheme we can choose either to train or not to train at the aggregation or
second level. Many aggregation rules do not use any further training after the classifiers have been designed.
Typically these are simple aggregation rules like majority voting, various forms of averaging, or fuzzy set
connectives [18, 19, 21]. The reason for not training at the second level is that for small data sets this can
easily lead to overtraining (overfitting the data).

Table 1 systematizes some classifier fusion paradigms with respect to 2 factors: e classifier output — crisp
(single label) or soft (a vector up(z) € [0,1]° — {0}); and e re-training (using training at the second level).
Marked in boldface in Table 1 is the fuzzy template (FT') technique, and in italic are the competing classifier
fusion techniques that we study here.

Amongst the techniques in the bottom right cell of Table 1, F'T is the simplest one. We chose simple
techniques for comparison because it is always advisable to try the simple methods first [24] and if they fail,
more sophisticated methods should be tried. An example of a simple, accurate and robust technique is majority
voting [1, 22].

In Section 2 we present the fuzzy template technique for combining multiple classifiers. Section 3 contains
our experiments with 2 data sets (Satimage and Phoneme from the ELENA database), and Section 4
provides conclusions.

2 Fuzzy templates for combining multiple classifiers

Let C = {C1,...,CL} be the set of L classifiers. We denote by C;(z) = [d;1(%),...,d;.(2)]T the output of the
ith classifier, x € R?, where d; ;(z) is the degree of “support” given by classifier C; to the hypothesis that x
comes from class j. Typically, d; j(z) € [0,1]. Besides the usual interpretation as an estimate of the posterior
probability P(j|z) by classifier C;, d; j(x) can be viewed as typicalness, belief, certainty, possibility, etc., not
necessarily coming from statistical classifiers. D is then

D(z) = F(Ci(2),...,Cr(x)) ()
where F is called the aggregation rule.

Definition 1. The decision profile of a combination of L classifiers given x € RP is the matriz

dl’l(l') dlﬁj(.'l‘) dl’c(.'li)
DP@) = | dis(2) . dij@) .. dio(z)
dpi(@) v dpj@) .. dp()

Definition 2. Let Z = {Z1,...,Zn}, Z; € RP be crisply labeled training data. The fuzzy template of class i



is the L x ¢ matriz F; = {fi(k,s)} whose elements are obtained by [20]:

S Ind(Z,0) dis(Z))
filk, ) = SN Ind(Z;,i) )

where Ind(Z;,1) is an indicator function with value 1 if Z; has label i, and 0 otherwise.

Thus, the fuzzy template for class i is the average of the decision profiles of the elements of the training
set Z labeled in class 1.
When = € R? is submitted for classification, the F'T' combination of classifiers produces the soft class label

vector [20] with components: ‘
iy (z) = S(Fi, DP(z)), (4)

where S is interpreted as similarity. Regarding the two arguments as fuzzy sets, various fuzzy measures of
similarity can be used. Here we used

C

L
@) = 1= 2= 32 3 (il 5) — dyo(0)” (5)
k=1

s=1

To “harden” the classification decision, x is assigned to the class label with the maximal support. For
comparison we also used the following L-place operators as the aggregation rule (F): majority vote, minimum,
maximum, average, and product, i.e.,

W (2) = F (dii(@),. . dia(@), i=1,...,c. (6)

3 Experiments

We considered two data sets from the ELENA database available via anonymous ftp at
ftp.dice.ucl.ac.be,

directory

pub/neural-nets/ELENA/databases.

Results with the same data using other combination methods can be found in [30].

The Satimage data was generated from the Landsat Multi-Spectral Scanner image data. It consists of
6435 patterns (pixels) with 36 attributes (4 spectral bands x 9 pixels in a 3x3 neighborhood). Pixels are
crisply labeled in one of 6 classes, and are presented in random order in the database. The classes are: red soil
(23.82 %), cotton crop (10.92 %), grey soil (21.10 %), damp grey soil (9.73 %), soil with vegetation stubble
(10.99 %), and very damp grey soil (23.43 %). What makes this database attractive is: large sample size;
numerical, equally ranged features; no missing values; compact classes of approximately equal size, shape and
prior probabilities. Figure 1 is a scatterplot of the 6 satimage classes on features # 17 and # 18. In our
experiments we used only features # 17 to # 20, as recommended by the database designers.

The Phoneme data consists of 5404 5-dimensional vectors characterizing two classes of phonemes: nasals
(70.65 %) and orals (29.35 %). The scatterplot on features 3 and 4 of 800 randomly selected data points is
shown in Figure 2. The two classes are highly overlapping with complex classification boundaries suggesting
that parametric classifiers will not achieve good results.

We designed 6 classifiers with the Satimage data and 10 classifiers with the Phoneme data using all
combinations of 2 features in each case. Three sets of such classifiers were considered: Linear Discriminant
Classifier (LDA); Quadratic Discriminant Classifier (QDA); and Logistic Classifier (LOG). We used the Matlab
code from the package PRTOOLS [8].

With each data set we made 4 random splits into training and test sets with 200 elements for training and
the rest 6235 (Satimage) or 5204 (Phoneme) for testing. Tables 2 and 3 show the test classification accuracy
averaged over the 4 splits. We display also the averaged test accuracy of the single best classifiers.

We did not consider here the rejection option — all ties were broken randomly. Therefore in our version of
majority voting we assigned a class label, even if the number of votes for the majority class was less than half
(for the Satimage data where 6 classes are possible, the votes may be spread so that none of the classes gets
more than half of all votes).

In all experiments but one with the Satimage data the combinations achieved better accuracy than the
best single classifiers. Amongst these, F'T' produced the highest improvement. As expected, the Phoneme



140 T T T T T T
=} = ]
E ] DD E\D -
120 | 0% o © Bo_ Be 8 o e
o o Og_ O
08 88 0% o°8 o 8 © o 8
o £8 288 §8o $88 $89 UEx ®Ex™ Bo EDH Oo O
o & 88 86 o8 o8 og o E TBw EZ O
o 88 88 %88 $o0 o°H OPR NWEx"®En’ @
100 - 8 8@ 8g Qgg Co  “%mg Yag Ymyg ¥xy U o .
o oy 8% §g 8, 8&m 8 @ §$§ Dgs
8 00° 08 8o 082 Sw Bax Bax BEwxUx
008 088 88 68 &% m™ ¥ meE wx
08088 088 88 ofF »BF By< ¥EE X X
B0 L o oggols oSS 85 BE wh " ki -
SO OO Rog:] K& BOK AKX KX
OO0 & OO0 OB A B K X
Saegiost o8 gL BR R
5008883 6o &% EE A8% 4
07 068 Afy ﬁg B2 a5 o
60 - N ﬁﬁ hx 23 £ 'red_soil' © .
AAAﬁ Aﬁg §§ 2 ‘cotton_crop’  +
WANRR (Rp AT 4 ’ ‘grey_soil' ©
LAARBALS AR+ A damp_grey_soil’
T a%ath 2% ‘'vegetation_stubble’ 2
a0 L f++$i¢ﬁi + ‘'very_damp_grey_soil’ x i
++ o+ $+++$++
++++ FH+++ +
FEFE feotet
+F++ +
++++ +
20 1 1 1 1 1 1
40 50 60 70 80 90 100 110

Figure 1: Scatterplot of the Satimage data on features # 17 and # 18

data appeared to be difficult for the two parametric classifiers (LDA, QDA) and the semi-parametric classifier
(LOG). In this case the fuzzy template technique clearly outperformed the rest since it was the only one that
consistently improved on the single classifier rate.

Majority voting could have produced better results if we had used the suggestion in [23] to double the best
classifier’s vote or to drop the worst classifiers’ vote in order to get an odd number of voters.

Unlike the rest of the aggregation techniques selected for comparison here, F'T uses the data set to (re)train
the classifier combination. This probably explains the higher accuracy.

4 Conclusions

In this paper we discussed fuzzy templates for combining multiple classifiers. In our experiments on two
data sets this scheme was superior to majority vote, maximum, minimum, average and product aggregation
connectives.

In our previous study [20] we experimented with “distorting” one of the classifiers in the pool by substituting
VHp for pp. The fuzzy templates still outperformed the maximum, minimum, and average aggregation rules
used in this study.

It is interesting to compare the fuzzy templates with other combination techniques from the same group
(Table 1). We expect that F'T will generalize better than techniques that use large numbers of parameters
that are estimated during re-training, e.g., fuzzy integrals. This is important when the training data set is not
large (like in this study) so that re-using it may lead to an unacceptable overfit.

Euclidean distance is not the only option for calculating the similarity as in Eqn. (5). We can use various
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Figure 2: Scatterplot of the Phoneme data on features # 3 and # 4

other measures from fuzzy set theory. This will be the topic of a future study.

An option that may improve the overall accuracy is to select a subset from the pool of classifiers instead
of using all of them. This will put all the combination rules in the re-training group. The method of selection
can vary from exhaustive search (in the case of a few classifiers) to procedures borrowed from feature selection
or from editing methods for the k-nearest neighbor rule.

In summary, we feel that F'T warrants further study because it is simple, achieves high accuracy, and
generalizes well.
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