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Abstract - This paper investigates the use of fheorrelation correlation analysis in section 3, followed by getection

as a measure for classifier diversity to aid in tbleoice of process and applications to defect diagnosticeatian 4

classifiers for a fusion ensemble. Specifically, define a znd 5, respectively.

measure that captures the correlation for n clasessf for binary

output as well as for classifier with continuougmu. We then

suggest the use of tigecorrelation in classifier selection where

cIa%%ifiers are pickb(f:-lfjC sequentially from a largepop of 2 BaCkground

classifiers  without the .need to exhaustively dalteu the It has been recognized that the success of a fitmssi

performance of - all possible permutations. We shiat this \gion in performance improvement relies on praperl

simple method will give close to optimal clggsiﬁma h . individual classifi to be fused. Sefert

performance. We present examples from real apjiicatfor ¢ 00§I_ng Individual classiners 1o Dbe fused. . Gy

both binary as well as continuous out classifiers. cl_assmers can be performed t_hrough_ exhaustlve_che_a
with the performance of fusion being the objective

Keywords: Classifier fusion, decision fusion, correlationfunction. This is a fairly straightforward methddwever,

diversity, MCS, information fusion, tracking, clé&sation. as the number of classifiers increases, it becomes
computationally too expensive. In their recent wank

) methods for designing multiple classifier systenasds

1 Introduction on the “overproduce and choose” paradigm, Roli.gtl}

The success of classifier fusion depends on twifacl) described six different approachgs for selectiagdifiers.

a pool of diverse individual classifiers to be fiisand 2) AISO recently Kuncheva and Jain [2] used GAs tectel

the proper combining method. There are two ways §Ssifiers and a corresponding feature subsetetah

obtain diverse individual classifiers. One approagho classifier at the same time.

first heuristically pick a number and types of slfisrs . . .

and then ensure a diverse output, for example bygus Instead .of Q|rectly using fusion performance ase th

different data samples in the training phase (baggind search objectlve. functlon,. .se\./eral measures hawn be

boosting). Another approach is the “overproduce aREoPOsed for quick quantification of the goodne$sao

choose” paradigm [1]. This paper follows the secor@OUP Of pair of classmers_;,_ i.e., how sucqesﬁﬁel fusion

approach. More specifically, the paper is concennét will be when those classifiers are cqmbmeq Oqehef

choosing classifiers from a large pool of classifigor MOSt popular one of these measures is the divetsiogh

classifier fusion to achieve classification perfamoe as & Vedelsby [3] define diversity as ambiguity that the

close to the optimal performance as possible wdiilehe variation of the output of ensemble members avetage

same time avoiding the exhaustive evaluation of 4Yer unlabeled data. Kuncheva & Whitaker [4] sumizer
possible classifier combinations. 10 different measures to quantify diversity of aougy

(>=2) of classifiers. Diversity, as a measure, fesnlbused

In classifier fusion, it is desirable to use cifiess that for Selecting ensembles in design of multiple dfeess
— besides offering reasonable performance — haveSY§temdl] and for evaluating and selecting classifiens fo
mutual low correlation. Obviously, if two classifs in a & distributed meta-learning system [5]. Diversigstalso
three classifier fusion task are completely redundaP€en used for feature selection for ensembles [6].
many fusion schemes will not only not gain anything Corrglgtlon t_hat _adversely affects the performamte
will actually exhibit poorer performance. Some degof classifier fusion is another mgasure. Pe@rakos].et?}a
confirmatory information is of course desired, hiis the Proposed a method for classifier correlation analjer
complementary information that gives the multi-sleier WO classifiers.
fusion a chance to be successful.

Below, we will first illustrate the background of
classifier correlation measures then discuss tbhegzed



2.1 Classifier performance evaluation total success rate (TSR) is typically used as aple&m
. . measure for overall performance of a classifier:
We consider classifier problems where a featureavec

xOOP is to be labeled into one or more ®tlasses. In NOL

order to achieve high overall performance of the FP=———51 @)
classification function, the performance of eadtividual N™+N

classifier has to be optimized prior to using ithin any EN = N @)
fusion schemes. That is, the fusion scheme wikilbe to N0 4+ N12

improve the overall classification result relative the NOL 4+ N0

performance of the individual classifiers. If seer TER= 3)

N00+Nll+ N01+N10

classifiers with only marginal performance are peised,
TSR=1-TER “4)

the results cannot necessarily be expected to rdaeh
high performance sought if practical consideratisnsh
as computational constraints in an actual impleatent
are being factored into the selection process (ghawe 3  Classifier correlation

discount the case where an exceptionally large ®arD \ypie it has been well understood that each indiald

class_mers might - accomplish the same perfo_rmangl%lssiﬁer,s performance is very important to the
requirements). On the other hand, if several digssiare o .
used that work exceptionally well, any further gaimill performance of a classifier fusion there seemsetdel?g

y awareness that the dependency between the clesdie

be exceedingly hard to accomplish because oppd)yturge fused also affects the fusion results. Someestd]

for diversity is diminished. Individual classifier ;
optimization can be performed by selecting appedpri have shown that the degree of correlation betwéen t

parameters and — where applicable — structuregthagrn classifiers adversely affects the performance oé th

the performance, in addition to the appropriateihof Subsequent classifier fusion. If two classifiersreeg
features. everywhere, the fusion of the two classifiers wilbt

achieve any accuracy improvement no matter whabrius

After design a confusion matrM can be generated formethod is used. For classifier fusion design, diass
each classifier using labeled training data [8].eTreorrelation analysis is, therefore, equally impertas the
confusion matrix lists the true classes versus the classifier performance analysis.
estimated classes. Because all classes are enumerated,
it is possible to obtain information not only abdbie
correctly classified state®\{® andN'), but also about the
false positivesN™) and false negative®t®). The top-left Petrakos et al. [7] describe a classifier correfatinalysis
entry of the confusion matrix is dedicated to tlenmal for two classifiers. Based on the classifier ougpor the
caseN”™. The first row — except the first entry — containkibeled training data, a 2x2 matfikas shown in Fig. 2
theN’. The off-diagonal elements — except the first rowcan be generated for each classifier pair. Theliafjonal
contains theN'®. Sometimes a further distinction is madaumbers directly indicate the correlation degretheftwo
between false negatives and false classifieds wtiere classifiers. The smaller the two off-diagonal nursbere,
false classifieds are defined to be the off-diagortne higher the correlation between the two claasifivill
elements of the confusion matrix except the fiost and be. The proportion of specific agreement which \aé c
the first column. A typical two-class confusiontmaM here the correlation,, is defined in [7] as
is shown in Fig. 1.

3.1 2-Classifier correlation analysis

2xNFF ©)
Classes assigned P2 =—F T ==
by Classifier N™+N™ +2xN

| 0 | 1 |

whereN'" implies that both classifiers classified correctly
NF means both classifiers classified incorrectly’”

§ o|| N NO1 represents the case of the 1st classifier cladstferectly
3 and 2 classifier classified incorrectly, amf™ stands for
© the 29 classifier classified correctly and™ Iclassifier
2l [ N | N1 classified incorrectly as further shown in Fig.I2.order
for classifier fusion to be effective in performanc
Fig. 1. Typical 2-class confusion matrix. improvement, the correlationp,, has to be small (low

correlation).
From the confusion matrix of each classifier, tladsé
positive (FP) error, the false negative (FN) ertbe total
error rate (TER), and the total success rate (T&R)be
calculated for the classifier. These error ratesdefined
as in Equations 1 — 4. The total error rate (TER}he



number of classifiers. The@-correlation coefficient is
then
nN'
L (6)
NE+nN'
- Z I
* NTT | NTF —
g
Eg NFT | NFF If N is the number of experiments aKNdis the number of
© experiments for which all classifiers had a righswer,

eguation 6 can more conveniently be rewritten as
Fig. 2. Correlation Analysis Matrix nNf
Pn = (@)

N-N"-N"+nN'
Consider the output of 2 classifiers as enumeriat@éble . - L
1. Consider a 3-classifier example which is the samme a
previous 2-classifier example except that a thiedssifier
Table 1: Results from experiment for 2 classifiers. was added that gets the answer wrong in 50% afadbes.

Answer classifier 1 Answer classifier 2 The calculation op , yields:p , =0.21
T
T F Although the newly added classifier has poor
F T performance, its addition reduces the overall rdduany
T F of the classifier assembly.
F F
[= [= It is interesting to note that the—correlation does not
T F record redundancy with any particular classifi@r ({i>2)
E T but with a set of classifier only. For illustratipeirpose,
T T consider the simplistic cases shown in Table 2Teaizle 3
T T [8]:
T T
T T Table 2: Output for 3 classifiers
$ -'IZ- Output Output Output
T T classifier 1 classifier 2 classifier 3
= T T F F
F T F
Th : ; _ - F T T
e calculation ofp, yields p , =0.36. Had classifier 2
been completely redundant to classifier 1, dbeelation l -'E -:;

would have beep, =1

3.2 n-Classifier correlation analysis Thep-correlation isp, = 0.5

We proposed an extension of the 2 class correlation . . L
coefficient to n different classifiers [8]. The it that Pable 3: Output for 3 classifiers with differentiput for

d e
redundancy is described by the individual true &aige 3" classifier

answers of the classifiers is retained from theldssc Answer Answer Answer
correlation analysis. The larger the-correlation, the classifier 1 classifier 2 classifier 3
larger the redundancy. In particular, tlpecorrelation T F T

goes to zero if the individual incorrect answeres disjoint F T T

for all answers. That implies that there is alwaydeast F T F

one correct answer from some classifier for anyecag T T
available. Theo—correlation coefficient gets larger as theg F F

number of wrong answers are the same for many asswe

Let N be the number of experiments where all classifiefhe p-correlation isp , = 0.5

give a wrong answeNS be the number of experiments

with combinations of correct and incorrect answerss ~ Obviously the third classifier is different in titeo

the combination of correct and incorrect answees & _exarrPFJ'e casei above. HO\(/jvever, the degree Orf] dlﬁﬂlﬂé _
PP . o . is the same because it does not matter whethes it i

classifiers: CD{Wr’rW}’ for 3 classifiers: correlated to the first or to the second classifiather it

c O{wwr, wrw, rww, wrr, rwr, rrw}, etc.);n is the is only relevant that it correlated to the combiraf the

first two classifiers.



It has to be noted that the calculation of th@onsider now 2 classifiers with continuous output
p-correlation factor can be performed on multi-clagdunded by [0,1] as shown in Table 4. Table 4 alsmvs
scenarios as well because the factor is only caecerthe normalized adjusted output o.
with the correctness of the outcome. The calculation ofp, yields: p, =0.2441

3.3 Classifiers with continuous output where

f_
For classifiers that give continuous output such as N = 155_
confidences, partial class membership etc. we p®@0 N! = 485
slightly different operatorp,, [8]. Let ch be the sum of
all false classifier outputs that are greater thanision . )
threshold t; Oif be the fused output per case flCIaSSfler selection

The p—correlation coefficient can be used for different

Nelassifiers
0. purposes such as classifier selection, classiiiealation,
of =P i g off ifof">t, . and within the fusion algorithm itself. We discussre
=———— and o, =< " T T teis i i ;
( Mo ji 1—0}’}‘” otherwise only the issue of classifier selection and refar §ome

initial thoughts on classifier simulation and fusio
the decision threshold for class membersHHlJcI is the estimate refinement to Goebel et al. [8].

sum of cases that are false per threshold t, . . . .
N, As mentioned, classifier selection should be cdraet
ch :Zoif whereN; is the number of false cases such that the least redundancy is maintained. , Firse
- needs to select an appropriate performance measicé
N, is typically comprised of the (possibly weightedlsi
whileN! = Zo_f is the sum of true fused cases whigre Positives, false negatives, and false classifienf. & 2-
= J class classifier, the TER as introduced in Eqg. # ba

is the number of true cases. Thengheorrelation p, is US€d. Then, assuming a suitable set of classifiers
¢ available, the best performing classifier is chodgaxt,

the classifier with lowest joint correlation wilebadded.
Note that this does not imply that the two bestquaring
classifiers are fused. This process is repeated tin&
desired number of classifiers has been reachedtdrtiue
p-correlation increases.

nN,/
Pn, = <

c f t f (8)
N-NJ - N +nN/

Note that A, #0 for completely redundant information if

the output is not completely symmetric (which ipitally

the case). This method assumes that there is some inherent

advantage in using the best classifier in the fusicheme.

Table 4: Classifier output for 2 classifiers in tinnous This seems to make sense intuitively although it is

format )
- acknowledged that, theoretically, the performande o

Itgti g;;zlijfger 1 ggé?sﬁtierz g&njgzta;ged several non-optimal class?f?ers may in some cases
cumulative outpgrform a set of classifiers that |ncludes_ tk_&stb
output @ classifier. With thaF acknowledgment, we continughw

1 0.7 06 0.65 the stated assumption

1 0.6 0.3 0.7 . . .

1 0.3 0.6 0.65 Consider now the following example where classifier

0 0.2 0.7 0.75 is completely redundant to the second classifier as

0 0.6 0.8 0.7 enumerated in Table 5.

0 0.9 0.8 0.85

0 0.1 0.6 0.75 Table 5: &' classifier added

o4 03 o Ouput —— Oupui _ Ouipu

0 04 04 0.6 classifier 1 classifier 2 classifier 3

1 08 0.6 0.7 T L L

0 0.2 0.1 0.85 S T T

0 0.3 0.7 0.7

1 0.7 0.9 0.8 E E E

0 0.4 0.4 0.6

0 0.7 0.4 0.65

The p—correlation of classifier 1 and classifier 2 is
0=0.67. The jointo—correlation of the three classifiers is
o =0.75, i.e., theop—correlation increased. This gives us a



quantified measure for rejecting the third classifiHad The joint accuracy of classifier 1 with classifiar is
the third classifier instead been as shown in Téblthe plotted against the classifier used with classifieras
index would have beem, =0.5; i.e., thep—correlation shown in Fig. 3. This figure also shows the baseiecy.

decreased. What is interesting to note is that the joint aeoyr has
almost no statistical correlatiarwith the single accuracy.
Table 6: Different ¥ classifier (c=0.01). That is, choosing classifiers based onr thei
Output Output Output classifier performance may not lead to the best joint perforea
classifier 1 classifier 2 3 At the same time, the—correlation (while still low) has a
T T T somewhat higher correlation c-0.44) with joint
T F F accuracy.
F T T
F F T 0.72
F F F

‘ l ‘ ‘ sirg;Ie accura‘cy ‘
0.7/\/ —— jointaccuracy with classifier 1

. . . . 068 /\ /\,
5 Application to classifiers with continuous _—

output oser

We show here an application to classifiers with §°% 1
continuous output. Specifically, 10 classifiers &er g geal
designed to tackle defect detection for inspectiata. A

host of several hundred features was available fubich 08¢ i
smaller sets were selected for the individual di@ss o058l ,
using a genetic algorithm driven selection pro¢8ksThe

classifiers were chosen to be all feedforward rienets. 0s6r |
The use of different input features to differentwmks 054 ‘ : ‘ . ‘ ‘ ‘

and varied network configuration try to ensure a o4 8 0 89 628

classifier

reasonable diversity. The accuracy was calculatbjest . . S
to the Neyman-Pearson criterion where the truetipesi Fig. 3. Single accuracy versus pair-wise joiniagcy.
rate was set fixed at TPR=98%. In reaI-worIgF_ . .
classification problems, the classifier performaigceften able__8 shows th_e_ res‘%'t of ?“?‘d'”g sucgesswely the
constrained by a given true positive or false pasitate. cla}sglfler with remaining highest joipt-correlation to the
The goal of any further classifier design is therreduce €XiSting set. It can be noted that the overall emcy
the false positive rate while maintaining the dasitrue INCréases on average. It must also be noted thet dre
positive rate. The accuracy is then directly préipoal to SOme downward steps where the overall accuracysdrop
the false positive rate. In this specific applioati the 19 4 illustrates that trend. There seems to 3o al
classification task is a 2-class problem where ohthe Saturation effect that is consistent with the eiquere that
classes can be broken down into several sub-clagses theré is an optimal number of classifiers to acéiev
fusion was performed using a simple averaging sehem Maximum  performance. Indeed, the best joint
performance is reached with 6 classifiers (acc=b}4

After finding the best classifier, (“classifier 1'dhe - . - .
correlation isgcalculated for the pa(irs of clamif?wli[t}h Table 8: Mean of classifier 1 with remaining cléiess
the remaining classifiers. The lowegt—correlation Classifiers n Joint accuracy

combination is pair 1-7. Choosing the classifierthwi —<:/ 0.6850
higher accuracy as the base classifier, i.e., iflasg, the 17,4 0.7091
p—correlations with classifier 1 are as displayedable —L: /.48 0.7099
7. Table 7 also shows the joint accuracy. 1,7,4,8 10 0.7070
1,7,4,8, 10,3 0.7405
Table 7: Joint p—correlation and joint accuracy of_1:7.4.8,10,3,9 0.7278
classifier 1 with classifier n 1,7,4,8,10,3,9,6 0.7375
classifier n p_corre|ati0n joint accuracy 1,7,4,8,10,3,9,6, 2 0.7342
7 0.0088 0.6850 1,7,4,8,10,3,9,6,2,5 0.7344
4 0.0106 0.6937
8 0.0120 0.7110
10 0.0132 0.6869
3 0.0138 0.6894
9 0.0140 0.6686
6 0.0142 0.6676
2 0.0148 0.6871
5 0.0149 0.6736
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Using the measure successively on the base settheth
remaining classifiers, a relatively fast way isriduo find
a set of classifiers that leads to high fusion greniince.
Some noise in the output points to factors thatehaet
been fully captured by the correlation measureeét-life
applications, the class-specific performance isy ambe
measure of interest. Because often times notadkels are
equally important, a cost measure should be coreside
that takes a more comprehensive view of the claasibn
task. Other uses of the correlation could alsouihelits
use within a fusion algorithm.

3 4 5 6 7 8 9 10
- . #of classifiers fused Refel’ences
Fig. 4. Fusion performance versus number of fused ] o
classifiers [1] F. Roli, G. Giacinto, and G. Vernazza, Methofis

After establishing the curve as shown in Fig. 4isit 2]
straightforward to read off the set of classifitat leads

to maximum performance. Some “noise” in the curve
suggests that there are other factors that areapiured [3]
in this measure.
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Fig. 5. Accuracy versys-correlation.

0 0.01 0.02 0.06 [8]

Fig. 5 shows the accuracy againstorrelation which (9]
suggests a good correspondence between the two
measures. The statistical correlation ¢s-0.84. In
comparison, the statistical correlation between the
ambiguity measure V [3] and the pair-wise accuracy
only c=0.65

6 Conclusionsand summary

This paper showed how thecorrelation can be used for
classifier selection. Thep-correlation measures the
correlation between n classifiers for crisp as vesll for
soft class assignment. The measure takes into acoot
only whether an output was right or wrong but aise
closeness to the decision boundary. In other woitds,
takes into account how right or how wrong an answaes.
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