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Abstract. Biometric authentication is a process of verifying an idtgntlaim
using a person’s behavioural and physiological charatiesi Due to the vul-
nerability of the system to environmental noise and vaiatiaused by the user,
fusion of several biometric-enabled systems is identifeed promising solution.
In the literature, various fixed rules (eain, max, median, mean) and train-
able classifiers (e.g. linear combination of scores or weidisum) are used to
combine the scores of several base-systems. él@etlydo correlation and im-
balance nature of base-system performance affect the fided and trainable
classifiers? We study thegeint aspects using the commonly used error mea-
surement in biometric authentication, namely Equal ErrateREER). Similar
to several previous studies in the literature, the censalimption used here is
that the class-dependent scores of a biometric system prexamately normally
distributed. However, different from them, the novelty biststudy is to make a
direct link between the EER measure and the fusion schemes mentionéd. Bo
synthetic and real experiments (with as many as 256 fusipererents carried
out on the XM2VTS benchmark score-level fusion data setsfjyveur proposed
theoretical modeling of EERBf the two families of combination scheme. In par-
ticular, it is found that weighted sum can provide the bestegalisation perfor-
mance when its weights are estimated correctly. It alsolmadditional advan-
tage that score normalisation prior to fusion is not neededirary to the rest of
fixed fusion rules.

1 Introduction

There exists a vast literature study that proposes to mbdetetical classification errors for fu-
sion, e.g., [1-3]. However, to the best of our knowledge,raalimodeling of Equal Error Rate
(EER), i.e., an evaluation error commonly used in biomedrthentication tasks, has not been
attempted. This is partly because of the unknown decisi@stold which prevents further anal-
ysis. Analysis of EER is cumbersome without making any agsiom about the distribution of
the classifier scores, e.g., using a non-parametric appryée tackle this problem by assuming
that the class-dependent scores are normally distribwed.a very large number of independent
experiments, our previous work [4] shows that although thessdependent scores are often not
normally distributed, the estimated EERasrly robustto deviation from such assumption.

In [1], the theoretical classification error of six class#iare thoroughly studied for a two-
class problem. This study assumes that the base classiiessare probabilities [0, 1]. Hence
probability of one class is one minus the probability of thieen class and the optimal threshold



is always set t@.5. It also assumes that all baseline classifier scores arendram a common
distribution. Gaussian and uniform distributions are &ddThe first assumption is not always
applicable to biometric authentication. This is becausedhtput of a biometric system is of-
ten not necessarily a probability but a distance measurenitasty or a log-likelihood ratio.
Moreover, decisions are often taken by comparing a classifizre with a threshold. The second
assumption, in practice, is also unrealistic in most situat particularly in multimodal fusion.
This is because the (class-dependent) score distribugiensftendifferentacross different clas-
sifiers. The proposed EER model is also different from the pmesented in [2, 3] in terms of
application, assumption and methodology (see Section 3).

The goal of this paper is thus to study the EER of fixed and atdafusion classifiers with
respect to the correlation and the imbalance performanteenaf baseline systems. Section 2
briefly discusses the general theoretical EER frameworkhamdit can be applied to study sev-
eral commonly used fusion classifiers. Section 3 discusseBrportant assumptions made and
draws differences between EER and current theoretical htodeplaining why fusion works.
Sections 4 and 5 present experimental results on synthadiceml data. These are followed by
conclusions in Section 6.

2 Theoretical EER

The fundamental problem of biometric authentication cawvibered as a classification task to
decide if person is a client or an impostor. In a statistical framework, thebability thatz is a
client after a classifiefy observes his/her biometric trait can be written as:

y = fo(fe(s(2))), @)

where,s is a sensorf. is a feature extracto#, is a set of classifier parameters associated to the
classifierfy.

Note that there exists several types of classifiers in binomatithentication, all of which can
be represented by Eqgn. (1). They can be categorized by thigiuty, i.e., probability (within the
rangel0, 1]), distance metric (more than or equal to zero), or log-iii@d ratio (a real number).
the context of multimodal BAy is associated to the subscriptvhich takes on different meanings
in different context of fusion, as follows:

fo(fe(s(x:))) if multi-sample
fo(fe(si(x))) if multimodal
vi@) = fo(fe,i(s(2))) if multi-feature @

fo,i(fe(s(z))) if multi-classifier

Note that; is the index to thé-th sample in the context of multi-sample fusiértan also mean
the i-th biometric modality in multimodal fusion, etc. In a geakcontext, we refer t@;(z) as
thei-th responseand there are altogethéf responsesi(= 1, ..., N). Itis important to note that
all y;(x) belong to thesameaccess. We writg; instead ofy; (x) for simplicity, while bearing in
mind thaty; is always dependent on
To decide if an access should be granted or nof; &f; have to be combined to form a single
output. This can be expressed ason = fcom(y1,...,yn). Several types of combination
strategies are used in the literature, egin, max, median, mean (or sum), weighted sum,
product and weighted product. They are defined as follow:
Ymin = Wi (Yi),  Ymaz = Maxi(yi)  Ymea = median;(y;),
Ywsum = Zfil WiYi, and Ywprod = Hil v

wherew;|V; are parameters that need to be estimated.nibxen operator is a special case of
weighted sum withv; = % Similarly, the product operator is a special case of weidlproduct

(©)



The decision function based on the sco(gor anyy after fusion{ycor|COM € {min, max,
mean, median, wsum, prod, wprod} or anyy; prior to fusion; both cases are refered to simply

asy) is defined as: )
accept ify > A

decision= { reject otherwise

4
Because of the binary nature of decision, the system contwitsypes of error called False Ac-
ceptance (FA) and False Rejection (FR) errors, as a funofitre thresholdA. FA is committed
whenz belongs to an impostor and is wrongly accepted by the sysasma €lient) whereas FR
is committed when: belongs to a client and is wrongly rejected by the systemyTdaa be
quantified by False Acceptance Rate (FAR) and False RejeRtde (FRR) as follow:

FAR(A) = FAL) ang  FRRA) = FRA) )

where FA A) counts the number of FA, HR\) counts the number of FRY I is the total number
of impostor accesses aidC' is the total number of client accesses.

At this point, it is convenient to introduce two conditionalriables,Y” = Y|k, for each
k being client or impostor, respectively i.é.,c {C,I}. Hencey® ~ Y* is the scorgy when
personz is k € {C,I}. Letp(Y*) be the probabilistic density functiopdf) of Y*. Eqns. (5)
can then be re-expressed by:

FAR(A) =1—p(Y' > A) and FRRA) = p(Y? > A). (6)

Because of Eqn. (4), itis implicitly assumed tigf“] > FE[Y!], whereE|[z] is the expectation
of z. Whenp(Y™*) for bothk € {C, I} are assumed to be Gaussian (normally distributed), they
take on the following parametric forms (see [4]):

I _c
FAR(A) =4~ jerf(272)  and FRRA) =} +fef(2357) ()
Wherep’“ and o* are mean and standard deviationof, and the erf function is defined as
follows: ) 9 /z [ 2} . ©
erf(z) = —= exp|—t~| dt.
VT Jo
At Equal Error Rate (EER), FAR=FRR. Solving this constrgileids (see [4]):
EER= 1 — lerf (%’) = cer(F-ratio))  where  F-ratio= gi;gj 9)

The functioneer is introduced here to simplify the EER expression as a fonctif F-ratio
becauseer will be used frequently in this paper. Note that the threghblis omitted since there
is only one unique point that satisfies the EER criterion.

2.1 Theoretical EER of Fusion Classifier

We now derive several parametric forms of fused scores udifigrent types of classifiers,
namely the single-best classifiefiean, weighted sum, product rule and Order Statistics (OS)-
combiners such amin, max and median. The OS-combiners are further discussed in Sec-
tion 2.2.

The analysis in this section is possible due to the simpleesgion of F-ratio, which is
a function of four parametergy”, o*|V,_(c.;1} as shown in Egn. (9). Suppose that the
th response ig/¥ sampled fromp(Y;*) and there areV classifiers, i.e.i = 1,...,N. The
average baselinperformance of classifiers, considering that each of thenksvimdependently
of the other, is shown in the first row of Table 1. The (claspetelent) average varianed;, is
defined as the average over all the variances of classifier.ig'm fact not a fusion classifier but
theaverage performancef classifiers measured in EER. The single-best classifigresecond



Table 1. Summary of theoretical EER based on the assumption that-tidependent scores are
normally distributed.

Fusion methods EER where
k 1 k
. c _ I = = A
average baseline| EER4v = eer (%V—"IM) Ay N it o 2
Tavtoav (chv) =x 3, (07)
: " o T
single-best classifitEER,.s; = eer (maxi <Z5+Z3)) -
E— % T %
c —ul Mmean:_z:‘;u'i
mean rule EERmean = eer (”Tg“"#) k 2 VS
Srcan o hcan ) | (0Fan)’ = 2 50, T,
k

12
I g —pl wsum — ; Wil
weighted sumt  |EERysum = eer (7’%’3“"" ”}”3“"") : 2w

k k
wsum Towsum (Uwsum) = i (4)7,(4)]27”3
% % %
X c _ 1 = —+ 10
OS combiner$ EER)s = cer (‘%ﬁilﬁ) H?CS T ey 2
7651T%0s (O‘OS) =2 (a )

Remark 1: This is not a classifier but the average performance of eselvhen used inde-
pendently of each other. By its defintion, scores are assungegendent as classifiers function
independently of each othéRemark 2: OS classifiers assume that scoaesoss classifierare
i.i.d. The reduction factot is listed in Table 2. The mean and weighted sum classiflersot
assume that scores are i.iRemark 3: the weighted product (respectively product) takes the
same form as weighted sum (respectively sum), except tgandomal distribution is assumed
instead.

row chooses the baseline classifier that maximises theid:-fidtis is the same as choosing the
one with minimum EER because F-ratio is inversely propogido EER, as implied by the left
part of Egn. (9).

The derivation of EER of weighted sum (as welliasan) fusion can be found in [5]. The
central idea consists of projecting t¥é dimensional score onto a one dimensional score via
the fourth equation in Eqgns. (3). Suppose that the classitiomal scores (prior to fusion) are
modeled by a multivariate Gaussian with me@if)” = u¥, ..., u% and covariances* of
N-by-N dimensions. Lef} ; be thei-th row and;-th column of covariance matriX* for k =
{C, I}. E[]is the expectation operator (over samples) BAtlis the noise variable associated to
classifier; for all k. The linear projection froniV dimensions of score to one dimension of score
has the same effect on the Gaussian distribution: fddmultivariate Gaussian distribution to a
single Gaussian distribution with meafj,; ... and variancéawsum)Q defined in the fourth row
of Table 1 for each clags Themean operator is derived similarly withy; = %Vi. Note that the
weightw; affects both the mean and variance of fused scores. In ghdtshown mathematically
that the EER ofmean, EER.cqx, IS always smaller than or equal to the EER of the average
baseline performance (EER). This is closely related to the ambiguity decompositiohdfisen
used in the regression context (as opposed to classificatiaone in [4]). However, there is
no evidence that EER.... < EERcs:, i.€., the EER of the best-classifier. In [7], it was shown
thato® ... < oF,..n, SUPPOsiNg that they;V; are optimal. In [3], when the correlation among
classifiers is assumed to be zet@, (EERi)‘l. As a result, this implies that EER.., <
EER.can. The finding in [7] is more general than that of [3] becauseuth@erlying correlation
among baseline classifiers is captured by the covariancexmidence, fusion using weighted
sum can, in theory, have better performance thamiben rule, assuming that the weights are
tuned optimally. A brief discussion of weight-tuning prdoees are discussed in Section 5.2.
Although there exists several methods to tune the weightkeniiterature, to the best of our



knowledge, no standard algorithairectly optimises EER (hence requiring further investigation
which cannnot be dealt here).

For the product operator, it is necessary to botitb be within the rang40, 1], otherwise
the multiplication is not applicable. Consider the follogicase: two instances of classifier score
can take on any real value. The decision function Eqn. (4s&slwith optimal threshold being
zero. With an impostor access, both classifier scores witidgative if correctly classified. Their
product, on the other hand, will be positive. This is cleangesirable.

The weighted product (and hence product) at first seemglsiighmbersome to obtain. How-
ever, one can apply the following Iogarithmictransformm:log(Yjpmd) =, wi log(Y),
for anyy? sampled fromp(Y;*). This turns out to take the same form as weighted sum. Asgumin
thatY;" is log-normally distributed, we can proceed the analysissimilar way as the weighted
sum case (and hence thean rule).

2.2 Theoretical EER of Order Statistics Combiners

To implement fixed rul@rder statistic§OS) such as the maximum, minimum and median com-
biners, scores must be comparable. Unfortunately, attagpd analyse analytically the EER
values as done in the previous section is difficult withoukimg (very) constraining assump-
tions.

The first assumption is that the instance of scores musbh®arable If scores of various
types of classifiers are involved for fusion, their range may be comparable. Hence, score
normalisation is imperative while this pre-processing $sainnecessarin the previous section.
The second assumption assumes that scores are i.i.d. loabés there exists a very simple
analytical modél. Although this model seems too constraining, it is at lepgtiaable to fusion
with multiple samples which satisfies some of the assumgttated here: scores are comparable;
and they aredentically distributedbut unfortunately not necessarilydependentlgampled.

All OS combiners will be collectively studied. The substr®S can be replaced hyin,
max and median. Supposing thay? ~ Y;* is an instance oi-th response knowing that the
associated access claim belongs to clagg has the following modely? = pF + wF, where
u¥ is a deterministic component and is a noise component. Note that in the previous section
wF is assumed to be normally distributed with zero mean. Thedssores by OS can be written
as:iybs = OS(yF) = p* + 0S(wF), wherei denotes thé-th sample (and not theth classifier
output as done in the previous section). Note fhfais constant acrossand it isnot affected
by the OS combiner. The expectationygfs as well as its variance are shown in the last row of
Table 1, whereys is a reduction factor ang, is a shift factor, such thaf,(¢*)? is the variance
of OS(w!) and~; 0" is the expected value @S(wF). Both~’s can be found in tabulated form
for various noise distributions [8]. A similar line of analg can be found in [2] except that class-
independent noise is assumed. The reduction factors ofioamglihe first five samples, assuming
Gaussian distribution, are shown in Table 2. The smakleis, the smaller the associated EER.
The fourth column of Table 2 shows the reduction factor duad¢an (as compared to the second
and third columns). It can be seen thatan is overall superior.

3 General Discussion

We gather here a list of assumptions made that will be usdchating a theoretical comparison
of fixed and trainable fusion classifiers listed in Table 1r Each assumption, we discuss its
relevance and acceptability in practice.

! This assumption will beemovedduring experimentation with synthetic data.



Table 2. Reduction factory, of variance (2 for the second moment) with respect to thedsiah
normal distribution due to fusion within, max (the second column) andedian (third column)
OS combiners for the first five samples according to [8]. Theatfocolumn is themaximum
reduction factor due temean (at zero correlation), with minimum reduction factor beibdgat
perfect correlation). The fifth and sixth columns show thi& &ctor ~, (for the first moment) as

a result of applyingnin andmax for the first five samples. These values also exist in tabdilate
forms but here they are obtained by simulation. Fexlian, v, is relatively small (in the order
of 10~*) beyond 2 samples and hence not shown here. It approacheashris large.

N ~2 values ~1 values
OS combiners |mean||OS combiners
min, max,|median (%) min| max
1.000 | 1.000 |1.000( 0.00{ 0.00
0.682 0.682 {0.500(-0.56 0.56
0.560 | 0.449|0.333|-0.85 0.85
0.492 | 0.361|0.250(-1.03 1.03
0.448 0.287 |{0.200|-1.1 1.16

| B[WIN| -

1. Class-dependent gaussianity assumptioRerhaps this is the most severe assumption as
this does not necessarily hold in reality. In [4], 1186 dadts ©f scores were used to verify
this assumption using the Kolmogorov-Smirnov statist@sly about a quarter of the data
sets supported the gaussianity assumption. However, tb surprise, the theoretical EER
(estimated using the Gaussian assumption) matches clibssedynpirical counterpart (ob-
tained by directly estimating the EER from scores). Hene,theoretical EER employed
here is somewhat robust to deviation from such assumptiois.ifi part may be due to the
fact that the classifier scores are unimodal but not nedssszaiussian. The Gaussianity
assumption is used mainly because of its easy interpratatimixture of Gaussian compo-
nents could have been used in place of a single Gaussian.vdnwiais subject requires a
dedicated study which cannot be adequately dealt in thepresntext.

2. Score comparability assumption.This assumption i®nly necessarfor OS combiners
because of their nature that requires comparison relatidn Scores can be made compa-
rable by using score normalisation techniques. We use heredro-mean unit-variance
normalisation (or z-score), where a score is subtracted ft® global mean and divided by
its standard deviation, both of which are calculated fromaming set. For the product rule
which naturally assumes classifier outputs are probaibi(istthe rangg0, 1]), the min-max
normalisation is used. This is done by subtracting the sitora its smallest value and di-
vided by its range (maximum minus minimum value), all of whéalculated from a training
set

3. Class-dependent correlation assumptionUnder such assumption, one assumes that the
correlation of client and impostor distributions are ctated, i.e.,p” « p©. This means
that knowing the covariance of impostor joint distributi@mne can actually estimate the
covariance of the client joint distribution. A series of Tramodal and multimodal fusion
experiments taken from the BANCA database were analyset] and it was shown that the
correlation betweep’ andp® is rather strong, i.e., 0.8.

Different from studies in [1, 2], we do not assume identigsirtbution across different classifiers.
In fact, for OS combiners, the analytical EER expressioh dioas not commit such assumption



is cumbersome to be evaluated. Hence, we propose to resdgiratlations, which are relatively
easier to carry out and refldogtterthe fusion tasks in biometric authentication.

Note that we do not make the independence assumption in tise $ieat correlation across
different classifiers is non-zero. In fact, the correlaimnong classifier scores is captured by the

k
covariance matrix via the definition of correlation, asdalb: pf ; = jeajk . This indicates that if

one uses a multivariate Gaussian, the correlation is autcealis taken care of by the model.

Our theoretical analysis is different from [2, 3] in seveaabects. In [2, 3], two types of
errors are introduced, namely Bayes (inherent) error adeéde@rror. The former is due to un-
biased classifier whose class posterior estimates comddpathe true posteriors. The latter is
due to biased classifiers which result in wrongly estimatadscposteriors. The EER used here
is commonly found in binary classification problems while trror (sum of bayes error and
added error) applies to any number of classes. It is tempingnclude that EER is equivalent to
the Bayes error for a two-class problem. There are, howauenrtant differences. In [2, 3] (the
former), the bayes error is due to additive error in the feagpace near the decision boundary.
In EER (the latter), the input measurement is not a set ofifeatbut a set of scores of one or
more base-classifiers. The output posteriors between thelasses in the former are enforced
by linear approximation, whereas in the latter, they aramssl to be (integral of) Gaussian. The
local continuity at the boundary is hence implicitly assdifeurthermore, the Bayes error cannot
be reduced (the added error can) but EER can [4].

4 Experiments with Synthetic Data

We designed a series of 110 synthetic experiment settiragh Experiment setting consists of a
fusion task otwo classifier outputs. All three assumptions mentioned iniSe& are used here,
i.e., (1) the 2D scores will be sampled from a multivariatau&ian distribution for each class
(client and impostor); (2) scores are comparable, i.e ptban of client and impostor distributions
are fixed to 0 and 1, respectively. However, for the produet, gscores are further normalised into
the rangd0, 1] by the min-max normalisation; and finally, (3) tkemecovariance matrix is used
for the client and impostor distributions.

In order to evaluate classifier performance, Half Total ERate (HTER) is commonly used
for biometric authentication. Itis defined as: HTERL (FAR(A) +FRR(A)), where the thresh-
old A is chosen to minimise the Weighted Error Rate (WER) at a gprerdefinedy € [0, 1]
which balances between FAR and FRR. WER is defined as:

WER(a) = aFAR(A) + (1 — a)FRR(4). (10)

To optimise the EER criterion, instead of WER= 0.5 is used. We further define a performance
gain variable calle@,, ., as follows:G,,in = HTER,.. whereC'OM is any one of the fusion

classifiers/rules under study. Whgp,.;,, > 1, the pa?ﬁf:ular fusion classifier is better than the
best underlying system.

The first classifier, designed as thetter classifier of the two, has a (class-dependent) vari-
ance of 0.5 and is kept constant across all synthetic datawsléreas the second classifier has a
variance that varies with a ratio between 1 to 4 (or absolat@muce value between 0.5 to 2). This
causes the first expert to have a HTER between 5.3% and 6.2Bwiean of 5.8% and the sec-
ond expert between 5.4% and 22% of HTER with a mean of 15% &H®kepoint. Furthermore,
the correlation value is varied between 0 and 1, at a stedlahGrement.

The simulation results are shown in Figure 1. For figureqéa)the plane with,,;, = 1
indicates the best single classifier, i.e., the baselinfopeance. As can be seen, the weighted
sum classifier achieves the best overall gain. In factzits, > 1 across all variance ratios and



wsum min

mean
3 -
1 is
05
2 os
3
4o corr
var ratio

(2) mean

(d) max (e) product (f) weights

Fig. 1. Performance gain of HTER, at EER criterion, with respeche&liest underlying classifier,
Bmin, (the Z-axis) across different variance ratios (of two etgerom 1 to 4 (the X-axis) and
different correlation values from 0 to 1 (the Y-axis), as auteof fusing synthetic scores of
two expert systems (classifiers) assuming class-depesdergs are normally distributed. The
scores are combined using (agan, (b) weighted sum, (Ghin, (d) max and (e) product fusion
classifiers. (f): the weight of th@eakerexpert found in the weighted sum after training. This can
be thought of as the degree of “reliance on the weaker expert”

across all correlation values. Theean rule shows that the performance gain is more than 1
only when the variance ratio is 3 at correlation=0. As catieh increases, to maintain a positive
gain, the variance ratio has to be decreased. This behavisuneen theoretically verified in [4].
The min and max rules follow the same trenchasan and weighted sum except that their gain is
much smaller. There is no significant difference betweemrtimeand max rules. This is somewhat
expected following their theoretical EER models presemékhble 1.

We further examined the weight attributed to the second Kemalassifier by the weighted
sum classifier to see how the weights evolve with variousanae ratios and correlations. This
weight can be interpreted as “reliance on the weaker syst€his is shown in Figure 1(f). On
this Cartesian coordinate system (X is correlation and Yaisawnce ratio), the point (1,1) im-
plies that the two classifiers have exactly the same perfocsaHence, the weight attributed to
classifier 1 or 2 makes no difference. However, at exact tadioa (=1), the weight attributed to
classifier 2 (the weaker one) immediately becomes zero agtience ratio increases. Further-
more, there is absolutely no improvement for this case (séégure 1(b)). On the other hand,
at zero-correlation, the weaker classifientributesto fusion (i.e., the weights are not zero). The
corresponding performance gaitways increasesvith decreasing variance ratio (increasingly



stronger weak classifier). The product rule only has peréorre as good as the single-best clas-
sifier at variance ratio=1 while does not match the rest oftlk®n classifiers. Its performance
does not evolve with the correlation. One plausible explanaf such suboptimal performance
comes from [9], stating that the the product rule is more isigago error as compared to the
sum (ormean) rule. Despite their difference, all fusion classifierseptcthe product rule show
that low correlation and low variance ratio increase théofuperformance. Note that no gener-
alisation performance is involved here. In real appliagajovhere there is a mismatch between
training and test data sets, generalisation performancentes an important concern. This is
treated in the next section with real data.

5 Experiments with Real Data

5.1 Database Settings and Evaluation

The publicly available XM2VTS benchmark database for score-level fusion [10] sdug here
are altogether 32 fusion data sets and each data set coathis®n task of two experts. These
fusion tasks contain multimodal and intramodal fusion Hameface and speaker authentication
tasks. For each data set, there are two sets of scores, feodetkelopmenand theevaluation
sets. The development set is usetiquelyto train the fusion classifier parameters, including the
threshold (bias) parameter, whereas the evaluation sseduniquely to evaluate the generalisa-
tion performance. They are in accordance to the two oribjirtsfined Lausanne Protocols [11].
The 32 fusion experiments have 400 (client accesge3 (data sets)= 12,800 client accesses
and 111,800 (impostor accessesp2 (data sets) = 3,577,600 impostor accesses.

The most commonly used performance visualising tool in ieedture is the Decision Er-
ror Trade-off (DET) curve. It has been pointed out [12] thved DET curves resulting from two
systems are not comparable because such comparison ddekentto account how the thresh-
olds are selected. It was argued [12] that such thresholdldlhe chosem priori as well, based
on a given criterion. This is because when a biometric systeoperational, the threshold pa-
rameter has to be fixed priori. As a result, the Expected Performance Curve (EPC) [12] was
proposed. This curve is constructed as follows: for variaises ofa in Eqn. (10) between 0
and 1, select the optimal threshaltion a development (training) set, apply it on the evaluation
(test) set and compute the HTER on the evaluation set. ThERHIE then plotted with respect
to . The EPC curve can be interpreted similarly to the DET cuiree, the lower the curve, the
better the generalisation performance. In this studypth@edversion of EPC is used to visu-
alise the performance. The idea is to plot a single EPC cunstead of 32 EPC curves for each
of the 32 fusion experiments. This is done by calculatingglobal false acceptance and false
rejection errors over the 32 experiments éachof the o values. The pooled EPC curve and its
implementation can be found in [10].

5.2 Experimental Results and Discussion

Figure 2 shows the pooled EPC curves of several fusion Glarsdiules under study, each over
the 32 XM2VTS fusion data sets. As can be observed, the wetdghim gives the best generali-
sation performance. Thaean rule follows closely. As expected, bothin andmax rules have
improved generalisation performanafer score-normalisation. For the normalised case (see fig-
ure (b)), max turns out to outperformmin significantly for a large ofx, according to HTER
significance test at 90% of confidence [13].

2 Accessible at http://www.idiap.ckhorman/fusion
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Fig. 2. Pooled EPC curves, each derived from 32 fusion data setsremsubh of applyingmin,
max, mean and weighted sum fusion, with (a) unnormalised orignal sspand (b) z-scores

The weight parameters in the weighted sum are optimisedjasitD search procedure with
a constant step-size of 0.05 within the boyfgdl] since only two classifier outputs are involved.
This strategy has been employed by [14] for user-specifightig. The advantage of this tech-
nique over the technique assuming zero-correlation, sadB]eor Fisher-ratio [7, Sec. 3.6] is
that no assumption is made about the underlying class-depénlistribution. Support Vector
machines with linear kernel could also have been used ihsteme it too does not make this
assumption. We actually carried out the two control experits using the two techniques men-
tioned and found that their generalisation performancsigraficantly inferior to our line search
or SVM approach (not shown here). This is a probable reasgrtiighempirical study conducted
here is somewhat different from [15], where the authors didfind weighted sum significantly
outperforms thenean rule, although thesamedatabase was used.

6 Conclusions

In this study, the theoretical and empirical aspects of faxgditrainable fusion classifiers are stud-
ied using the EER. Although this subject is well studied [1#3 effects of correlation on Order
Statistics (OS) combiners, emgiin, max, andmedian, are largely unknown or rarely discussed
due to intractable analysis. We studied jbimt effectof correlation and base-classifier imbal-
ance performance on EER by simulation. This simulation sebdaon three major assumptions:
class-dependent Gaussianity assumption, score comiitgralssumption and class-dependent
correlation assumption. Each assumption are adequatéhgsskd (see Section 3). In particular,
for the second assumption, several score normalisatibmigees are discussed. Based on 4 fu-
sion classifiers< 2 normalisation techniques (ang)32 data sets = 256 fusion experiments, we
show that weighted sum, when weights are tuned correcttyachieve the best generalisation
performance, with the additional advantage that no sconmalgsation is needed.
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