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Abstract- The main topic discussed in this paper is how (o use
intelligence Tor bometric  decision delvezlication. A neural
trining mwdel is proposed and tested here s a possible solution
for dealing with natural Tuzzification that appears between the
intra- and inter-clss distributions of seores computed during
iris recognition tests, Tt is shown here that the vse of propaosed
neural network support leads te an improyvement in the artficial
perception of the separation between the intri- and inter-class
seare distributions by maving them away Trom each other,

I TR TROTAICTION

The relation between luzainess and intelligence 15 an open
problem these days. Fuzzy instruments are usually being used
o attempt intzlligent problem solving in conditions of incerti-
tude fimprecizion and thiz iz alzo the case discussed here. The
mam topic of this paper 15 how to use intel ligencs in order to
achieve bometne decsion deluzzfication. A neural trmning
model 15 proposed here a5 a possible solution for dealing with
natural fuzzification that appears between the intra- and the
inter-class  score  distributions  computed  during iz
recogmition tests, Are the sets of ins codes somehow separa-
ble in a neural perspective? Are the genuine and imposter
pairs two separable classes in some space? Is there a neural
network structure able to decrease the degree of confusion
between inter- and intra-clazs distributions of scores? It is
shown here that vsing neural-network support leads to an im-
provement i the artifical perception of the separation
between intra- and inter-class distributions of scores by
‘moving” the two score distributions away from each other.

Usugally in bometnic identification / werification, the
separation betwwen intra- and inter-class distnbutions of
seores 15 vague (Fig, 1in [3]). Even when working on an ideal
iris imape database [9] this fuzzification is inherent. There are
four main categories of factors leading to the fuzzification of
the two szcore distributions, firstly, the acquizition and
segmentation conditions, secondly, the feature encoding and
Feature matching conditons, thirdly, the different posture of
the eye relative 1o the camera, and Last but not least, the lact
that the laws of radial iris movement are, in fact, unknown,
and therefore, successful matching of two samples taken for
the same ins is far from being guaranteed when pupil 15
capturad at very different dilations in those two samples,

Easch time when the recognition system negotiates between
speed and accuracy, if a degree of imprecision 15 accepted as
& counterbalance for gaiming speed procesaing, fuzafication

Iris Codes Classification Using Discriminant and
Witness Directions
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of the two classes of scores is guarameesd. The same situation
occurs when the system is not endowed with suitable methods
enabling successful recognition of the same iz captured in
different acquizition conditions.

The fuzzification betwesn intra- and inter-class scores 15
usually (and  paradoxically)  expressed through a crisp
concept, namely the Equal Error Rate (EER, (2], [3]). The
existence of such a crisp peint was net confirmed in owr
previously undertaken inis recognifion tests ([3] - [5]). Indead,
it can be seen in the mentioned references (especially in Fig, 2
and Fig 3 from [3]) that EER point varies from one
recognition test o another and, i fact, the experimental
measuremant corresponding to the theoretical concept of EER
iz & fuzzy EER interval - & collection of recogition thresh-
alds for which it is very hard (or simply impossible) to say for
sure 10 they are recogiition scores rather than rejection scores
or vice-versa, It can be said that in the fuzzy EER interval, the
recopnition and rejection are fuzemy (vague [ imprecise [
almost [ quasi) equal probable. In the terms proposed and
discussed i [10], the fuzzy EER infersal (f-EER) 15 the
fgeometry  corresponding o the crsp (but  theoretical)
prototype EER. In terms of logic [6], f-EER. corresponds o a
third logical state ‘u’ (unprecizated and uncertain) of the
mometric system, different from ¢ (whch encodes an
impoaster pair of samples) and 1 (which encodes a genuine
pair of samples) Ttis shown in [3] (see Theorem 2 in [5]) that
the logic of such a system is induced by a Boolean alpebra of
modulo 8 intepars. Here in this paper we will further show
that despite being unprecizated and uncertain, the fuzzy EER
interval (F-EER) 15 not unprecisable, Defuzs fication of f-EER
will be achieved here by using an adequate neural network
support. In short, the theoretical cnsp prototype EER s
fuzzified inte f-EER by compressing uint® (8-bit unsigned
integer) iriz images a8 binary codes (which are therefore
imperfect and incomplete pieces of nformation, weakened
aligses of the onginal wmB codes m o space of binmy
matrices). This operation will be partially reversed by using
neural network support in order to recover digital identities as
neural memories from the avail gble inis codes.

A Terninology

In thiz section we aim to clarify the difference between an iris
caode and & aigital identity. An inis code 13 & binary matrix that
follows to be recognized (accepted or rgected) as being
representative for an fdent iy which 15 2 symbohe or numenc
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Abstrace-  This  paper  shows  that  maintaining  logical
consisteney of an iris recognition svetem is s matter of finding s
suitable  partitioning of the input space in enrallable  and
unenrollable pairs by pegotiating the user comfort and the safety
of the hiometric syvstem. In other words, consistent enrollment is
mandatery in order (o preserve system consistency, A Touzzy
F-valent dismmbiguated model of ids recognition is propased and
analyzed interms of completeness, consistency, user comfor and
bimetric safety, It is also shown here that the fueey 3-valent
madel of s recognition is hosted by oan Svalent Boolean
algebra of module 8 integers that represents the computational
formalization in which a hismetric system (a sofiware agent) can
achieve the artificial understanding of iris recognition in a
lgrically consisient manner,

L INTRODUCTION

Because the visual acuity of the human agent iz doubled by its
mtelligence — both of them together ensuring an excellent
quality in indentifying the (dislsimilaty of ins images, the
peometry that illustrates the binary decisions piven by the
human agent during & Turing test [11] of iris recognition is
very simple (Fig. |.a) it consists of one collection of crisp
points (0 and 1) and one histogram that counts how many
times a decision of umiary score (1 - B the case of similar
irides) or a null decision (0 - for the pairs of non-sinlar
irides) was given by the human agent. Snll, the geometry that
illustrates the fuzzy binary decisions given by a softwars
awent ([6]{8]) during a Turing test of ns recogmtion 15 not
that simple: in this case, the lueey bometne decisions given
by the software apent define (draw) a f-peometry [13] in
which the intra- and inter-class score distributions could be a
litle Wt confused (Fig Lo, Fig 28, Fig 2h), or confused
much stronger (Fig. Lb, Fig Lo n [6], Fig 100n [4]), or not
confused at all. (Fig. 1k from here, and Fig 40, Fig 4.b,
Fig 4.cin [&])

A Crsgp s Fuzzy Tris Recognition
In fact, Fig Lo illustrates that ins recogmition 15 crsp for a
human agent, and consequently, the recognition function R
(as it iz perceived by the human apent) is a cnsp indicator of
the imposter () and genuing (1) classes of inis pairs (F);
Bi--): P— {01},

In concordance wth the terminology introduced in [13], the
function B (Fig. La) will be referred to as the prototype
recognifion fumction and it s & crisp concept. The goal of
designing awtomated ins recognition systems is o find fuzzy
approsimations R for the prototype recognition function R,

8-Valent Fuzzy Logic for Iris Recognition and
Biometry
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a5 close s possible fo B Such an approximation f-B will be
further referred to & a fuz=y recogniion funciion, The fuzzy
approamations R obtainad by applying automated s
recopnition methods are of the same types as those presented
in Fig. 1.b (an excel lent approximation, [7]), Fig. 1.c, Fig. 2.a,
Fig. 2b (very good approximations, [8]), Fig 10 in [4] (good
approsimation), Fig 1 b - Fig Le and Fig, 4. - Fig. 4. in [6]
(zood approximations), where the marks (good, very good,
excellent) were given using as a reference the result obimined
in an approach considered nowadays as being the “state of the
art™ in iris recognition  (and  marked here sz “pood
approximation” [4]).

B. Why Crisp, Why Fuzzy?

In the case i which the recognition 5 made using artificial
apents and pood quality eve imapes, the fact that the
approxmations f-R depart from the prototype B (situation
ilustrated in Fig, b - Fig Lhe and Fig 4.2 - Fig 4.¢ from
[5] and in Fig, 10 from [4]) can not be caused by the lack of
visual souity of the system, but only by the less mtelligent
manner in which the system decides (understands) ins
aimilarity or dizsimilarity. Practically, the artificial agent
fuzzifies the prototype R and the separation between gemnine
and amposter score  distributions,  More  inadequate and
unintelligent the image processing is, much confusion i
intreduces in the biometric decision medel. There are twe
gignificant differences between the wavs in which the human
agent and software agent decide the similanty or dissimilanty
of two s images:

- Ordinary people are not aware of the numenical reality of an
imags but only of certain meanings “decoded” accordingly to
their experience from the chromatic variation capturad in the
imags, For the human agent the ins image 15 not & numencal
data but aset of complex knowladge about the ins texture and
the 1mage quality (given by the techmcal  scquisition
conditions and the posture in which the eve is captured). The
atmilar ty/dizzimilanity decision given by the human agent for
B par of ins images 15 based on ad-hoc techniques of
comparing two such sets of knowledge, techniques which are
adaptive in relation with the pair of 1mages malyzed.

- Anartificial agent makes the biemetric decizion using only
numerical support. From itz point of view, the iris image is
numerical data in the first place. Depending on  the
intelligence wath which it is endowed, the artihicial agent can
extract (artificial ) knowladge about the numerical data, which




# n
& #

ll)/'*

$# %
1311$ T A

$ & # 33 & ) 3 3

11$:

N

$ ## 33 & ) 3 3 ##

9) 336 %3 /3'1% e

Abstract — This paper discusses some topics related o the
latest trends in the Tield of evolutionary approaches woiris
reconition, It presenis the resolis of an exploriory
experimental simolation whose goal was w analyee the
possibility  of establishing an Interchange  Protoool  for
Digital Identities evolved in different geographic locations
intercomnected through and inte an Intelligent Iris Verilier
Disiribuied Svsiem (IIVDS) based on o mali-enrosllment,
Finding a logeally consistent model Tor the Interchange
Prstocol is the key Gwwor in desiening the future Lrse-scale
iris hismet ric networks, Therefore, the logical maodel of such
a protocal is alse investicated here, Al tesis are maade on
Bath Iris Dutabase and prove that outstanding power of
discrimination  between  the intra-  and  the  inter-class
comparsons can e achieved by oan 1IVINYS, even when
procticing 527590082 inter-class and 1099 943 intra-class
compuarisans, Still, the test results confinm that inconsistent
enrollment can change the logic of recognition from a
Tuezilied 2-valent consistent legic of biometric certitudes o a
Tuzzificd 3-valent inconsisient possihilistic logie of hiometric
beliefs  justified  through  experimentally  determined
prohabilities, or to o fuzzified S-valent logic which is almeost
copsistind a8 a0 biomerric theory this quality  heing
counterbalaneed by an absslutely reasonable loss in the user
comfort level,

I INTRODUCTION

The evolutionary approach o ms recommnon [1] s a very
recent topic, indaed. The study of Consistent Biometry [1]
and the study concerning the logical comsistency of iris
recomnibon ([ 1], [2]) are also new research divections. All
ol these thres wpics came from o different perspactive ol
iz recognition, which 15 considered & pmblem of
computationz]  logic  and  artificial  intelligence,
hypostasis of the more general poobleny of logical and
intelligent understanding of data.

Daugman imtreduced the classical statistical perspective
of inz recogmition [4], [5] and many others [6]-[13]
followed his view, The difference between the classical
statstical decision landscape of ins recopnition and the
evolutionary model of inis recognition 15 explaimed in [1]

The present paper extends and uses the results
prevaously presented m [1], [2] and [3] by analyang the
possibilines of establishing an Interchange Prowocol T
Digital Identines evelved in different peopraphic locatons
interconnected through and mto an Intell gent Ins Ve fier
Distnbuted  System (HVDS) based on mult-enrollimeant.
The goal of such & study 15 finding a logically consistant
madel for the Interchange Protocol - the kev factor in
desigming the future largescale s hometne networks

Exploratory Simulation of an Intelligent Iris
Verifier Distributed System
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* Artihcial Intell gence & Computational Loge Laborstory, Spdeu Harer University, Bucharest, Rondinia
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A Terminology

An Imtelhgent Ins Venber (I0V, [1T])15 2 non-stationary,
complex, and logically selfaware [1]. [2] bometne
syatem  which  knows Cognitive Binary  Logic  [2].
Consistent Biomatry [1] and costom anthmene langusees,
all of thesa enabling 1w praserve 118 logical consistency
[f]. [2]. 1e o overcome the pressure of the new
enrollments through logical and mielhigent evolution [1]

The Intelli gent Iris Verilier Distribuied System (1IVDS,
M. Popescu-Bodoring consists in multiple instances of 1Y
systems [1] intercomected into a large star-network
topalogy that specilies the central wt (CU} and the
terminal stations.

A minimal theory “T7 of iris recognition consists in &
given vocsbulary VT of bimary s codes, the digital
identities, and a miven knowledee 'K about them (a
grammar) describing well-formed (legal and mesmingful}
computation with  elements of  wvocabulary: how o
computz digial wdentines from a siven number of binary
iris codes and how to 1235 the similarity batween the digital
identities and the binary iris codes:

T=1(V, K}

Enowing that ITVDS 15 an evolutionary system [ 1], we
zee that even a nunimal theory of ins recogmition reflects a
tynamic understanding of s woowmiton based on the
avallable  experience @ certmn moment U and
contimucusly  evolves under the pressure of the new
enrollments (the stress factor, [1])

Ty = (Ve K

A multi-enrol Iment scenario in ins recogmtion 15 that in
which a given number of hvpostaszes of the same inis taken
from the same person enroll in the system under the 1D
nuinbar of that person.

A positivenepaive identity claim iz something like
T e d 'mopet the user X7

The detmls sbout digital wdentnes, indraduoal evolution,
systemic evolution, peometrical mesning of evelving
digital identities and more can be found in [1].

Alsa, the lomeal landscape (the formal theory of binary
lome, Liar Paradox) inowihich  the present paper s
integrated is given in [1]. and [2].

I1. PROBLEM FORMULATION
Here in this paper we aim to analvze the following
SOETEr,
- Inoan VDS based on mwlu-enrollisent, the Central
Linit (CL) evelves (discovers) & logically  consistent
theory of s recogmbon, a5 descrbed i [1] (see Fig 3
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