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1 Introduction lines. These standard methods are thus not of use for about

10% or more of available FPs. Use of correlation filters is
thus attractivé~® However, no prior work we have seen
r,jas addressed FP recognition in the face of the realistic
elastic distortions expected. Several well-engineered optical
correlations have been suggested for FP recogrfitioh,
powever, and can benefit greatly from the filter results we
present.

Fingerprints(FP9 are a well-established biometric for per-

sonal identification with proven use and performance. Live-
scan FP sensors have become the main FP acquisition se
sors for limited access, the U.S. Immigration and
Naturalization Service, etc., in the face of recent terrorism.
These new sensors produce FP data that are quite differen
from the classic rolled FPs. Specifically, live-scan FP im-

ages exhibit elastic distortions, as shown in Figures 1 and 2.
Figure 1 shows two FP images taken at two times in suc- 2 Modified NIST Special Database 24

cession. They appear very similar. However, upon exami- The second portion of this databiseas used, consisting
nation of the location of specific minutia@enoted by of separate dab FP images obtained over (tBesuser dabs
crosses in Fig. 2 we see that the locations of the minutiae pjs finger on the reader a number of timesince these data
are shifted differently in the two images and that the shifts represent the elastic distortions we wish to consider. There
are different for different regions of the FP. This phenom- \yere 55 casegout of 200 in which the test subjects were
enon is referred to as elastic distortion and creates recogni-aple to provide at least nine FP samples. These were the 55
tion problems for live-scan FP data. We have produced a Fps used in our more extensive recognition tests on the
database using such variations and filters to achieve FPapility of various algorithms to perform recognition of FPs
recognition in the face of such distortions and others. with elastic distortions present. We felt that nine versions of
Section 2 presents the modified version of NIST Special each EP should be enough samples to represent most elas-
Database 24that we use. It is the only extensive database tically distorted representations. Section 6 investigates the
of elastic distortions for live-scan data. That section also number of samples needed. Our database is not a large one,
notes numerous other expected FP distorti¢oity, dry, but it is the largest available livescan one with a number of
partial, etc., FPs (Section 6 shows example imagergec- multiple samples.
tion 2 also describes the finely and coarsely aligned ver-  For each FP, one imagdéhe one with the least rotatipn
sions of the database we usglifferent degrees of prepro-  was selected as the test image; the other eight or more FP
cessing are needed for each gamed the normalized data  images were used to form filters. For each set of data on a
we prepared. Section 3 notes the different correlation filters given FP, we used the NIST centering algoritim® to
considered; several are novel with respect to their data pre-locate the center of the FP and to thus initially align all
processing. Each of these FP recognition filters is a sum ofversions of each FP. We then used NIST software to locate
training-set images for one FP. Section 4 notes the test andwo minutiae close to the FP cent@ore. These locations
evaluation procedures developed and used to evaluate difwere then used to rotate each FP to produce a set of rota-
ferent algorithms for FP verification and identification. This tionally aligned images for each FP. This yielded a set of
is a major new result. Section 5 presents initial test results. coarselycentered and rotationally aligned images of each
Analysis of the results follows in Sec. 6. FP. We then iterated shifts and rotations on this set of im-
Much prior work exists in FP recognition. Most uses ages and used correlation of the different images to produce
image processing based on minutia matcHirfpeural net a set offinely aligned FP images for each FP. Both align-
classification methods have been found attractt/&@hese ment methods were automated. These represent our
methods all require extensive image preprocessfiicand coarsely and finely aligned FP data, with elastic distortions
they require good FPs, since tracking FP ridges to locate left as the major difference between them. The central 350-
minutia regions requires continuous high-quality ridge pixel-diameter area of each centered and rotationally
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Fig. 1 Same fingerprint with different elastic distortions.

aligned FP image was used in filter synthesis and testing.

Figure 3a) shows the original image, Fig.(® shows its

rotated version, and Fig(® shows the 350-pixel-diameter

final image used. A set of normalized and nonnormalized Fig. 2 Locations of minutia shifts in Fig. 1 due to elastic distortions.

images were obtained for each FP and for each finely and

coarsely normalized case. Normalized images have the en-

ergy within the 350-pixel radius normalized. Normalized

data were initially considered for handling the presence of images,F(l,), divided by N, with filter values scaled so

partial FPs, but were eventually found to also be useful for that the maximum training-set peak was 1.0. The scaling

handling dry and oily FP variations. factorc is 1Amaximum correlation peak of the training im-
Thus, the modified NIST 24 database used containedages. Thus we have

primarily elastically distorted data, but it also included oily,

dry, scarred, etc., FP variations. It represents the most ex- 2F(1,)

tensive database of elastic distortions. Coarse FP alignmenﬁavg:CT- @

is easier to achieve, and good filter performance on such

data is thus preferable to making use of fine-aligned data. ~ The SDF filter Hyy is also a linear combination of

Distortion-invariant filters(DIFs) were found to be very  yaining-set images, but with an unequal set of combination

good for handling such poor FPs, including FPs with scars. gefficientsa determined by the elements of the vector

Conventional minutia-matching mgthods often cannot inner-product matrix V, since they show the cross-

handle such FPs and refuse decision on many of them, ., rejation(similarity) of the different training set images.

while our proposed DIF filters easily handle such cases. T coefficients are selected to yield equal correlation peak

Section 5.4 notes this, and Sec. 6 shows examples of such 5|5 of 1.0the elements ofi) for all training-set images

FP images successfully recognized. included in the filter. The coefficients are given by

3 Distortion-Invariant Filters a=V-lu, )

Many different types of DIFs exi€l We considered the
synthetic discriminant functiotSDP?! and the minimum  and the filter is the sum
average noise and correlation discriminant function
(MINACE)??filters as well as a simple averaging filter. The
averaging filter,H,,4, gives the sum of alN training-set

Hea= > a(n)F(l,). 3)

Fig. 3 Processing of NIST Special Database 24.
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The MINACE filter H,,, also specifies a correlation
peak value of 1.(Gthe elements ofi) for each training-set
image, but it also minimizes a combination of the effect of
distortions: T(u,v), modeled by white Gaussian noiSg
(this improves distortion tolerangeand the correlation-
plane signal energy for different training-set images
S;,...,Sy (this reduces sidelobes and produces a sharp cor-
relation peak The parametec determines how much each
term is minimized. The rows of the transpose conjugate
data matrixX™ are the conjugate Fourier transforms of the
training-set images that are included in the filter. The filter
must satisfy peak constraints
XHHmin: u (4)
and minimize an objective function. This is achieved by the
preprocessing function

T(u,v)=maq{Sy(u,v),...,Sy(u,v),cS,(0,0]. (5
The MINACE filter is a linear combination of nonlinearly
preprocessed images described by
Hupin=T XXHT1X) " 1u. (6)

In addition, the training-set images used in the averaging
and SDF filters are highpass-filtered; this is a simple ap-
proximation of the preprocessing provided by advanced fil-
ters such as MINACE. Thus, these are not conventional
averaging and SDF filters; they are actually much closer to
MINACE filters. This highpass preprocessing was done to
improve discrimination between similar FPsy suppress-
ing dc and low-spatial-frequency datdn this work, all
training-set images are included in each filter for consis-
tency; this is not generally done.

4 Test Procedure

This represents the first formulation of the test procedure to
be used for evaluating candidate filters for FP verification
or identification. ByFP verificationwe mean the case when

a person enters his FP and some PIN indicator of his iden-
tity. In use, only the single filter corresponding to this FP
will be accessed and compared with the input test FP. If the
agreement is above some threshold, the system will verify
his identity, else access will be denied. In evaluating differ-
ent verification algorithms, all filter outputs are considered,

of live-scan fingerprints . . .

50 Filters

Toast

Inputs

Fig. 4 Verification test procedure for the case of 50 fingers.

correct filter can give the largest outpiatboveT); but asT
is lowered, many other filters may give outputs ab®wand
thus false alarms.

In identification the user enters a test FP, it is checked
against all filters in the database; the largest filter output
yields the class. Only the largest filter output is considered.
If the correct filter output is largest, it contributesRg ; if
any wrong filter is largest$ T) for a test input, it is a false
alarm. If no filter output is abov@, it contributes toPg.
There are a maximum of only 50 false alarms in identifica-
tion.

Rejection rates®g) are also present and of concern. For
a given test input, if the true filter output is not above
that test FP is considered to be rejected so that a false alarm
will not occur. We varyT to obtain ROC data. For the
identification casePc+ Ppat+ Pr=100% (and P, is a
percentage out of 50 for our exampl€&or verification,Pga
is a percentage of 2450 for our example. This evaluation
procedure is equivalent to testing the system on nondata-
base test inputs.

5 Initial Test Results

We present test results for the 55 FPs for which eight or
more training-set images were available. As noted earlier
(Sec. 2, only one test image per FP is available. We note
that ~70% of the database consists of partial FPs with a
large portion(>30%) missing (in the 350-pixel-diameter
image after our centering stepasnd that many of the FPs
are oily, dry, or scarred. Thus, this is a formidable pattern
recognition problem. The fundamental questions to be ad-
dressed were: Can DIFs handle elastic distortion? Can DIFs
recognize oily or dry or scarred FRstandard minutia-
matching methods have problems with such )PPé/hat

as we now discuss. We consider the case of a 50-persorntype of preprocessingrotation, normalizationis needed,

(50-FP database. For each test FP in(@ test inputs, one
per FB, there is one filter; we consider all 50 filter outputs
for the test input FP. We determine the correlation-peak
output for each filter and produce a 860 array of
correlation-peak value@-=ig. 4). If any wrong filter output

is aboveT (the thresholyl it is a false alarnithere are thus

a maximum of 56— 50= 2450 false alarmsandPg, is the
percentage of this outcome. If the correct filter output is
aboveT, it contributes toP.. If no filter output is abova

for a given input, it is rejected and contributesRg. To
produce receiver operating characterigiROC) data P¢
versusPg,), we vary T; thus for a given test input, the

PROOF COPY 004410J0E

and why? Which type of DIF is best?

5.1 Highpass-Filter Preprocessing

The MINACE and advanced DIFs tend to highpass-filter
the training-setand test-sgtdata, emphasizing higher spa-
tial frequencies to improve discrimination and reduce false
alarms Pgy). We also highpass-filtered all training-set
(and test-setdata for the other filter types. All pixels within

a radiusR of dc in the frequency domain were set to 0, and
the response beyoriRlwas tapered over 10 pixels to avoid
ringing effects. A validation set was used to sel&tit
consisted of a number of distorted versions of one print
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Fig. 5 Fine versus coarse alignment (shift and rotation) improvement using normalized FP data. ROC
verification results for the MINACE (a), SDF (b), and average (c) filters.

(true clasg and a number of other FPs of the same type
(false clask After tests, we chos&= 30, since it gave a
large true-to-false separation; a wide rangeRothoices
performed comparably. Without blocking pixels, many

5.2.1 Need for finely aligned data

Figure 5 shows test results using normalized data for both
coarsely and finely aligned data for the different filters. We
expect better resultflarger true correlation peakswith

false FPs were present with larger outputs than the distortedpetter-aligned FP data, due to the rotation sensitivity. Filters

true FPs gave.

The MINACE filter requires selection of one parameter
¢ that determines whether to emphasize detection of dis-
torted FPs or false-alarm reduction. A validation set was
used to select, as suggested elsewhéfeThree filters
were made from each of these sets of FPs. Tests wer
against three true FPs and 50 others. All FPs were of the
same type. Ag for the filter was varied, the lowest true
correlation-peak value minus the largest false correlation-
peak value was recorded. Tlhevalue (510 °) with the
largest difference was chosen. The exaatalue was not
critical. Normalization is done after application oprepro-
cessing(MINACE filter) or after highpass filteringwith
SDF and averaging filters

5.2 Verification Results

We show P (the percentage of all 55 test FPs correctly
recognized versusPg, (the percentage of false alarms out
of 2970 possible errors—false inpyteind we record the
rejection ratePy (the percentage of the 55 test inputs with
correct filter outputs below the threshald. For verifica-
tion, Pc+Pgr=100%; Pga=0.034% corresponds to one
error. At a givenT, if any wrong filter gives an output T,

it contributes toPg,, even if the correct filter output is
largest.

4 Optical En%neering, Vol. 43 No. 10, October 2004
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formed from aligned data also have more structure and less
blur, due to the summation of shifted training-set FPs; this
also yields lower false correlation peaks. All the ROC data
in Fig. 5 are better when finely aligned data are used, as
expected. We see that the improvemenPis at least 5%
and can be as much as 25% when finely rather than
coarsely aligned data are used.

We now discuss resulfig. 5a)] for the MINACE fil-
ter. When finely aligned data are used, the test results are
perfect Pc=100% Pra=Pr=0%). These results occur
for a thresholdT=0.48 up to 0.56the minimum true cor-
relation test peak is 0.56, and the maximum false peak is
0.47). With coarsely aligned data, the performance is worse
(Pc=74.5% atP,=0% andPg=25.5% forT=0.55; at
a lowerT=0.41, we can achievB-=100% but withPg,
=2.26, which is very large Thus, finely aligned data im-
prove performance by 25%, they also provide a larger mini-
mum true correlation peal0.56 versus 0.4land a smaller
maximum false-alarm rat@.47 versus 0.546 This result
is attributed to the better structure of the filtgess bluy
when training data are more finely aligned; true correlation
peaks are always larger when rotation alignment of test
inputs is better. It is important to note that the correct MI-
NACE filter output is always the largest of those of all 55
filters; this occurred for all casésoarsely or finely aligned,
and normalized or ndtThis fact is needed in identification
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Fig. 6 Normalized versus unnormalized improvement (with fine alignment). ROC verification results

for fine-shifted data for the MINACE (a), SDF (b), an

d average (c) filters.

tests; thus, fine alignment is less needed for identification 5.2.2 Need for normalized data

than for verification. In our verification tests, the samis
used for all test inputs; this is why finely aligned data are
needed to increase all true test peaks above sbrikse of
different T for known problematic FPs could allow relax-
ation of the need for fine alignment.

We now discuss results for the SIFig. 5b)] and av-
eraging[Fig. 5(c)] filters. The trends are similar to those in
Fig. 5@). We first discuss SDF filter results. For the low
Pea<1% region of interest? ¢ is better by 9%—27% when
finely aligned data are used. With such data, SDF filters
give good performancePs=92.7% with Pa=0.067%
(only two false alarms The problem is that with coarsely
aligned data, true correlation peaks are too [ownimum
0.25 and false peaks are too higmaximum 0.5%, and use
of low T values such as 0.25 is not realistic. Even with
finely aligned data, very low values are needed for high
Pc, too low to be realistic: aff=0.395, we haveP.
=94.5% (3 of 55 FPs missedand P,=0.2% (6 false
alarms.

Averaging-filter resultgFig. 5(c)] are now discussed.
Trends are again similar. The value Bf; improves by
23.5%(from 65.4% to 89.1%with no false alarms, and by
22% (from 72.7% to 94.5% with Pg,=0.067% (2 false
alarmg when finely rather than coarsely aligned data are
used. As with SDF filters, th& levels are too low to be of
use if highP¢ is needed. In general, MINACE-filter results

Our original motivation for the use of normalized data was
for the cases of partial input test FASg. 11). This is still
valid. However, only one of our present 55 test inputs is a
partial FP(intentionally). In retrospect, normalization also
greatly aids recognition of oily and dry FPs, as we now
discuss. Dry FPs have more white aréasd hence higher
energy and lower contrast. Oily FPs have more dark area
(and hence lower enerpySee Fig. &) and 9d) in Sec. 6.
Dry FPs produce larger correlation peat@nd possibly
false alarmy oily FPs produce lower true correlation peaks
(and thus require lowvi, causing problems Thus, use of
normalized datdin training and in testingwill aid in such
realistic FP cases. Figure 6 shows test results for all three
filters with finely aligned data and with and without use of
normalized data. For the MINACE filter, at a oW
=0.03% (one erroy, use of normalized data improves the
results by 5.5%. For the SDF filter, the improvement is
~7% at P,=0.03%; for the averaging filter, it is 5% at
Pea=0.17% (5 errorg. Thus, use of normalized data is
clearly of help. It increases the lowest true péfkm 0.52

to 0.56 for the MINACE filtey, and it significantly reduces
the maximum false peakirom 0.67 to 0.48 for the MI-
NACE filter). These lower false maxima allow use of a
lower T and result in better ROC data.

5.2.3 \Verification test summary

are much better than those using other filters. SDF- and Figure 7 shows ROCR versusPg,) results for the low-

averaging-filter results are not appreciably different; we at-

tribute this to the highpass preprocessing used, which im-

proves discrimination and makes all filters more similar.

PROOF COPY 004410J0E

Pr, region of interest for the case of finely aligned and
normalized data. We also include test results for a one-to-
one filter case, in which one training image was used as the
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Fig. 7 Verification test results. Fig. 8 Identification test results.

filter and another as the test input. This last filter case per- =98.4% versus 89.1% witR4=0%, but this occurs at a
forms worst; thus clearly DIF methods are needed to handle|jow T=0.245. The problem is again that these averaging
elastic distortions, as expected. The MINACE filter per- filters (like the SDFs onesgive low true correlation peaks
forms perfectly Pc=100% Pea=Pr=0%) and better  (even though the largest peak is the correct)poempared
than all other filters. Thus, its combination weigkised to to the MINACE filters. In practice, most errors in the
assemble the filter from the training setd its highpass  present identification filter tests would be handled by reject-
filtering are preferable to those of the other filtéaserag- ing the input FP and requiring the user to reenter his FP.
ing filters have equal weights for all training-set images Figure 8 shows identification test results; only finely

Recall that with the highpass filter preprocessing used, thealigned and normalized data results are included, as they
SDF and averaging filters are not the conventional ones. provide the best scores.

5.3 Identification Test Results 5.4 Minutia-Matching Tests

Recall that in these teStS, the user does not state his |dent|ty,The performance Of minutia_matching Software at NIST on
and each test input is correlated with all 55 filters. If any thjs database of 55 fingerprints was also obtained. Since
filter output is=T, the input is accepted. Thus only the minutia-matching methods require only one reference FP,
filter with the largest output is considered. If it is the correct only the first four elastically distorted versions of each FP
one, P¢ is incremented; if it is the wrong clas®g, is were analyzed. This provides useful minutia-matching data
incremented; if no filter output is abovE, the input is for the case of multiple test inputs; how to use these data is
rejected. ThusPc+ Ppa+ Pr=100%. The quantityPg, is the subject of ongoing work. Other minutia-matching meth-
now a percentage of 5Bot 2970; and the percentagé, ods may perform better, but the one used is the benchmark
are now much larger than in verification. We use the same NIST employs. It does not need rotationally aligned data.
T for all FPs in the present test procedures. The only way to For each FP, there are six possible matching combinations.
achieveP <= 100% is with no errorsRey=0%). A minutia-matching score of 40 is generally considered ac-
Identification test results are now analyzed. The Ceptable for the matcher used. At this threshold, twelve of
MINACE filter gave perfect results Re=100%, Pga the 55 FPs_had at_le_ast one miadrue FP version that was
=0%, andPr=0%) over a large rangeT(=0.48 to 0.56. not recognizey this is more than 20% of the FPs. Six of

The correct MINACE filter output is always the largest, and the F|l|:ISe had e)thz:\i% ?(;rmcr)lree Igssﬁ?iilsisotn?k?ilgaogot:se v?/Zre
the largest false peak is below the minimum true peak for POSS casgs on °y .

all 55°=3025 filter cases. This occurs for all fine versus mszed(rer?ardltfass of Wh'%h Orf].t?]e four r']:P verspnst was
coarse and normalized versus unnormalized data cases an S§chaesd t A? '[ﬁisertehnrgih%rlld I\gvle(i 0?3% t et?gthetsgrntrﬁlue,srgone
for all partial, oily, dry, and elastically distorted test FPs. prints 0?%15% gave false aIarm(somé other false EPs
;I_'husd, the MItNACE. filter is very rObS“SS.E]ant;jef%rn'gecgggg'ro_also gave a score above )4@or three of the cases, there
t;()t?onoa?isg]r?r% ernetqw[ﬁcﬁng aﬁrgggijlflebela%tomyate d were three false alarms for the given FP. These tests do not

SDF filt ' lized and finelv alianed dat ; allow direct comparison of the performance of minutia-
Lers using normalized and finely aligned data per- matching filters versus DIFave could have used different
formed much better for identification than for verification

= ~ . = FP versions as the test input for our DIFs; a much larger
(Pc=98.2% versu$c=78.2% withPga=0%). The cor-  yaanase is obviously needed:; gttm addition, DIFs need

rect filter output is largest for 54 of the 55 caséBc( gt least seven or eight training samples, while minutia
=98.2%). Thus, SDF filters are very attractive; however, a matchers do not. However, MINACE filters gave no errors
very low T=0.315 was needed. In practice, test prints with in initial tests. Thus, these initial results seem to indicate
low score would be rejected, as the confidence of such more misses and more false alarms using standard minutia-
classifications is low. matching methods. A comparison of minutia matching and

Averaging filters also perform we{k bit worse than the  DIFs is not our purpose. These initial results are, however,
SDF filter). Their identification performance is better than of use and merit further attention on a larger database with
their verification performance, as expected. We ob&in attention to how to perform valid comparisons.
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(d) Drv FP (€) Partial FP

Fig. 9 Representative examples of different test FP variations to be expected.

6 Analysis of Results and FP Imagery Figure 9e) shows a partial FP; Fig.(B) is also a partial FP

Elastic distortions are the primary distortions we intended (Normalization should help such cases, especially when dif-
to address in this study. DIFs are able to handle such dis-ferent parts of the FP are present in training and in testing
tortions with proper preprocessing. However, many other Figure 9f) shows a scarred test FP. Automated minutia
FP variations arise in practice and in our present databaseSyStems have problems with scarred FPs, and some of the
(Fig. 9); all examples shown are test-set FPs, which are other cases shown and often reject such FPs, since a suffi-
(ideally) the best for a given finger. Figurged shows a  cient number of minutiae may not be locatedg., for par-
good FP(it occupies the entire 350-pixel diameteFigure  tial FP9. These examples in Fig. 9 are typical, not isolated,
9(b) shows an FP with noticeably higher ridge spatial fre- cases. With finely aligned and normalized data, all three
quency than other FPghe person was female, and the filter types successfully performed verification and identifi-
smallness of her fingers seems to be the cause of thig ~ cation of all cases in Fig. 9.

test errors seem to be due to the need for more accurate Some oily FPs[Fig. 10@] can cause problems. The
rotational alignment, even better than our fine rotational correct averaging filter for this test caseith finely aligned
alignment. Figure @) shows an oily FP; as seen, it is very and normalized dajegave only a modestut reasonable
dark and has less ener{taus, it requires use of normalized correlation peak of 0.49, and no other filter output was
data for good performangeits ridges and valleys are less above 0.18. With finely aligned but unnormalized data, a
clear, being broken up and having low contrast. Figuth 9  lower correct peak0.37) occurred, due to the low energy
shows a dry FP; it is whiter and has more energy; its ridges of the test FP; this peak was still the largest among all 55
are also broken up and less clear, and its contrast is lowfilters. It gave no identification errors; however, the peak is
(dry FPs do not make good contact with the FP scanner too low, as other test inputs have false filter peaks above

)

Fig. 10 Images of similar oily partial test fingerprints.
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Fig. 11 Images of a typical partial fingerprint from the test (c) and training (a,b) sets.

0.37, and thus errors occur in verification tests. For the testwell. We attribute these very high test-set peak values to the

FP in Fig. 1@a), the MINACE filter (with finely aligned
and normalized dajagive a large peak0.64); no other
filter output was above 0.34. With finely aligned but unnor-
malized data, a lower but still large pe&B.52 resulted;
however, other filters for other FPsuch as in Fig. 1®)]
of a similar clasqloops gave larger output$0.67, 0.56

fact that the training set is very typical of the test set and
captured this expected partial nature of the test FP. If the
test FP had been taken at a much later time, then normal-
ization might be expected to have been of more help.
Figure 12 shows ROC MINACE-filter verification re-
sults for persons with fewer than eight training-set FPs. For

and thus errors. That this was a partial as well as an oily FPall cases there are some errors. This seems to indicate that

contributed to these effects. However, the training set is
also an obvious factor. The oily FP in Fig.(&Dwas not a
problem. The MINACE filter(with finely aligned datp
give large correct peaks of 0.97 and 1.1 for unnormalized
and normalized data. The SOB.95 and 0.99and the av-
eraging filter(0.79 and 0.9 also performed well. This is
attributed to the fact that the training set captured the oily
nature of the test FRas well as its elastic distortionsThis

having at least eight training-set images is a good choice;
much more extensive tests are needed, of course, to confirm
this. There are 145 fingers with less than eight training
samples: 42 had seven samples, 34 had six samples, etc.,
and seven did not even produce four samples. As expected,
performance degrades with fewer training samples.

7 Summary

may not always occur when the test FP is taken at a Very o gatabase of FPs with elastic distortions was assembled.

different time from the training set used to synthesize the
filter. Thus, training-set effects are also of concern; varia-
tions must be captured by the training set.

Figure 11 shows several of the training-set images and

the test-set FP for a case in which all images were of severe

partial FPs. Standard minutia matching systems would re-
ject such inputs, as an insufficient number of minutiae
would be located. Surprisingly, all filters performed well on
this test input(using finely aligned and normalized data
With finely aligned and either normalized or unnormalized
data, the correct MINACE filter gave a large correlation
output of 0.84 or 0.78. The correct averaging filtér84
and 0.80 and the correct SDF filte0.96 and 0.8%also did

% Carrect

i o
"8-13" -

15

1 1
10
% False Alarms

20

Fig. 12 Verification tests of MINACE filter using 4—7 training-set
images per FP.
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Various distortion-invariant filters were considered for clas-
sification in the face of elastic and other distortions. The
MINACE filter was found to be best among all filters
tested. It gave perfect verification and identification results.

The need for finely aligned and normalized databases
was investigated. They were found to be needed for verifi-
cation tests, but not for identification. The database also
contained oily, dry, partial, and scarred FPs. These repre-
sent other distortion cases that the filters handled success-
fully. Filters seem tolerant of poor FPs and can achieve
correct recognition of them; conventional minutia-matching
FP systems seem to have large rejection rates for such
cases. Much more extensive tests are needed to confirm
these results.
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