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Abstract. The accuracy of Automatic Fingerprint Identi cation Sys-
tems (AFIS) is dependert on many variables ranging from the quality
of the friction skin surface itself, to the ability of the image acquisi-
tion device to accurately image the ngerprin t, to the feature extraction
and matching software to detect the feature set and declare a correla-
tion (a match/no match) based on some criteria. The genesisof these
systems exclusively usedrolled impression ngerprin t imagery. As AFIS
developers attempted to reduce the cost and improve the usability of
these systemsfor commercial applications, plain impression imagery was
adopted and total scannedimage area was signi cantly reduced. This
paper will quantify the e ects of reduced image area on overall system
accuracy in a single nger plain impression environment.

1 Intro duction

Fingerprint sensorsand devicesembedded into everyday items can customize
features to provide increased comfort and cornvenience. Sensorsembedded in
family automobiles can identify the driver and automatically adjust the mir-
rors, radio settings, seat positions, and climate cortrols. Sensorsembedded in
handheld PDAs and cell phonescan authenticate usersand customize settings
accordingly. The dewvelopmen of such novel biometric systemsrequire the de-
velopmen of new sensorswhich acquire the ngerprint data in a non-intrusive
manner. This would lead to ngerprint scansthat are taken from small areas
of the ngers asopposedto the complete rolled impressions.Further, the same
areasof the ngerprin ts may not be scannedeverytime. The e ect of ngerprin t

image scansand their positioning relative to anchor points on the ngerprin t

(such as core and delta) is crucial for the developmen of applications where
there is no deliberate attempt on the part of the userto submit to a ngerprin t

scan.The rst steptowards the developmen of such applications is to quartify

the dependenceof recognition accuracy on image scansize and position.



Automatic Fingerprint Identi cation Systems(AFIS) deweloped for law en-
forcemen applications strictly usedrolled impression ngerprin t imagery, cap-
turing asmuch friction skin surfaceinformation that is available on the particular
nger, and imaged all available ngers. Scanningthis much image area ensured
the capture of the coreand delta of the ngerprin t which enablesclassi cation of
the image. Classi cation allows the AFIS to reducethe size of the seard space
through penetration into the databasein a one-to-mary matching con guration,
by segmeting the databaseaccordingto classi cation. The expected accuracy
of such systemshas beendiscussedin [2] and given by:

Psysfom = Pram = 1 (1 Ptom) 1)
Psysim = 1 (1 me)N

where Psys tnm IS, for a xed comparison scorethreshold, the probability of a
false non-match when comparing any two or more matching templatesin a cold
seard, i.e. the probability that we do not match when we should. Pgsys ¢ is,
for a xed comparison scorethreshold, the probability of a false match when
comparing any two or more non-matching templates in a cold seard, i.e. the
probability that we do match when we should not. In this context, cold search
refers to the searthing of ertire databasewithout a prior classi cation step to
enable pruning. Let N be the number of templates in the database, be the
probability of selectingthe wrong classi cation bin, and Ng be the number of
templates in the selectedclassi cation bin. Equation 3 has beenderived in [3]
and shaws the dependenceof false matcheson the accuracy of pruning.

I:)sys,f nm =1 (1 )(l Pt nm ) (2)
Psystm = 1 (1 me)NB

While classi cation of the ngerprin t reducesoverall seard times, this approac
hasan impact on overall systemaccuracy speci cally increasingfalsenon-match
rates, depending on the accuracy of the classi cation scheme.

On the other hand, the scannedimage areascaptured by live scannersare
relatively small and may not include the core and delta of the ngerprin ts and
thus do not have the advantage of pruning the possiblechoicesin a database,
referredto asclassi cation. The requiremerts for the live-scanimage acquisition
device, are well de ned and published as part of a NIST standard [1]. The live-
scanrolled impression ngerprint scannersused for capturing an image of the
nger require the userto roll the nger from sideto side, generally synchroniz-
ing the speedof the roll with someguiding lights or LEDs. This processcan be
quite demandingon the actual userand generallyrequiresa trained attendant to
assistin the overall process.Thesefactors are often deemedtoo complex or too
costly for commercial applications. With the growth in popularity of these sys-
tems for a variety of non-law enforcemen applications, developers concerrated
on improving the usability of these systemsthrough capturing plain impression
imagery as opposedto rolled impression imagery. This reduced the cost and
complexity of the image acquisition device considerably while improving their



easeof use.As e orts were madeto further reduce costs, the total friction skin
surfaceareaimaged by the plain impression ngerprin t reader cortinued to de-
crease.The total area captured varies from vendor to vendor since there are
virtually no standards governing the attributes of plain impression ngerprin t
readers. Recertly, initiativ es by AAMV A, the American Asscciation of Motor
VehiclesAdministration have introduced sud criteria but these standards have
not beenadopted universally by all commercial applications [3].

Most AFIS deployed for commercial applications, using plain impressionim-
agery, do not attempt to classifythe ngerprin t imagedue to the lack of reliably
knowing the location of the delta. This eliminates the error rate due to pene-
tration of the databases.However, the e ects on verifying reducedimage area
have not beenfully characterized for the resulting systemsrequiring a one-to-N
seard. Quite often, seeminglyintuitiv e statemerts will be madethat the reduced
imageareais "good enough'for a given application due to the reducedsizeof the
database.While it is true that ead application hasdi erent requiremerts with
respect to falsematch and falsenon-match performance,understanding bestcase
anticipated performanceis essetial prior to designingthe overall system.

2 Experimental Setup

The functional block diagram showing the generation of error rate and ROC
curves using Enrollment Images, Inquiry Images and Match Key is shavn in
Figure 1.

Plain impression ngerprin t imageswere collected using Ultra-Scans Model
503Ultrasonic Fingerprint Reader.This devicecapturesa large, plain impression
image area of 2.03cm 3.05cm (0.8 x 1.2) at a resolution of 1,270 samples/cm
(500 dpi). Images were collected from 259 di erent people, over a one month
period. Each personhad both their index ngers and two thumbs imaged three
times ead for atotal of 12 imagesper person.Sewenty-eight of theseindividuals
returned on a dierent day to give another set of 12 images. Thus, the total
samplesin the databaseis:

4f ingers (78peopk) 4f inger  3images

(259people) person person finger

= 4;044images

Ten setsof ngers (3 imagesead for a total of 30 images)were removed from
the databasebecauseof a wrong nger being accidertally used.No other images
werediscarded.During the capture process,no speci ¢ preparation of the ngers
or the ngerprin t platen was performed. Thus, the resulting databasesize, after
removal of the 30imagesdue to the useof the incorrect nger, was4,014images.

The test subjects ranged in agefrom early twerties and mid-sewerties. The
proportion of men to women was approximately equal. About one third of the
individuals were blue collar workers. All were instructed verbally on how to use
the ngerprin t readerand whereto placetheir ngers. They werethen asked to
scantheir ngerprint without further assistance.No enrollment procedure was
usedto provide feedbad asto proper nger position.



Ultra-Scan's Model 811 feature extraction and matching software was used
to processthe images.The feature set created was strictly minutiae based,and
no binning/classi cation basedon ngerprin t or non- ngerprint parameterswas
used.For ead set of the same ngers labeled A, B, C, three independernt match
combinations can be created, A:B, A:C and B:C. The matcher subsystemis
symmetric and thus, the comparisonof A:B and B:A results in the samescore,
therefore, only one match scorecombination was used. This results in the total
number of matching prints to be:

af i 3 af i 3imag _es
(259people) % % (78people) ﬁ ;I)I:?gor?s = 4:811:184

2

Due to the amount of processingrequired for this much data, the size of the
non-matching databasewaslimited. Speci cally for non-matching scores600,000
non-matching pairs were used. These comparisonswere randomly drawn from
the possiblecrosscomparisons.The non-matching pairs were always drawn from
two di erent individuals. Therefore, for matching comparisons,a total of 4,014
comparisonswere performed and over 3 million non-matching comparisonswere
used.

The template sizefor eath nger wassetto a maximum of 300 bytes. Using a
minutiae basedmatcher and recording X, Y, ? for eadh minutia limits the total
number of reported minutiae for eadr nger to be approximately 100.

2.1 Synthesized Image Data

The original (2.03 cm x 3.05cm) imageswere cropped to create smaller images.
Cropping was performed about a xed point near the certer of the platen area
of the ngerprin t reader. Image sizeswere selectedwhich represeried scanareas
usedby a variety of ngerprint readerscurrently available on the market today.
The image areasthat wereselectedare shavn in Table 1. In addition to cropping
about a xed point on the scanner,smallerimageswere also created by cropping
about the certer of massof the image, referredto ascertroiding. The table shows
the minutiae detected falls signi cantly with smaller image sizes.

Image Size Cropping- Centroiding-
Min utiae detected|Min utiae detected

1.95cmx 2.93cm 58.49 -

1.90cm x 1.90cm 55.43 51.42
1.52cmx 1.52cm 34.04 33.83
1.27cmx 1.27cm 45.52 47.69
0.95cm x 0.95cm 13.60 14.15
1.27cmx 2.54cm 77.76 82.67

Table 1. Summary of Image Size versus average number of detected minutiae.



2.2 Results

The rst step in the analysis of the e ect on overall image size versus system
accuracyin a minutia basedmatcher systemis to understand the e ects image
size has on the total available feature set (i.e. number of detected minutiae.)
Figure 3 is a histogram plotting the total number of detected minutiae for given
sizeimage area (2.03 cm x 3.05cm) acrossthe erntire databaseof 4,014images.
The probability distributions of a false match Pfm versus a false non-match
Pfnm are also shown for the sameimage size (Figure 4). The sameprocesswas
repeated for all the image areasmertioned in Table 1. In addition, the feature
set was determined for both cropping and certroiding of the image (Figure 5).

3 Conclusion and Future Work

The e ects of image scan area versussystem accuracy for an automatic nger-
print identi cation systemhasbeenshawn. Testing was conductedusing a single
nger plain impression ultrasonic ngerprin t reader and corresponding feature
extract/matc h software. Di eren t imageareaswere createdby cropping the orig-
inal imagesabout a common point as well aslocating the certer of massof the
image using certroiding techniques. The test data demonstrated the sensitivity
of system accuracy on image size. Equal error rates ranged from 0.01%for the
largest scan size of 2.03 cm (0.8") x 3.05cm (1.2") to 0.13% for the smallest
scansizeof 0.95cm (0.375") x 0.95cm (0.375"). This represents a total change
in accuracy of over 0.12% (Figure 3).

Future work must be performed to further isolate the sourcesof the result-
ing error rates for a given image size These sourcescan be categorizedas: (i)
Condition of friction skin surfacesitself, (i) quality of resulting scannedimage,
(i) ability of the userto consisterlly placetheir nger onto the nger scanning
surfacesothat the imageareascannedat the time of inquiry matchesthe image
areascannedat the time of enrollment, (iv) accuracy of feature set created, and
(v) robustnessof matcher to handle distortion created by plastic deformation.
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Fig. 1. Functional block diagram showing the generation of error rate and ROC curves
using Enrollment Images, Inquiry Images and Match Key.
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Fig. 5. Error rate versusmatch scoredistribution for an image area of 1.9cm x 1.9cm
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