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Introduction

This paper is motivated by the need to develop afsgiality metrics that can be calculated from iris
images and will quantify specific attributes of iris images and overall quality. Metrics that have been
implemented thus fgorovide indications ofharpness, usable iris area, and pditation. Additional
metrics @anbe added, including contrast, gaze angle, motion blur, etc.

Themetrics described here meet the following criteria

1 Samplebased the range of values for each metric is derived from a population of images
captured by one or more irisptare devices; this implies that all such images met some capture
criteria and are suitable to some degree for template generation and matching

9 Uniform scalé each individual metric is expressed on a scale 0 with 100 representing the

highest levebf observed quality anir e pr esent i ng the | owest | evel
score ofabout50, aml each image has a score that indicates its relativewdhin the entire
population

1 Matcher independendethe quality metrics are not intended tegict the performance of any
particular template generation and/or matching algorithm

9 Standards compliandethe metrics are consistent with ISO CD 2984 current draft standard
titled fABi ometParct s@ampll, which lista dodalofylé iris image
metrics plus a fAunified quality scoreodo that se
overall quality value.

Technical Approach

General Methodology

The analysis described here focused on thpeeificquality metrics: asharpnessmeasure that indicates
how welHocused the image isjsible iris area, which measures how much of the iris is not occluded by
eyelids, eyelashes, reflections, etc. and is therefore available for encoding and matchimg; and
compression,which indicates the extent to which the iris is compressed by dilation of the pupil, and is
closely related to the pugpilis diameter ratio.Details on the computation of these metrics are provided
below. The three metrics were computesm images captured with three Cross Match Technologies
production iris cameras: IScan2, a USB tetheredeaymimager, SEEK a handheld multibiometric
enrollment and matching device, and SEEK Avenger, a newer version of SEEK that offers enhanced iris
capure capabilities.The complete gallery consisted of 3048 images: 1251 from ISZ&806%rom

SEEK2, and 1017 from SEEK Avengef.he subject population consisted entirely of company
employees, ranging in age from approximately 20 to 65 years.

For eachmetric a histogram of the observed valugkich we will call the raw metric valuajas
constructed and rescaled such that it summed to 1.0; the result is a sample pdf of the metric. A
cumulative dstributionfunction (cdf) was then constructed and thevadues were multiplied by 100 to
generate a normalized quality metric, so that the lowest observed raw metrivgaldehave a

normalized value of and the highest observed raw value would have a normalized value of 100. The
normalized value can thiee interpreted as the relative rank of the raw metric value within the entire



population. Note that the median raw value within the population would have a normalized quality metric
of 50, since half the values would be greater than the median anddsaFér all three of the metrics
analyzed, the average value of tigtributionwas within 2 integer values of the median, indicating that

the distributions were reasonably symmetrical.

Figure 1 shows a histogramh observed values for the ralarpness metric, which has a minimum of
about 20 and a maximum of 60 for this populatidiis example is compiled from tlemtire set of 3048
images Figure 2 is the CDF for this histogram, scaled to a randd®fl00,which constitutes the
mapping fom raw sharpness values to the normalized sharpness metric.
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Figure 1 Raw sharpness distribution
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Figure 2 Mapping from raw to normalized sharpness
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While the mapping displayed in Figure 2 is based on empirical data, what we need for determining the
normalized sharpness value for a given raw sharpness value is afolosexkpression that gives the
normalized sharpness as a function of the raw sharpness. We obtain such an expression byfitting a 3
order polynomial to the points displayed in Fig@. Details on this process are given below.

Note that since the quality mapping is based on empirical data from one image gallery, it is entirely
possible that images from other cameras and other capture conditions might have raw sharpness values
outside the range observed from tieoss Matclimages. One approach to handling such samples is to
simply assign a normalized sharpness of 100&fraw value is greater than 601 if it is less than 20.

These oubf-range samples could also be added to the original data set so that from time to time the
distribution and polynomial fit can be recalculategrovide updated parameters for calculating the
normalized metric. Thesepmeters would be incorporated into periodic software releases when
convenient.

Sharpness

The sharpness measure used is calculated by computing the discrete cosine transform (DCT) of a series of
nonoverlapping 8 x 8 piel patches, computing a sharpneskie for each patch, and averaging the

sharpness values over all the patches. The metric is calculated for a local subimage that encompasses the
iris and extends slightly beyond the iris into the surrounding area. The sharpness measure, described by
Kristanet al[2] is obtained by computing a Bayes entropy function for the normalized DCT spectrum;

the entropy function yields a maximum when the spectrum tends to anumifstribution, which happens
whenthe image reaches best focus @adigh-frequerty contentis maximized When the image is

defocused its energy becomes concentrated in the low frequencies and its entropy drops.

As described earlier, we obtained a distribution of the sharpness valuestistitmage population,

computed its cumutéve distribution function, and rescaled the CDF values to th@@range to obtain

the normalized quality metric. A%order polynomial fit was applied to the normalizedues using

Excel. The rawto normalized quality mapping is shown in Figurea®ong with values calculated using

the besffit polynomial. Although the calculated values exceed tH@® range at the extremes of the raw
metricbébs range, this can be easily handled in sof
100. Thepolynomial for mapping raw sharpness to normalized quality metric is

Qs =S¥’ +S,X* +§x+§, @)
where

S ={-2.0778 -4.782020.325824 -0.00375 )
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Figure 3 Sharpness quality normalization
Visible Iris

The visible iris area is calculated after image segmentation, which locates the iris and pupil boundaries,
including eyelids, and occluded areas due to eyelashes, reflections, etc. The raw quality metric is
100*visible iris/total iris wherehe total irisarea is the area within the circular iris boundary less the area
within the (approximately) circular pupil boundarin thetestimage population, the raw visible iris

ranged from about 50% to 100% of the iris area. This range is mapped thaBeOmalized range

using the empirical mapping and polynomial fit shown in Figur&He normalized visible iris area

metric Q is given by

Qa = AX* + AX + AX+ A (3)
wherex is the raw quality metric and the coefficients are

A ={4.1749341.357796-0.05514 -0.000524 4)

As is the case with the normalized sharpness metric, the normalized visible iris area should be constrained
to thel-100 range.
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Figure 4 Visible iris quality normalization
Iris Compression

Iris compressioftlC) is related to Pupilris-Ratio (PIR), the ratio of pupil diameter to iris diametby

a D,,..0
IC =100 - —>=8 (5)
o iris =+
The use of iris compression as the raw quality me

Const @A)inySection 6.4.2.3 dASO/IEC JTC1/SC3DIS 297946[1]. This parameter is defined
as

pc =1004%0- max(D;.D,) ©)
100- min(D,,D,)

where 0 and D are the pupiiris ratios (on a scale ofD00) of the first and second iris images used in a
matching operation. For most iris matchers, the best match performance is achieved if both images have
similar pupitiris ratios, sdC approaches 100. We hagefined iris compression so tHa€ becomes

.min(IC,,1C,) -
max(IC,,IC,)

wherelC; andIC, are just the iris compression values of the first and second images. Dilation Constancy
is maximized ifiC, andIC, are identical.

DC =100

Of course, when wealculate a normalized quality value for iris compreséwra single imageve only

have one pupilris ratio available to usin order to handle this situation we note that the piagilratio

observed in théest image satanged from 4 to 55, with an average8.2 whichcorresponds to an iris

compression value af1.8 Reasoning that the fart hteeravemger s a mpl
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value the more likely it is to result in a low value of Dilation Constamey calculatedor our dilatin
metrica modified compression metric (MCM) as
ic- 728

McM(IC) = 100% — O

(8)

where L is the raw iris compression value.
MCM will be 100 if the C is equal t&2 and will drop as it becomes larger or smaller than The
minimumand maximum observed values f@rin the population weré5 and86, respectivelyso MCM

ranges fron62.5t0 100. Figure 5 shows the mapping from MCM to its normalized quality vafsefor
visible iris area, the mapping for MCM is 4 8rder polynomih

Qu =MyX + M, X" + M x+M, 9)
where

= {7.4992107.492761 -0.210680 0.001452} (10)

As is the case with the normalized sharpness metric, the normdiliztoin metric should be constrained
to thel-100 range.
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Figure 5Dilation Normalization

It is interesting to compare our dilation metric to the Dilation Constancy described in the draft iris quality
standard, which we can do if we assume that we are analyzing a probe image that is being matched
against an enroliment image hagithe average pugitis ratio of 0.28 discussed above. Figure 6 is a plot
of the normalized dilation metric and the Dilation Constancy as a function ofitregiB of the probe

image. Note that the two plots are identical fdrrBtios above the avage and nearly identichklow

the average Pratio except for very low R ratios.
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Figure 6 Normalized dilation metric and dilation constancy-Vsd®io
Scalar Quality Metric

The final step is to combine the multiple quality values into a siomgeall scalar value. There are a
number of ways to do thisBelcher and Du [3] simply multiply the normalized quality metrics together

so that the overall quality will always be less than or equal to that of the lowest individual metric. If all
the metics are equal but less than one, their product will result in a value that may be considerably less
than the individual metrics, whereas it seems intuitive that if the metrics are equal the resulting scalar
value should be equal to the individual values.

Kalka et al[4] uses a Dempsteéhafer theory approach to evidential reasonfiig [n this approach each
individual quality metric is considered sequentially, and its value adds to the overall evidence that the
image is good or badlhis approach isnore complex, but probably merits further study

A third approach is to compute the geometric mean oftihmalizedquality values, which indicates the
typical value of a set of numberEor normalizedquality metrics, g, @, the overalguality would

be calculated as
Ji
Q=10q (11)
i=1

where {q} are the set of quality metrics. It can also be calculated using logarithms:

L1
Q=log™=§ log(a) (12)

i=1



Finally, one could adopt a maximum likelihood approach, in which we would generate distributions of

each quality metric for figoodo and fAibado i mages,
them to represent peéef bdypbohesashomefigiopmodidender ibhd
only a binary outcome whereas our intent is to provide a continuous quality metric.

We have used the geometric mean approach. Note that by constraining the minimum normalized quality
value to 1 rathethan 0, we assure that a minimal value in one metric does not cause the overall scalar
quality to go to zero.

Test and Evaluation

Although the intent of this development was to create a method of normalization that does not
seek to predict the performanof particular iris matcher, we performed some limited
comparisons of the normalized metrics with match scores generated by a commonly used iris
encoding and matching algorithmsing binary phase encoding of Gabor wavelet filters as
described by Daugmgg]. We also elected to use a different image gallery, the ICE 38ge

set collected by Notre Dame University using an LG2200 imager, to see how the quality metrics
compared to those generated by the Cross Match imagers.

Figure 7 shows t hoftheittsee nomalizted matncg fer she four imadgers.

As expected the means for the three cameras used to generate the training data cluster around a
score of 50. The LG2200 data shows an interesting depanttiratithe dilation metric is quite

low; we believe this is due to the fact that virtually all the test subjects were eafleggudents,
andstudies have founthat younger people tend to hdaegerpupild7].
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Figure 7a Normalized dilation range
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Figure 7c Normalized sharpness range

In order to evaluate the correlation of the normalized quality metrics with match performance we
performed a total of 26743 genuine matches using 28dges from the NISTGQE gallery. We

recorded the match scores plus values-bfa&io and the three normalized metrics for both

images corresponding to each match. We then generated scatter plots of match scores vs various
quality metrics and plotted linear regression carve

Figure 8 shows plots for two dilation metrics. Figure 8a is a plot of match score vs. dilation
constancy computed using equation (7) above. In Figure 8b we have plotted match score vs. the
minimum normalized dilation metrior the two images. Botshow a clear trend toward higher
scores with higher values of dilation constancy and minimum dilation.
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Figure 8b Match score vs minimum dilation metric

Figure 9 is a plot of match score vs the minimum radized visible iris metric. We reasoned
that the minimum of the two visible iris values would provide the best indicator of the iris area
available for matching. The regression line indicates a clear trend toward higher scores for
higher values of the mimum visible iris metric.
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