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Abstract—This paper presents a novel iris coding method based on differences of discrete cosine transform (DCT) coefficients of
overlapped angular patches from normalized iris images. The feature extraction capabilities of the DCT are optimized on the two largest
publicly available iris image data sets, 2,156 images of 308 eyes from the CASIA database and 2,955 images of 150 eyes from the Bath
database. On this data, we achieve 100 percent Correct Recognition Rate (CRR) and perfect Receiver-Operating Characteristic (ROC)
Curves with no registered false accepts or rejects. Individual feature bit and patch position parameters are optimized for matching through
a product-of-sum approach to Hamming distance calculation. For verification, a variable threshold is applied to the distance metric and
the False Acceptance Rate (FAR) and False Rejection Rate (FRR) are recorded. A new worst-case metric is proposed for predicting
practical system performance in the absence of matching failures, and the worst case theoretical Equal Error Rate (EER) is predicted to

be as low as 2.59 x 10~* on the available data sets.

Index Terms—Biometrics, iris recognition, discrete cosine transform, image preprocessing, statistical analysis.

1 INTRODUCTION

PATTERN recognition methods can be classified into
semantic and nonsemantic approaches. The use of the
Karhunen-Loeve Transform (KLT) for object recognition [1]
and, in particular, face recognition [2], are examples of
nonsemantic techniques. The advantage of such methods
arises from the automatic generation of suitable feature
vectors by the KLT. Advanced feature extraction techniques
find extensive use in the increasingly important domain of
biometric identity authentication. As security becomes an
issue of importance, biometrics [3], [4], [5] and iris recognition
in particular are attracting great interest [6]. The human iris, a
thin circular diaphragm lying between the cornea and the
lens, has an intricate structure with many minute character-
istics such as furrows, freckles, crypts, and coronas [7]. For
every subject, these characteristics are unique as aresult of the
individual differences that arise in the development of
anatomical structures during embryonic development. Apart
from general textural appearance and color [8], the finely
detailed structure of an iris is not genetically determined but
develops by a random process. The iris patterns of the two
eyes of an individual or those of identical twins are
completely independent and uncorrelated [9]. Additionally,
theiris is highly stable over a person’s lifetime and lends itself
tononinvasive identification because itis an externally visible
internal organ.

Pioneering work on iris recognition was done by Daug-
man using Gabor wavelets [10], [11], [12]. That system has
since been widely implemented and tested. Recently, other
researchers including Wildes [13], Boles and Boashash [14],
[15], Ma et al. [16], [17], and Monro and Zhang [18] have
contributed new methods including ones based on the
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application of PCA and ICA to iris images [19], [20].
Compared with other biometric technologies, such as
fingerprint, face, hand-geometry, etc., iris recognition can
easily be considered a reliable form of biometric technology.
However, some critical problems still persist and significant
work needs to be done before mass-scale deployment on
national and international levels can be achieved [21]. Many
issues, including system robustness, consistent performance
under variability, speed of enrolment and recognition, and
noncooperative identification remain to be addressed.

This paper contributes a realizable solution to some of
these problems. Here, we investigate a novel method for iris
matching using zero crossings of a one dimensional Discrete
Cosine Transform (DCT) as a means of feature extraction for
later classification. The DCT of a series of averaged over-
lapping angular patches are taken from normalized iris
images and a small subset of coefficients is used to form
subfeature vectors. Iris codes are generated as a sequence of
many such subfeatures, and classification is carried out using
a weighted Hamming distance metric. System parameters
are optimized to give lowest equal error rates (EER) on two
data sets.

The paper is subdivided into the following sections:
Section 2 summarizes the use of the DCT. Section 3 describes
the data collection carried out at the University of Bath in
working toward a large, varied, and high-quality publicly
available iris image database. The following section gives an
overview of the process of iris normalization resulting in a
fixed rectangular enhanced normalized image. Section 5
details the proposed iris coding method along with para-
meter optimizations and classifier specifications. Evaluations
with statistical analyses follow in Section 6. Finally, in
Section 7, we draw conclusions and give suggestions for
future work.

2 THE DiscrReTE COSINE TRANSFORM

The DCT is a real valued transform, which calculates a
truncated Chebyshev series possessing well-known mini-
max properties and can be implemented using the Discrete
Fourier Transform (DFT) [22]. There are several variants
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TABLE 1
Breakdown of Bath Database (200 Subjects)

% Sex %

Age % Ethnicity
16-25 57.2 White 67.2
26-35 22.5 Black 8.0 Female 83
36-45 8.7 South Asian 3.6
46-55 5.1 Oriental 153 Male 51.7
56-65 6.5 Others 59

but the one most commonly used operates on a real
sequence xz, of length N to produce coefficients Cj,
following Ahmed et al. [23]:

2 = n+1
Cr = w(k)ancos( 77/4:), 0<kE<N-1
n=0
and
N-1
2 1
T, = w(k)Cy cos n k), 0<n<N-1,
k=0 2N
where

wk) =Vv?2, k=0andw(k) =1, 1 <k< N —1.

Due to its strong energy compaction property, the DCT is
widely used for data compression. In addition, the feature
extraction capabilities of the DCT coupled with well-known
fast computation techniques [24], [25], [26] have made it a
candidate for pattern recognition problems such as the one
addressed here. In particular, the DCT has been shown to
produce good results on face recognition [27], [28], where it
has been used as a less computationally intensive replace-
ment for the Karhunen-Loeve transform (KLT), which is an
optimal technique according to the least squares metric for
projecting a large amount of data onto a small dimensional
subspace [1], [29]. The KLT decomposes an image into
principal components ordered on the basis of spatial
correlation and is statistically optimal in the sense that it
minimizes the mean square error between a truncated
representation and the actual data [22]. The DCT, with its
variance distribution closely resembling that of the KLT,
has been shown to approach its optimality with much lower
computational complexity [30]. Additionally, its variance
distribution decreases more rapidly compared to other
deterministic transforms [22]. Although no transform can be
said to be optimal for recognition, these well-known
properties motivated us to investigate the DCT for effective
nonsemantic feature extraction from human iris images.

3 DATA COLLECTION

A major hindrance to research in the field of iris recognition
has been a shortage of publicly available images. With other
biometrics such as face and fingerprints, there is access to
thousands of images from various sources, but, until recently,
the only readily available source of iris images has been the
CASIA database [31]. Although this data set has proven to be
invaluable, its lack of variety may have led to the design of
somewhat biased systems. Our studies suggest that any

algorithm optimized for an image-set consisting primarily of
one type of iris, Asian, in this case, will be inherently biased
toward a particular pattern and may not be effective when
applied to a more diverse database. Recently, other iris image
data sets have been assembled [32], [33], [34], [35], [36]. As a
contribution to this process, we are gathering high quality iris
images from students and staff of the University of Bath
comprising subjects from a variety of backgrounds [37]. At
the time of writing, more than 800 classes have been collected,
of which a subset of 150 were available for the experiments
described here. The age, ethnicity, and gender breakdown of
a superset is tabulated in Table 1 to give an indication of the
diversity of those members of a similar population who were
willing to give this information.

It is known that images of the human iris obtained with
Near-Infrared (NIR) lighting are necessary to reveal complex
textures for darkly pigmented irises, while lighter irises can
be imaged either in the infrared or visible spectrum [12]. In
collecting the Bath database, eyes are imaged using an NIR
sensitive high-resolution (1,280 x 1,024) machine-vision
camera with infrared lighting whose spectrum peaks around
820 nm. Daylight cut-off filters are used to eliminate
reflections due to ambient visible light and care is taken to
focus on the iris rather than on any other part of the eye such
as eyelids or eyelashes.

With the subject sitting and positioned against chin and
forehead rests, the camera is manually positioned. A focal
length of 35 mm, with the lens 20 cm from the eye, ensures that
a large proportion of the image is that of the iris. The
incoherent NIR light source is an array of LEDs close to the
camera lens so that its reflections are within the boundary of
the pupil with the subject looking into the lens. To avoid
thermal injury, the power of infrared radiation in the range of
780 nm to 3 um should be limited to less than 10 mW /cm?
according to USrecommendations [38], [39]. A more stringent
regulation for lasers (coherent light), widely followed in
Europe, suggests a more conservative 0.77mW /cm? [40].
Measurements on our apparatus indicate that the power of
the incoherent infrared radiation reaching the eye is less than
0.5mW /cm?. Due to the presence of ambient visible lighting,
the pupil is partly constricted, thereby providing an addi-
tional safety mechanism.

With the camera manually lined up and focused, a video
sequence of several seconds duration is collected. Suitable
images from the video sequence are selected in two stages.
First, to evaluate focus and motion blur, the area of the
specular reflection within the pupil is measured and images
with light-areas greater than an experimentally set cut-off are
removed [41]. Specular reflection detection is carried out by
searching for the largest positive change over a 5-pixel
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Fig. 2. Sample eye images from the Bath Database.

neighborhood for all rows with spurious results omitted by
light shape analysis. As may be observed from the image
sequence in Fig. 1, the light-area increases with eye-move-
ment, eyelid occlusion, and focus-blur. A lack of light within
the pupil is an indication that the eye is not properly centered.

In the second stage, the remaining images are normalized
and tested for sharpness using a kurtosis measure of their
2D Fourier spectrum. Since the high spatial frequency
components of a sharper image are larger than those of a
blurred one, a 2D spatial Fourier frequency magnitude
distribution for a sharp image has a wider envelope. For a
given univariate random variable, the kurtosis is defined as
the ratio of the fourth and squared second central moments
[42]. Treating the normalized spatial spectrum as a prob-
ability density function, a sharper iris thus corresponds to a
spectrum with a flatter shape and smaller kurtosis. The
images are sorted according to their kurtosis value in
ascending order and 20 are accepted from the highest ranked
images for each eye by manual inspection. Sample images
from the Bath database are show in Fig. 2.

4 |IMAGE PREPROCESSING

For coding, irises are extracted from the eye images and
normalized to a standard format for feature extraction in
order to remove variability introduced by pupil dilation,
camera-to-eye distance, head tilt, and torsional eye rotation

within its socket [10], [11]. Moreover, images acquired by
different cameras under different environmental conditions
have different resolution and illumination distributions
[13], [17]. All these factors need to be taken into considera-
tion and compensated for in order to generate a final
normalized version compliant with the feature extraction
input format. Iris images already normalized to a resolution
of 512 x 80 pixels for 308 classes were obtained from
CASIA, and the 150 classes from the Bath database were
preprocessed in-house. A full description of the preproces-
sing method is beyond the scope of this paper; below is a
summary as illustrated by Fig. 3.

4.1 Localization

Location of the pupil and outer iris boundaries starts with
the removal of the bright spot in the pupil caused by the
reflection of the infrared light source. This reduces the
influence of high gray-level values on the gray-scale
distribution. Then, the image is scanned to isolate a region
containing the pupil and iris. This is done by a heuristic
method based on the assumption that the majority of image
rows and columns passing through the pupil will have
larger gray-level variance than those not passing through
the pupil. It is assumed that the pupil is circular and,
because the pupil boundary is a distinct edge feature, a
Hough transform is used to find the center and radius of the
pupil. To locate the outer boundary of the iris (limbus), a
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Fig. 3. lllustrating the various steps involved in the generation of a fixed
rectangular enhanced normalized iris image.

horizontal line through the pupil center is scanned for the
jumps in gray level on either side of the pupil. The limbus is
normally circular but its center does not necessarily
coincide with that of the pupil.

4.2 Normalization and Enhancement

Due to the dilation and constriction of the human pupil, the
radial size of the iris varies under different illumination
conditions and in response to physiological factors. The
resulting deformation of the iris texture can be approximated
as a linear deformation [43], [44]. Since we know the iris
boundaries, we can map a rectangular image array back to an
angular and radial position in the iris. This position will not,
in general, map exactly onto a pixel in the source image, so the
normalized gray value is obtained by bilinear interpolation
from its four nearest neighbors. Finally, the gray levels are
adjusted by removing the peak illumination caused by light
sources reflecting from the eye, estimating and subtracting
the slowly varying background illumination, and equalizing
the gray-level histogram of the iris image. The final normal-
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Fig. 4. Overlapping angular Patches with their various parameters.

ized image is of resolution 512 x 80, from which we code only
the 48 rows nearest the pupil to mitigate the effect of eyelids.

5 PRopPOSED IRIS CODING METHOD

The human iris, being highly specific to an individual, needs
to be coded to exploit the local textural variations while
keeping complexity to a minimum. The primary objective
behind any good iris coding method is to obtain good
interclass separation in minimum time. As explained earlier,
the DCT, being an approximation to the KLT, is a good
candidate for feature extraction and is thus used here as a
means of representing the intricate and detailed variations in
the human iris texture. In our earlier work, based on Fourier-
domain methods [18], good results were obtained. Here, we
discuss the use of the new method in generating an iris-code
with various parameter optimizations and weightings to give
further improved performance.

5.1 Feature Extraction

As in our Fourier-based iris coding work [18], we start from
a general paradigm whereby the feature vectors will be
derived from the zero crossings of the differences between
1D DCT coefficients calculated in rectangular image
patches, as illustrated by Fig. 4. Averaging across the width
of these patches with appropriate windowing helps to
smooth the data and mitigate the effects of noise and other
image artifacts. This then enables us to use a 1D DCT to
code each patch along its length, giving low-computational
cost. The selection of the values for the various parameters
was done by extensive experimentation over the CASIA
and Bath databases to obtain the best predicted Equal Error
Rate (EER). The two data sets were used in their entirety to
optimize the parameters of the method.

Experimentally, overlapping patches gave the best EER in
combination with the other parameters. It was also found that
horizontally aligned patches worked best, and a rotation of
45 degrees was better than 0 degrees or 90 degrees. This
distinctive feature of our code introduces a blend of radial
and circumferential texture allowing variations in either or
both directions to contribute to the iris code.

To form image patches, we select bands of pixels along
45 degree lines through the image. A practical way of doing
this is to slew each successive row of the image by one pixel
compared to its predecessor. Patches are then selected in
11 overlapping horizontal bands as in Fig. 5. Each patch
has eight pixels vertically (overlapping by four) and 12 hor-
izontally (overlapping six). In the horizontal direction, a
weighted average under a 1/4 Hanning window is formed. In
effect, the resolution in the horizontal (iris circumferential)
direction is reduced by this step. Averaging across the width
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Fig. 5. lllustrating the various steps in forming feature vectors from normalized iris images.

of the patch helps to reduce the degrading effects of noise and
the use of broad patches makes for easier iris registration. In
the vertical direction (45 degrees from the iris radial), eight
pixels from each patch form a 1D patch vector, which is then
windowed using a similar Hanning window prior to
application of the DCT in order to reduce spectral leakage
during the transform. The differences between the DCT
coefficients of adjacent patch vectors are then calculated and a
binary code is generated from their zero crossings. These 8-bit
code fragments (codelets) are the basis of our matching
process, but are further trimmed as described at C below.

5.2 Matching

For comparing two iris codes, a nearest-neighbor approach is
taken, where the distance between two feature vectors is
measured using the product-of-sum (POS) of individual
subfeature Hamming distances (HD). This can be defined as

follows:
1M
)) _

HD_<

Here, we consider the iris code as a rectangular block of
size M x N, M being the number of bits per subfeature and N
the total number of subfeatures in a feature vector. Corre-
sponding subfeature bits are XORed and the resultant
N-length vector is summed and normalized by dividing by
N. This is done for all M subfeature bits and the geometric
mean of these M sums give the normalized HD lying in the
range of 0 to 1. For a perfect match, where every bit from
Feature 1 matches with every corresponding bit of Feature 2,
all M sums are 0 and so is the HD, while, for a total opposite,
where every bit from the first Feature is reversed in the
second, M N /Nsare obtained with a final HD of 1. Since a total
bit reversal is highly unlikely, it is expected that a random
pattern difference should produce an HD of around 0.5.

While our previous approach [18] based the HD calcula-
tion on a weighted sum of EXOR-ed bits, the new POS method
provides for better separation by skewing the matching
distribution toward 0 and the nonmatching one toward 0.5. A
side-effect of taking the geometric mean is that an identical
match between any two corresponding sets of N subfeature
bits will give an overall HD of 0 and, thus, a perfect match.
Although this might seem radical, it is highly unlikely that all
N bits, 713 in this case, will match identically for any two iris

M

I

i=1

POp

(SubFeature 1ij @ SubFeature 2;;
N
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templates. Even if such a situation were to occur, it is very
likely that both templates originated from the same class.

Rotation invariance is achieved by storing six additional
iris codes for three rotations on either side by horizontal
(iris circumferential) shifts of 4, 8, and 12 pixels each way in
the normalized images. During verification, the test iris
code is compared against all seven stored ones and the
minimum distance is chosen for each of the three separately
enrolled images. These three minima are then averaged to
give the matching HD.

5.3 Optimized DCT Coefficients

To reduce the feature vector length, the most discriminating
binarized DCT coefficients are extracted and the remaining
ones are discarded. Extensive experiments were undertaken
to determine the most effective combinations of bits to form
subfeature vectors from the codelets. To do this, the entire
set of test data was coded for every combination of codelet
bits ranging from selecting any one bit to using all bits. The
bit combination producing the best separation between the
matching and nonmatching Hamming distances was
chosen as the final subfeature. This is illustrated by Fig. 6,
in which one test iris is matched against the entire data set
and the HD sum for each codelet bit is plotted separately.

480 ; , .
460}
440}
420}
400}
380

360

Normalized HD Sum

340

320

3000.. .0 ' =0~ Match
S +  Non-Match
280 ; ; : : ; ,

1

3 4 5

Sub Feature Bit

6 7

Fig. 6. lllustrating the discriminating bits in an 8-bit codelet for one test
image. Greater separation between matching and nonmatching plots
indicates better discrimination.
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Fig. 7. Different iris textures in (a) Asian (brown) iris and (b) Western (Blue/Green) eyes.

The matching curve was found to be well separated from
the nonmatching one for the first three bits with decreasing
separation thereafter for higher order bits corresponding to
high frequency zero crossings as shown in Fig. 6.

The final feature vector selected for our method is formed
using 3-bit subfeatures consisting of bits 1-3. With 781 such
subfeatures in total, the feature length is 2,343 bits. Since the
first and second bits are individually very discriminating, the
subfeature length could be reduced further by using only the
first bit or the first two bits with an expected increased in
speed of operation at reduced accuracy.

5.4 Positional Weighting

Visual inspection of iris images from the Bath Database
indicate that Asian (generally, brown) irises have more
texture (contraction furrows) toward the pupil with little
texture on the periphery, while western (blue/green) irises
have thin yet uniform sinuously radiating fibers throughout,
as illustrated in Fig. 7. Much of the published work on iris
recognition is based on the CASIA data set, which is biased
toward Asian eyes. In particular, our previous work [18] was
based on CASIA and weighed the iris patches nearer to the
pupil more heavily than the ones further away from it. Using
the new Bath Database, it was observed that better overall
performance can be achieved by removing any such weight-
ing so that the method is not biased toward any particular iris
texture pattern.

6 REesuLTs

To evaluate our method, we first applied it to the widely
used CASIA database consisting of 308 classes (eyes) and
then to the more varied Bath database which consisted of
150 classes at the time of the experiments. For both data
sets, three arbitrary images were chosen in each case from
each class to be enrolled in the database for matching,
leaving the rest for testing. Both Identification and
Verification tests were carried out. For Identification, a test
image was coded and compared against the whole database
of stored features. The comparison resulting in the lowest
average Hamming distance across the three enrolled images
for each class was chosen as the matching iris. One hundred
percent Correct Recognition Rates were obtained on both
the CASIA and Bath data sets. For Verification, Receiver
Operating Characteristic (ROC) curves were generated by
varying a match-cut-off threshold from 0 to 1 and plotting

the False Rejection Rate (FRR) as a function of the False
Acceptance Rate (FAR). At a given threshold, the FAR and
FRR indicate the probability of accepting an imposter and
rejecting a genuine person, respectively, [45].

Fig. 8 illustrates the ROC curves on the CASIA database
for the three algorithms compared, namely, Daugman, Tan,
and the one proposed. The Daugman and Tan algorithms
implemented in MATLAB were obtained from Li Ma of
CASIA, as used in [16], for which he tuned the parameters
of the Daugman Gabor filters for optimum EER perfor-
mance on the CASIA database.

All comparisons were carried out at the feature extrac-
tion level on the same set of prenormalized images in order
to achieve a fair comparison. In these results, a single false
rejection causes a step jump of 0.08, while three false rejects
cause a rise of 0.24. These small numbers of failures are not
sufficient for drawing statistically significant comparisons
but are shown in keeping with the general practice of
showing ROC curves for comparing algorithms. Similar
curves are obtained on the Bath database. Due to the lack of
false accepts when there are false rejects and vice versa, our
characteristic is entirely on the FRR = 0 axis.

Performance is better illustrated by showing the Ham-
ming Distances for all matches as shown in Fig. 9. The three
plots in each case represent the matching, nearest
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Fig. 8. Receiver Operating Characteristics for the methods of Daugman,
Tan, and the proposed DCT algorithm. Both competitive algorithms were
implemented in-house based on published literature.
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Fig. 9. Hamming distances for all classes in (a) CASIA and (b) Bath
databases.

nonmatching, and average nonmatching normalized Ham-
ming distances for all test images. Similar Plots for the
Daugman and Tan algorithms are shown in Fig. 10. It is
evident from these plots that the matching and nearest
nonmatching data are not as well separated by the Daug-
man and Tan algorithms in the implementations we used as
they are by the proposed DCT code.

It is common for the separation of the average nonmatch
from the match to be used as a figure of merit for biometrics
[10], [11]. However, the distance between the match and the
nearest nonmatch is a more stringent test. This shows the
lowest HD from a nonmatching test class when compared
with the original enrolled one. This is a more realistic
comparison because real systems fail when the HD of the
nearest nonmatch falls below the HD of the correct match.
Since there is a distinct band of white space between the
two plots for both the CASIA and Bath results, it means
that, for a range of match-thresholds, there will be no false
accepts or rejects as neither plot will cross over to the other
side for any test image.
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Fig. 10. Hamming distances for all classes in the CASIA database for
the (a) Daugman and (b) Tan algorithms.

An important figure of merit for the biometric system is
the Equal Error Rate (EER), which is the FAR and FRR
when they are equal. As in Fig. 8, the actual EER cannot
accurately be estimated when there are no failures or only a
few failures. In the absence of thousands or millions of cases
for testing, the EER must be predicted by statistical
modeling. In Fig. 11, we show two probability distributions
for the Hamming distance, one for matching and the other
for nearest nonmatching irises. With each distribution
normalized for unit area, the area under the matching
distribution above a chosen HD threshold (7) is the FRR,
while the area under the nonmatching distribution below
the threshold is the FAR. The EER is the area such that the
integral from —oo to 7 of the nonmatching distribution is
equal to the integral from 7 to oo for the matching
distribution. When the nonmatching distribution is the
nearest nonmatch, the EER is a more stringent metric than if
the average nonmatch is used, and we call this the worst-
case EER.

Experimental observations show that for, our system, the
Gamma distribution best describes the distribution of
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Fig. 12. Probability distribution curves for matching and nearest
nonmatching Hamming distances. Gamma (1.84, 26.87) and Weibull
(394.85, 23.58) probability density functions used to model the two data
are shown as overlapping plots.

matching Hamming distances in a least square error sense,
while a Weibull distribution is the best fit for the nearest
nonmatch. The best fit curves for the Bath database are shown
in Fig. 12; those for CASIA are very similar. The EERs
obtained for the Bath and CASIA data setsare 2.59 x 10~*and
5.55 x 10~*, respectively. For comparison, on the CASIA data
set, we estimate the EER as 8.9 x 1073 for the Tan method and
4.9 x 107? for the Daugman algorithm. It must be noted here
that these estimates are based on the more stringent and
practically relevant basis of the nearest nonmatch.

In Table 2, we compare the speed of our MATLAB
implementations of the three algorithms studied here. The
Feature extraction times are found by running the code on the
entire CASIA data set and dividing by the total number of
images (2,156). For matching, all possible matches of
308 classes against 1,232 test images are made and the total
time is divided by 379,456 (308 x 1,232). In all cases, we
obtained mean values and standard deviations were not
collected. We observe that the total time taken by feature
extraction and matching is 61 ms as against 193 ms taken by
the Tan method and 453 ms taken by Daugman’s algorithm
on the same standard normalized CASIA test case using our
implementations. The main speed gain occurs in the feature
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TABLE 2
Speed Comparison between Competing Methods

Feature Extraction

Method (ms) Matching (ms) Total (ms)
Daugman 422 31 453
Tan 125 68 193
Monro 30 31 61

extraction stage, where the simplicity of application of the
1D DCT helps speed up the entire process compared to the
more computationally intensive procedures adopted by the
other methods. The matching speeds are relatively similar
due to the Hamming distance being adopted by all as the
classification metric, depending only on the feature vector
lengths, which, again, is equal or smaller by our method. It
should be noted that all figures are based on MATLAB
implementations and are to be interpreted on a relative scale
only; implementations in real systems are likely to be many
times faster.

7 CONCLUSIONS

In this paper, we have described an approach to human iris
recognition based on the 1D Discrete Cosine Transform
(DCT), which supersedes our earlier work in this field [18].
The work was motivated by the near-optimal decorrelating
properties of the DCT compared to the Karhunen-Loeve
transform, and the results achieved indicate the good
performance of the approach in which there are no False
Accepts/Rejects on the CASIA and Bath data sets used. The
method as implemented also has low complexity, making it
superior to the other methods evaluated in terms of both
speed and accuracy.

We have demonstrated the use of novel patch encoding
methods in capturing iris texture information, proposed the
worst-case (nearest nonmatch) EER as a new practical metric
for evaluating systems, and investigated better classifier
designs for wider interclass separability. Statistical analysis
has also been carried out to find the best models for matching
and nonmatching probability distributions in order to predict
worst-case equal error rates where no failures occur.

Itis difficult to extract statistically significant performance
estimates from data sets in which the failure rates are low. We
can infer from Figs. 9 and 10 that the proposed method
achieves a better separation of the matching and nearest
nonmatching Hamming distances, as is also indicated by our
estimates of the EER. Unfortunately, such very large data sets
as may exist (tens of thousands or even millions of classes) are
not available for security and/or proprietary reasons. Our
use of a more stringent metric for comparing matching and
nonmatching distributions is helpful in obtaining useful
results from small data sets. Thisis also the reason why we did
not partition the available data into training and test sets.
Despite this, the numbers of failures are so low that it is not
possible to make statistically significant claims about the
relative performance of the methods tested. Because of the
diversity of iris image sources and the limited size of public
datasets, itisnot yet possible to extrapolate the results tolarge
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populations. Performance prediction will become more
accurate as larger data sets become available.

There remain many interesting problems in preproces-
sing human iris images which will further enhance the
performance of this and other iris matching techniques. For
implementation in real systems, the effects of nonideal
image capture conditions await evaluation, either by
simulation or in the field.
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