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Abstract—The resilience of identity verification systems to sub-
sampling and compression of human iris images is investigated for
three high-performance iris-matching algorithms. For evaluation,
2156 images from 308 irises from the extended Chinese Academy of
Sciences Institute of Automation database were mapped into a rect-
angular format with 512 pixels circumferentially and 80 radially.
For identity verification, the 48 rows that were closest to the pupil
were taken and images were resized by subsampling their Fourier
coefficients. Negligible degradation in verification is observed if
at least 171 circumferential and 16 radial Fourier coefficients are
preserved, which would correspond to sampling the polar image at
342 32 pixels. With JPEG2000 compression, improved matching
performance is observed down to 0.3 b/pixel (bpp), attributed to
noise reduction without a significant loss of texture. To ensure
that the iris-matching algorithms studied are not degraded by
image compression, it is recommended that normalized iris images
should be exchanged at 512 80 pixel resolution, compressed by
JPEG 2000 to 0.5 bpp. This achieves a smaller file size than the
ANSI/INCITS 379-2004 iris image interchange format.

Index Terms—Biometrics, compression, iris recognition, spec-
tral analysis, subsampling.

I. INTRODUCTION

B IOMETRICS-BASED human authentication systems
[1]–[8] are becoming more important as governments

and corporations worldwide deploy them in such schemes as
access and border control, time and attendance, driving license
registration, and national ID cards schemes [9]–[11]. To design
and implement robust systems capable of mass deployment,
one needs to address key issues, such as human factors, en-
vironmental conditions, system interoperability, and image
standards. Additionally, the requirement for collection, storage,
and sharing of large volumes of data calls for compression at
the point of capture to reduce the bandwidth requirements for
exchanging data with other parts of the system [12], [13].

The iris is a strong contender alongside face and fingerprints
for inclusion in multimodal recognition systems [14], [15]. In-
terest in the field of coding of iris images for recognition origi-
nated with Daugman’s system using Gabor wavelets [16]–[19]
that were patented in 1994 [20]. Other previous work was done
by Wildes [21] and Boles [22]. More recently, with the expiry
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of key patents in this area, renewed interest has been expressed
by various commercial and government organizations in finding
alternative solutions and carrying out detailed studies. This has
led to a surge in recent activity leading to improved solutions for
image capture, quality assessment, preprocessing, feature ex-
traction, and matching [23]–[47].

Among the various lossless compression algorithms avail-
able today, achievable compression is of the order of 1.5:1 to
3:1. Alternatively, lossy codecs can compress images further
with varying degrees of loss. JPEG2000 is a relatively new
compression standard published by the Joint Photographic
Experts Group [48], [49]. Its use of wavelet technology re-
sults in efficiently compressed images with lower error rates
than with previous image compression technologies [50],
[51]. A high-quality standard compression algorithm, such as
JPEG2000, would provide an open system for exchanging iris
images.

Normalized iris image subsampling and compression and
the effect on system performance have not been previously
reported. This paper studies the sampling requirements for
reliable identity verification using human iris images, and eval-
uates the effect of data compression on the performance of three
state-of-the art verification algorithms. The rest of this paper
is organized as follows. An overview of the iris recognition
algorithms considered is given in Section II along with a brief
synopsis of the preprocessing steps involved. Section III studies
the sampling requirements for reliable identity verification
from the point of view of frequency-domain processing. The
effects of JPEG2000 compression on normalized iris images
and verification performance are investigated in Section IV.
Finally, conclusions are drawn and sampling recommendations
for the interchange of iris images are made in Section V.

II. BACKGROUND

A brief summary of the recognition algorithms developed by
Daugman, Tan, and Monro follows. In Daugman’s method, the
iris image is filtered using a family of multiscale Gabor filters
[16], [17]. The phase structure is then demodulated into a se-
quence of complex-valued phasors which are projected onto a
four-quadrant complex plane to generate a binary iris code. Two
implementations of the Daugman algorithm were used in our
studies. Ma of the Chinese Academy of Sciences Institute of Au-
tomation (CASIA) provided us with his implementation of the
Daugman algorithm, where he optimized the Gabor parameters
for the CASIA dataset. The other implementation was based on
Masek’s publicly available Matlab source code [33]. Both im-
plementations performed similarly in our study, as the results
will show.
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Fig. 1. Sample localized images from the CASIA database.

Tan generates a bank of 1-D intensity signals from the iris im-
ages [44]. These are then filtered with the help of a special class
of wavelets and the position of local sharp variations is recorded
to form the feature vector. This algorithm was obtained from Tan
of CASIA, as used in [56]. For the Monro iris transform (MIT),
the image is first divided into angular rectangular patches of size
8 12 with each patch overlapping the next one by 50% [46].
These fragments are then averaged across their width to form
1-D vectors in an attempt to reduce noise and lower complexity.
A 1/4th Hanning Window is then applied to the vectors followed
by the fast Fourier transform (FFT) to obtain frequency-domain
coefficients with reduced spectral leakage. The frequency mag-
nitude difference between adjacent patches is then calculated
and a binary feature vector is obtained from the zero crossings
of each difference. For matching, a nearest neighbor approach
is taken, with the distance criteria being the Hamming distance
between the feature vectors.

Common to all three algorithms is the prerocessing stage of
iris localization and normalization into a rectangular image prior
to coding, which is summarized here. The location of the pupil
and outer iris boundaries begins with the removal of the bright
spot in the pupil caused by the reflection of the infrared light
source. This reduces the influence of the high gray-level values
on the grayscale distribution. Then, the image is scanned to iso-
late a region containing the pupil and iris. This is accomplished
by a heuristic method based on the assumption that the majority
of image rows and columns passing through the pupil will have
a 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 horizontal line through the pupil
center is scanned for the jumps in the 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. Some examples of
localized images from the CASIA database are shown in Fig. 1.

Due to the dilation and constriction of the human pupil, the
radial size of the iris varies under different illumination con-
ditions and is in response to physiological factors. It is widely
accepted that the resulting deformation of the iris texture can
be approximated as a linear deformation [52], [53]. Once the
iris boundaries are known, a rectangular image array can be

Fig. 2. (a) Typical human eye image. (b) Iris outlines detected. (c) Resampled:
polar—Cartesian. (d) Intensity enhanced.

mapped to an angular and radial position in the iris. This po-
sition will not, in general, map exactly onto a pixel in the source
image, so the normalized gray value is obtained by bilinear in-
terpolation 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 sub-
tracting the slowly varying background illumination, and equal-
izing the gray-level histogram of the iris image. The final nor-
malized image is of resolution 512 by 80, from which we code
only the 48 rows closest to the pupil to mitigate the effect of
eyelids. Fig. 2 illustrates a typical result of this process.

III. FREQUENCY CONTENT AND SUBSAMPLING

As is evident from casual observation, iris images have a
higher frequency content circumferentially than they have ra-
dially. As a preliminary indication of the relative requirements
of circumferential and radial sampling, spectral analysis by a
1-D FFT in both directions was carried out. Due to the data
being naturally periodic in the circumferential direction, no hor-
izontal windowing was required of the normalized images. For
radial (vertical) sampling, a 1/8th tapered cosine window was
used at each end of each column of pixels prior to spectral anal-
ysis. Fig. 3(a) shows the average normalized power spectrum
taken over 512 columns for 2156 images. The normalized ac
power spectrum averaged over all 48 rows is shown in Fig. 3(b).
It is clear that the requirements for circumferential sampling are
much higher than for radial sampling. For example, 99% of the
averaged image power is contained within 143 coefficients cir-
cumferentially and 8 radially. It will be shown that more than
99% of the image power must be preserved so that the verifi-
cation performance of the three systems that are studied is not
degraded.

To evaluate the sampling requirements, 2156 normalized iris
images of 308 eyes were taken from the CASIA database [54].
These were then subsampled to various degrees in an attempt to
simulate low-resolution image capture and observe the effects
of high-frequency content on system performance. Both spa-
tial- and frequency-domain approaches were used. In the spatial
case, multiple pixels were replaced by their mean gray level.
This method, applied in both directions, is suitable for simu-
lating low-resolution charge-coupled device (CCD) devices, but
is restricted to integer subsamplings. The normalized image of
size 512 48 was subsampled to 256, 128, and 64 columns, and
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Fig. 3. Average normalized ac power spectrum in the (a) circumferential and (b) radial direction of normalized iris images.

Fig. 4. Effects of subsampling on the MIT ROC curve for various factors and resolutions in (a) spatial and (b) frequency domain.

24, 16, and 8 rows. All combinations were explored and, as ex-
pected, the results showed degradation in system performance
in all cases.

The receiver operating characteristic (ROC) curves, obtained
by plotting the false rejection rates (FRR) against the false ac-
ceptance rates (FAR) is shown in Fig. 4(a) for some resolutions.
For the same downsampling ratios, the performance degrada-
tions are more pronounced in the circumferential direction than
in the radial one. For example, column subsampling by a factor
of 4 increases the false reject to 97.5% at a false accept of
0.001%. On the other hand, the same subsampling ratio, when
applied to the rows, results in an FRR of 17.5% FRR at the same
levels of FAR. Since downsampling by the minimum factor of
2 is already too severe, it is necessary to examine noninteger
downsampling ratios between 1 and 2. This can be achieved by
using the Fourier domain methods of decimation.

In the second method, the inverse Fourier transform of a
reduced frequency domain was used to generate subsampled

images. The effect of subsampling-induced aliasing was sim-
ulated by overlapping the symmetrical high-frequency regions
and adding them prior to truncation. Fig. 5(a) shows the sym-
metrical power spectrum of the first column of a normalized iris
image, where the shaded region indicates the aliasing overlap.
In order to eliminate frequencies above a certain value, say ,
overlapping must be performed equally on either side of up
to the midfrequency. As can be seen from Fig. 5(b), this method
can be extended to two dimensions by considering conjugate
symmetry and applying superimposition in both directions.

In the experiments, the circumferential and radial directions
of the 48 by 512 iris region were subsampled by the same fac-
tors to preserve the aspect ratio, over the range from 1.20 to 4.00,
corresponding to numbers of radial pixels from 40 down to 12 in
steps of 4. From Fig. 4(b), we see that acceptable system perfor-
mance is preserved up to a factor of 1.50, where the size of the
central iris region is reduced from 48 512 pixels to 32 342.
The total image power retained compared to the original image
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Fig. 5. (a) Symmetrical power spectrum of the first column of a normalized iris image. (b) Fourier symmetry in 2-D FFT.

Fig. 6. Effects of subsampling on the image power for all factors studied.

is shown in Fig. 6, and is 99.994% at the acceptable subsampling
factor of 1.50. These results show that a minimum of 16 com-
plex radial Fourier coefficients and 171 circumferential ones are
required in the frequency domain to describe the central iris re-
gion. For higher subsampling ratios, the ROCs degrade beyond
practical use. The use of low-resolution sensors for image acqui-
sition could thus prove to be a major hindrance in achieving ac-
ceptable error rates and the same applies to excessive downsam-
pling. As will be shown later, JPEG2000 compression produces
far better results with significantly lower memory requirements.

IV. COMPRESSION BY JPEG2000

To evaluate the effect of compression on iris images, the
JPEG 2000 codec Kakadu Version 4.3 was used to compress
and decompress all normalized irises in the database [55].
The use of wavelet technology in JPEG2000 results in more
efficiently compressed images with lower error rates than with
previous image compression technology [50], [51]. The com-
pression experiment was carried out over a range of bit-rates
between 0.1 b/pixel (bpp), where significant degradation is
expected, to 1 bpp, where images are widely accepted to be

visually lossless. As the compression was carried out from
1.0 bpp downwards, it was observed that despite an overall
smoothing effect, the essential iris texture was retained to as
low as 0.3 bpp. Beyond that, the loss in texture detail is signif-
icant and at 0.1 bpp, the image is blurred beyond recognition.
Sample images compressed at 1.0, 0.5, and 0.1 bpp are shown
in Fig. 7 in order to demonstrate this effect.

Various image compression effects were studied and the re-
sults obtained agreed with expectations. Plots of entropy, corre-
lation, and peak-to-signal noise ratio (PSNR) showed a gradual
decrease with an increase in compression ratios up to 0.2 bpp,
after which the drop was significantly more pronounced. Max-
imum RMSE, a measure of the maximum difference in the gray
level between original and compressed images, showed a sim-
ilar response in the reverse direction. PSNR and maximum root
mean square error (RMSE) plots averaged over all images for
the range of compressions studied are shown in Fig. 8.

The spectral analysis, carried out for uncompressed images
in Section III, was repeated for all compression values. Fig. 9
shows the loss in power of the FFT coefficients over the range
of compression rates for circumferential and radial analysis. It
is observed that 99% of the power is preserved down to 0.2-bpp
compression both circumferentially and radially.

To assess the effect of compression on the performance of the
competing algorithms, compressed and expanded images were
used as both the registered and matching sets over the range of
compression studied. At each compression ratio, three images
of each of the 308 eyes were coded into the registered data-
base and the remaining 1232 images were coded and matched
against them. The ROC curves generated for all compression
rates for the four algorithms reveal interesting results. As the
compression ratio increases, the system performance initially
improves up to 0.5 bpp, where the retained image power is
found to be 99.84%. This result can be explained as being the
consequence of image denoising by the compression process,
in which moderate compression produces better performance
curves due to noise removal without damaging the image tex-
ture that is important for matching. The error curves are ac-
ceptable up to 0.3 bpp, but beyond that, performance degrades
markedly so that at 0.1 bpp, the error rates are too high to be of
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Fig. 7. Normalized iris images compressed at 1.0, 0.5, and 0.1 bpp.

Fig. 8. Effect of compression on image quality. (a) Correlation. (b) Maximum RMSE.

Fig. 9. Average normalized ac power spectrum for various compression rates in (a) circumferential and (b) radial direction of normalized images.

any practical use. ROC curve combinations for original images
and those compressed at 0.5 bpp are shown in Fig. 10(a) and (b),
respectively.

The correct recognition rate (CRR), the ratio of correctly
identified subjects to the total population, remains at 100% for
all algorithms for bit rates above 0.3 bpp. In our studies, we

have found that a more meaningful indication of where the
verification begins to degrade is the FAR at the first rejection.
This is the value of the FAR at the point when the first nonzero
false reject occurs. It can be obtained by tracing the ROC curve
back along the FAR axis until it deviates from it. This indicates
the extent to which the matching threshold may be reduced
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Fig. 10. (a) ROC curves for the four algorithms with original normalized images. (b) Same ROC curves on images compressed by JPEG2000 at 0.5 bpp.

Fig. 11. FAR at first rejection as a function of compression for the four
algorithms.

without causing any false rejections for a given data set. A
lower value of this threshold is desirable as it keeps the FAR
to a minimum. Fig. 11 clearly demonstrates that the degrading
effect of compression on this metric comes into effect only
from 0.2 bpp downwards.

V. CONCLUSION

The technology of iris coding is still at an early stage, due
in no small part to commercial constraints arising from generic
patents. It is important that as systems are developed, compared,
and improved that any standardized iris format should err on
the side of caution in specifying a compaction ratio. The pro-
posed ANSI/INCITS 379-2004 iris image interchange format
[57] subsamples a normalized human iris image to 256 circum-
ferential and eight radial pixels [57], [58]. The spectral anal-
ysis carried out here suggests that this should preserve 99% of
the image power radially and more circumferentially. However,

our subsampling studies suggest that 99% of the power is not
sufficient and, therefore, the proposed standard does not pro-
vide a level playing field for evaluation of competing method-
ologies. Our analysis shows that a minimum of 171 Fourier
coefficients are required circumferentially and 16 radially to
preserve 99.99% of the image power and give acceptable ROC
curves. For practical and efficient image processing purposes, it
is recommended that the normalized iris image size be fixed at
80 rows and 512 columns.

Moderate compression of normalized iris images, by
JPEG2000 to around 0.5bpp, leads to improved ROC curves
due to noise removal without detrimental effects on image tex-
ture. In light of this finding, it is recommended that JPEG2000
compression at 0.5 bpp be used for the interchange of normal-
ized iris images to allow for the future development of more
accurate codes. If required, compression rates as low as 0.3 bpp
could be used without degrading the performance significantly.
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