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ABSTRACT

Iris recognition has expanded from controlled settings to uncontrolled settings (on the move, from a distance)
where blur is more likely to be present in the images. More research is needed to quantify the impact of blur on iris
recognition. In this paper we study the effect of out-of-focus blur on iris recognition performance from images
captured with out-of-focus blur produced at acquisition. A key aspect to this study is that we are able to create a
range of blur based on changing focus of the camera during acquisition. We quantify the produced out-of-focus
blur based on the Laplacian of Gaussian operator and compare it to the gold standard of the modulation transfer
function (MTF) of a calibrated black/white chart. The sharpness measure uses an unsegmented iris images from a
video sequence with changing focus and offers a good approximation of the standard MTF. We examined the
effect of the 9 blur levels on iris recognition performance. Our results have shown that for moderately blurry
images (sharpness at least 50%) the drop in performance does not exceed 5% from the baseline (100% sharpness).
Keywords: iris recognition, out-of-focus blur, modulation transfer function

I. INTRODUCTION
Iris recognition has been suggested as a biometric in order to verify or identify an individual. In a controlled environment,
it is possible to require an image to have high quality. However, in non-ideal, uncontrolled settings, iris images may
contain degraded quality which cannot be corrected by requiring a second image. Blur is one of several main factors
contributing to the errors in iris recognition. One focus of iris quality research stratifies iris quality metrics in order to
estimate performance, with the goal of developing a satisfactory quality measure which predicts performance of iris
recognition systems 1-5. In this research we study the extent at which imperfect images can be useful in iris recognition with
an emphasis on iris out-of-focus blur. There has been some research in this direction. For example, in 6 the effect of blur on
iris recognition was studied by using simulated blur. Another study 7 involved real data but measured the amount of blur as
the focus value provided by the image acquisition system Iridian LG EOU 2200. To our knowledge there is no study on the
impact of blur that would be based on real images with a range of blur created for each subject at each visit with blur
measured objectively, i.e. with relation to a gold standard. The amount of blur was estimated in standard units such as MTF
and quantified by a measure linked to MTF convolution result when applying the 2-D Laplacian of Gaussian (LoG)
operator. The purpose of the study is to investigate the effect of different levels of real-world blur on the performance of an
iris recognition system.

II. DATA
Data consisted of videos of 103 subjects collected from two visits (with at least 2 weeks in between) from the Q-FIRE
dataset. The original Q-FIRE dataset includes 175 subjects. Since the purpose of the study was to investigate the sole effect
of the blur on iris recognition, we excluded subjects who wore glasses and those for which eye localization failed. This left
103 subjects. To separate the effect of blur from other deteriorating factors (like resolution, illumination, etc.) we selected
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the experiments with the same resolution (images obtained at a distance 7 ft resulting in 200-220 pixels across the iris) and
the same illumination level (4 LED near-infrared 840nm lights positioned at 30° angle 2 ft away from a subject). The
dataset also contained images acquired at 5, 11, 15 and 25 ft. In this study we only considered a single distance to simplify
analysis. At each visit for each subject a 6-second video at 25 frames per second was recorded using a near-infrared filter
(removing wavelengths of 680 nm and below) resulting in 150 frames. During the video recording, a gradual change of
focus was created by manually rotating the focus ring of the camera such that different levels of blur across frames and the
sharpest image were captured.

Fig. 1. Subject wearing lens-less frame with attached chart.

III. METHOD
A standard method to measure blur is by a test chart (ISO 12233). The modulation transfer function (MTF) is
computed which compares a blurred chart image relative to the baseline chart image. The MTF is computed as

MTF 
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,
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where modulation M is
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Here Imax and Imin are maximum and minimum intensity of the chart image. In this study, MTF is computed at level 10
of the chart where the optical resolution at 60% MTF is equal 4-5 lines/mm in order to estimate blur of fine detail of the iris
with 200-220 pixels across. Level 10 appears in the finest fragment of the ISO 12233 test chart.
In order to link the chart blur metric to the iris blur, we conducted preliminary experiments on 10 subjects by
introducing the chart into the picture alongside a subject (Fig. 1). In order to provide adequate analysis, the experiment was
performed in near-perfect conditions in an attempt to minimize the iris-chart misalignment and possible vibrations of the
subject. This was done by using a chinrest and having each subject wear a lens-free glass frame with the chart attached to
the side aligned with the iris plane. This setup was to ensure that the blur was changing at the same rate simultaneously for
the chart and both irises during the 6-sec. video sequence.
To compute the MTF for the chart, we used the sharpest image in the sequence in formula (1) as the baseline image.
Thus, the computed MTF was called the relative MTF function. Typically, original MTF (computed relative to the
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original) of the in-focus image is within 40-60% depending on the illumination level. For our data the original MTF of the
sharpest images was around 60%, therefore, relative MTF differed from the original MTF by a factor of 0.6. Relative MTF
is used because it corresponds to the sharpness level relative to the actual sharpest image and is comparable between videos
with different illumination settings.
However, despite the elaborate setup to ensure the iris-chart alignment, for some subjects the alignment was not
perfect. This is not surprising since on the scale of such small details as those in the iris pattern (as well as the
corresponding chart level 10), it is very easy for the chart and iris planes to misalign by slight head movements without
visible notice. Alignment of irises for both eyes with the chart is even harder to control. Since computing MTF
simultaneously with the iris image for all subjects is difficult due to high probability of misalignment of chart and iris, there
is a need for a measure to compute blur which does not rely on the chart.
Since standard MTF measurement of blur was difficult to perform in all images as described, we propose to use a
measure (logscore) based on the convolution result when applying the 2-D Laplacian of Gaussian (LoG) operator 5:
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Two parameters that control 2-D LoG filter implementation (window size (hs) and standard deviation (σ )) were initially
set at hs = 10, σ = 1.0. It is worth noting that selection of the sharpest frame (within a video sequence) is not particularly
affected by the choice of parameters. The logscore of the iris image was calculated for the cropped images of an iris as the
mean value of the LoG-filtered image. Respectively, the relative MTF value of a specific frame was calculated by cropping
the image of level 10 of the chart and comparing it to the baseline sharpest chart image using formulas (1)-(2). As
suggested in 5 LoG operator can be used for the assessment of blur in iris images, so we expected to find some
correspondence between the logscore and the relative MTF.

Fig. 2. Relative MTF and normalized logscore for blur
simulated by Gaussian filter for a sample subject.

Fig. 3. Relative MTF and normalized logscore for blur
simulated by gradual pillbox filter for a sample subject.

In tests, the logscore (normalized to [0.1, 1]) of a cropped unsegmented iris image follows closely the computed
relative MTF of the chart in the same video sequence. We performed the grid search of the LoG parameters that provide the
best match between relative MTF for the chart and the normalized logscore of an iris using real and simulated out-of-focus
blur.
Simulated blur was used to choose the settings for logscore. The sharpest chart (level 10) image and the sharpest right
iris image were selected using separate logscores for the chart and the iris respectively. Most often, these images
corresponded to the same frame within the video sequence, but sometimes they did not, which indicated iris-chart
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misalignment. The sharpest chart and iris images were then simultaneously subjected to the same controlled amount of blur
produced by:


Gaussian filter with increasing window size and always applied to the sharpest image, 20 levels of blur;



Pillbox filter with increasing window size applied to the image from previous iteration, 20 levels of blur.

Relative MTF was calculated for the obtained
logscore (using a fixed set of parameters) and
relative MTF and normalized logscore were plotted
search of the LoG parameters revealed that for our
with parameters hs=5 and σ=2.0 there is almost
logscore and relative MTF as shown in Figs. 2 and 3

sequence of chart images and the
normalized to [0.1, 1]. Both
on the same graph. The grid
video data normalized logscore
perfect match between the
for a sample subject.

We also examined the real out-of-focus blur for
matching relative MTF for chart
and normalized logscore for iris using LoG
parameters found as a result of
the grid search (hs=5, σ=2.0). Most subjects from
the
preliminary
data
set
demonstrated that the normalized logscore was highly correlated with relative MTF (Fig. 4). Nevertheless, even in these
hard to control conditions we were able to observe very close match between such sharpness measures as
chart-image-based MTF and iris-image-based logscore.

Fig. 4. Relative MTF and normalized logscore for actual
out-of-focus blur for a sample subject.

Fig. 5. Selected images corresponding to the 9 levels of sharpness for a sample iris image.

Thus, the preliminary study allowed us to establish the correspondence between MTF and the logscore and justified
the replacement of relative MTF by normalized logscore for iris (with hs = 5, σ = 2.0) for blur quantification.
To study the relationship between performance and increasing blur, we selected 9 levels of iris image blur
corresponding to the ranges of sharpness expressed as normalized logscores (and, therefore, relative MTF): 10-20%,
20-30%, 30-40%, 40-50%, 50-60%, 60-70%, 70-80%, 80-90%, 100% (sharpest image). For each video sequence,
logscore with optimum parameters (hs=5, σ=2.0) was computed for the cropped iris images and normalized to [0.1,1]
(cropping was performed automatically by using our own eye localization algorithm). One iris image for each
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blur/sharpness level was selected so that its logscore would be the closest to the midpoint of the corresponding range.
Thus, for each video sequence, at most 9 images for each eye (left and right) were selected for each of 103 subjects. See
Fig. 5.
Segmentation was performed using our own approach based on the relative entropy of grayscale values across the
circular boundary. We also applied encoding originally developed by Masek 8, 9 which is an implementation of Gabor
wavelets encoding proposed by Daugman 10. The size of the extracted template for each normalized iris image was 20x480.
The matching was performed using traditional Hamming distance. Genuine scores were obtained by matching the sharpest
image of the same subject and the same eye (left or right) from one visit to the rest of the images with corresponding
amount of blur in another visit. Impostor scores were obtained by matching the sharpest image of one subject of the first
visit to all the images of all the other subjects in the second visit.

IV. RESULTS
We based our results on the following selected number of images. For each eye (left and right) of each subject there
were up to 9 iris images (corresponding to 9 sharpness levels) selected (occasionally it was not possible to select all 9
images but for most subjects all 9 images were available). Since there were also two visits for each subject, data available
for analysis between 360 and 103·(2 eyes)·(2 visits) = 412 genuine match scores for each sharpness level. We also obtained
13200 impostor match scores to use in the analysis.
Visually detected segmentation error was estimated at less than 1.5% of all images. The distributions of genuine and
impostor scores are shown in Fig. 6. The plot of the mean genuine scores for every sharpness level and the mean impostor
score are plotted in Fig. 7. In addition, the decreasing performance due to increasing blur is demonstrated by DET curves
in Fig. 8. Verification performance is reported in Table 1 (equal error rates (EER) and verification rates at 0.1% FAR).

Fig. 6. Distributions of matching scores for impostors and genuine images of different degree of sharpness.

These results show the extent at which blur deteriorates iris recognition performance. In particular, very high amounts of
blur (with normalized logscore and relative MTF below 40%) are still not sufficient to completely mask the information
expressed by iris patterns. This is demonstrated by the separation of the impostor and genuine scores even at 10-20%
sharpness level and tolerable EER (Table 1, column 2), although at very low FAR levels the verification drops
significantly (Table 1, column 3) and for all practical applications becomes meaningless. Another noticeable observation is
that at the higher end of FAR, verification rate (as 1-FRR) for the sharpest images is lower than that of the 60-70% sharp
images. This effect may be due to measurement errors (when the sharpness of eyelashes was emphasized rather than the
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actual iris area) and requires further study. At the same time the loss in the performance may not be attributed at least
partially due to the increase in the segmentation errors since those were approximately uniformly distributed across all
considered sharpness levels. Thus, the gradual decline of the performance characteristics reported in Table I was solely due
to the loss of high frequency features in the blurred images.
TABLE I
VERIFICATION UNDER DIFFERENT SHARPNESS LEVELS
Sharpness level, % of norm.
logscore

EER, %

Verification rate at 0.1% FAR, %

Drop in verification rate,
% of baseline rate*

100

3.58

85.94

0

80-90

2.96

84.80

1.33

70-80

3.21

84.92

1.19

60-70

3.35

81.96

4.63

50-60

2.11

81.58

5.07

40-50

2.8

74.15

13.72

30-40

3.05

62.44

27.34

20-30

4.95

40.78

52.55

10-20

8.51

22.57

73.74

* Baseline verification rate is that at 100% sharpness

Fig. 7. Mean matching scores for impostor and genuine
distributions for 9 sharpness levels.

Fig. 8. DET curves for 9 sharpness levels images.

V. CONCLUSION
In this study we present performance results for out-of-focus blur created by the lens focal ring at acquisition. We
proposed a sharpness metric based on the LoG operator, which is normalized with respect to the best (sharpest) image so
that to eliminate differences such as those due to eyelashes, illumination, etc. This metric proved to be in very good
agreement with the gold-standard MTF. This allowed us to use the LoG based metric as a proxy for the MTF and also use
these two measures interchangeably with relation to the sharpness level. This method was used in video sequences
covering full range out-of-focus blur.
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We examined the effect of the 9 blur levels on iris recognition performance. Our results have shown that the drop in
verification rate (at 0.1% FAR) from the 100% sharpness baseline is only around 1.2% for 70-90% sharpness and around
5% for 50-70% sharpness levels. Also, even for very blurry images (relative MTF approximated by normalized logscore is
below 40%) there is enough information to achieve EER of 3 to 8.5% and verification rate at 0.1% FAR up to 62.4%,
however the drop in the verification rate (in % to the 100% sharpness baseline) became pronounced: from 27% and higher.
Here we argue that the iris images acceptable for iris recognition may have lower than expected sharpness quality,
although individual preferences may vary depending on the particular operational region. In this study we applied only one
iris recognition algorithm and concentrated the focus of the study on the trend in the performance of iris recognition with
respect to objectively measured out-of-focus blur rather than the recognition rates per se. Thus, there is no claim that the
chosen algorithm for segmentation and matching shows necessarily the best performance.
In addition to the out-of-focus blur, other factors may influence iris recognition performance. In particular, off-angle
was not an issue for the data considered in this study due to the specific data acquisition setup. Motion blur was minimized
as the subjects were encouraged not to move but could be present to some extent due to blinking. The most important factor
that was not specifically accounted for in this study was iris occlusion. However, the differences in occlusion do not
change the major findings of this study as the average degree of occlusion was approximately constant among different
sharpness levels.
In this study we computed the logscore using the unsegmented iris images which included non-iris areas and in
particular such noise as eyelashes and eyelids. This may have contributed to the measurement error in the logscore and also
to the performance or iris recognition algorithm (due to differences in occlusion). In the future, we would like to address
these issues by applying the logscore metric to the normalized iris with masked eyelashes and other noisy pixels and
establish the acceptable occlusion level threshold. Future work will include analysis of iris images with different resolution
and application a variety of available algorithms for iris recognition to support our current results.
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