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Abstract. The retinal vascular network has many desirable characteristics as a
basis for authentication, including uniqueness, stability, and permanence. In this
paper, a new approach for retinal images features extraction and template
coding is proposed. The use of the logarithmic spiral sampling grid in scanning
and tracking the vascular network is the key to make this new approach simple,
flexible and reliable. Experiments show that this approach can achieve the
reduction of data dimensionality and of the required time to obtain the
biometric code of the vascular network in a retinal image. The performed
experiments demonstrated that the proposed verification system has an average
accuracy of 95.0 — 98 %.

Keywords: Logarithmic spiral sampling grid, spiral scan and sampling,
biometry, retinal images, time series representations.

1 Introduction

It has been proposed a number of authentication methods based on the retina. These
methods have focused primarily on selecting the appropriate features to represent the
retina (bifurcations, ending points, etc.). But the final representation of the features
has never been studied carefully [2-16]. Biometric representation (femplate) is a
machine readable and understandable form of a biometric trait. It influences the
system’s accuracy and the design of the rest of the system. The machine
representation of a biometric is critical to the success of the matching algorithm. In a
practical authentication system, the database can contain records of millions of
people. Choosing an appropriate representation of the features in order to make the
data base smaller in size, having a rapid response search and while retaining high
accuracy in the verification, is a vital task.

A relatively high number of personal authentication methods based on the blood
vessel network of the retina have been recently developed as biometric. These
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methods are based on determining a given number of appropriate features that
represent uniquely the retina.

From previous studies, the retina’s features used for authentication can be
classified into three main categories: structural, statistical and algebraic features.
Some typical structural features include main lines (centerlines), branching points,
crossing points, termination points, positions, angles, diameters, etc. [12], [33]. Some
statistical features are the texture moments that were used in [2] and the random
values that were used in [31]. Likewise, the algebraic features, such as band-tree
based radial partition, the ring method, etc., were proposed in [26].

The general procedure of biometric systems for personal authentication based on
the retinal vascular network comprises the following seven steps:

1. Acquisition of the eye fundus image.

Image enhancement (noise smoothing, contrast enhancement, size
normalization)

3. Creation of the conditions for doing the next stage invariant to translation,
rotation and scale at least in a narrow range. This step may include eventually
the segmentation of the optic disc and the macula luteal.

4.  Probably, the vascular network segmentation. Eventually, its skeletonization is

also required.

Extraction of the structural characteristics to obtain a code which differentiate it.

Classification on the basis of the code previously found.

7. Authentication for recognizing/identifying the person.

oW

Some algorithms do not segment the vascular network in order to save
computational time (stage 4). In this paper we discuss mainly the novelty of the
approach related to the steps 3, 4 and 5 and evaluation of the feature extraction
method to be used for authentication of individuals (stages 6 and 7).

The main contribution of this paper is the implementation of a new biometric
representation method based on coding blood vessel segments, through a new
scanning and tracking algorithm by using a logarithmic spiral. Data obtained from the
sampling of the vascular network constitute local features that are conformed in time
series representations. The time series have been studied extensively in data mining,
bioinformatics and pattern recognition in biometrics [1].

1.1  Logarithmic Spiral

The spiral is a curve that winds itself around a given point. While not being a circle,
the radius will vary along the angle [20], [21]. The logarithmic spiral is that in which
the radius grows exponentially with the rotation angle. The logarithmic relation
between radius and angle leads to the name of logarithmic spiral. In this curve the
distances where a radius from the origin meets the curve increases in geometric
progression. In polar coordinates the logarithmic curve can be expressed
matematically as (Eq. 1):

r = aeb? (1)
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where r is the distance from the origin, &is the angle from the horizontal x-axis, e is
the base of natural logarithms, and a and b are arbitrary positive real constants. The
constant a is the increasing rate of the spiral and its sign determines the rotation
direction of the spiral (in this work a is known as the spiral roll). The logarithmic
spiral is also known as the growth spiral, equiangular spiral, and spiral mirabilis. The
logarithmic spiral is remarkable because of its unique self-similarity, that is, it is
invariant after a similarity transform. After any scaling (uniformly increasing or
decreasing the size) logarithmic spirals can be rotated and always match the original
figure.

The retinal circulation of the normal human retinal vasculature is statistically self-
similar, fractal and the Murray optimization principle is valid. Studies from several
groups present strong evidence that the fractal dimension of the blood vessels in the
normal human retina is approximately 1.7. This is the same fractal dimension found
for a diffusion-limited growth process, which is consistent with the hypothesis that the
development of human retinal vessels involves a diffusion process [34]. Fractal
analysis provides a method for the quantitative study of changes in the retinal vascular
network [33]. It has been suggested that fractal models are simple to encode
genetically because the same branching mechanism is used repeatedly. All fractals
have scale and rotational invariances, and any fractal formed from a process that has a
non-zero rotational component will include logarithmic spiral forms [35].

1.2 Advantages of the Logarithmic Spiral Sampling Grid

In this work the scanning and tracking step is based on a sparse logarithmic spiral
sampling grid, which has a log-polar geometry, meaning that the density of the
sampling points decreases exponentially with the distance from the center. Such non-
uniform sampling pattern, with frequency decreasing from the center to the periphery,
shares the same geometric progression that the retinal vascular network has. This
sampling grid offers the following advantages:

1. The data dimensionality is reduced because the retinal vascular network is
represented by a sequence of only two real valued data [29].

2.  Discontinuities caused by sampling the blood vessels are eliminated from the
data [32]. This problem occurs when concentric flatted circles or other sampling
methods are used [28].

3. Only data related to detected points of the vascular network along the spiral grid
are encoded and not the entire region (blood vessels and background). The
information of every point P extracted by the spiral is used as feature descriptors
of the vascular network structure [31].

4.  The vascular network travels and distributes across the retina in the same way as
does the logarithmic spiral mapping grid. The most problematic area is located
within the optical disc which is previously removed [39-41].

5. The most robust and stable structure of the vascular network is coded, that is, the
vessel segments of the vascular network. Bifurcations and crossings of
the venous and arterial networks are eliminated in order to avoid coding errors
[22-26].
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6. It is not necessary to take into account whether a given vessel is a vein or an
artery; only the midpoint of every vessel segment is used as the feature
descriptor.

7.  The amount of coded information is increased because it is possible to extract
more than one feature from the detected vessels along the spiral path [31].

8.  The size of the spiral grid is determined by the number of necessary points that
ensures the subject's individuality [30]. The sampling is done in the thinned
retinal blood vessels. This provides invariance to small changes in the scale.

2 The Recognition System

In our retinal recognition system, fundus images are analyzed with a logarithmic
spiral sampling grid, and the geometrical characteristics of the retinal vascular
network are coded using a time series approach. The retina images contained in the
publicly available VARIA database were used to implement the recognition system
and to assess its performance. The VARIA database is a set of retinal images used for
authentication purposes. The database currently includes 233 images, from 139
different individuals. The number of images per subject is not constant. The images
have been acquired with a TopCon non-mydriatic camera NW-100 model and are
optic disc centered with a resolution of 768x584 pixels [38]. The detailed description
of the system follows.

2.1  Logarithmic Spiral Sampling Grid

The recognition scheme proposed in this paper is based on a logarithmic spiral
sampling grid which is positioned over the center of the optic disc. It travels
throughout the retinal vascular network that surrounds the optic disc. For this, it is
necessary to detect the optic disc and locate its center to be used as a reference point.
The detection of the optic disc is carried out from the green plane of the color fundus
image acquired in the RGB color space. This is because this plane presents more
details and less noise with respect to the red and blue planes. Then a morphological
opening and a morphological closing with a circular structuring element (disc) of 5
pixels diameter are performed to emphasize the areas of interest and to reduce the
number of non-interesting ones. Once the optic disc is located it is hidden
superimposing a black circular disc of a diameter 10% greater than the actual
diameter of the optic disc.

2.2  Invariances of the Method

In order to couple the proposed scheme against eventual small rotation variations
occurring during the image acquisition procedure, we use the macula center as
another reference point, in order to link it with the optic disc center with a straight line
(Fig. 1). To compensate the rotation variations, the image is then rotated accordingly
so that the line is aligned with the horizontal axis. The methodology step by step for
segmenting the optic disc and the macula, and to locate the centroid of both anatomic
retina structures is beyond the scope of this paper [39-40]. The proposed method is
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also invariant to small translation variations since we always relate the sampling to
the center of the optic disc. If the retinal vascular network suffers some translation
during the acquisition process of the image, the logarithmic spiral sampling is always
referred to the same reference coordinates.

d)

Fig. 1. Experimental results of the reinforcement of the proposed method against translation
and rotation in some typical images. a) and c) not compensated images, b) and d) processed
images.

2.3  Feature Extraction

Since it is not a particular goal of this paper to segment the vascular network, the
feature extraction process starts from a binary image having the vascular network
already segmented using the method previously proposed and published by the
authors [36].

2.3.1 Morphological Thinning

Vessels in the vicinity of the optic disc could have different diameter size. To
overcome this inconvenience, retinal vessel thinning (through a skeletonizing
procedure) was implemented using a morphological operator that reduces the width of
vessels to single-pixel width line segments, while preserving the extent and
connectivity of the original shape. The thinned representation of the vascular network
is processed easily in later stages savings either computing time and storage
complexity [12]. The spiral grid is mapped along the thinned retinal network starting
from the center of the masked optic disc towards the periphery of the vascular
network. This step transforms the irregular retinal structure into sequential data. It is
necessary to evaluate now the potential benefit of adapting the mapping grid to the
dimensions of the image, instead of placing a mapping grid of constant size. Thus, an
exhaustive analysis of the spiral mapping grid must be performed in order to select
the most suitable size of the mapping grid for obtaining the most adequate biometric
template congruence.

We configured the logarithmic spiral grid in several sizes employing different
spiral roll values. The spiral roll value should not be so small because the resulting
spiral grid will travel very gently, the number of wings will increase and then the
length of the feature vector and the required computational time to analyze the retinal
network will increase. Moreover, the spiral roll value should not be so large, because
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the resulting spiral grid travels so fast and the number of wings will be small and
therefore, the length of the feature vector reduces and also the achieved data.

For each point that the spiral grid crosses with the thinned vascular network, two
geometrical characteristics are encoded. For instance, we use as descriptor the radius
from the origin to the blood vessel segment in the junction point (for simplicity
“position”), and the angle that this blood vessel segment forms respect to the
horizontal axis in that point (for simplicity ‘“crossing angle”). For each feature
mapped and coded, we created a sequence of real valued data; thus, we got two time
series from each input retinal image.

We carried out the analysis in order to select the best mapping grid size varying the
spiral roll value and computing the length of the resulting time series for each spiral
roll value ranging from 0.01 to two. For example, if we choose 0.5 as the spiral roll
value, the length of the resulting time series had 12 coded points, and the processing
time to encode the retinal network was 0.8s. On the other hand, if we want to increase
the time series length to 178, the spiral roll value must be 0.03 for which the system
will require 3.9s. This let us to establish a range of allowed spiral roll values, without
increasing the processing time while ensuring the efficiency of the recognition system
based on the logarithmic spiral mapping grid. Based on the obtained results, we
decided to select 0.2 as the most suitable spiral roll value that guarantees to encode an
average of 50 points in a time of 1s; thus, the resulting time series length was 50
coded points. It means that the spiral grid was of a constant size for all the similar
images contained in the database. Figure 2 shows both time series of a typical coded
retinal image using a logarithmic spiral maping grid with a spiral grid value =
0.15942.
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Fig. 2. Time series obtained with a spiral grid value = 0.15942
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3 Experiments and Results

We use also a novel retinal recognition scheme to evaluate the discriminatory
potential and the inter-individual differences based on the time series representation
of the geometrical retinal network features, employing the logarithmic spiral as the
sampling grid. In the recognition phase, we compare the presented biometric trait with
the feature vector associated with the claimed ID stored previously in the database.
Here, the user has to present his/her ID in order to retrieve the biometric feature
template associated to his/her database. Then, the extracted feature vector from the
input image (whose identity has to be recognized) is compared with the template
retrieved from the database. The output of the comparison is an accept/reject decision.
The recognition is positive if the distance between the claimed and the stored feature
vector is less than a given threshold value. The metric used for the proposed
recognition system is the Euclidean distance.

3.1 Evaluation of the Recognition System

The performance of the recognition phase depends on how good was created the
biometric representation of the biometric feature and how good is the matching
scheme. As it was mentioned previously, we coded the geometrical features of the
retinal network and arranged them in a sequence of real valued data. We saved these
time series as the feature vectors in the database along with the provided user ID. The
distance measured is the matching score that cuantifies the response of the matching
scheme. Based on the matching scores, and a predefined threshold value, it is possible
to estimate the accuracy of the proposed logarithmic spiral sampling grid-based
recognition system. The results of the accuracy of the proposed retinal recognition
system are presented as follows: we considered each retinal fundus image in the
database as one of a different user. We matched all retina feature vectors against each
other. Based on the 233 images from 139 registered subjects in the VARIA database,
the total amount of comparisons was ((233%232)/2) = 27028. With this total number
of comparisons it is now possible to compute the FAR (False Accepted Rate), the
FRR (False Rejected Rate) and the thresholds. We carried out the evaluation of the
recogniton system using separately each time series as the feature descriptor, i.e.,
the time series of the position and that of the crossing angle. It was concluded from
the experimental results that we obtain lower error rates using as the feature vector the
position time series; this result is consistent with that obtained by [27] concluding that
the position of the blood vessel as a descriptor is the main contribution to retina
template entropy. If the FAR and FRR rates for a series of threshold values are
obtained, it is possible to plot these rates as a Receiver Operating Curve (ROC),
where one axis displays FAR rates and the other displays FRR rates. Based on such a
curve, it is possible to make tradeoff decisions regarding what FAR/FRR values that
is desirable for a system. The graph is shown in Fig. 3. From this curve it is possible
to observe that in a very small FAR we have large values of FRR for identification.
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4 Conclusion

A novel approach for the vascular network biometric coding based on a logarithmic
spiral mapping grid was proposed. The main contribution of this proposal is the
implementation of the logarithmic spiral mapping grid as the scan and tracking
pattern method. This methodology share the fractal and geometrical characteristics
that retinal network has; it is very flexible to implement since the spiral parameters,
the geometrical retinal features and the size of the spiral sampling grid can be easily
adjusted according to different system requirements; the time series representation
makes it very convenient for the implementation of multi-biometrics using feature
fusion, and the logarithmic spiral scan and sampling representation reduce the data
dimensionality of the original retinal image to a real sequential data. Finally; the
method reduces the computational time required for the template representation and
the matching step. We obtained a maximal performance of the proposed system of 95
-98%, which is relatively high. The experimental results showed that the novel
proposed retinal recognition system is an effective approach in biometric
identification applications.
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