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a b  s  t  r a  c t

Alternative  or  complementary  medicine  emphasizes  therapies  that  are  claimed  to  improve  quality of life,
prevent  disease, and address  conditions  that  conventional medicine  has limited success in  curing.  There
are  many  techniques  which are  prevalent  in many  countries  and these  can cause  harm if  not scientifically
evaluated.  The  objective  of  this  paper is to validate the  use  of iridology to diagnose kidney abnormalities.
Two  subject  groups  were  evaluated:  one  was 168 subjects  free from  kidney  disease  and  the  other  was
172  subjects  with  chronic  renal  failure.  The  procedure  to acquire,  process and  classify  the  iris images  was
designed  in such a way  that  avoids  any  dependency  on  the  iridologists  by using wavelet  analysis  and
Adaptive  Neuro-Fuzzy  Inference  System.  The results  show a  correct  classification for  both subjects  with
kidney  problems  and normal  subjects of 82%  and 93%, respectively.  The proposed  technique  conducted
on  a systemic  disease  with  ocular manifestations showed  encouraging results. However,  it is  necessary  to
perform  extensive studies  with  diseases  that do not have  ocular manifestations according  to conventional
medicine  in order  to validate iridology as  a valid  scientific technique.

© 2013 Elsevier Ltd. All rights reserved.

1. Introduction

Complementary medicine is those therapies that are  claimed to
improve quality of life, prevent disease, and address conditions that
conventional medicine has had limited success in curing, such as
chronic back pain and certain cancers. Proponents of complemen-
tary medicine believe that these approaches to  healing are  safer and
more natural and have been shown through experience to work.
In certain countries, complementary medical practices are  widely
used methods of health care. However, many practitioners of mod-
ern conventional medicine believe these practices are unorthodox
and unproven [1].

Although some medical schools have now begun offering com-
plementary medicine, no standardized curriculum for medical
students is available and there is still a  debate about whether it
should be offered at all. There is  an argument that its inclusion in
medical schools could be seen as an endorsement by  conventional
medicine, however if conventional medicine ignores it that will put
patients at risk as complementary medicine use is  so prevalent [2].

∗ Corresponding author. Tel.: +20 1060553903.
E-mail addresses: sherif hussein@mans.edu.eg (S.E. Hussein),
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Complementary medicine regulation is  a complicated and con-
tentious issue. Currently only osteopaths and chiropractors have
achieved statutory regulation in the UK. Theoretically anybody,
regardless of insurance, skills or specialist knowledge, could set
themselves up as a  therapist. This leaves many clients with very
little redress should they have a  complaint. The UK government has
been consulting on complementary medicine regulation since 2000
but progress has been slow. The main problem is achieving a  con-
sensus of the numerous therapy-specific regulatory organizations
that already exist [3].

Iridology is  a  form of complementary medicine whose propo-
nents believe patterns, colors, and other characteristics of  the iris
can be examined to determine information about a  patient’s sys-
temic health. Practitioners match their observations to iris charts
which divide the iris  into zones corresponding to specific parts of
the human body [4].

Peczely [5] and Liljequist [6] have independently noticed irises
changes that correlate to different illnesses. They depicted in  their
publications very similar iris charts based on their own  observa-
tions. Lane [7] carried out further surgical and autopsy correlations
with iris markings which sparked the effort of Kritzer [8] and Jensen
[4] to develop an updated iris charts that are widely used among
iridologists as shown in Fig. 1. Typical charts divide the iris into
approximately 80–90 zones. For example, the zone corresponding
to the kidney is  in the lower part of the iris, just beside 6 o’clock.

1746-8094/$ – see front matter ©  2013 Elsevier Ltd. All rights reserved.
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Fig. 1.  The iridology chart for both the right and left irises.

However, there are minor variations between charts’ associations
of body parts and areas of the iris [9].

In an attempt to evaluate the diagnostic validity of iridology,
many investigations have been conducted without a  control group,
and some (with or without a  control group) were not evaluator
blinded [10]. All of the uncontrolled studies and several of the
unblinded experiments suggested that iridology was a  valid diag-
nostic tool [11].

A number of researchers used blinded evaluations of the diag-
nostic validity of iridology. Simon et al. [12] studied patients
suffering from kidney disease as defined by  a creatinine level, and
compared these to  controls who were free of kidney disease. Pho-
tographs were taken of both irises of all 146 study participants,
coded, and shown to 3 experienced iridologists and 3 ophthalmol-
ogists. The resulting frequency of false-positive and false-negative
diagnoses was  not significantly different from that expected by
chance. Knipschild [13] conducted another investigator-masked
case–control study. His 39 patients had inflamed gallbladder dis-
ease as confirmed by subsequent surgery. Patients with jaundice
were excluded. Controls were matched for age and sex and
had no signs or symptoms of gallbladder disease and shown
to the iridologists. Validity, sensitivity, specificity, and consis-
tency were not significantly different from that expected by pure
chance.

Despite the lack of evidence for iridology, it is important to note
that conventional medicine does not ignore the eyes as indicators
of disease. There is  a  wide spectrum of systemic diseases that cor-
relates with eye changes (the iris, the sclera, and the conjunctiva)
[9]. For example, jaundice can indicate liver disease, dilated pupils
can indicate brain malfunction, and even rings around the iris can
indicate Wilson’s disease (an abnormality of copper metabolism).
Advanced kidney disease induces eye findings that signal the need
for initiation or intensification of therapy. Conjunctival erythema,
termed the red eyes of uremia, may  be noted when high plasma
phosphate levels induce corneal and conjunctival precipitation of
calcium pyrophosphate. Metastatic calcification in the eyes may  be
associated with elevations of the serum concentration of calcium
or calcium-phosphate product [14].  Profound uremia may  rarely
be complicated by transient cortical blindness; this is termed
uremic amaurosis, which occurs in association with preserved

pupillary contraction on light exposure and normal fundoscopic
findings [15].

Some researchers have used iridology along with systematic
and computerized approaches in  medical applications. Ramlee and
Ranjit used existing biometric identification methods to detect the
presence of cholesterol in  blood vessels. Based on the iris recog-
nition methods, an iridology chart has been created to detect the
presence of cholesterol in human body, however they did not
evaluate their technique with a  controlled study [16].  Shen et al.
introduced the lacunae detection in iris images. As lacunae usu-
ally have  poor local contrast, and the application of existing edge
detection algorithms yields results which are not satisfactory, they
proposed a  lacunae detecting approach based on Gaussian filters
that is  robust to noise. The Gaussian filter in the vertical orientation
was implemented to normalize iris image to reduce time complex-
ity and again they failed to  assess their findings with a controlled
study or clarify how iridology was part of their technique [17].

Iridology, if proven correct, motivates healthy behavior and dis-
ease prevention throughout all stages of life which agrees with
the objectives of pervasive healthcare technologies to  offer new
opportunities beyond traditional disease treatment that may  play
a  major role in  prevention. As indicated by Arnrich et al. [18],  it was
discussed the variability of health indicators between individuals
and the manner in which relevant health indicators are provided
to the users in  order to  maximize their motivation to mitigate or
prevent unhealthy behaviors. From that perspective, iridology can
pave the way  for a  pervasive, user-centered and preventive health-
care model. In  this study, we  evaluate the validity of iridology as
a diagnostic tool. The case study in this research used iridology
to detect abnormalities of the kidneys (chronic renal failure). We
developed an automated technique based on image acquisition for
the iris, pre-processing, normalization, segmentation, and feature
extraction in  regions corresponding to  the kidneys in the iridology
chart using the principles of iridology. The classification was  based
on those features and on the medical conditions of the patient.

2. Methodology

It has long been recognized that there is  a  lack of standardized
procedures used in iridology and this research tries to overcome
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Fig. 2. Flow chart of diagnosing kidney disease using wavelet analysis and neural
networks.

some of the problems that hindered the recognition of iridology
as a probable medical technique for diagnosis. That technique, if
proven correct, can accompany the conventional medical methods
to screen the medical condition and assess the treatment progress.
The protocol adopted in  this research starts with subjects’ selection,
iris image acquisition, iris image processing to improve the required
features, extracting the iris features and ending with classifying
those features. The protocol is summarized in Fig. 2 and explained
as follows:

2.1. Subjects selection and image acquisition

Chronic kidney disease (CKD) is a worldwide public health prob-
lem. It is recognized as a  common condition that is associated with
an increased risk of cardiovascular disease and chronic renal failure
(CRF). The Kidney Disease Outcomes Quality Initiative (K/DOQI) of
the National Kidney Foundation (NKF) defines chronic kidney dis-
ease as either kidney damage or  a decreased glomerular filtration
rate (GFR) of less than 60 mL/min/1.73 m2 for 3 or more months.
Whatever the underlying etiology, the destruction of renal mass
with irreversible sclerosis and loss of nephrons leads to a  progres-
sive decline in GFR. The different stages of chronic kidney disease
form a continuum in time.

According to K/DOQI, the classification of the stages of chronic
kidney disease is as follows:

• Stage 1: Kidney damage with normal or  increased GFR
(>90 mL/min/1.73 m2)

• Stage 2: Mild reduction in  GFR (60–89 mL/min/1.73 m2)
• Stage 3: Moderate reduction in GFR (30–59 mL/min/1.73 m2)
• Stage 4: Severe reduction in GFR (15–29 mL/min/1.73 m2)
• Stage 5: Kidney failure (GFR < 15 mL/min/1.73 m2 or dialysis)

In stages 1 and 2 chronic kidney disease, GFR alone does not
clinch the diagnosis. Other markers of kidney damage, including
abnormalities in the composition of blood or  urine or abnormal-
ities on imaging studies, should also be present in establishing a
diagnosis of stages 1 and 2 chronic kidney disease.

The K/DOQI definition and classification of chronic kidney dis-
ease allow better communication among physicians and facilitate
intervention at the different stages. Patients with chronic kidney

disease stages 1–3 are generally asymptomatic; clinical manifesta-
tions typically appear in stages 4–5.  In this research, patients were
chosen that are classified under stages 4 and 5 according to  their
GFR accompanied by blood and urine composition analysis with-
out a priori information about their etiology. Some conditions can
coexist with chronic kidney disease, as patients with chronic renal
failure usually develop secondary hyperplasia of the parathyroid
glands, resulting in  elevated blood levels of parathyroid hormone
(PTH). Those coexisting conditions however were not taken into
account as the focus was on the presence or absence of chronic
renal failure. Subjects with healthy kidneys were assessed using
the same screening method while preliminary eye checks were not
part of this screening method.

A pool of 213 patients, who had chronic kidney disease, were
investigated after their informed consent and only 172 of them had
chronic renal failure with stage 4 or 5 (GFR ≤ 29). One hundred sixty
eight normal subjects with healthy kidney condition were selected
as controls. The mean age values of the patients with chronic renal
failure and the subjects in the group with healthy kidneys were 56
and 52 years, respectively, as shown in  Table 1.

In  this research, a  MultiPIX Handheld Iridology Camera, Iris Sup-
plies Ltd., was used to  capture the eye image [19].  The choice of this
portable camera with a  lighting system that includes; dual fiber-
optic side lighting for better iris fiber definition, variable intensity
adjustment, single (medial and lateral) to twin lighting, cold-light
minimizing patient irritation, and precise daylight illumination for
optimum exposure. That leads to  the ability to eliminate any arti-
facts or illumination variation.

2.2. Image processing

The research protocol needs to  separate the iris from both the
pupil and the sclera and then normalize the iris  to a  standard
dimension that can be matched with the iris charts. The protocol
needs to  have the capability of feature extraction and a  classifica-
tion mechanism to  infer the right diagnosis.

To realize the processing needed for detecting the iris center
and the pupil center, the color image was  transformed from color
image into a  gray level image then segmented and transformed to
polar coordinates.

2.2.1. Iris localization

Iris localization is used to  locate the inner and outer boundaries
of an iris. The inner boundary can be found by detecting a pupil area
where its perimeter designates the inner boundary of the iris. The
iris outer boundary is a  circular edge separating the iris from the
sclera zone. Iris edge detection is the locating of points on the inner
and outer boundary of iris. The average gray value of the pupil is
the minimum and that of sclera is  the maximum, and the average
value of iris is  between them. Therefore, on the iris inner and outer
boundaries the edge intensity of a pixel must be a  maximum. Both
boundaries can be located by using intensity differences among
parts of the eye (pupil, iris, and sclera) and circular shape of the
pupil and iris (Fig. 3).

The technique used in  this research is the Hough transform. It
is a standard computer vision algorithm that can be used to deter-
mine the parameters of simple geometric objects, such as lines and
circles, present in  an image. The circular Hough transform can be
employed to deduce the radius and center coordinates of the pupil
and iris  regions. An automatic segmentation algorithm based on
the circular Hough transform is employed by Wildes et al.  [20],
Kong and Zhang [21],  Tisse et al. [22], and Ma  et al. [23].  Firstly, an
edge map  is  generated by calculating the first derivatives of  inten-
sity values in  an eye image and then thresholding the result. From
the edge map, votes are cast in  Hough space for the parameters of
circles passing through each edge point. These parameters are the
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Table 1

Patients with chronic renal failure and subjects with healthy kidney age and gender.

Mean age Age standard deviation Number of males Number of females Total number

Patients with chronic renal failure 56 3.7 96 76  172
Subjects with healthy kidney 52 5.3 88 80 168

Fig. 3. Stages of iris localization. Left, greyscale eye  image. Middle, two circles overlayed for iris and pupil boundaries in red color. Right, the segmented iris. (For interpretation
of  the references to  color in text, the reader is  referred to  the web version of this article.)

center coordinates xc and yc,  and the radius r, which are able to
define any circle according to  the equation

x2
c + y2

c − r2 = 0 (1)

A  maximum point in the Hough space will correspond to the
radius and center coordinates of the circle best defined by the edge
points.

2.2.2. Transformation from Cartesian to polar coordinates

Robust representations for the iris must be invariant to  changes
in the size, position and orientation of the patterns. Irises from
different people may  be captured in different sizes and, even for
irises from the same eye; the size may  change due to illumination
variations and other factors. In order to  compensate the varying
size of the captured iris, it is common to translate the segmented
iris region, represented in the Cartesian coordinate system, to a
fixed length and dimensionless polar coordinate system as shown
in Fig. 4.

The technique used in  this research is  the homogenous rubber
sheet model devised by  Daugman [24] which remaps each point
within the iris region to a  pair of polar coordinates (r, �) where r is
on the interval [0,1] and � is angle [0,2�].

The remapping of the iris region from (x,y) Cartesian coordinates
to the normalized non-concentric polar representation is modeled
as

I(x(r, �), y(r, �)) → I(r, �) (2)

with

x(r, �) = (1 − r)xp(�) + rxl(�) (3)

y(r, �) = (1 − r)yp(�) +  ryl(�) (4)

Fig. 4. Transformation of the iris from Cartesian coordinates to  polar coordinates.

where I(x,y) is  the iris region image, (x,y) are the original Cartesian
coordinates, (r,�) are  the corresponding normalized polar coordi-
nates, and xp, yp and xl, yp are the coordinates of the pupil and iris
boundaries along the � direction. The rubber sheet model takes into
account pupil dilation and size inconsistencies in order to  produce
a normalized representation with constant dimensions. In this way
the iris region is  modeled as a  flexible rubber sheet anchored at the
iris boundary with the pupil center as the reference point.

It is worth mentioning here that even though the homogenous
rubber sheet model accounts for pupil dilation, imaging distance
and non-concentric pupil displacement, it does not compensate for
rotational inconsistencies which can shift the iris regions in the
� direction. To compensate for those possible inconsistencies, the
subject’s eyes needed to be aligned horizontally during the image
acquisition stage in the experimental procedure.

2.2.3. Histogram equalization

To improve the iris image contrast, a  stage of histogram equal-
ization was  needed. In the histogram of the normalized iris, gray
levels are concentrated at the center of gray level from 0 to 255.
To perform histogram equalization, we have to calculate the prob-
ability density function and the cumulative density function of  the
image. This involves counting the number of pixels of each color in
the image, and producing a  running sum of the count. Then by sim-
ply scaling the output, we  could perform histogram equalization.
An iris, whose pixels tend to occupy the entire range of possible
gray levels and, in addition, tend to  be distributed uniformly, will
have an appearance of high contrast and will exhibit a  large variety
of gray tones [25] as shown in  Fig. 5.

2.3. Features extraction

Wavelet transforms are finding intense use in fields as diverse
as telecommunications and biology. Because of their suitability
for analyzing non-stationary signals, they have become a power-
ful alternative to Fourier methods in many medical applications,
where such signals abound [26].  The wavelet transform, being a
linear operation, does not produce interference terms. Unlike the
Fourier transform, it possesses a  capability of time–space localiza-
tion of signal spectral features. For these reasons, much interest
in  applications of the wavelet transform to  texture analysis can be
noticed recently [27].
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Fig. 5. The iris histogram equalization. Top left, original iris image. Bottom left, original iris image histogram. Top right, the histogram equalized iris image. Bottom right, its
histogram.

The continuous wavelet transform of a  1-D signal f(x) is  defined
as:

(W f )(a, b) = 〈f,  (a, b)〉 =

∫ +∞

−∞

f  (x) ∗
(a,b)(x)dx (5)

 (a,b) = a−1/2 

(

x − b

a

)

(6)

where a is the scaling factor, b is  the translation parameter related
to the location of the window, and  *(x) is the transforming func-
tion. The extension to 2-D  is usually performed by using a  product
of 1-D filters. The transform is computed by applying a  filter bank to
the image. The rows and columns of an image are processed sepa-
rately and down sampled by  a  factor of 2 in  each direction, resulting
in one low pass image LL and three detail images HL, LH, and HH.
The LH channel contains image information of low horizontal fre-
quency and high vertical frequency, the HL channel contains high
horizontal frequency and low vertical frequency, and the HH chan-
nel contains high horizontal and high vertical frequencies. Note
that in multi-scale wavelet decomposition, only the LL  sub band is
successively decomposed.

Wavelets can be used to decompose the data in  the iris region
into components that appear at different resolutions. Wavelets
have the advantage over traditional Fourier transform in that the
frequency data are localized, allowing features which occur at
the same position and resolution to  be matched up. A number of
wavelet filters, also called a  bank of wavelets, are applied to the 2D
iris region, one for each resolution with each wavelet a scaled ver-
sion of some basis function. The output of applying the wavelets
is then evaluated to extract iris features that correspond to  the
kidney’s condition.

2.3.1. Gabor filtering

The Gabor function has the property of finite effective width
in both the spatial and spectral domains. The property is relevant
to texture analysis, especially texture segmentation since different
textures tend to concentrate, in many cases, their significant ener-
gies into certain narrow frequency ranges. It  consists in convolution
of image with complex Gabor filters. As a product of this operation,
complex coefficients are computed with one-level decomposition
[28].

The feature of the iris  texture combines the position information
and orientation information. The normalized iris images are divided
into blocks. The Gabor filter is  used to extract iris feature from the
block that correspond to  the kidney.

To extract the features necessary for texture classification from
the iris zone that represents the kidney (that corresponds to both
the right and left eyes as shown in  Fig.  6), the methodology has
been divided into two layers; these are the wavelet decomposition
layer and the entropy and energy calculation layer.

(1) Wavelet decomposition layer: for wavelet decomposition of
each iris zone, the pyramid wavelet structure is  used. We obtain
one-level wavelet decomposition, and save the four images
where H  and L  stand for the high pass and low pass band in  each
of the horizontal and vertical orientations for the subsequent
calculation of entropy and energy quantities.

(2) Entropy and energy calculation layer: this layer is responsible
for calculating the entropy and energy quantities of each image.
Thus, entropy and the energy quantities are the features that
characterize the four images giving a total of 8 features for each
iris.

2.3.2. Entropy

Entropy is a  quantity that  is widely used in information theory
and is based on probability theory [29]. Entropy is  a  common con-
cept in many fields, mainly in mechanics, image processing, and
signal processing. The general form of the entropy is given by:

H(X) =  −

n
∑

i=1

pi log2 pi (7)

where X is a  random variable which can be one of the values x1,
x2, . . . , xn with probabilities p1,  p2,  . . . , pn. Note that if pi = o, then

Fig. 6. The right and left irises in polar coordinates and the blocks that corresponds
to  the kidney in each iris.
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0 log2 0 is defined as 0. Thus, H(X) can be interpreted as representing
the amount of uncertainty that exists in  the value of X.  In informa-
tion theory, entropy value is  considered to be an average amount of
information received when the value of X is observed. In  this paper,
we use the norm entropy. The norm entropy H is  defined as follows:

HXmB,l =

N
∑

i=0

N
∑

j=0

∣

∣wXmB,l,i,j

∣

∣

p
, for (1 ≤ p < 2) (8)

where wXm
B,l,i,j

is the wavelet coefficient at (i,j) location at l scale in

B (B ∈ {LH, HL, HH}) sub band and Xm is the color space (m =  1, 2,  3)
[30,31].

2.3.3. Energy

Energy is commonly used for texture analysis. In this study, we
use the averaged l2-norm, which is defined as follows:

EXmB,l =
1

N × N

N
∑

i=0

N
∑

j=0

(wXmB,l,i,j)

2

(9)

where wXm
B,l,i,j

is the wavelet coefficient at (i,j) location at l scale in

B (B ∈ {LH, HL, HH}) sub band and Xm is  the color space (m =  1, 2, 3)
[30].

2.4. Classification and diagnosis

The proposed method uses Adaptive Neuro-Fuzzy Inference Sys-
tem (ANFIS) for classification of features from both chronic renal
failure and normal groups. It is  considered a  robust technique, since
ANFIS is an approach that is  able to handle the uncertainty present
in the system. It combines a  NN and a  fuzzy system together to offer
a classification capability superior or comparable to  artificial neural
network, classification and regression tree, logistic regression, and
support vector machine [32,33].

ANFIS is functionally based on the Surgeno-type fuzzy rule base
and at the same time has an architecture equivalent under some
constraints [27] to  a  radial basis function neural network, allowing
the system to learn from the training data. The design started by
subtractive clustering to determine the number of rules and the
input membership functions. The membership function of choice
was the generalized bell function:

�(x) =
1

1 +
∣

∣x − c/a
∣

∣

2b
(10)

where the parameters a and b vary the width of the curve and the
parameter c  locates the center of the curve. The parameter b should
be positive.

Subtractive clustering is an unsupervised algorithm based on a
measure of the density of the normalized data points in  the feature
space. The point with the highest number of neighbors is  selected
as the center for a cluster. The data points within a pre-specified
fuzzy radius are then removed and the algorithm looks for a new
point with the highest number of neighbors until all the data points
are checked. The following two rules were a  part of the first-order
Surgeno-type rule base:

If u1 is A1 and u2 is B1, then

y1 =  c11u1 = c12u2 = c10 (11)

If u1 is A2 and u2 is B2, then

y2 =  c21u1 + c22u2 + c20 (12)

The fuzzy classifier can interpolate between the two linear rules
depending on their state. So, if the firing strengths of the rules are

˛1 and ˛2 for two  inputs u1 and u2, respectively, then the output
based on weighted average is:

y  =
˛1y1 + ˛2y2

˛1 + ˛2
(13)

y = ˇ1y1 +  ˇ2y2 = ˇ1(c11u1 +  c12u2 + c10)

+ ˇ2(c21u1 + c22u2 + c20) = ˇ1c11u1 + ˇ1c12u2 + ˇ1c10

+ ˇ2c21u1 + ˇ2c22u2 + ˇ2c20 (14)

Using the least-squares method, cij (i = 1, 2 and j =  0, 1,  2)  could
be adjusted in  the forward pass while the membership function’s
parameters ai, bi,  and ci could be adjusted by gradient descent using
the error signals that propagate in  the backward pass [34].

3. Results

A database of RGB color iris images was constructed represent-
ing two images for each iris for both chronic renal failure group
and healthy kidney group which add up  to 680 pairs of images
for both right and left iris. Every two  pairs of subject’s images are
kept together and randomly arranged in their corresponding group
of subjects. Those images are transformed to gray levels based on
luminosity. The database images undertook another stage of  trans-
formation to  be segmented and mapped to polar coordinates with
a  fixed size of 80 × 720 pixels for each image. The zones that cor-
responds to the kidney on the iris maps were then selected from
the data base to be of size 40 × 24 pixels from point (40, 549) to
point (80, 573) for the right iris and from point (40, 507) to  point
(80, 531) for the left iris. For each of those images, Discrete Gabor
Transform was  calculated with one-level decomposition to produce
4 sub images. The transformation is  subsequently fed to an entropy
and energy calculation layer to produce 8 features for each iris.

For the training data, the first 232 pairs of images were selected
which formed 232 × 8 right iris features from subjects with chronic
renal failure and the first 216 pairs of images were selected which
formed 216 × 8 right iris features from subjects with healthy kidney
and were then used in the learning stage of the neural network that
corresponds to right iris. While the same number of features from
same pairs but from left iris were used in  the learning stage for the
neural network that corresponds to  left iris.

Using these sets of features, a  neuro-fuzzy classifier was  then
designed to classify the subject into either the chronic renal failure
group or the healthy kidney group. The output was  set to  be one
for each of the neural networks (right and left iris) if the subject
has chronic renal failure and was  set to  be zero for subjects with
healthy kidney. Training was done using 10-fold cross-validation
in which learning data were randomly partitioned into 10 nearly
equally sized folds. Subsequently 10 iterations of training and vali-
dation are performed such that, within each iteration a  different
fold of data is  held-out for validation while remaining 9  folds are
used for learning. Training was continued for 10,000 epochs for
each run and the 10 results from the folds are  averaged [35]. The
neural network that corresponds to  each iris with the least aver-
age cross-validation error was then selected. Five generalized bell
membership functions for each of the eight inputs as well as a  rule
base of 67 rules were found with a  training error of 0.152 for the
designed right iris classifier. While five generalized bell member-
ship functions and a rule base of 79 rules were found with a  training
error of 0.186 for the designed left iris classifier.

In  the testing stage, the remaining of features 112 ×  8  for sub-
jects with chronic renal failure for both right and left iris and 120 × 8
for subjects with healthy kidney were used. Condition for success to
produce a  meaningful diagnosis was values equal to or less than 0.2
that represent healthy kidneys or values equal to or greater than
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Table  2

Results.

Kidney problems Normal kidney

Number of tests 56 60
Correct classifications 46 56
False classification 3 1
No classification 7 3

0.8 that represent chronic renal failure, while values in between
0.2 and 0.8 were considered undetermined classification. In addi-
tion, if any of the right or left iris neural network gives a diagnosis
of chronic renal failure that  means an overall diagnosis of chronic
renal failure. As there are two pairs of images for each subject, it is
sufficient that only one of those two pairs is diagnosed as chronic
renal failure. For healthy kidney diagnosis both eyes needs to have
a normal outcome.

The results in Table 2 for the testing subjects (56 subjects with
chronic renal failure and 60 subjects with healthy kidney) show a
correct classification for both  subjects with kidney problems and
normal subjects of 82% and 93%, respectively. While false classi-
fications for the both groups are 6% and 2%, respectively. On  the
other hand, no classification for subjects with kidney problems and
normal subjects are 12% and 5%, respectively.

False negative classification is considered one of the most signif-
icant factors in the designed classifier performance which is found
to be 6%. That percentage indicates that out of 100 subjects with
chronic renal failure there are 6 subjects that could be misdiag-
nosed.

4. Discussion and conclusion

In this paper, Discrete 2-D Gabor Transform and ANFIS were
applied to iris zones that correspond to  the kidneys as claimed
by the iridologists to classify the kidneys pathological conditions.
The technique adopted in this research provides automated meth-
ods with artificial intelligence techniques to  assess the correlation
between the iris and the kidneys health. The classification tech-
nique used shares similarities to that used in the iris biometric
identification technique which uses the unique epigenetic patterns
of a human iris for personal identification. Biometric identifica-
tion employs image processing and signal processing methods to
extract information from the unique iris structure from a  digitized
image of an eye though coding the wavelet coefficients for the
main iris texture. While the technique used here identifies the fine
discrepancies that appear in the iris  texture through energy and
entropy for wavelet decomposition and without coding.

In addition, the different reasons that could hinder the proper
diagnosis of the iridologists and consequently were the reason for
losing faith in that technique had been identified. Those reasons
were the lack of an automated methodology that not only based on
properly diagnosed subjects but also on controlled studies.

In this research, the technique used was applied to the gray level
of the picture taken from pre-diagnosed subjects as the classifica-
tion was based on the iris texture.

It can be revealed from this research a  few factors that can
affect the correct classification. Firstly, there is the image processing
methods which selectively improve the iris features. Secondly, the
features selection optimally represents the correlation between
the iris and the kidney pathology. Finally, there is  the choice of
zone/zones that represent the organ under investigation which we
have taken according to  the iridologists’ charts. The results showed
a false-negative and a false-positive diagnosis of 6% and 2%, respec-
tively.

Despite these encouraging results, the proposed technique was
conducted on a systemic disease with ocular manifestations. It is

necessary to perform extensive studies with diseases that do not
have ocular manifestations according to conventional medicine in
order to  validate iridology as a  valid scientific technique and hence
to be recognized in clinical practice for both screening and treat-
ment assessment and open the way for pervasive healthcare.
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