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ABSTRACT
Recent research in iris recognition has established the impact of non-cosmetic soft contact lenses on the recognition performance of iris matchers. Researchers in Notre Dame demonstrated an increase in False Reject Rate (FRR) when an iris
without a contact lens was compared against the same iris with a transparent soft contact lens. Detecting the presence of
a contact lens in ocular images can, therefore, be beneficial to iris recognition systems. This study proposes a method
to automatically detect the presence of non-cosmetic soft contact lenses in ocular images of the eye acquired in the Near
Infrared (NIR) spectrum. While cosmetic lenses are more easily discernible, the problem of detecting non-cosmetic lenses
is substantially difficult and poses a significant challenge to iris researchers. In this work, the lens boundary is detected by
traversing a small annular region in the vicinity of the outer boundary of the segmented iris and locating candidate points
corresponding to the lens perimeter. Candidate points are identified by examining intensity profiles in the radial direction
within the annular region. The proposed detection method is evaluated on two databases: ICE 2005 and MBGC Iris. In the
ICE 2005 database, a correct lens detection rate of 72% is achieved with an overall classification accuracy of 76%. In the
MBGC Iris database, a correct lens detection rate of 70% is obtained with an overall classification accuracy of 66.8%. To
the best of our knowledge, this is one of the earliest work attempting to detect the presence of non-cosmetic soft contact
lenses in NIR ocular images. The results of this research suggest the possibility of detecting soft contact lenses in ocular
images but highlight the need for further research in this area.
Keywords: Biometrics, Iris Recognition, Non-cosmetic Contact Lens

1. INTRODUCTION
The process of establishing human identity based on iris patterns is known as iris recognition. The iris is typically imaged
in the near infrared (NIR) spectrum in order to better discern its texture even in dark-colored eyes. A typical iris recognition
system has the following components: an imaging module to capture iris patterns; a segmentation module to isolate the
annular-shaped iris from the surrounding structures such as eyelids, sclera, pupil and eyelashes - this is accomplished by
detecting the pupillary and limbus boundaries; a normalization module that converts the segmented iris into a rectangular
structure; a feature extraction module that applies a Gabor wavelet to the normalized iris and quantizes the ensuing phasor
response into a binary IrisCode; and a matching module that compares two IrisCodes using the normalized hamming
distance.1 The performance of such a system is impacted by several factors including motion blur, off-axis iris images,
occlusions, non-uniform lighting, etc. More recently, it has been established that the presence of a contact lens can deter
the matching accuracy of an iris recognition system.2
Contact lenses are placed in the eye for therapeutic or aesthetic reasons.3 There are several taxonomies for categorizing
contact lenses. The most commonly used taxonomy differentiates contact lenses based on the material used to manufacture
them.4 Contact lenses are classified into two main groups in this respect: soft contact lenses and rigid gas permeable (RGP)
contact lenses. Soft contact lenses are made of soft, flexible, highly absorbent plastics called hydrogels. Hydrogels are
hydrophilic materials, which are hard in the dry state but become soft when they absorb water.5 When they are soft, they
allow oxygen to pass through. They fit comfortably in the eye. An advanced type of soft contact lenses, called Silicone
Hydrogel, was released in 1998. This type of lens provides more oxygen flow than regular hydrogels, and reduces eye
irritations.4 RGP contact lenses constitute the second main group and are generally used as a solution for complicated
spectacle prescriptions, since they result in a clearer vision than soft contact lenses. RGP contact lenses are made of more
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durable plastic than soft contact lenses. However this makes them less comfortable to the wearer and harder to adapt
to.4 Recently, hybrid lenses, made by mixing soft and RGP lenses, have been produced to facilitate the design of a more
customized lens type. Hybrid lenses are rigid in the center of the lens but softer in the edges.3 However, the usage of this
type of lens is limited to a small number of users for now.6
Figure 1 visualizes the distribution of different classes of materials used to manufacture contact lenses that were sold
in the US market in 2011.6 It can be seen that soft contact lenses dominate the market with 91%.

Figure 1. Distribution of contact lenses in the US market according to material type (2011).6

Soft contact lenses can be divided into two types based on their function:
1. Cosmetic soft contacts, which are worn to visually alter the appearance of the eye;
2. Non-cosmetic soft contacts, which are prescribed by optometrists for correcting vision or for therapeutic purposes.
Cosmetic contact lenses are colored and opaque, and can hide the actual color of the eye. They come in a variety of
colors and designs, yet they only account for approximately 3 to 5% of all the soft contact lenses sold in the US market.7
While cosmetic lenses can also correct refractive errors in the eye, this is considered to be a secondary purpose of use. An
example image of an eye with a cosmetic contact lens can be seen in Figure 2(a). Non-cosmetic lenses, on the other hand,
are colorless lenses. However, some of them have a tint that makes it easy to locate the lens if it is dropped or misplaced.
Likewise, they may have letters like “L” or “R” to facilitate their correct handling and placement. An example image of an
eye with a non-cosmetic contact lens can be seen in Figure 2(b).
Since cosmetic lenses completely conceal the iris by obscuring it with a fake iris pattern, the detection of such lenses
has been studied extensively in the context of iris spoofing.8–12 On the other hand, non-cosmetic lenses are not intended
to obscure or alter the characteristics of the iris. This may lead one to assume that non-cosmetic lenses have negligible
effect on iris recognition performance. However, such an assumption was demonstrated to be incorrect by Baker et al.2
They show that the presence of non-cosmetic contact lenses, which are almost imperceptible once placed in the eye, still
decreases the recognition performance. Thus, iris matchers can benefit from information about the presence or absence of
these non-cosmetic contact lenses. This is especially necessary due to the widespread use of non-cosmetic lenses in the
population and the number of biometric applications that are beginning to embrace iris recognition.
In this study, the focus is on soft contact lenses, which usually extend beyond the cornea, where a lens border is visible
in the sclera, yet without any perceptible artifacts on the iris. A sample case is shown in Figure 3. The proposed method
detects the lens boundary through a two phase traversal of a small annular region located in the vicinity of the segmented
limbus boundary. In each phase of the traversal, it considers groups of pixels and examines the intensity profiles in these
groups. Profiles that satisfy a set of constraints are considered as candidate points, suggesting the existence of a lens
perimeter.
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(a)

(b)

Figure 2. Same eye with cosmetic and non-cosmetic contact lenses, captured in the visible spectrum. (a) Eye with cosmetic lens. (b)
Eye with non-cosmetic contact lens.

Figure 3. Arrows indicating the lens perimeter that is visible against the sclera.

Experiments were conducted using two different databases: ICE 2005 and MBGC Iris. All the images in both databases
were visually inspected in order to determine whether a lens was present or not. Based on this inspection, images were
classified as with-lens or without-lens images and the proposed method was tested on these labeled images. In the ICE
2005 database, an overall classification accuracy of 76% was obtained by correctly classifying 360 out of 500 with-lens
images and 401 out of 500 without-lens images. In the MBGC Iris database, an overall accuracy of 66.8% was obtained
by correctly classifying 265 out of 377 with-lens images and 783 out of 1192 without-lens images. To compensate for any
subjectivity that might be introduced during manual labeling of the data, an additional set of experiments were designed at
the subject level. In this set of experiments, subjects are labeled as with-lens or without-lens subjects based on the evidence
of multiple iris images corresponding to the subject. At the subject level, the overall classification accuracy achieved was
76% in ICE 2005 and 76.3% in MBGC Iris.
The rest of this paper is organized as follows: Section 2 discusses previous work in the literature on detecting cosmetic
and non-cosmetic lenses. Section 3 provides details of the proposed method. Section 4 reports experimental results and
discusses the challenges encountered. Section 5 summarizes the main contributions and concludes the paper.

2. RELATED WORK
There has been significant research effort invested in the detection of cosmetic contact lenses, since cosmetic lenses are
associated with the potential problem of iris spoofing and obfuscation. Daugman12 proposed the use of Fast Fourier
Transform (FFT) to detect cosmetic contact lenses by exploiting the periodicity of the dot-matrix printing process. Lee
et al.10 presented a technique to distinguish the Purkinje images (reflected images of incident light on the four optical
surfaces of the eye) of a live iris from that of a cosmetic lens. They theoretically established the locations and distances
between the Purkinje images on a real human eye and showed that the corresponding distances on a fake eye (including
digital spoofs, prosthetic eye, cosmetic lens) are significantly different. He et al.8 proposed to detect cosmetic contact
lenses using statistical texture analysis and support vector machines. Wei et al.11 introduced 3 different methods. Their
first method was based on the observation that the sharpness of the iris edge varies with and without a cosmetic lens,
and can be used as a measure for cosmetic contact lens detection. Their second method was based on extracting texton
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features from the iris. The third method utilized textural features based on co-occurrence matrices. He et al.9 proposed to
combine Adaboost learning and LBP (Local Binary Patterns) for distinguishing the textural patterns between irides with
and without a cosmetic contact lens. Zhang et al.13 suggested combining SIFT and LBP to generate a weighted LBP map,
and employed an SVM classifier to distinguish iris images with and without a cosmetic lens.
Detection of non-cosmetic contact lenses is a more challenging problem than detecting cosmetic contact lenses due
to the fact that non-cosmetic lenses are almost imperceptible once they are placed in the eye. In an NIR image, most
non-cosmetic contacts cannot be easily discerned even by the human eye. However, the lens border is partly visible. Since
non-cosmetic contact lenses do not obscure the iris, the techniques that are typically used to detect fake iris patterns cannot
be trivially used for the detection of non-cosmetic contact lenses. Detection of non-cosmetic lenses as well as cosmetic
lenses has been attempted by Kywe et al.14 Their technique proposes using a thermal camera to measure the temperature
decrease on the surface of the eye resulting from evaporation of water during blinking. Kywe et al. hypothesize that the
magnitude of temperature decrease on an eye without a lens differs from that of an eye with a lens. They correctly classified
26 of the 39 total subjects in their dataset, resulting an accuracy of 66.7%. However, their results were highly dependent
on the humidity and temperature of the environment. Consequently, the performance of their algorithm decreased to 50%
during the summer or in high humidity.

3. PROPOSED METHOD
Classical edge detection methods, which are based on detecting sharp changes in the pixel intensity, appear to perform
poorly on detecting non-cosmetic soft contact lenses. The poorly visible thin lens border has a high probability of being
missed, whereas occlusions and non-uniform illumination on the image have a high probability of being detected. Further,
factors such as level of visibility, location of the lens boundary, occlusions, and illumination vary across images, thereby
complicating parameter selection for edge detection methods. Figure 4 illustrates this quandary by applying a canny edge
detector to an ocular image hosting a non-cosmetic soft contact lens. Note that the lens boundary is either barely visible or
hardly distinguishable in the edge images.

(a)

(b)

(c)

(d)

Figure 4. Applying a canny√edge operator to an NIR ocular image. The original image is given√in (a). (b) Detected edges when threshold
= {0.0024, 0.06} and σ√= 2. (c) Detected edges when threshold = {0.0016, 0.04} and σ = 2. (d) Detected edges when threshold =
{0.0008, 0.02} and σ = 2.
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Since global contrast evaluation methods may often elicit insufficient or redundant information while failing to extract
the lens boundary, we propose to utilize local intensity profiles of the pixels. The proposed method begins with image
denoising and segmentation of the iris. The purpose of denoising is to eliminate the noise and to better observe the pixel
intensity profiles without losing the necessary data corresponding to the lens boundary. Image denoising is performed
using a Gaussian filter with a standard deviation of 0.5. The image smoothing is followed by the segmentation of the iris.
The iris is segmented through the use of the method provided by Masek et al.15 and the coordinates of the outer limbus
boundary is stored in polar form. Figure 5 illustrates the preprocessing of a sample image from the ICE 2005 database.
Next, the algorithm traverses the annular region in the vicinity of this boundary twice. During each traversal, the segment

(a)

(b)

(c)

Figure 5. Preprocessing the input image. (a) Original eye image. (b) Image after denoising. (c) Segmentation of outer iris boundary.

of the sclera in the interval [π/4, 3π/4] and [-3π/4, -π/4] with respect to the iris center, is covered (see Figure 6).

3.1 Traversal #1
In this step, a set of line segments are defined on the vicinity of the limbus boundary in the radial direction at angular
intervals of 1◦ . These segments are directed away from the iris center and are orthogonal to the tangent of the iris boundary
at that particular angle. Figure 6 demonstrates the target region covered by the line segments. Each segment begins at an
offset of 5 pixels from the limbus boundary, points in the radial direction away from the iris center, and is 30 pixels long.
The length of these line segments was dictated by the following considerations:
• The line segment has a high possibility of intersecting the lens boundary in with-lens images.
• Only a small number of pixels from the inside of the iris is included.
• Pixels corresponding to eyelids or eyelashes are excluded to a great extent.

(a)

(b)

(c)

Figure 6. Angular region considered for detecting the boundary of the lens. (a) Line segments extracted in the angular region [π/4 and
3π/4]. (b) Line segments extracted in the angular region [-3π/4 and -π/4]. The union of the angular regions considered in (a) and (b) can
be seen in (c).

On each line segment, the pixels with the largest intensity values are defined as largest-intensity pixels. Figure 7
illustrates the largest-intensity pixels in green. Once such pixels are identified, they are grouped in clusters. The clustering
process has three constraints:
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(a)

(b)

(c)

Figure 7. Largest intensity pixels marked. (a) Largest intensity pixels on line segments in the angular region [π/4, 3π/4]. (b) Largest
intensity pixels on line segments in the angular region [-3π/4 and -π/4]. (c) Union of the angular regions considered in (a) and (b).

• There has to be a minimum number of adjacent points, whilst traversing in the angular direction, from one line
segment to the other, in each cluster. This minimum value is denoted by α.
• The points within a cluster cannot exceed a certain maximum distance in the radial direction. This maximum is
denoted by τ .
• The points in a cluster should not include any pixels located on the outer end of a line segment.
The two parameters, α and τ , are selected according to the characteristics of the images in the database. The third constraint avoids selecting pixels whose high intensity values are due to illumination from the light source instead of the lens
boundary. In such cases, the pixel intensity usually increases monotonically when traversing in one direction. Omitting
those line segments that have the brightest pixel in the outer end is found to be an easy-to-implement solution, resulting in
better performance. Figure 8(a) highlights the extracted clusters in yellow. Here, α = 7 and τ = 2.

3.2 Traversal #2
After extracting the clusters, the algorithm revisits and evaluates the extracted clusters in the radial direction in this stage.
To ensure that the lens boundary is detected, an additional constraint is specified at this point: the pixels in each cluster are
expected to have larger mean intensity values than the pixel sets in their vicinity. To compare the mean intensity values of a
cluster and the surrounding pixel sets, 2 reference point sets are formed near the cluster (one on either side). Each reference
point set consists of pixels at a distance of 10 units from the cluster in the radial direction. Then the mean intensity value
of the cluster is compared to the mean intensities of these point sets. If a cluster has a smaller mean intensity than the mean
intensities in the reference sets, that cluster is deleted. Figure 8(b) indicates how the reference cluster sets are generated
(reference set pixels are marked in black). Eventually, if there are any clusters left, then it is concluded that the image is a
with-lens image; otherwise (i.e., if no clusters are formed or all clusters are deleted), the image is classified as a withoutlens image. Figure 8(c) illustrates the remaining valid cluster in red. We summarize the details of the proposed algorithm
in the form of a pseudo-code in Algorithm 1.

4. EXPERIMENTAL RESULTS
4.1 Image Level Experiments
The proposed algorithm for non-cosmetic soft contact lens detection was evaluated on two databases: MBGC-Iris and ICE
2005. The experimental setup for both databases is similar. Prior to evaluating the detection algorithm, each image in
the dataset was labeled as with-lens or without-lens. If at least one valid cluster is detected in an image by the proposed
algorithm, the image is classified as a with-lens image. If no clusters are found, the image is classified as a without-lens
image. The performance of the algorithm is measured using three metrics:
• Overall classification accuracy: The fraction of with-lens and without-lens images that are correctly classified.
• True Positive Rate (TPR): The fraction of with-lens images that are correctly classified as with-lens.
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Algorithm 1 Non-cosmetic soft contact lens detection
1: Input:
2:
I: an image file
3:
α: minimum number of adjacent pixels
4:
τ : maximum pixel distance allowed in radial direction
5: Define:
6:
p: pixel intensity value
7:
P : vector of p
8:
R: stores radial distance (from the center of the iris) corresponding to the largest p in P
9:
C: stores clusters of R
10:
T : stores the temporary cluster
11:
decision: one of two labels: with − lens or without − lens
12:
i, j, k: counting variables
13: Begin algorithm:
14:
I ← convolve I with a Gaussian filter
15: {Perform iris segmentation.}
16:
{x, y} ← compute center coordinates of iris
17:
r ← compute radius of iris
18:
i = 0, j = 0, k = 0
19:
P =∅
20: {Traversal #1 begins:} {Cover the interval [π/4, 3π/4] and [−3π/4, −π/4] with respect to the iris center.}
21:
for θ = −π/4 → π/4 and θ = −3π/4 → 3π/4 in increments of 0.02
22: {Form 30 pixels long line segments at every 1◦ .}
23:
for r̂ = (r + 5) → (r + 35) in increments of 1
24:
x̂ ← r̂ ∗ cos(θ) + x
25:
ŷ ← r̂ ∗ sin(θ) + y
26: {Store the intensity values of the points on each line segment.}
27:
p ← I(x̂, ŷ)
28:
P [j] ← p
29:
j ←j+1
30:
end
31: {Store the largest intensity value on each line.}
32:
R[i] = r̂ of the largest p in P
33:
i←i+1
34:
end
35:
T = null
36:
minR = +∞
37:
maxR = −∞
38:
forEach R[i] in R
39: {Skip the clusters which are located at the outer ends of the line segments.}
40:
if R[i] == (r + 35)
41:
T = null
42:
else
43: {Keep track of the distances between every consecutive largest intensity pixel.}
44:
if min(R[i], R[i + 1]) < minR
45:
minR = min(R[i], R[i + 1])
46:
else if max(R[i], R[i + 1]) > maxR
47:
maxR = max(R[i], R[i + 1])
48:
end
49: {If the distance between the evaluated points is at most τ , include the evaluated points in the cluster.}
50:
if abs(maxR − minR) ≤ τ
51:
insert R[i] and R[i + 1] into T
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(b)

(c)

Figure 8. Clustering process. (a) Output the initial clustering process. Largest intensity pixels are illustrated in green and initial clusters
are illustrated in yellow. (b) Reference cluster sets are illustrated in black. (c) The one remaining cluster is illustrated in red.
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{Else if the distance between the evaluated points is greater than τ , complete the cluster without including them.}
else
if T has at least α instances
C[k] ← T
T = null
k ←k+1
{If the cluster has less than α points, do not further consider this cluster.}
else
T = null
end
end
end
{Traversal #2 begins:}
forEach C[i] in C {Compare the mean intensity of a cluster with the reference point sets surrounding it.}
meanR ← mean (intensities of all pixels located at C[i])
mean1 ← mean (intensities of pixels within a range of +10 pixels from C[i] in the radial direction)
mean2 ← mean (intensities of pixels within a range of −10 pixels from C[i] in the radial direction)
{If the cluster does not have the larger mean intensity than reference point sets, delete the cluster.}
if (meanR < mean1) OR (meanR < mean2)
delete C[i]
end
end
{If there are any clusters left in the image, mark the image as with − lens image.}
if C! = ∅
decision ← with − lens
else
{Else if there are no clusters left in the image, mark the image as without − lens image.}
decision ← without − lens
end
End algorithm: return decision
• False Positive Rate (FPR): The fraction of without-lens images that are incorrectly classified as with-lens.

For the ICE 2005 database, the labels were provided by researchers from the University of Notre Dame for 1000 images:
500 were with-lens and 500 were without-lens. When α = 7 and τ = 2, the proposed algorithm correctly classified 360
with-lens images and 401 without-lens images, yielding an overall classification accuracy of 76% and a TPR of 72%. The
resulting confusion matrix is given in Table 1.
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Table 1. Confusion matrix for the image level experiment in the ICE 2005 dataset, where α = 7, τ = 2.

Actual Label

with-lens
without-lens
Total

Predicted Label
with-lens without-lens
360
140
99
401
459
541

Total
500
500

MBGC Iris database consists of 1583 images. 14 low quality images were excluded from the experiments, and the
remaining images were used. After visual inspection, 377 of the 1569 images were labeled as with-lens and 1192 were
labeled as without-lens images. In an experiment, with α = 6 and τ = 2, 265 of the 377 with-lens images and 783 of the
without-lens images were correctly classified, yielding an overall accuracy of 66.8% with a TPR of 70.3%. The resultant
confusion matrix is shown in Table 2.
Table 2. Confusion matrix for the image level experiment in the MBGC Iris dataset, where α = 6, τ = 2.

Actual Label

with-lens
without-lens
Total

Predicted Label
with-lens without-lens
265
112
409
783
674
895

Total
377
1192

To better understand the effect of the parameters, we repeated the experiments for different α and τ values using the
same image sets from the ICE 2005 and MBGC Iris databases, and derived the Receiver Operating Characteristics (ROC)
curves. The x-axis of the ROC curve corresponds to the FPR, and the y-axis corresponds to the TPR.
Using the results shown in Table 1, FPR is calculated as 0.20 and TPR is calculated as 0.72 when α = 7 and τ = 2 in
the ICE 2005 dataset. Figure 9 shows the ROC curve at various α values when τ is fixed at 2. Figure 10 shows the ROC
curve at various τ values when α is fixed at 7.
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Figure 9. ROC curve for the image level experiment in the ICE 2005 dataset, based on varying α from 1 to 40 at τ = 2.

Figures 11 and 12 show the results of the experiments conducted on the MBGC Iris dataset. Figure 11 shows the ROC
curve for different α values with τ = 2, whereas Figure 12 shows the ROC curve for different τ values with α = 6. At
α = 6 and τ = 2, FPR is calculated as 0.34 and TPR is calculated as 0.70, from Table 2.
The results of this analysis suggest that α and τ are tunable parameters that have to be adjusted.
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Figure 10. ROC curve for the image level experiment in the ICE 2005 dataset, based on varying τ from 1 to 20 at α = 7.
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Figure 11. ROC curve for the image level experiment in the MBGC Iris dataset, based on varying α from 1 to 40 at τ = 2.

4.2 Subject Level Experiments
During the preparation of the datasets for our experiments, we realized that the ground truth may not be completely accurate
since the presence of a lens cannot be always easily discerned. Inconsistent illumination and camera defocus are dominant
factors that can hide the lens boundary or create an illusion of a lens, thereby challenging the labelling process. Three such
examples are shown in Figure 13.
To compensate for this subjectivity, we conducted an additional group of experiments. We first selected only those
subjects that have 3 or more sample images. For each of these subjects, the first 3 images were selected. Next, the
manually assigned labels associated with these 3 images were examined. Majority voting was then used to re-assign labels
to the 3 images. That is, if a subject had 2 or more with-lens images, then the subject was classified as a with-lens subject;
else, the subject was classified as a without-lens subject. In this set of experiments, the TPR defines the fraction of correctly
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Figure 12. ROC curve for the image level experiment in the MBGC Iris dataset, based on varying τ from 1 to 20 at α = 6.

(a)

(b)

(c)

Figure 13. Effects of inconsistent illumination and camera defocus. (a) A case of inconsistent illumination, where the lens boundary is
faintly visible in a with-lens image. (b) A case of inconsistent illumination, where a lens illusion is present in a without-lens image. (c)
A case where the lens boundary is not distinguishable in a with-lens image due to defocus blur.

classified subjects out of all the with-lens subjects in the experiment set, whereas the FPR defines the fraction of incorrectly
classified subjects out of all the without-lens subjects in the experiment set.
There are 175 subjects in the ICE 2005 database who have 3 or more images. 98 of these were deemed to be withoutlens subjects. 77 subjects, on the other hand, were deemed to be with-lens subjects. The confusion matrix of the proposed
method, with α = 9 and τ = 4, is given in Table 3. The algorithm correctly classified 57 out of 77 with-lens subjects and
76 out of 98 without-lens subjects, yielding an overall classification accuracy of 76% and a TPR of 74%.
The MBGC Iris database consists of 1583 images from 98 subjects. 73 of them were deemed to be without-lens subjects.
The remaining 25 subjects were deemed to be with-lens subjects. All 25 subjects have with-lens images belonging to both
eyes. 71 out of 73 without-lens subjects have without-lens images corresponding to both eyes, and the remaining two
subjects have images only for one eye.
Table 3. Confusion matrix for the subject level experiment in the ICE 2005 dataset where α = 9, τ = 4.

Actual Label

with-lens
without-lens
Total

Predicted Label
with-lens without-lens
57
20
22
76
79
96

Total
77
98
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Table 4. Confusion matrix for the subject level experiment in the MBGC Iris dataset where α = 9, τ = 4.

Actual Label

with-lens
without-lens
Total

Predicted Label
with-lens without-lens
35
15
31
113
66
128

Total
50
144

The confusion matrix resulting from the experiment with 50 with-lens and 144 without-lens eyes is shown in Table
4. In this experiment α = 9 and τ = 4. 35 out of 50 with-lens subjects and 113 out of 144 without-lens subjects were
correctly classified, yielding an overall accuracy of 76.3% with a TPR of 70%.
From Table 3, FPR is calculated as 0.22 and TPR is calculated as 0.74 when α = 9 and τ = 4 in the ICE 2005 dataset.
Figure 14 shows the ROC curve for different α values when τ is fixed at 4. Figure 15 shows the ROC curve for different τ
values when α is fixed at 9.
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Figure 14. ROC curve for the subject level experiment in the ICE 2005 dataset, based on varying α from 1 to 40 at τ = 4.

From Table 4, FPR is computed as 0.21 and TPR is calculated as 0.70 in the MBGC Iris dataset. Figure 16 shows the
ROC curve for various α values with τ = 4. Figure 17 shows the ROC curve for various τ values, with α = 9.

4.3 Challenges
When investigating the cases where the algorithm failed, we noticed that there are several reasons impacting the performance. Consider an example from the ICE database with α = 7 and τ = 2. The related confusion matrix was previously
shown in Table 1. After reviewing the 140 with-lens images which are incorrectly classified as without-lens, the following
observations were made:
• In 89 images, the lens border is not significantly distinguishable from surrounding pixels. Defocus blur is also a
plausible reason for failure in these cases. An example of such an image can be seen in Figure 18(a).
• In 34 images, although the lens boundary is significant enough, nearby pixels are brighter due to inconsistent illumination. An example demonstrating inconsistent illumination is shown in Figure 13(a).
• In 14 images, segmentation of the limbus boundary gave inaccurate results, thereby misleading the algorithm. An
example of this case is given in Figure 18(c).
• In two images, the lens is misplaced in the eye. An example case can be seen in Figure 18(e). The lens boundary
overlaps with the limbus boundary on the lower left of the iris, and it extends far beyond the cornea on the right side
of the iris.
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Figure 15. ROC curve for the subject level experiment in the ICE 2005 dataset, based on varying τ from 1 to 20 at α = 9.
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Figure 16. ROC curve for the subject level experiment in the MBGC Iris dataset, based on varying α from 1 to 40 at τ = 4.

• In one image, the lens border is completely located on the outer boundary of the line segments. This represents an
outlier case, since the proposed algorithm is designed to deliberately ignore pixels that lie exactly on the outer end
of the line segments.
Similarly, when examining the incorrectly classified without-lens images, it was observed that the errors are primarily
due to inconsistent illumination.
• In 90 images, inconsistent illumination confuses the algorithm.
• In five images, segmentation of the limbus boundary gave inaccurate results. Figure 18(d) gives an example of such
a case.
• In four images, the eyelids interfere with the target region and the higher pixel intensity of the skin misleads the
algorithm. Figure 18(b) illustrates an example of this case.
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Figure 17. ROC curve for the subject level experiment in the MBGC Iris dataset, based on varying τ from 1 to 20 at α = 9.

(a)

(b)

(d)

(c)

(e)

Figure 18. Examples of unsuccessful classification cases. (a) An example of an insignificant lens boundary. (b) An example of eyelid
interference. (c) Inaccurate segmentation of the limbus boundary, which leads to misclassifying a with-lens image. (d) Inaccurate
segmentation of the limbus boundary, which causes misclassification of a without-lens image. (e) An example where the lens is misplaced
in the eye.

5. CONCLUSION
In this work, the problem of automatically detecting non-cosmetic soft contact lenses in ocular images is investigated. This
topic is challenging because non-cosmetic soft contact lenses are not easily discernible once they are placed in the eye. The
proposed method operates under the principle that the boundary of a soft contact lens is at least partly visible against the
sclera. This visible part of the boundary is detected by examining the intensity profiles of the pixels located in the vicinity of
the outer limbus boundary of the iris. Our technique requires two tunable parameters (α and τ ) which can be set according
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to the anticipated with-lens and without-lens subject ratio in the datasets. However, in some real-world scenarios, an exact
value of this ratio may not be easily anticipated. Experiments were performed on two different databases. Approximately
one third of the ICE 2005 database and the entire MBGC Iris database were utilized to evaluate the proposed method. The
overall classification accuracy achieved in image level experiments was 76% in ICE 2005 and 66.8% in MBGC Iris, with
correct detection rates of 72% and 70%, respectively. To eliminate the subjectivity due to manual labeling of data, subject
level experiments were performed also. The overall accuracy obtained in subject level experiments was 76% in ICE 2005
and 76.3% in MBGC Iris, with correct detection rates of 74% and 70%, respectively. The algorithm failed in the case of
images with inconsistent illumination and defocus blur. Our target for the future work is to overcome these two challenges.
To our knowledge there is only one related work in the literature by Kywe et al. that can detect non-cosmetic soft contact
lenses but their technique requires additional hardware and is highly dependent on the temperature and humidity of the
experimental environment.14 The results of both studies suggest that this topic is open to further research.
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