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Abstract: Biometric segmentation to obtain the region of interest under non-cooperative conditions is a fundamental and essential
problem in biometric research. In the past few decades, researchers have widely studied this problem. For instance, non-ideal
iris images cause poor segmentation in case of non-regular reflections, blurred boundaries, eyelids occlusion, and off-angle
rotations. In this paper, we present a new iris ROI segmentation algorithm using a deep convolutional neural network to achieve
the state-of-the-art segmentation performance on well-known iris image datasets. Our model surpasses the performance of state-
of-the-art Iris-DenseNet framework by applying several strategies, including multi-scale/ multi-orientation training, model training
from scratch, and proper hyper-parameterization of crucial parameters. The proposed PixISegNet consists of an autoencoder
which primarily uses long and short skip connections and a stacked hourglass network between encoder and decoder. There
is a continuous scale up-down in stacked hourglass networks, which helps in extracting features at multiple scales and robustly
segments the iris even in an occluded environment. Furthermore, cross entropy loss and content loss optimizes the proposed
model. The content loss considers the high-level features, thus operating at a different scale of abstraction, which compliments the
cross-entropy loss, which considers pixel-to-pixel classification loss. Additionally, we have checked the robustness of the proposed
network by rotating images to certain degrees with a change in the aspect ratio along with blurring and change in contrast.
Experimental results on the various iris characteristics demonstrate the superiority of the proposed method over state-of-the-art
iris segmentation methods considered in this paper. In order to demonstrate the network generalization, we deploy a very stringent
TOTA (i.e train once test all) strategy. Our proposed method achieves E1 scores of 0.00672, 0.00916 and 0.00117 on UBIRIS-V2,
IIT-D and CASIA V3.0 Interval datasets respectively. Moreover, such a deep convolutional neural network for segmentation when
included in an end-to-end iris recognition system with a siamese based matching network will augment the performance of the
siamese network. It facilitates the siamese matching network by selectively removing all of the unwanted (non-iris) pixels, to learn
the salient iris features and provide a better recognition performance.
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1 Introduction

In the last decade, deep learning techniques, in particular, convolu-
tional networks have become the center of attention and the most
successful approach in artificial intelligence and machine vision
science. The reasons behind the popularity of deep learning are
two folded, viz. high availability of datasets and powerful graph-
ics processing units. Biometric recognition, which encompasses ROI
segmentation, quality estimation, feature extraction, and classifica-
tion, is also one of these domains witnessing research momentum
in this direction. However, deep learning requires large datasets to
perform training, and the number of samples available in biomet-
rics are limited and not enough to train a CNN efficiently. Hence,
designing an end-to-end deep learning network to work on biomet-
ric samples with limited training data can be seen as an extremely
challenging task. Biometrics is the process to automatically recog-
nize an individual based upon his/her physiological and behavioral
characteristics. Iris recognition has been widely used in security and
authentication systems because of its reliability and high security.
Current Iris Recognition systems obtain excellent results by control-
ling the quality of images captured for recognition and by imposing
certain constraints like making the user stand at a close and fixed
distance from the camera [1] and so on. However, these constraints
are not suitable in various real-world applications such as airport

boarding and control access because in those situations, when the
acquisition is being made the subject is at a large distance with
some possible movement[1, 2]. In such non-ideal conditions, the
captured iris images suffer from various degradation such as high
occlusions, motion blur, low contrast, and lack of resolution [3].
These disturbances negatively impact the recognition rate. In other
words, iris recognition systems perform well for ideal data but often
yields incorrect segmentation results for non-ideal images. There-
fore, non-ideal iris segmentation is a challenging problem due to the
existence of several factors in unconstrained environments viz; blur-
ring, noise, non-circular iris boundary, off-axis or off-angles, and
occlusion by eyelashes, eyelids, glasses, and hair. Example view of
non-ideal iris images and segmented images are shown in Fig. 1 and
Fig. 2 respectively.

In comparison to other biometric traits like fingerprint, face and
hand geometry, the iris is an internally protected organ and thus can-
not be easily duplicated. The primary demand of uniqueness for the
biometric task with higher degrees of freedom is also ensured. The
iris texture is known to be an extraordinary pattern of high random-
ness and complexity. More accurately, the texture is not inherently
learned, other than for eye colour, and evolved from the second to
eighth month of the incubation. Additionally, the iris pattern guar-
antees robustness throughout life. For all factors mentioned above,
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Table 1 Comparative study of state-of-the-art iris localization techniques.

Methods Novelty Strength Weakness Performance Dataset
Used

Khan et al. [4] Iris is localized by
calculating gradient on
iris-sclera border points

Novel application of
gradient to find iris bor-
der

Eyelashes can severely
affect the gradient thus
resulting in problems
while finding iris bor-
der

Acc.
98.22%(MMU),
100%(CASIA)

CASIA,
MMU

Sardar et al. [3] Iris localization using
rough entropy and
circular sector analysis
(CSA)

The method is compu-
tationally efficient

The threshold value
affects the noise
and ultimately the
segmentation of pupil

Acc. 97.12%, E1
error rate 0.08, Time
1.56s

CASIA,
IITD,
MMU

Ibrahim et al. [5] The concept of circular
moving window intro-
duced in the two-stage
hierarchical method

Dark color of the pupil
allows for its approxi-
mation through simple
probability

Due to the search way,
the calculation of gradi-
ent is time consuming

Acc. 99.90%
(CASIA-IrisV1),
98.28% (CASIA-
IrisV3-Lamp),
99.77% (MMU)

CASIA,
MMU

Huang et al. [6] Edge detection and
subsequent thresh-
olding uses radial
suppression

Radial suppression
is more suitable for
circular-like iris edges

Iris boundaries difficult
to estimate through the
edges in non-ideal sce-
narios

EER. 0.32% CASIA

Jeong et al. [7] Combination of
AdaBoost eye detec-
tor and circular edge
detector

Detection of occlusions
such as eyelid, eye-
lash, closed eye reduces
error in final segmenta-
tion

Affected if there is
error in the detection of
pupil/eyelid

E1 error rate 2.8%,
E2 error rate 14.4%

UBIRIS.v2,
NICE.I

Lakra et al. [8] Used patch-based CNN
operations

Novel application of
deep learning in post
and pre cataract surgery

Visible light can affect
the method given that
all testing was carried
out in near-infrared
(NIR) environment

E1 error rate 0.98% CASIA,
IIITD

Liu et al. [9] End-to-End trainable
CNN models which
do not make use any
handcrafted features

Performs well in non-
ideal iris cases

Pixels having similar
intensity as that of
iris can be incorrectly
labelled as iris pixels

E1 error rate
0.90%(UBIRIS.v2),
0.59%(CASIA.v4)

UBIRIS.v2,
CASIA.v4

Arsalan et al.
[10]

Used Dense Convolu-
tional Network for the
task of iris segmenta-
tion

Concatenation of pre-
vious layers through
dense connections
enhances results

Dense connections use
up high memory

E1 error rate 0.00695 UBIRIS.v2,
NICE.II

Fig. 1: Non-ideal Iris Image Challenges.

Fig. 2: Non-ideal Iris Segmented Images.

the iris allows distinguishing patterns between different eyes of the
same person, even in the case of identical twins.

1.1 Related Work

Many studies have made significant efforts in investigating several
techniques for localization of both iris and pupil. The previous stud-
ies can be grouped into three categories, namely, Classical, Image
statistics, and Deep learning based methods.

1.1.1 Classical methods: In most of the traditional segmenta-
tion tasks the main idea has been to isolate the iris region from the
whole eye image, the process approximates two circles to separate
the sclera, iris, and pupil[4, 11]. The conventional iris segmentation
methods can be categorized into pixel-based and boundary-based
algorithms [8, 12]. In literature, the most fundamental work has
been done by Daugman who devised an edge detection operator for
segmentation [1]. To segment iris from eye image, the pupil and
iris are considered as non-concentric circles, and then the integro-
differential operator is applied to localize the coarse limbic bound-
ary. In [3], authors claim to reduce the uncertainty in segmentation
mask by localizing the iris with circular sector analysis (CSA) before
segmenting it using rough entropy. In [4], authors exploit the circular
nature of the iris and pupil for their localization, and they have pro-
posed separate methods for the localization of the two regions. The
pupil is extracted by eccentricity based bisection method. Whereas,
for iris, a noise free region by directional segmentation is obtained
first, then using the gradient (to look for angular lines) of directional
lines the iris is localized.

1.1.2 Image statistics: In [5], the author uses image statistics
to localize the iris. Their method works in two stages, first a circular
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moving window estimates pupil by choosing the minimum stan-
dard deviation of the grey level peak in x and y coordinates, then
a median filter is used to reduce the eyelash effects. In [6], they
have proposed a radial-suppression edge detection method where
they do not assume the iris and pupil boundaries to be circular.
They extract the wavelet transform modulus of the iris by using a
non-separable wavelet transform and use their proposed radial non-
maximal suppression to keep the angular edges while removing the
radial edges, a self-adaptive method was incorporated to obtain the
final iris boundary. In [7], authors applied AdaBoost eye detection
followed by color segmentation approach to identify the obstruc-
tions by ghosting effect of visible light and they classify an image
as "closed eye" if there were no corneal specular reflections. A color
clustering method was proposed in [13] for iris localization while
taking into consideration the non-circular iris boundaries. They used
contrast enhancement for pupil extraction, while morphological and
gradient based methods have used for removal of specular reflec-
tion. An unsupervised approach has been introduced in [14], where
the images have been modeled as Markov Random Field. Textured
regions were extracted using the graph cut method (based on energy
minimization) and image intensities were used to segment the iris
and pupil. A fusion strategy, based on model selection, was pre-
sented in [15]. They use Histogram of oriented gradients (HOG)
to extract features from the identified ring shaped region (iris) and
they train an SVM to give an optimal model for segmentation. They
approach proposed in [16] have won the NICE.I iris recognition con-
test. They proposed an integro-differential constellation for pupil
localization, for eyelash and other obstruction removals they used
curvature and prediction model. As a pre-processing step, they uti-
lize a clustering based coarse iris localization method to roughly
estimate iris while identifying the eyelashes and other obstructions.
Whereas [17] proposed the use of watershed transform for iris local-
ization in noisy images, their method uses the features of limbus for
periocular region segmentation.

1.1.3 Deep Learning methods: The authors in [18], have used
a two-step process for iris segmentation. The first step involves using
classical image processing techniques such as Canny edge detec-
tion, contrast enhancement and modified Hough Transform to find
the iris boundary roughly. The next step involves using a typical
CNN architecture to further fit the iris boundary on the already
approximated one. In [8], the authors used four dense convolutional
blocks in series to process the input iris image. After that, feature
maps given as output by the four dense blocks were fused using a
weighted sum to incorporate the coarse and fine features and give the
required segmentation map. In [19], the authors experimented with
typical fully convolutional encoder-decoder networks and tested a
variant which employed Monte-Carlo sampling and drop-out tech-
nique on the convolutional weights. In [20], the authors proposed
two CNN architectures IPSegNet1 and IPSegNet2 which have been
modeled on the lines of object detection networks, Faster RCNN
(Region based Convolutional Neural Network)[21] and SSD (Single
Shot Multi-Box Detector)[22]. Both the networks have been trained
to output two circular region of interests for the Iris and Pupil. In
[9], authors have proposed two CNN based models named hier-
archical convolutional neural networks (HCNNs) and multi-scale
fully convolutional network (MFCNs). In HCNN, the image has
been cropped hierarchically in size and fed into three parallel CNNs
and subsequently, the feature maps from all three CNNs have been
fused through a fully connected layer to predict the final segmenta-
tion map. In MFCN, fully convolutional networks i.e. convolutional
and pooling layers have been used to process the feature maps at
different scales. Subsequently, the multi-scale feature maps are com-
bined through a fusion layer. In [10], the authors proposed a novel
CNN based iris segmentation architecture by combining two well
know CNN architectures, the DenseNet [23] and the SegNet [24]. In
[25], the authors introduced residual connections in SegNet to cre-
ate a residual encoder-decoder network for iris segmentation. This
allowed the network to increase its accuracy with increasing depth
without any problem of vanishing gradient. The authors in [26],
proposed a novel Fully Convolutional Deep Neural Network design

along with data augmentation techniques for degrading the images
and then segmenting the iris to model real life scenarios.

All the surveyed results have been summarized in Table 1 with
key properties of the surveyed methods.

1.2 Challenges and Contribution

The textural complexity and variability of the iris across individu-
als as clearly observed in Fig. 1, make it possible to use it as a
highly reliable method for recognition. However, there exist three
main problems faced by the existing iris recognition systems: 1)
lack of ability to handle less constrained acquisition environment
(user cooperation, non-regular illumination, motion blur shown in
Fig. 1(a,b,c)) and then to maintain high recognition accuracy despite
variations in iris image quality, 2) lack of robustness of the ROI seg-
mentation algorithm to handle occlusions and scales caused by the
anatomical features (lens/eyelid/eyelash sown in Fig. 1(d,e,f,g)) of
the eye, 3) lack of appropriateness of existing iris recognition sys-
tems to spoofing attacks in real-world situation. With the limitations
mentioned above, it can be summarized that the ROI segmentation
for non-ideal iris images is a non-trivial task which deteriorates the
recognition accuracy. But, most of the previous research on iris seg-
mentation fully depends on the quality of the images captured with
uniform light sources at close distance and with the look and stare
constraints. For instance, state-of-the-art object detection networks
such as Faster-RCNN, YOLO, SSD etc. are not able to handle iris
images with changing scales and occlusion.

Contribution: In order to improve the accuracy of iris seg-
mentation in realistic scenarios where images are not captured
under cooperative conditions, we propose a novel non-ideal iris ROI
(region of interest) segmentation framework which is a three stage-
trained end to end CNN model. As shown in Fig. 3, it comprises
of the encoder-decoder network along with stacked hourglass [27]
networks. Additionally, content loss function has been used which
tries to minimize the difference between the encoded feature maps
of predicted and ground truth mask. Continuous scale-up and scale-
down in stacked hourglass [27] networks along with content loss
make the network robust against different scales and occlusion. The
main contribution of the proposed approach are:

• We propose a novel CNN model for Iris ROI segmentation. The
proposed network does not use any existing pre-trained models as
proposed in [20, 28].
• We exhibit a multi-loss function which includes Content loss
along with Cross-entropy for our segmentation task facilitating in
fast and better convergence of loss. We carefully train our network
to update the parameters.
• A Non-Conventional training/ testing strategy is presented to
achieve the optimum parameters.
• Apart from the comparative analysis on existing datasets, we arti-
ficially generate distortions such as blurriness, rotation, and contrast
in datasets to test the performance extension of our network.
• Network generalization has been demonstrated by deploying a
very stringent TOTA (train once test all) training strategy.

The rest of this article is organized as follows. Section-2 explicitly
explains the proposed PixISegNet network. Section-3 presents the
detail about testing strategy and datasets used in this work. Finally,
Section-4 concludes this study and provide future directions.

2 Proposed PixISegNet network

UNet [29] is a prevalent segmentation architecture in biomedical
imaging. However, our problem is more difficult due to several fac-
tors including occlusion, scale variation, off-angles etc. As there are
several challenges, UNet [29] is unable to give a good performance.
To handle these challenges, we have built an UNet [29] like archi-
tecture along with Hourglass (H) as a bottleneck-network which can
capture and consolidate information across different scales, rotation,
and occlusion of the iris image.
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Fig. 3: The proposed architecture with stacked hourglass network as a bottleneck.

The proposed iris ROI segmentation network, i.e., PixISegNet
consists majorly of three portions namely Encoder, Decoder, and
Hourglass as a bottleneck of the encoder-decoder combination as
shown in Fig. 3. Primarily, the encoder-decoder combination is
trained exclusively in which encoder takes input image to give fea-
ture map representation holding the contextual information taken
by the decoder as input to produce corresponding segmentation
mask as explained in subsection 2.3. In further stages of training,
the hourglass is introduced in the bottleneck to compress further
the feature map representation for better segmentation results jus-
tified in subsection 2.2. In particular, we have made use of long
skip and short residual skip connections as depicted in Fig. 3. The
long skip connections are formed between the encoder and the
decoder wherein the corresponding feature maps from the encoder
before downsampling are concatenated with the corresponding fea-
ture maps of the decoder after upsampling as stated in the classic
UNet [29] model. The spatial information in the encoder has been
forwarded on to the decoder along with the incoming upsampled
feature enabling it to generate more location precise masks. It also
allows for improved gradient flow in every part of the network and
reduces the chances of vanishing gradient. Moreover, instead of the
conventional bottleneck, we have used stacked hourglass [27] Net-
works as the bottleneck which helps in transforming features more
effectively. Hourglass consists of residual units [30] with skip con-
nections among the encoder-decoder part of the hourglass similar to
the UNet [29] as discussed in the subsequent subsections.

2.1 Network Designing and Architecture

The proposed PixISegNet have three sub-modules viz; Encoder
(E), Decoder (D) and Hourglass (H) designed and trained specifi-
cally for non-ideal iris segmentation as discussed in the following
subsections.

2.1.1 Encoder (E) : The encoder network (E) has been
designed as a typical CNN based classification network as shown
in Fig. 3.

Mathematical Formulation of E network: The encoder network
E maps the input image X to a latent representation Xl, which can
be expressed as follows (shown in Fig. 4) :

Xl = E(X) = φ(W e
l ~ (φ(W e

l−1 ~ (......φ(W e
1 ~X)..)))) (1)

Here, W e
1 , W e

2 ,... ,W e
l are the weights of the neurons at layers

1,2, ...,l respectively and X is input vector, including bias term. The
activation function φ (typically Sigmoid, Relu) has been applied
after each layer to introduce the non-linearity. OperatorA~B is the
convolutional operation stating that A got convolved by B.

Encoder Network Architecture: It consists of repeated sets of dual
3× 3 convolutions (with padding 1 and stride 1) succeeded by ReLU
activation and Batch Normalization. Subsequently, each set is suc-
ceeded by a max-pool operation (size 2× 2 and stride 2). Each set is
repeated but with filters having varied channel depths of 16, 64, 128.
The detailed network parametrization has been given in Table - 2
as well as in Fig. 3. As the majority of iris images contain the iris
in a regular and an equally distributed (circular or elliptical) man-
ner similar to other natural images, the best filter size to use was a
square filter as used by other state-of-the-art methods [31, 32]. In
addition, other hyperparameters were obtained by previous works
and experimentation.

2.1.2 Hourglass (H): The output Xl of the encoder network
(E) has been passed as an input to the hourglass network (H).

Xl+h = H(Xl) (2)

Mathematical Formulation of H network: The hourglass network
(H) has been designed to express the features at different scale, con-
sists of h layers. Along with the local context, it also captures the
global context (i.e. relationship among different local patterns). The
network consists of two parts: Encoder (He) and Decoder (Hd).

• Residual Module: Each layer in the Encoder/Decoder of H has
been realized as a residual module which was introduced in [30].
Any mth residual block [30] with three layers (as defined in Table 4
and shown in Fig. 5) can be expressed as follows:

Rm(X) = φ(Wm
3 ~ (φ(Wm

2 ~ (φ(Wm
1 ~ (X)))))) +X (3)

Where, Wm
1 , Wm

2 , Wm
3 are the weights of residual module [30]

at layer 1, layer 2 and layer 3 respectively.
• Hourglass Encoder (He) Network: This network receives the
input Xl from the encoder network E. The He network contains
four residual modules [30] in the sequential order as defined in
Table 5 and shown in Fig. 5. Assuming Rie to be the ith residual
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Fig. 4: Architecture of Proposed PixISegNet Segmentation Network
discussed in section 2.1.

block [30] ofHe network its output,Xl+k can be defined as (shown
in Fig. 4):

Xl+k = R4
e(R3

e(R2
e(R1

e(Xl)))) (4)

• Hourglass Decoder (Hd): Hourglass decoder has been modeled
with three long-term skip connections in order to preserve the spatial
information. Similar to He, it also contains four residual modules
[30] in the sequential order as defined in Table 5 and shown in Fig. 5.
Assuming Rid to be the ith residual block [30] of Hd network and
Ris to be the ith residual block [30] in the skip connections, its
output, Xl+h can be defined as:

Xl+h = R1
d(R2

d(R3
d(R4

d(Xl+k) + e3) + e2) + e1) (5)

where, e1 = R1
s(R1

e(Xl))

e2 = R2
s(R2

e(R1
e(Xl)))

e3 = R3
s(R3

e(R2
e(R1

e(Xl))))

(6)

Hourglass Network Architecture: The bottleneck layer of the
proposed PixISegNet consists of three stacked hourglass networks.
The hourglass network can be seen as a micro-autoencoder (µ-AE)
similar to the UNet [29] in architecture. However, the hourglass net-
work is applied in the feature space, unlike UNet which is concerned
with image space. Also, it consists of "residual blocks [30]" instead
of normal convolutional layers. Few other significant differences
between hourglass and UNet [30] type networks are listed below:

Table 2 Architecture of Encoder. ’*’ indicates that the convolutional layer
has ReLu activation followed by Batch-Normalization.

ENCODER

Block Layer
Name

Kernel
Size

No. of
filters Output Size

- Input - - 256 x 256 x 1
Block -1 Conv1_1* 3x3 16 256 x 256 x 16

Conv1_2* 3x3 16 256 x 256 x 16
Pool-1 2x2 - 128 x 128 x 16

Block-2 Conv2_1* 3x3 64 128 x 128 x 64
Conv2_2 3x3 64 128 x 128 x 64
Pool-2 2x2 - 64 x 64 x 64

Block-3 Conv3_1* 3x3 128 64 x 64 x 128
Conv3_2 3x3 128 64 x 64 x 128
Pool-3 2x2 - 32 x 32 x 128

Output - - - 32 x 32 x 128

Table 3 Architecture of Decoder. ’*’ indicates that the convolutional layer
has ReLu activation followed by Batch-Normalization.

DECODER
Block Layer Kernel Filters Output Size

- Input - - 32 x 32 x 256
Block-1 T_Conv-1* 3x3 128 64 x 64 x 128

Cat-1 - - 64 x 64 x 256
Conv1_1* 3x3 128 64 x 64 x 128
Conv1_2* 3x3 128 64 x 64 x 128

Block-2 T_Conv-2* 3x3 64 128 x 128 x 64
Cat-2 - - 128 x 128 x 128

Conv2_1* 3x3 64 128 x 128 x 64
Conv2_2* 3x3 64 128 x 128 x 64

Block-3 T_Conv-3* 3x3 16 256 x 256 x 16
Cat-3 - - 256 x 256 x 32

Conv3_1* 3x3 16 256 x 256 x 16
Conv3_2* 3x3 16 256 x 256 x 16

- Conv4_1* 3x3 1 256 x 256 x 1
Output - - - 256 x 256 x 1

• After each max pool step instead of concatenating the layer of
the encoder with that of the decoder, the layer is further convolved
through a residual block [30] and then added element-wise to the
corresponding layer of the decoder.
• Before adding the layer, a 1× 1 convolution has to be performed
to ensure the depth of the layers match. The "residual block [30]"
consists of a 1× 1 convolution of depth 128 followed by 3× 3 con-
volution of depth 128 and then 1× 1 convolution of depth 256 as
shown in Table 4.
• There is a skip connection between the input to the block with the
output of the block. The detailed network parametrization has been
given in Table 5 as well as in Fig. 5.

2.1.3 Decoder (D): Finally, the output of the hourglass bottle-
neck, Xl+h has been given as the input to the decoder network
(D).

Mathematical Formulation of D network: The decoder network
D maps the input feature map Xl+h to the predicted mask Xp

mask,
which can be expressed as follows:

Xp
mask = D(Xl+h) = φ(W d

0 ...(φ(W d
l−2 ~ ((φ(W d

l−1~

(φ(W d
l ~Xl+h + sk)))) + sk−1))))

(7)

where, s1 = φ(W e
2 (φ(W e

1 ~X))

sk = φ(W e
2k(φ(W e

2k−1 ~ sk−1))) for all k > 1
(8)

Here, W d
1 , W d

2 ,... ,W d
l are the weights of the neurons at layers

1,2, ...,l respectively. The activation function φ (typically Sigmoid,
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Table 4 Architecture of Residual Block ’*’ indicates that the convolutional layer
has ReLu activation followed by Batch-Normalization.

RESIDUAL BLOCK

Block Layer
Name

Kernel
Size

No. of
filters

Block-1 Conv1_1* 1x1 128
Conv1_2* 3x3 128
Conv1_3* 1x1 256

Add-1 - -

Table 5 Architecture of Hourglass network. ’+’ indicates the number
of filters and the kernel size is same as of a residual block.

HOURGLASS
Block /

Layer Name
Kernel

Size
No. of
filters Output Size

Input - - 32 x 32 x 128
Res-1+ + + 32 x 32 x 256

B_Res-1+ + + 32 x 32 x 256
Pool-1 2x2 - 16 x 16 x 256
Res-2+ + + 16 x 16 x 256

B_Res-2+ + + 16 x 16 x 256
Pool-2 2x2 - 8 x 8 x 256
Res-3+ + + 8 x 8 x 256

B_Res-3+ + + 8 x 8 x 256
Pool-3 2x2 - 4 x 4 x 256
Res-4+ + + 4 x 4 x 256
Res-5+ + + 4 x 4 x 256

T_Conv-1 2x2 256 8 x 8 x 256
Add-1 - - 8 x 8 x 256
Res-6+ + + 8 x 8 x 256

T_Conv-2 2x2 256 16 x 16 x 256
Add-2 - - 16 x 16 x 256
Res-7+ + + 16 x 16 x 256

T_Conv-3 2x2 256 32 x 32 x 256
Add-3 - - 32 x 32 x 256
Res-8+ + + 32 x 32 x 256
Output 32 x 32 x 256

Relu) has been applied after each layer in order to introduce the
non-linearity.

Decoder Network Architecture: The output from the bottleneck
is upsampled using a 3× 3 transpose convolution (padding 1 and
stride 1). Then the resulting feature map (of size 64× 64× 128)
got concatenated with the corresponding encoder feature map. This
concatenated feature map (of size 64× 64× 256) is then passed
to two, 3× 3 convolution layers (padding 1 and stride 1) followed
by ReLU activation and Batch Normalization. Thereafter layers are
repeated for varying channel depths of 128, 64 and 16. Ultimately,
the endmost feature map having a depth of 16 has been transformed
to channel depth of 1 using 3× 3 convolution (padding 1 and stride
1) which results in Xp

mask. The detailed network parametrization
has been given in Table 3 as well as in Fig. 3.

2.2 Model Justification :

We have exploited the network topology in order to learn the con-
text according to our objective of segmenting the iris images taken
in a non-cooperative environment which are non-ideal for segmen-
tation purpose. The most common non-ideality in iris images is size
of an iris in an image. Most of the earlier networks trained over a
certain scale fail when tested on iris images with variable size. Off-
angle and occlusion are other major issues on which the existing
networks perform poorly and fail to segment the iris. Our model aims
at segmenting the images with variation in scale, off-angle, occlusion
along with poor contrast, blurriness etc.

[i] Skip connections in encoder (E) - decoder (D) network:
Our network mainly exploits the use of long and short skip connec-
tions, with long skip connections in the encoder-decoder network.

Being a deep network these connections facilitates the easy gradient
flow through the network and tackles the vanishing gradient prob-
lem effectively. They also help in transferring the spatial information
across the network for better localization of segmentation mask.

[ii] Significance of using Hourglass [27] (H) Network as a
bottleneck: Simple encoder-decoder, when trained for the iris seg-
mentation task would result in more blurry, irregular, inaccurate
segmentation and would fail in the cases where the input image
contains the challenges like off-angle, occlusion etc. Whereas on
introducing hourglass network as the bottleneck, it gives more confi-
dent segmentation result with lesser blurriness and proper iris shape.
It is due to the innate design of hourglass which minimizes the
feature map and then upsamples the very small sized feature map,
capturing information at all scales and only concentrating on essen-
tial features. Hence, the network is able to segment highly occluded
and scaled images.

[iii] Stacked Hourglass [27] (H) as a bottleneck: Each hour-
glass module learns an efficient transformation of the bottleneck
features, capturing the scale, viewpoint and occlusion invariant fea-
tures. Having multiple hourglass networks enable us to enhance
such features effectively so as to predict the segmentation mask of
the image accurately. In other words, they improve the segmenta-
tion capabilities of the bottleneck feature of the encoder-decoder
network. Hence, a modest improvement in segmentation is evident
when the stacked design is used.

[iv] Residual connections in the Hourglass (H): The addition
of stacked hourglass modules makes the network much deeper while
at the same time it contains long as well the short skip connec-
tions within each module. Deep networks can tend to overfit and
also present vanishing gradient problems. To avoid such a scenario,
we use residual [30] in hourglass rather than the convolutional layer
to allow the gradient and spatial information flow across the deep
network and facilitates in solving gradient vanishing issues.

[v] Skip connections in Hourglass [27] (H): As the hourglass
modules shrink the feature map to a very small size, there is a loss
of information (especially the spatial information). To regain them,
we have used skip connections in hourglass networks.

2.3 Training

The UBiris-V2 dataset consists of images taken in non-ideal condi-
tion as shown in Fig. 6. In order to perform well on this dataset, the
network needs to be robust in segmenting such non-ideal iris images.
To address this problem, the proposed training strategy introduces a
three-stage modular training of the network as depicted in Fig. 7.

Advantages of Modular Training : While training the whole
network end-to-end from the very beginning there would be a high
chance of failure of parameter updation as in the case of deep net-
work such as ours the weights would eventually get stuck at local
minima. The main advantages of the training are as follows:-

• Our multi-modular training strategy allowed us to bring the dis-
tribution of the parameters to an optimal value from a random
distribution.
• Training Hourglass independently as the bottleneck of our net-
work allowed the Hourglass parameters to learn to give more com-
pressed and proper feature representation which are invariant to
scale, rotation and occlusion.

2.3.1 Multi-stage modular objective minimization (MSMOM):
In the initial stages, each module of the network is trained inde-
pendently. These trained modules are then merged to form a single
network which is then trained in an end-to-end fashion in the final
stage. To ensure proper fine-tuning of the network, the complete net-
work is trained with a smaller learning rate. For training, out of total
2250 available ground-truth mask of UBIRIS-v2, 1000 images con-
taining a majority of the challenging images were used for training
and 1250 were kept for testing. Data augmentation has been used for
efficient and effective training of network. The proposed three-stage
modular training ensures that the network learns the iris feature prop-
erly at different scales, occlusion etc., and does not overfit, which is
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Fig. 5: The hourglass network along with the residual block.

(a) Eyelid (b) Wearing glasses (c) Reflection (d) Lightening (e) Hair (f) Off-angle

Fig. 6: Few images from UBIRIS-V2 dataset.

a common problem while training a deep network with a limited
amount of data. In the first stage, the encoder-decoder network was
trained. The second stage trains the Hourglass network to learn while
keeping the encoder-decoder network fixed. However, all the three
hourglasses along with encoder-decoder network had been trained
in the third stage.

Stage 1: In the first stage, we train a UNet [29] like encoder-
decoder network on a portion of the total training data. The network
is trained for the segmentation task, where the network learns to out-
put the segmentation mask of the given iris image. By doing so, the
encoder part learns to encode the iris images into a feature represen-
tation, and decoder learns to give the segmented mask iris from these
features.

Stage 2: The second stage introduces an Hourglass unit in
between the encoder-decoder network previously trained in stage- 1.
While training this network for segmentation, we freeze the encoder
and decoder networks (which are already trained in 1st stage).
Hence, the newly introduced bottleneck (Hourglass-unit) is only
trained. This bottleneck learns to transform the encoded features in
such a way that the segmentation of the decoder becomes more gen-
eralized. As in the first stage, only a portion of the total training data
has been shown to the network, as showing all data at once might
reduce the learning in the final stage.

Stage 3: In the final stage, we make three copies of the trained
Hourglass unit (obtained from stage 2). These units are stacked
together at the bottleneck of the encoder-decoder network from stage
1. Stacking multiple units extracts the iris features robustly in vari-
ous scaled and occluded images as observed experimentally. While
training, initially encoder and decoder networks are frozen, training
only the 3 hourglass networks. It allows them to settle and fine-
tune among themselves with smaller learning rate. Then we train
the decoder model amongst the 3 hourglass networks with a bit
higher learning rate than previous. Both of these training happens

only for a small period of time. Finally, we train the complete model
end-to-end to fine-tune the encoder with the rest of the network
and vice-versa. For this stage of training, we use the entire train-
ing dataset which overlaps with the training data of the previous 2
stages.

Reason for designing a multi-hourglass network: A clas-
sic segmentation architecture when applied for iris segmentation
performs weakly by producing blurry and less confident segmen-
tation mask. By introducing an Hourglass in the bottleneck, our
simple segmentation network gave precise and contextually more
confident segmentation mask as compared to previously obtained
masks. When more than one Hourglass was stacked in the bottle-
neck for the segmentation, masks obtained were more accurate but
increasing the number of Hourglass in bottleneck increased the depth
of network and performance started to fall due to overfitting. We
have empirically estimated the number of Hourglasses (i.e. three)
stacked together to yield the best results with optimal parameters
and optimum performance.

Justification of modular training: As stated earlier, the dataset
contains challenging images, having various types of non-ideal char-
acteristics in them, like different scaled iris, occlusions, contrast,
off-angle etc. To tackle such a variety of data, our network has
to be trained in a manner that it learns the segmentation task in
a generalized fashion. As each portion of the network is initially
trained independently, they are bound by their low network capacity.
Hence, the learned networks are robust but lack overall performance.
Finally, we have trained the network, end-to-end as described in
Algorithm 1, so as to enhance its learning capacity without the loss
of generalization as the individual portions are already trained. The
line numbers 5, 7, 9 of the Algorithm 1, assumes the Encoder, Hour-
glass and Decoder functions are realized as the networks described
in Section 2.1.
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Fig. 7: Training strategy.

2.3.2 Data Augmentation: In order to train a robust network,
we have rigorously augmented our data with relevant iris variations.
This helped our network in addressing more possible variations of
input data and logically increases the dataset variability. From the
training data 10, 000 images have been generated by performing
three data augmentation techniques namely, [i] Rotation (-25◦to
25◦), [ii] Scaling (up-to a factor of 2) and [iii] Horizontal flipping
(left to right).

Justification for data augmentation : The extracted dataset for
training had only 1000 images which are far too less to a deep learn-
ing network to be trained. To overcome this problem, we applied
rigorous augmentation over each image. We introduced horizontal
flips which are naturally acceptable for increasing the data and the
same can be done in case of iris images too. Rotating an iris image
from a range of -25◦to 25◦as the subject might not be looking in
the right direction or has moved/ rotated his neck a bit unknow-
ingly, introducing the rotation of above range is justified by the fact
that in non-ideal situations person might not be looking directly at
the camera. Scaling is also naturally acceptable as distance of the
object being captured from the camera may vary from condition
to condition, we introduced a scaling of range (1 to 2 times) as
decreasing range down to fraction causes loss in extractable feature
as image in UBIRIS-V2 dataset were already taken from a distance
and increasing beyond maximum scale might exclude the iris itself
from image.

2.3.3 Loss Function: We have trained our network using two
types of loss function viz. [i] Cross-Entropy and [ii] Content loss.
Hence our total loss L can be defined as :

L(Ip, Igt) = Lce(I
p, Igt) + Lcl(I

p, Igt) (9)

[a] Cross-entropy Loss (Lce): It is the most commonly used loss
function for the image segmentation task which essentially computes
pixel-wise cross entropy. It examines each pixel individually and
compares its binary class predictions (either 0/1) to our ground truth
(segmented ground truth). Cross entropy loss evaluates the class pre-
dictions for each pixel individually and averages it over all pixels
hence each pixels contributes uniformly to the over all objective loss
function. Suppose that the given 2D-iris gray scale image I of size
m× n, the corresponding ground truth mask is Igt and the mask
predicted by our network is Ip. It is assumed that the set pixels in
the binary masks Igt and Ip are iris pixels. Hence the 2-D binary

cross entropy loss Lce(Ip, Igt) can be defined as follows:

Lce(I
p, Igt) =

−1

m ∗ n
n∑

j=1

m∑

i=1

[
Igt(i, j) ∗ log(Ip(i, j))+

(1− Igt(i, j)) ∗ log(1− Ip(i, j)

]

(10)
[b] Content Loss (Lcl): This loss has been used for image transfor-
mation task such as real-time style transfer, image enhancement etc.
This loss quantizes the difference between the content of two images
by measuring the distance between two images in the feature space
of the encoder network. We are providing the predicted mask and
corresponding ground truth mask to the encoder network (at-least
trained for few epochs initially), and have taken the output feature
map from the last convolution layer of the encoder.

Assuming that the pre-trained encoder network function is E
and E(Igt) and E(Ip) are the c-dimensional feature maps of
ground truth and predicted mask respectively, obtained from the final
encoder layer. Hence the content loss (Lcl(I

p, Igt)) can be defined
as follows:

Lcl(I
p, Igt) =

c∑

i=1

||E(Igt(i))− E((Ip(i))||2 (11)

This loss function penalized when the feature map E(Ip) of pre-
dicted output deviates from the feature map E(Igt) that of ground
truth that gives a better chance of improving the fine details.

Regularization (Ω): It is a technique used to keep the weights of
the neural network in check. It penalizes the weights of the convolu-
tional filters when included in the overall cost function. It is used to
negate the effects of model overfitting i.e., when the weights of the
model are learned such that they perform extremely well on seen data
but fail to generalize on unseen data. Regularization uses a hyper-
parameter λ which decides the degree to which the weights (θ) of
the model are to be penalized based on the severity of overfitting.
Regularization is generally of two types, L1 and L2. In our case,
L1 regularization has been used with λ value as 0.001. Hence, after
including L1 regularization, the overall objective is defined as below:

J = L(Y p, Y gt) + λΩ(θ) (12)

Fig. 8: UBIRIS-v2 images and corresponding groundtruth masks.

Fig. 9: IITD images and corresponding ground truth masks.
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Algorithm 1 End-to-End Training of Encoder-Decoder with Hour-
glass N/W.

Input: T: Total number of images, D: A 3D array of size m×
n× T containing all training images each of size m× n,
Learning rate: α, Model’s pre-trained parameters: θpre = <

θepre, θ
hg
pre, θ

d
pre >, where θepre, θ

hg
pre, θ

d
pre are encoder, hour-

glass and decoder’s pre-trained weights.
Output: Output Model: θoptimal

1: Setting θ = θpre by pre-initializing, θe = θepre; θ
hg =

θhgpre; θ
d = θdpre . Model loading

2: do
3: X = randomly select a mini-batch of c images out of T .
4: Y gt_mask = The corresponding c ground truth masks.
5: Ee← ENCODER(X ,θe) . Extracting c encodings
6: (Sec. 2.1.1)
7: Ehg ← HOURGLASS(Ee, θhg) . Transformed encoding
8: (Sec. 2.1.2)
9: Y p_mask ← DECODER(Ehg , θd) . Mask generation

10: (Sec. 2.1.3)
11: J =

∑c
i=1[L(Y p_mask

i , Y gt_maski )] + λΩ(θ)
12: . Objective fun. (Sec. 2.3.3)
13: Ĝ←5θJ . Gradient computation.
14: θ← θ − αĜ . Weight updation
15: while (αĜ > ε)

Fig. 10: CASIA-Iris-Lamp and corresponding groundtruth masks.

3 Performance Analysis

This section discusses the testing strategy, several datasets along
with their performance, and robustness of the proposed model on
several factors.

3.1 Datasets Description

There are several non-ideal iris image datasets available in pub-
lic domain out of which we have worked on three of the most
challenging datasets, as follows:

UBIRIS-V2 [33]: It consists of 11101 images of 261 distinct
subjects. The images of size 400× 300, have been captured from
4-8 meters using the Canon EOS 5D camera with focal length 400
mm. In addition, these iris images consider several factors such
as blurred boundaries, occlusion by eyelids and eyelashes, wearing
glasses, non-regular reflections, rotation, and several other noises.
Fig. 8 shows a few images with there ground truth masks. Out of
11101, the ground truths of only 2250 images are publicly available
[34].

CASIA-Iris V3 Interval [35]: This database has 2655 images of
249 subjects, which have been collected using an iris sensor in two
sessions with a time interval of one month. These images (as shown
in Fig. 11 with their ground-truth masks [34, 36]) are captured in
indoor environment with resolution 320× 280.

IITD Dataset [37]: It contains 2240 images of resolution 320×
240, which have been captured using digital CMOS, JPC1000, JIRIS
camera. The images of staff and students of age group 14-55 at
IIT Delhi had been captured in 2007. The dataset consists of a
total of 224 subjects, in which 48 and 176 are females and males
respectively. Fig. 9 exhibits few images with ground truth masks
[34].

Fig. 11: CASIA-V3- Interval and corresponding groundtruth masks.

3.2 Experimental Setup

The model architecture has been implemented on the Linux operat-
ing system (Ubuntu 16.04) with 32 GB RAM and NVIDIA GeForce
GTX 1080 Ti graphics card with a graphics memory of 11 GB. The
model has used the stochastic gradient descent as the optimizer with
an initial learning rate of 0.005. However, the learning rate has been
dropped by a factor of 10 after each 30 iterations. Since the network
has been trained from scratch, the weights have initialized using the
standard Xavier et al.[38] initialization. As training has progressed
in stages, weights of some parts were frozen and some were further
trained as depicted in Figure 7. We have trained this network for 70
epochs (each epoch containing 10,000 iris images) with a mini-batch
of 8 images (each of size 256× 256). The average training time per
epoch for the initial encoder-decoder network (without hourglass)
and final proposed model (i.e., with the hourglass) is reported in
Table 6. In addition, the inference time of our model has also been
reported in Table 6.

3.3 Testing Strategy

The proposed PixISegNet has been trained on only 1000 UBIris-V2
images but tested over several other iris datasets successfully with
good performance. This also reinforces the superior generalization
of the proposed network. Hence, the testing set consists of remaining
1267 UBIris-V2 images (whose ground truth is available) along with
several other public datasets. Also, we have manually transformed
(rotation, contrast, and blur) the images in order to test the robustness
of the proposed network under such challenges.

To obtain the segmentation performance of the proposed network,
testing images are provided to the trained network to extract the
binary masks. The resulting binary masks have been matched with
corresponding ground truth masks. Finally, NICE-I [39] evaluation
protocols, as well as different performance parameters (used by all
state-of-the-art works [40–42]), have been deployed.

3.3.1 Performance parameters: We have used three parame-
ters viz Mean Segmentation Error (E1), Type II error (E2), Jaccard
Index (Intersection Over Union), Precision, Recall, and F-measure
as discussed below.

Mean Segmentation Error (E1) : The pixel-wise classification
error (PCLk) of any kth test image is computed as the exclusive-
OR (⊕) between the corresponding predicted (Ip) and ground-truth
mask (Igt) of size m× n, defined as:

PCLk(Ip, Igt) =
1

m ∗ n
n∑

j=1

m∑

i=1

Ip(i, j)⊕ Igt(i, j) (13)

In this way for every test image, PCL has been calculated.
Finally, overall mean segmentation error E1 can be computed by
averaging the PCL over all the testing images:

E1 =
1

N

N∑

k=1

PCLk (14)

where, N = # testing images. E1 ε [0, 1]. E1 close to “0" signifies
minimum error, whereas E1 close to “1" implies large error.

Type II error (E2): The Type II error measure aims to compute
the disproportion between the apriori probabilities of iris and non-
iris pixels over all the test image. The error rate Ek2 for any kth
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Table 6 Average Training time per epoch and Testing time per image.
Encoder-Decoder (Training) Proposed model (Training) Testing

Time 5.95min 14.88min 0.012sec

test image is given by the average of false-positives (FPR) and false-
negatives (FNR) rates (at the pixel level) defined as:

Ek2 = 0.5 ∗ FPR+ 0.5 ∗ FNR (15)

where,

FPR =
1

m ∗ n
n∑

j=1

m∑

i=1

[((Igt(i, j) · Ip(i, j))⊕ Ip(i, j)] (16)

FNR =
1

m ∗ n
n∑

j=1

m∑

i=1

[((Igt(i, j) · Ip(i, j))⊕ Igt(i, j)] (17)

Similar to E1, the E2 error rate is given by the average errors
(Ek2 ) on all the input test images.

Jaccard Index (JI) / Intersection Over Union (IOU): It mea-
sures the intersection over union (IOU) of the labeled segments for
each class and reports the average, as given below:

JI =
1

L

L∑

i=1

Cii
Gi + Pi − Cii

(18)

where L (=2) is the number of classes. Cii is defined as the num-
ber of pixels in the image having ground truth label i and whose
prediction is also i. Gi is given as the total number of pixels in the
image with ground truth label i. Pi is defined as the total number
of pixels in the image whose prediction is i. Similar to the above
metrics, the final Jaccard Index is given by taking the mean of the
Jaccard Index of all input test images.

Let us assume the following:
True positive (TP): # pixels correctly classified as iris pixels.
True Negative (TN): # pixels correctly classified as non-iris

pixels.
False Positive (FP): # non-iris pixels classified as iris pixels.
False Negative (FN): # iris pixels classified as non-iris pixels.
Then Precision, Recall, F-measure and Accuracy can be defined

as:
Precision: It is defined as the likelihood that the positive yield is

genuine positive in the space of every single positive result, which is
given by the following equation:

P =
TP

TP + FP
(19)

Recall: This measure shows the capacity of the model to review
genuine positive over every single positive example, which is given
following equation:

R =
TP

TP + FN
(20)

F-measure: This optimizes precision and recall by taking har-
monic means, which is defined below:

F-measure =
2RP

R+ P
(21)

Accuracy: This is the ratio of correctly classified pixels divided
by a total number of pixels in a dataset.

Accuracy =
TP + TN

TP + TN + FP + FN
(22)

3.4 Experimental Analysis

In various experiments, the quantitative performance of the proposed
network has been evaluated on the basis of a hard testing strat-
egy viz. training one and testing all (TOTA). Additionally, we have
tested the robustness of this model over Casia-iris-Lamp dataset,
for which pixel-level ground truth masks are not publicly available.
Hence for Lamp dataset circular iris masks are extracted using the
iris segmentation algorithm proposed in [43].

3.4.1 Training one and testing all (TOTA): In the TOTA
strategy, the network has been trained only on UBIRIS V2 [33],
a standard non-ideal iris database in which there are non-ideal iris
images confronted with many problems, such as blurred boundaries,
heavy occlusion by eyelids and eyelashes, non-regular reflections
and invalid off-axis (as shown in Fig. 6). Then the trained model
has been further used for testing on all other iris data sets.

The performance analysis of the proposed segmentation network
on different datasets is presented in Table 7. The different evalua-
tion parameters like E1, E2, Jaccard Index, Accuracy, Precision,
Recall, and F-measure are computed for all the datasets to estimate
the performance of the proposed network as well as its generaliza-
tion. It can be seen in Table 7, that E1 for UBIRIS-V2, IIT-D and
CASIA V3.0 Interval are 0.00672, 0.00916 and 0.01167 respec-
tively. Since performance has been calculated at the pixel level, the
errors and the performance gains seem to be statistically insignifi-
cant. But one can observe that, on an average only 807 out of 400 ∗
300 = 1, 20, 000, 703 out of 320 ∗ 240 = 76, 800 and 1045 out of
320 ∗ 280 = 89, 600 pixels are wrongly classified for UBIRIS-V2,
IIT-D and CASIA V3.0 Interval respectively. As shown in Fig. 12,
the accuracy over different datasets (accuracy has been calculated
based on JI or IOU), remains close to 100% up-to a high IOU of
0.7. The performance of UBIRIS-V2 starts to fall only after 0.7 that
too due to sever challenging testing images. However, the accuracy
over IITD and CASIA-V3 Interval remain close to 100%. The per-
formance over all datasets has decreased drastically when IOU>=0.9
which is obvious with most of such algorithms. Among all, the
IITD has given the best accuracy close to CASIA-V3 Interval as
both of them are clean and less challenging datasets as compared to
UBIRIS-V2. Fig. 13 shows the precision-recall graph for different
datasets, where bars and dashed lines represent precision and recall
repectively. It can be observed that up-to IOU<=0.8, the precious
and recall of the proposed network over all datasets remains very
high and decreases significantly after IOU=0.9, while for UBIRIS-
V2 it falls even before IOU=0.8 showing the vast variations and
difficulties in the dataset. Overall the figure demonstrates the good
generalization of PixISegNet even at such a high IOU.

Ablation Study : In order to check the robustness of proposed
network against several non-ideal and challenging situations, we
have analyzed the effect of blurriness, rotation, and contrast on few
selected iris images, which themselves contain non-ideal character-
istics by preparing a normative iris dataset. In Fig. 14, some of the
distorted images containing blurriness, contrast and rotation. One
can visualize the obtained results in Table 10, and Fig. 16, 17, and
18 where E1, E2 and IOU values are computed for five consecutive
distortion levels (excluding the normal). It can be observed that the
proposed network performed well for blur and contrast without any
significant rise in the error rates (E1 andE2) whereas IOU fell down
by a small amount (mostly due to big rotations).

From Fig. 16, it can be clearly seen that all three curves follow
an upward trend. The curve for contrast is nearly flat until Level-2
distortion, and thereafter it shows an increasing trend. The curve for
blur increases linearly from Level-1 onwards. On the other hand, the
curve for rotation increases rapidly and has the steepest rise com-
pared to the other two. While in Fig. 17, it can be seen that the
curves do not follow the same trend. The curve for contrast decreases
gradually and goes upwards only after Level-4. The curves for Blur
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Table 7 Metrics measured for different databases.
Dataset E1 E2 Jaccard Index Accuracy Precision Recall F-measure

UBIRIS-V2 0.00672 0.02753 89.869 94.532 94.934 94.412 94.611
IIT-D 0.00916 0.01055 96.911 98.414 98.324 98.527 98.414

CASIA V3.0 Interval 0.01167 0.01410 95.869 97.860 97.890 97.896 97.897

Fig. 12: Accuracy graph for different dataset based on Jaccard
Index. Figure depicts the trend of accuracy value for different
datasets (IITD, CASIA V3 Interval and UBIRIS-v2) over IOU
Threshold.

Fig. 13: Precision and recall for different dataset based on Jaccard
Index (IOU). In figure the bars and dashed lines represent precision
and recall for different datasets (IITD, CASIA V3 and UBIRIS-v2)
respectively. figure depicts the trend in precision and recall values
over IOU Threshold.

(a) Images at different blur levels (from left to right).

(b) Images at different rotation levels (from left to right).

(c) Images at different contrast levels (from left to right).

Fig. 14: Examples of distorted images.

and Contrast both follow the upward trend with the curve for Blur
increasing gradually whereas the curve for Contrast increases grad-
ually till Level-4 after which there is a steep rise. Likewise, all the
curves follow a downward trend as depicted in Fig. 18. The curve
for Contrast has a slight increase till Level-1 after which it decreases
gradually. The curve for Blur decreases linearly after Level 1. The
curve for Rotation decreases steeply as compared with the other two.

Table 8 Comparisons of PixISegNet with state-of-the-art using
UBIRIS-v2 database with E1 (classification error rate exclusive-OR).

Method Approach E1

Tan et al. [44] Pixel-wise classifica-
tion using SVM and
NN

0.019

Proenca et al. [40] Neural network along-
with Constrained Poly-
nomial Fitting

0.0187

Haindl et al. [41] Multispectral general-
ization of the Daugman
operator, fully multi-
spectral spatial Marko-
vian texture model, and
polynomial upper eye-
lid model

0.0124

Zhao et al. [42] Total-variation based
energy regularizer
incorporated with an l1
norm

0.0121

Arsalan et al. [18] CNN-based segmenta-
tion method of the iris
region

0.0082

SegNet-Basic [45] Encoder Decoder based
Segmentation

0.00784

IrisDenseNet [10] Densely connected
fully convolutional
networks

0.00695

PixISegNet Deep learning based 0.00644

Table 9 Comparisons of PixISegNet with state-of-the-art using
on E1 score (classification error rate exclusive-OR).

Method CASIA-v3-Interval (E1)
Daugman et. al. [46, 47] 1.15

Wan et. al. [48] 0.16
Proposed 0.01

Qualitative Results: The qualitative results of the proposed seg-
mentation network on challenging images selected from multiple
databases are presented in Fig. 19. One can visualize that the pro-
posed network is able to localize the iris region very accurately at
various distortion levels that can be present in any raw iris images
captured in non-cooperative conditions.

Failure Case Analysis: Fig. 15 shows some cases where our net-
work fails to perform the segmentation properly (especially the inner
pupil region). In the first case (Eyelid and Eyelash occlusion), the
generated segmentation mask got wrongly extended to the pupil,
because in the original eye image pupil is not completely visible and
is partially occluded. In the second case, there is a huge reflection
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(a) Occlusion due to Eyelashes and Eyelids (b) Reflections due to light source and outer world

Fig. 15: Failure Case Analysis.

Table 10 Ablation study at different distortion levels.

Distortions
↓ DL Blur Rotation Contrast

Metric→ E1 E2 IOU E1 E2 IOU E1 E2 IOU
L0 0.006 0.027 89.869 0.006 0.027 89.869 0.006 0.027 89.869
L1 0.006 0.027 89.742 0.006 0.027 89.628 0.006 0.0262 89.964
L2 0.007 0.029 89.279 0.007 0.028 89.032 0.006 0.025 89.913
L3 0.007 0.030 88.790 0.007 0.028 88.375 0.006 0.023 89.695
L4 0.008 0.031 88.171 0.008 0.030 87.137 0.007 0.023 89.217
L5 0.008 0.034 87.391 0.010 0.034 84.781 0.008 0.023 88.032

Fig. 16: E1 at different levels of blur, rotation, and contrast.

Fig. 17: E2 at different levels of blur, rotation, and contrast.

Fig. 18: IOU at different levels of blur, rotation and contrast.

on the iris region (due to the light source and outer world) because
of which the pupil is not fully visible. Our network is not able to
differentiate between the features of pupil and iris and considers it
completely as iris region.

(a) IITD iris images.

(b) UBIRIS iris images.

(c) CASIA-iris-Interval images.

(d) CASIA-iris-Lamp images.

Fig. 19: Results on Challenging Images (Images containing varia-
tion in contrast, rotation, blurriness etc.).

Comparative Analysis: To show the performance comparison,
we compared the proposed network with seven state-of-art meth-
ods based on the error rates (E1) as depicted in Table 9. To make
a fair comparison, all the methods are examined on the same stan-
dard non-ideal iris dataset i.e., UBIRIS-V2 [33] and using the same
testing and training protocol as adopted in [10]. As proposed in [10],
we have also selected 1000 enormously noisy iris images from the
UBIRIS-V2 database and trained only over 500 images and tested
over remaining 500 images. On the basis of these results, it can be
concluded that our proposed network outperforms the given exist-
ing methods in terms of iris segmentation error. One can notice that
on an average the proposed network correctly classifies, 60+ pixels
more than the current state-of-the-art (i.e. IrisDenseNet [10]). The
main reason due to which our model can generate better and much
more precise mask is the use of stacked hourglass network to pro-
cess the bottleneck features to avoid overfitting (over any dataset)
along with residual connections to handle vanishing gradient prob-
lem. These critical design decision not only extends the network
performance but also augments the network generalization over mul-
tiple and challenging datasets. To the best of our knowledge, no one
has reportedE1 value using Daugman [46] algorithm on UBIRIS-v2
data-set. However, results on CASIA-v3-interval have been reported
and thereby compared in Table 9. It can be clearly seen that E1
of Daugman’s algorithm is very high as compared to the other two
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methods considered. E1 of our proposed method is 115 times lesser
than that of Daugman.

3.4.2 Testing on CASIA-Iris-Lamp Dataset: In this section,
we have discussed the experimentation over Casia-Iris-Lamp [49]
dataset along with its training and testing strategy. As the pixel level,
ground truth masks are not publicly available circular iris masks have
been extracted using segmentation algorithm proposed in [43].

Dataset Specifications [49]: This database contains 16, 212
images of 411 subjects with resolution 640× 480. These images
have been captured by using OKI-IRISPASS-h sensor in an indoor
environment in one session only but in two illumination conditions.
They have captured 20 images per subject with the last 10 image cap-
tured with lamp-on. It contains very challenging images with a huge
amount of eyelid and eyelash occlusion because of unpredictable iris
dilation primarily due to variable lighting conditions. The Fig. 10
shows a few Casia-Lamp dataset images with their corresponding
ground truth masks.

Testing and Training Strategy: In the case of Lamp dataset,
ground truth masks are of circle-shape (unlike the three datasets
mentioned above). Since this is a much bigger and challenging
dataset, we have randomly selected 5000 images from this dataset
as well as 5000 images from UBIRIS-V2 dataset for training our
model. The model has been trained end-to-end for 100 epochs by
utilizing the pre-trained weight initialization (taken from the previ-
ous model). Later we have tested it on remaining 11, 212 images
of Lamp dataset and different evaluation parameters like E1, E2,
Jaccard Index, Accuracy, Precision, Recall, and F are computed as
shown in Table 11. It can be observed that E1 and E2 error rates
are 0.0045 and 0.0128 respectively, which are very small. In other
words, on an average only 1382 pixels are mis-classified out of
640 ∗ 480 = 3, 07, 200 pixels. The other parameters such as Jaccard
Index, Accuracy, Precision, Recall, and F-measure are also observed
to be very high values reiterating the better generalizing capabili-
ties of the PixISegNet. Few challenging results have been shown in
Fig. 19. One can see that these eye images are taken at different
angles, still also our network is capable of detecting iris properly.
As the actual ground truths are not available, comparative analysis
cannot be done for this dataset. However, the result is comparable
with all the three above mentioned datasets in which ground-truths
are publicly available.

Justification of proposed methodology with respect to recog-
nition task: In order to justify the utility of the proposed network
(in terms of recognition performance), we have trained and tested
our self designed Siamese networks [50] over the strips generated
from the ground truth segmentation for iris matching, over Iris Lamp
dataset. We then created masked Iris images by pixel-wise multi-
plying the segmentation mask produced from PixISegNet with the
original Iris Lamp images. This removed all of the occlusion and any
unwanted non-Iris pixels such as eyelid, eyelashes, lenses, sclera,
reflections, and hair, providing us with only the pixels belonging
to Iris. We then tested our trained Siamese network on the strips
created from these masked Iris images. We have observed that the
performance of the Siamese networks does not deviate from the ideal
behaviour when tested on strips from PixISegNet. This shows that
the segmentation done by our method is suitable for inclusion (as a
module) in the end-to-end Iris-based biometric recognition system.

Table 11 Metrics measured for CASIA-Iris-Lamp.

Performance Parameters for CASIA-Iris-Lamp Dataset
E1 0.0045
E2 0.0128

Jaccard Index 94.787
Accuracy 97.277
Precision 97.082

Recall 97.578
F-measure 97.277

4 Conclusions

In this study, we proposed a robust PixISegNet with skip connec-
tions and hourglass network to segment the iris under ideal/non-ideal
environments even with various challenges. To achieve better seg-
mentation quality, the auto-encoder is empowered with an hourglass
in which feature maps are continuously sampled up and down
to extract meaningful features. Also, skip connection connectiv-
ity enables the reuse of features and increases the capability of
the network for better performance. We observed that combining
binary cross-entropy with content loss yields better results. A non-
conventional multi-modular training strategy has been implemented
to train the network. Experiments are conducted over four publicly
available benchmark datasets. To demonstrate the network general-
ization, challenging Train-Once-Test-All (TOTA) strategy has been
applied. It has been consistently observed that the proposed net-
work achieved higher segmentation accuracy for iris segmentation
than various state-of-the-art methods. However, our network is ideal
as it introduces the hourglass in the segmentation task but still
has a deep network and deep networks are difficult to train with
larger mini-batch size and low memory GPU . In future work, we
would like to create an end-to-end deep learning iris based recog-
nition system. Such a system would consist of three modules, (i)
PixISegNet for pixel level segmentation (occlusion exclusion), (ii)
an encoder-decoder model for quality assessment and enhancement
of the images [51] and finally (iii) a siamese based matching net-
work [50]. Since the individual modules not only learn to optimize
their task but also learn to provide an output that optimizes the final
recognition problem, making our network more generalized. An end-
to-end biometric system will be much more efficient in regards to
space and time complexity.
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