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ABSTRACT

Introduction: One attractive research area in the computer science field is soft biometrics. Aim: To
Identify a person’s gender from an iris image when such identification is related to security surveillance
systems and forensics applications. Methods: In this paper, a robust iris gender-identification method
based on a deep convolutional neural network is introduced. The proposed architecture segments
the iris from a background image using the graph-cut segmentation technique. The proposed model
contains 16 subsequent layers; three are convolutional layers for feature extraction with different
convolution window sizes, followed by three fully connected layers for classification. Results: The
original dataset consists of 3,000 images, 1,500 images for men and 1,500 images for women. The
augmentation techniques adopted in this research overcome the overfitting problem and make the
proposed architecture more robust and immune from simply memorizing the training data. In addition,
the augmentation process not only increased the number of dataset images to 9,000 images for the
training phase, 3,000 images for the testing phase and 3,000 images for the verification phase but
also led to a significant improvement in testing accuracy, where the proposed architecture achieved
98.88%. A comparison is presented in which the testing accuracy of the proposed approach was

compared with the testing accuracy of other related works using the same dataset. Conclusion: The
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proposed architecture outperformed the other related works in terms of testing accuracy.

Keywords: gender-identification, Deep Learning, Deep Convolutional Neural Network, Soft

Biometrics, Deep Neural.

1. INTRODUCTION

Gender classification using iris in-
formation is a rather new topic (1, 2).
Most gender classification methods
reported in the literature use all iris
texture features for classification.
As a result, the classifier input might
contain gender-irrelevant informa-
tion, resulting in poor generaliza-
tion, especially when the training
set is small. It has been shown both
theoretically and empirically that re-
ducing the number of irrelevant or
redundant features increases classi-
fier learning efficiency (2).

2. AIM

There are several reasons why the
ability to determine gender from iris
images is an interesting and poten-
tially useful problem (3). One pos-
sible use arises in searching in an
authorization database for a match.
If the gender of a sample can be de-

termined, it can be used to order the
search reduce the average search
time. Another possible use arises in
social settings, where it may be useful
to screen entry to an area based on
gender but without recording iden-
tity (3). Gender classification is also
important for collecting demo-
graphic information, for marketing
research and for real-time electronic
marketing. Yet another possible use
is in high-security scenarios, where
there may be value in knowing the
gender of people who attempt entry
but are not recognized as authorized
persons. At a basic scientific level, it
is of value to more fully understand
what information about a person can
be extracted from an analysis of their
iris texture (4).

3. METHODS
Deep Learning
The main objective of deep
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learning algorithms is to detect many levels of distributed
impersonations. Deep learning is a branch of machine
learning algorithms. Recently, many deep learning algo-
rithms have been used to solve classical artificial intelli-
gence problems (5) with the main goal of learning high-
level abstractions from data. This learning is performed
by utilizing hierarchical architectures, which is an
emerging approach that has been widely applied in tra-
ditional artificial intelligence domains, such as semantic
parsing, natural language processing, transfer learning
and computer vision (6). The rise of deep learning today is
due primarily to three main factors: the increase of chip-
based processing capabilities, the reduced cost of com-
puting hardware and huge advances in machine learning
algorithms (7).

Neural Networks

Feed-forward neural network architectures with mul-
tiple layers are used in many deep learning models. In
these architectures, the neurons in one layer are con-
nected to all the neurons of the subsequent layer. All the
layers except the input and output layers are conveniently
called hidden layers (8).

Inmostartificialneuralnetworks,artificialneuronsarerep-
resentedasmathematicalequations.Theseequationsmodel
biologicalneuralstructuresinartificialneurons(9).Letbean
inputvector for a given neuron, be a weight vector and b be
the bias. Accordingly, the output of the neuron will be

Y=o0(w.x+b), )

Where o represents an activation function.

Non-linearity as an Activation Function

The most popular activation function is the rectified
linear unit (ReLU), whose purpose is to introduce the
non-linearity of any operation, such as a convolution op-
eration. Using ReLUs as activation functions generally al-
lows faster training of deep neural networks with many
hidden layers. According to (10), using the ReLU non-lin-
earity activation function with their CNN decreased the
training time of their network significantly, creating
CNNs with hyperbolic tangent non-linearity. The ReLU
function is represented by Equation (2). Graph 1 shows a
graphical representation of a ReLU function

f(x) = max(0,x) )

Convolutional Neural Networks

The convolutional neural network (CNN) is one of the
most prominent deep learning approaches and is the
most common type of feed-forward deep neural network.
Recently, it has become a popular tool in computer vision.
Medical image analysis and various applications mainly
depend on CNN. Convolutional layers and pooling layers
are the two main types of layers in a typical CNN in its
first stages (11). Layers in a CNN are trained in a robust
manner.

Animagemaybeinputtoanyconvolutionallayer;the out-
putsoftheselayersconsistoffeaturemaps.Eachfeaturemap
isconvolvedwithasetofweightscalledfiltersandnon-linear-
ities, such as ReLU, which is applied to the weighted sum of
these convolutionsto produce a feature map. Different sets
offiltersareusedbydifferentfeaturemaps(12);however,The
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Graph 1. The ReLU operation where is the input to the neuron and is the
output of the neuron.

samecombinationoffiltersissharedamongalltheneurons
withinafeaturemap.Mathematically,thesumoftheconvolu-
tionsisusedinsteadoftheirdotproductinEquation(3). Thus,
the k-th feature map is given by

yk = U(ZmWrI:L * Xyt bk)y (3)

Wherethesetofinputfeaturemapsissummed,theasterisk
(*)representstheconvolutionoperatorandrepresentsthefil-
ters.

Apoolinglayerreducesthespatialdimensionoftherepre-
sentationoutputbyaconvolutionallayer,resultinginareduc-
tioninthenumberofparametersandthenumberofcomputa-
tionswithinanetwork.Poolingworksindependentlyonevery
depthsliceofitsinput,usingastrideparametersimilartothat
ofafilterofaconvolutionallayer.Poolingusuallyappliesthe
max operation.

Gradient Descent (GD)

The learning process of the neural network is based on
searching for the combination of learnable parameters
that provide the lowest errors for the loss function. The
gradient of the loss function is used to find the direction
along with the weight vector (13). This direction is mathe-
matically guaranteed to be the direction of the fastest de-
scent of the loss function, as shown in Equation (4).

aL 4
an', ()

Where a represents the learning rate. The primary pur-
poseofthisequationistomanuallychangethe gradientup-
date.Duringactualtraining,theweightstendtoincreasefar
toomuchineachiteration,whichcanmakethemdivergeand
“over-correct”.

Gradient descent is considered an optimization method
thatupdatesalltheweightsatonceafterallthesamplesinthe
trainingdatasethavebeenrunonce (calledanepoch). How-
ever, an alternative approach, stochastic gradient descent
(SGD),updatestheweightsprogressivelyafterasubsetofthe
trainingsamplesfromthetrainingdatasethavebeenrun(14).

Back-propagation

Neural networks learn through a process called
back-propagation, which uses the gradient descent
method to search for the minimum value of a loss func-
tion (8). The combination of weights that results in the
minimum loss function is the solution to the learning
problem. Back-propagation has two repeating phases.
First, the network is given an input vector, which is propa-
gated throughout the network, resulting in an output. The

wiiw; —a
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Figure 1. Image samples from the GFl dataset: (a) man right iris, (b) man
left iris, (c) woman right iris and (d) woman right iris

network output is then compared with the desired output
using a loss function that calculates the error values for
every neuron in the network, starting at the output layer
and propagating backwards through the entire network.
This phase updates all the weights using a selected opti-
mization function (15).

Dataset Characteristics

The dataset Gender from Iris (GFI) contains 3,000 im-
ages (3): 750 left-iris images from men, 750 right-iris im-
ages from men, 750 left-iris images from women and 750
right-iris images from women. Of the 1,500 distinct per-
sons in the GFI dataset, visual inspection of the images
indicates that approximately 375 persons are wearing
clear contact lenses (3). Figure 1 presents some examples
from the GFI dataset.

Augmentation

The proposed architecture has a huge number of learn-
able parameters compared to the number of images in
the training set. The original dataset contains 3,000 im-
ages categorized into 2 classes. Because of the large dif-
ference between the number of learnable parameters
and the number of images in the training set, the model
is highly likely to overfit. Deep learning models perform
better when they have large datasets. One widespread ap-
proach for making datasets larger is called data augmen-
tation or jittering. Data augmentation can increase the
size of a dataset by up to 5 or 10 times that of the original
or more, which helps avoid overfitting when training with
very little data. The approach assists in building simpler,
more robust and more generalizable models (16). In this
section, common techniques for overcoming overfitting
are introduced.

Augmentation Techniques

The most common approach to overcome overfitting
is to increase the number of training images by applying
label-preserving transformations. In addition, data aug-
mentation schemes are sometimes applied to the training
set to make the resulting model more invariant to reflec-
tions, zooming and small noises in pixel values. To apply
augmentation, each image in the training data is trans-
formed as follows:

Reflection X: Each image is flipped vertically, where x

andy are the original positions of each pixel in the image.
Then, x’ and y’ are the new positions of each pixel after
reflection around the X axis, as illustrated in Equation (5):

b=l 261 ®)

Reflection Y: Each image is flipped horizontally, where
x and y are the original positions of each pixel in the
image. Then, x’ and y’ are the new positions of each pixel
after reflection around the Y axis, as illustrated in Equa-
tion (6):

1= 3G Q

Reflection XY: Each image is flipped both horizontally
and vertically, where x and y are the original positions of
each pixel in the image. Then, x’ and y’ are the new po-
sitions of each pixel after reflection around the X and Y
axes, as illustrated in Equation (7):

X1 _1-1 07 [*
[y'] B [ 0 —1]'[}1]' M
Zoom: Each image is magnified by first cropping the
image to 0,0, 150,150 and then scaling it according to
Equation (8) to the original image size (277x277) pixels for
the training phase.

[x:] _ [Xscale

y 0 Ysgale] ’ [;{/] ®)

Weappliedtheabovementioneddataaugmentationtech-
niquesapplied tothe dataset, raisingthe numberofimages
from3,000t015,000images,afivefoldincrease.Thisenlarged
trainingsetwillleadtoasignificantimprovementduringthe
neuralnetworktrainingphase.Additionally,itwillmakethe
proposed design immune from memorizing the data and
more robustand accountable during the testing and verifi-
cation phase. Figure 3 shows the output of applying the de-
scribed data augmentation techniques on a sample image
from the original dataset.

The Proposed Deep-Iris System

This research conducted many experimental trials be-
fore proposing the following architecture. While sim-
ilar experiments were already implemented in previous
studies (12, 17, 18), the resulting testing accuracy was un-
acceptable. Therefore, there was a need to propose a new
architecture. The details of the proposed architecture for
our deep iris gender recognition are depicted in Figure 3.

Beforegoingintodetailaboutthedeepneuralarchitecture,
thereisasegmentationprocess(setp). Thesegmentationpro-
cessoccursonline beforeanimageisfedtothe deepneural
networkfortraining,testingorverification. Thisstudyapplied
graph-cutsegmentation (19)imagesegmentation,whichcan
do partition of animage into different regions, playsanim-
portantroleincomputervision,objectsrecognition,tracking
and image analysis. Till today, there are a large number of
methods present that can extract the required foreground
fromthe background. However, most of these methods are
solelybasedonboundaryorregionalinformationwhichhas
limited the segmentation result to a large extent. Since the
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Figure 2. Augmentation techniques applied to an image sample from the GFI dataset: (a) original image, (b) reflection around the X axis, (c) reflection
around the Y axis, (d) reflection around both the X and Y axes, (e) cropping from (0,0) to (150,150) and then scaling and (f) cropping from (50,50) to

(200,200) and then scaling
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Figure 3. The proposed deep neural network architecture with the
segmentation process

graph cutbased segmentation method was proposed, ithas
obtainedalotofattentionbecausethismethodutilizesboth
boundaryandregionalinformation.Furthermore,graphcut
based method is efficient and accepted world-wide since it
canachievegloballyoptimalresultfortheenergyfunction.It
isnotonlypromisingtospecificimagewithknowninforma-
tionbutalso effective to the naturalimage withoutany pre-
knowninformation.ForthesegmentationofN-dimensional
image, graph cutbased methodsarealsoapplicable. Dueto
theadvantagesofgraphcut,variousmethodshavebeenpro-
posed.Inthispaper,themainaimistohelpresearchertoeasily
understandthegraphcutbasedsegmentationapproach.We
alsoclassifythismethodintothreecategories.Theyarespeed
up-based graph cut, interactive-based graph cutand shape

prior-basedgraphcut. Thispaperwillbehelpfultothosewho
want to apply graph cut method into their research.(19) be-
causeityieldsbetterresultsthandosegmentationtechniques
based on the nature of the images.

The proposed deep architecture consists of 16 layers, in-
cludingthreeconvolutionallayersforfeatureextractionwith
different convolution window sizes of 11x11, 5x5 and 3x3
pixels,followedbythreefullyconnectedlayersforclassifica-
tion.Thefirstlayeristheinputlayer,whichacceptsa227x227-
pixelimage. Thesecondlayerisaconvolutionallayerwitha
windowsizeof11x11pixels.ThethirdlayerisaReLU,whichis
usedasthenonlinearactivationfunction.TheReLUisfollowed
byaconvolutionallayerwithawindowsize of 5x5pixelsand
anotherReLUactivationfunction. Anintermediate pooling
with sub-samplingis performedinthesixthlayer, followed
bythelastconvolutionallayerwithawindowsize of 3x3and
another ReLU. Next,layertenisafullyconnectedlayerwith
1,024neurons,withaReLUactivationfunctionfollowedbya
dropoutlayertoreduceoverfittinginneuralnetworksbypre-
ventingcomplexco-adaptationsontrainingdata.Afullycon-
nectedlayerwith512neuronsandaReLUactivationfunction
layeristhen presented. Thelast fully connected layer has2
neuronsthatclassifytheresultsinto2classesforirisgender
recognition.Itusesasoft-maxlayertoobtaintheclassmem-
bershipwhichpredictswhethertheimagebelongstothefe-
male or male class.

Visualizingthefeatureextractionandclassificationlayersin
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theproposeddeepneuralarchitecture providesabetterun-
derstating, Figure4showsthedifferentimagesconstructed
after applying the second convolutional layer to the input
image.TheimagesinFigure4clearlyshowtheresultsofap-
plyingthedifferentfilters.Intheclassificationlayers,thelast
fullyconnectedlayeranditsRELUwillproduceirisimages,as
illustratedinFigure5.Additionally,itisclearfromtheresulting
imagesthatthemainobjectiveofthefullyconnectedlayeris
tosumupallthepreviousfilters,whichrepresenttheknowl-
edgecontainedintheneuralnetworksuitablefordetermining
the class of the input image.

4. RESULTS

The proposed architecture was developed using a soft-
ware package (MATLAB). The implementation was GPU
specific. All the experiments were performed on a com-
puter server with an Intel Xeon E5-2620 CPU @ 2 GHz and
96 GB of RAM. To measure the accuracy of the proposed
architecture for determining gender from iris using deep
convolutional neural networks, the dataset (3), which
contains 15,000 images, was divided into 3 sets. The first
set was used for training and contains 9,000 images. The
second set was used for testing and contains 3,000 im-
ages. The third set was used for verification and contains

O O O

Figure 4. Example output images after applying convolutional layers
during the feature extraction phase.

O O
O O O O

O
O

€3

O

Figure 5. Example output images after passing through the classification
layers

Men

Women

Output class

98.6%
1.4% 1.2%

Men Women

Target Class

Figure 6. Confusion matrix for one of the trials when determining the
testing accuracy

3,000 images. In percentages, the training set consists of
60% of the augmented dataset, while the testing and veri-
fication phases each consist of 20%.

Todeterminethefinaltestingaccuracyoftheproposedar-
chitecture,5differenttrialswereperformed,andthemedian
testingaccuracyobtainedwas98.88%. Figure6presentsthe
confusionmatrixforoneofthetrials.Itshowsthepercentage
of each class along with the number of correct orincorrect
classifications.

Duringtheverification phase, the proposed architecture
achieved an accuracy of 94.24%. The lowered verification
testingaccuracyoccurredbecausethemodelhadneverbeen
trainedonthesetofverificationimagesbefore. Anotherverifi-
cationstepistomeasuretheaccuracyoftheproposedmodel
whenthenewaugmentationtechniquesareappliedtotheset
ofverificationimages.Thenewaugmentationtechniquesin-
cludecombinationsoftwoaugmentationtechniques.Tablel
showsthe composition of these two augmented techniques
together;ontheproposedarchitecturewasnevertrainedbe-
fore and the achieved accuracy. The composed augmented
imagesare1l)Zoom 1 (croppinganimagefrom0,0to 150,150
andthenscalingtheimageto227x227pixels)withreflection
aroundtheXaxis, reflectionaroundtheYaxisandreflection
aroundtheXandYaxes.2)Zoom?2 (croppinganimagefrom
50,50 to 200,200 then scaling the image to 227x227 pixels)
withreflectionaroundtheXaxis,reflectionaroundtheYaxis
and reflection around the X and Y axes.

Augmentation

. Reflection X Reflection Y Reflection X and Y
Technique
Zoom 1 92.40% 91.57% 90.32%
Zoom 2 92.32% 91.22% 90.03%

Table 1. Verification testing accuracy for the proposed architecture
against the new augmented images

Additionally, this study conducted a comparison of
the proposed architecture and related works using the
same dataset, GFI. Table 2 summarizes the testing accu-
racies of the related works and the proposed work. The
table shows that the proposed architecture achieved a
testing accuracy of 98.88%, while the other related works
were less accurate. In (3), the authors used a feature ex-
traction process that used different bands and fused the
best features from the left and the right iris. In (20), a new
deep class encoder was introduced that used class labels
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to learn a discriminative representation for the given
sample by mapping the learned feature vector to its label.
The main goal of the work presented in this paper was
to classify gender and ethnicity; our model takes a com-
plete eye or face image and uses a graph-cut segmenta-
tion technique to separate the iris from the background
image. In (21), the authors adopted an unsupervised
training stage using a restricted Boltzmann machine
(RBM) and a supervised training stage using a CNN. The
limitations of that work, according to the authors, was
the limited amount of learning data. The proposed archi-
tecture circumvented this limitation by applying several
augmentation techniques to increase the number of im-
ages in the dataset, which resulted in an increase in the
number of learning data features. The model proposed in
(22) introduced a mixed convolutional and residual net-
work called MiCoRe-Net that required a large number of
layers, including 3 convolutional layers, 3 residual layers,
2 max-pooling layers, 2 fully connected layers and 1 flat-
tening layer. In contrast, our proposed architecture re-
quires only 3 convolutional layers, 2 fully connected
layers, 2 max-pooling layers and 1 flattening layer, which
means our proposed model is less complex and requires
less computation time.

Related work Year Description Accuracy
Used feature extraction pro-
cess operating in different o
@) 2016 bands to form left and right 83%
iris.
(20) 2017 Used a przﬁzzzt:rdeep class 83.17%
Used an RBM, a CNN and o
21 2017 data augmentation. 84.66%
(22) 2018 Used MiCoRe-Net 96.12%
Used graph-cut segmenta-
Deeplris 2019 tion, a deep convolutional 98.88%

neural network and data aug-
mentation techniques

Table 2. Comparative results for related works against the proposed
architecture

5. DISCUSSION

The proposed architecture segments an iris from a
background image using a graph-cut segmentation tech-
nique followed by 16 layers: three convolutional layers
for feature extraction with different convolution window
sizes followed by three fully connected layers for classi-
fication. Augmentation processes were used in this re-
search to increase the number of dataset images from
3,000 to 15,000 images, which led to a significant improve-
ment in the testing accuracy. The proposed architecture
achieved a testing accuracy of 98.88%. In addition, this
paper presented a verification strategy to measure the
accuracy of the proposed architecture. The strategy re-
lies on applying new augmentation techniques to the set
of verification images, on which the architecture was
never trained. On the verification set, the proposed ar-
chitecture achieved an accuracy of 90.03% in its worst
case, which indicates that it generalizes the data rather
than memorizing it. Finally, the results of a comparison
of testing accuracy between the proposed architecture
and other related works using the same dataset was pre-

Deep Iris: Deep Learning for Gender Classification Through Iris Patterns

sented at the end of this paper. The proposed architecture
outperformed the other related works in terms of testing
accuracy. One potential for future work is to apply new
pre-trained deep neural network architectures such as
AlexNet, Vgg-16 and Vgg-19. Using pretrained architec-
tures may reduce the computation time in the training
phase and might lead to better testing accuracy.

6. CONCLUSION

Gender identification based on iris texture has been ex-
plored by several researchers in the past decade. In this
paper, a robust method for iris gender identification that
uses a deep convolutional neural network is introduced.
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