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User identi�cation is becoming more and more important for the Apps on mobile devices. However, the
identity recognition based on eyes, e.g., iris recognition, is rarely used on mobile devices comparing with those
based on face and �ngerprint due to its extra cost in hardware and complicated operations during recognition.
In this paper, an eye-based recognition method is designed for identity recognition on mobile devices, which
can be implemented just like face recognition. In the proposed method, the eye feature is composed of the
static and dynamic features, where the periocular feature extracted by deep neural network from the eye
image is used as the static feature, and the motion feature of saccadic velocity is selected as the dynamic
feature. The eye images can be captured by the normal camera on mobile devices just like faces, and dynamic
features can provide living information to increase the di�culty of forgery. The GazeCapture dataset is used
to test the proposed method, because the eye images in this dataset are captured by mobile devices during
daily use. The recognition accuracy of the proposed method on the GazeCapture dataset can reach 96.87 %
only based on the periocular feature, and can be enhanced to 97.99 % when it is fused with the saccadic feature.
The experiment results show that the performance of the proposed method can be comparative to that of
iris recognition methods. It demonstrates that the proposed method is a practical reference for the eye-based
identity recognition, and the proposed method provides one more biometric choice for mobile devices.
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1 INTRODUCTION

In recent years, applications of biometrics have been increasingly popular in people’s daily life[10]
[23][2][9][21] [18], and among these biometrics, �ngerprint, face and eye are the most widely
used three. With the increasing popularity of Apps on mobile devices, biometric based identity
recognition is needed more and more on mobile devices, such as in mobile phones and pads, and
multiple biometric fusion will be important to match the increasing requirement on security.
Fingerprint- and face- based identity recognition methods have been used widely on mobile

devices due to their advantages in high speed and low cost. However, it is inevitable to leave
�ngerprint information when the �ngerprint is used, which makes �ngerprint information be
stolen and forged easily. Ishan Bhardwaj added �ngerprint dynamics into �ngerprint recognition
and made the improvement on security and liveness veri�cation [2]. But this dynamic feature is
fragile to unintentional behaviors, which can degrade its recognition performance greatly. As the
face is the most widely used biometrics, face-based recognition methods are studied and developed
much better than the �ngerprint-based ones. But the occlusion problem is still a challenge for
face-based recognition. For instance, people prefer to wear masks to prevent fog or virus in daily
life (Fig. 1(a)), and wear speci�c clothes to escape from direct-sun exposure (Fig. 1(b)) or for some
religious reasons (Fig. 1(c)).

(a) Sample with mask in daily
life

(b) Sample with fashion mask
for sun protection

(c) Sample with certain reli-
gious beliefs

Fig. 1. Challenging Samples in Face Recognition systems.

Iris-based recognition methods have higher security and accuracy than �ngerprint- and face-
based ones, but they are seldom used on mobile devices. Researchers used handcrafted methods [9]
[16] [3] [19] and deep learning method [11] [26] to extract iris features for identity recognition. To
ensure the performance of iris recognition, the iris has to be detected and extracted accurately. And
when the iris can’t be obtained as the ideal requirements in some cases as shown in Fig. 2(a) to Fig.
2(c), the recognition accuracy will decrease signi�cantly. Therefore, for iris image collection, not
only the near-infrared camera is needed, but also the subjects are usually required to stay as still as



possible. The resulted extra high cost in hardware and complicated operations during recognition
hinders the application of iris recognition on mobile devices.

(a) Sample with low resolution (b) Sample with cosmetic con-
tact lenses

(c) Sample interfered by eye-
glasses

Fig. 2. Challenging Samples in Iris Recognition systems.

In this paper, we propose an eye-based recognition method, which can be performed on mobile
devices like face recognition. In the proposed method, the eye feature is composed of the static
periocular feature and the dynamic saccadic feature, and the eye images can be captured easily via
the normal cameras on mobile devices. It makes the proposed method be an alternative recognition
method on mobile devices.

2 RELATEDWORK

To avoid the application limitation of iris recognition on mobile devices, many researchers started
the study on the identity recognition based on eye images [13] [25] [14]. At �rst, some traditional
handcrafted features were used for eye recognition. Joshi et al [4] used Local Binary Pattern his-
tograms (LBP) descriptors for eye recognition based on RGB eye images. They evaluated their
method on the UBIRIS v2 database which contains iris images collected in unconstrained environ-
ment (at-a-distance, on-the-move and in the visible wavelength), and their accuracy can reach 94 %.
Park et al. [13] adopted Histograms of oriented Gradients (HoGs) to obtain the global feature and
Scaled invariant Features Transform (SIFT) to extract the local feature of eye images, and the eye
recognition was performed on RGB eye images. They used two datasets to evaluate their method.
One is collected at a close distance where a full image contains only the periocular region. The
other is captured in a studio setting, with controlled illumination and background. Their rank-one
recognition accuracy can reach 87.32 %. Given the success of deep learning methods in computer vi-
sion and in the image analysis [8] [7], some eye recognition methods based on deep neural network
were proposed recently. Zi Wang et al [22] proposed a deep learning architecture called mixed
convolutional and residual network (MiCoRe-Net), used the eye region for identity recognition
and veri�ed the performance on both near-infrared iris datasets and RGB eye images. Furthermore,
Tiong et al. [20] developed an eye recognition method based on RGB eye images. In this method, a
multilayer fusion based on dual-stream convolutional neural network was proposed to combine
the RGB eye images and color-based texture features, called Orthogonal Combination-Local Binary



Coded Pattern (OC-LBCP), for eye recognition. Proenca et al. [14] discarded the components inside
the ocular globe of the RGB eye images, i.e., the iris and the sclera, and they applied convolutional
neural networks for eye recognition only based on the surrounding information of the eyes. Qi
Zhang et al. [24] proposed an eye recognition method based on the feature fused with periocular
and iris. They applied maxout units into the convolutional neural networks to learn the optimal
fusion weights between the periocular and iris. This method achieved a good performance on
near-infrared iris datasets.
These above-mentioned studies demonstrate that besides the iris, the features extracted from

eye images have the ability of identity recognition just like the iris not only on near-infrared data
but also on the RGB data. Though the methods based on RGB eye images don’t need near-infrared
cameras and remove the extra cost on hardware, the eye images used in these methods have to
be static. That is, the subjects are required to keep both the head and eye ball as static as possible
during data collection, because the motion of head and eye ball during data collection will degrade
their recognition performance obviously. Hence, some of these studies are on only the periocular
without any part of eye balls, i.e., without the iris and the sclera, to reduce the negative in�uence
of the motion of eye balls. But most of the existing studies on eye recognition are on the whole eye,
i.e., the region around the eyes and eye balls including the iris and the sclera, which is the same as
the method proposed in this paper.

Besides the eye recognition methods based on static features, there are also some methods based
on dynamic features, that is, the recognition methods based on the motion features of eye. The
�rst two dynamic features of the eye used for identity recognition are extracted from �xation and
saccade. Komogortsev et al. used �xation density maps (FDM) obtained by the characteristics of
�xational distributions in [15], and they investigated the probabilistic maps of attention for identity
recognition. They also did relevant studies on the identity recognition based on the eye movement
in [5] and [1]. And Mukhopadhyay et al. [12] designed a comprehensive nonparametric statistical
learning framework to get the features of eye movements when the subject stared at an image. Shao
et al [17] proposed the method based on saccadic trajectories for identity authentication, and they
used wavelet packet transform to extract features of saccadic trajectories. However, the collection
of gaze trajectories usually needs high-speed cameras and the calibration between the camera and
user, and these requirements limited these eye recognition methods to the speci�c cases, not to
mobile devices.
To promote the application of eye-based identity recognition on mobile devices, we propose

to extract the static periocular feature of RGB eye images and the dynamic saccadic feature of
eye movements and take their fused feature as the eye features used for identity recognition. The
framework is shown in Fig. 3. And GazeCapture dataset is used to evaluate the performance of the
proposed method, as it is collected through iPhones and iPads in the unconstrained environment
during daily use [6]. The contributions of this paper are as following.
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Fig. 3. The Architecture Diagram of Our Method

1. The proposed eye-based recognition method is based on the static feature extracted from the
RGB periocular and dynamic feature extracted from the saccade. As far as we know, it is the �rst
time that the static periocular feature and dynamic saccadic feature are combined and used for
identity recognition. Both the periocular and saccade can be captured by the normal cameras on
mobile devices directly and accurately, which provides the fundament of making the proposed
method be implemented on mobile devices practically.

2. The static periocular feature is obtained by a two-stream convolutional neural network, whose
two input streams are the left and right eye images. The two-stream convolutional neural network
is pretrained on the task of gaze tracking with free head movement to obtain the initial parameters,
and the pretrained network is optimized �nally on the task of identity recognition in our proposed
method. The obtained periocular feature is proved to be not only suitable for identity recognition,
but also be robust against head and eye movements.
3. The mean and variance of the saccadic velocity are used to construct the dynamic saccadic

feature in this paper. Because the saccade is considered as the subconscious re�ection of human, it
can be taken as a kind of behavior biometrics. The saccadic feature is also robust to head movement,
and is di�cult to be forged. With the help of the dynamic feature, the recognition performance and
security of the proposed method are improved obviously.

4. GazeCapture dataset is used to evaluate the proposed method, as it is collected during normal
daily use of mobile phones and pads with free head and eye movements. The experimental results
on GazeCapture show that the proposed recognition method can achieve the as high accuracy as
that of iris recognition, and it demonstrates that the proposed method is promising in the practical
implement on mobile devices.



The rest of this paper is organized as follows: Section 3 presents the proposed method. Section 4
shows the experiments and the relating results. And Section 5 concludes the whole paper.

And Section 5 concludes the whole paper.

3 PROPOSED METHOD

It can be seen from Fig. 3 that the proposed method consists of eye localization, feature extraction,
feature fusion and identity recognition. And the feature extraction is composed of periocular feature
extraction and saccadic feature extraction. The details of each part will be presented in this Section.

3.1 Dataset

GazeCapture is a large-scale dataset for eye tracking, and it contains gaze data from 1474 people
consisting of almost 2.5M frames, which are collected by iPhones and iPads. The collection task is
performed in a speci�c code in the device, which is made in Amazon Mechanical Turk (AMT). If
the subject enters the speci�c code, 60 dots will appear in each orientation of the device, of which
13 dots are in �xed positions and the others are in random positions. If the subject does not enter
the speci�c code, only 8 dots will appear in each orientation of the device. After 60 dots, the subject
is asked to change the orientation of the device. Both the head pose of the subject and distance
between the subject and the device are continuously changed. The time of each dot staying on the
screen is 2 seconds and the overall collection time of each subject is 10 minutes [6].

The most important is that the data we used are sequences of self-timer frames. Unlike most of the
other existing eye tracking datasets collected in the lab, GazeCapture is collected in unconstrained
environment, and there are various backgrounds, illuminations, appearances and head poses in
the original frames as shown in Fig. 4 and Fig. 5. The validation of the proposed method on this
dataset can demonstrate that the proposed method can be used on mobile devices practically. And
it is the reason that we adopt this dataset in this paper.

3.2 Eye Localization

In GazeCapture dataset, the positions of the top-left corners and the sizes of face and two eyes
are given so that the eyes are localized in a bounding box according to these positions in this
paper. Since there is no limitation on the movements of the head and eyes, the appearances of
the detected-out eyes are di�erent from each other, even when the subject gazes at one dot. For
example, some eyes look horizonal, and some look slanted. Some consist of eyebrows, and some
don’t. Furthermore, the resolution of the eye images varies from 50×50 to 120×120. The original
frames and their corresponding eye images of an example subject are shown in Fig. 6. The detected-
out left and right eyes as shown in Fig. 6 are used to extract the periocular and saccadic features of
the subject.



Fig. 4. Some frames in the dataset with di�erent head poses, illumination, appearance and background.

Fig. 5. Some frames with di�erent head poses for two subjects.

3.3 Feature Extraction

3.3.1 Periocular Feature Extraction.
The periocular feature is extracted from both right and left eye images via the two-stream convolu-
tional neural network derived from the convolutional neural network designed for gaze tracking in
[6], which is called iTracker. With the help of head pose information, iTracker can estimate the
gaze direction without calibration on mobile phones and tablets, and achieve the state-of-the-art
performance with free head movements. The architecture of iTracker is shown in Fig. 7. It can
be seen that the inputs of the upper half part in iTracker are the left and right eye images and
the output of FC-E1 layer is the feature of eye appearance, which can be used as the periocular
feature of the subject. Hence, we adopt the upper half part of iTracker as the pretrained network
for periocular feature extraction in our framework as shown in Fig. 3, and optimized it according
to the task of identity recognition via our proposed architecture shown in Fig. 3.

It should be mentioned here that the head pose of a subject varies greatly during data collection,
even when the subject gazes at the same dot. Fig. 8 shows di�erent head poses of four subjects,



(a-1) (a-2) (a-3) (b-1) (b-2) (b-3)

(c-1) (c-2) (c-3) (d-1) (d-2) (d-3)

Fig. 6. Original frame and inputs of the deep neural networks we used. (a-1), (b-1), (c-1), (d-1): The original
frame(640 ⇥ 480) (a-2), (b-2), (c-2), (d-2): Le� eye image(78 ⇥ 78) (a-3), (b-3), (c-3), (d-3): Right eye image(78 ⇥
78)).

Fig. 7. The framework of iTracker.

where each subject gazes at a �xed point. Referring to Fig. 8, it is reasonable that the proposed
recognition method is robust against head and eye movements as the periocular feature is trained
and optimized based on such data.

3.3.2 Saccadic Feature Extraction.



(a-r) (a-1) (a-2) (a-3) (b-r) (b-1) (b-2) (b-3)

(c-r) (c-1) (c-2) (c-3) (d-r) (d-1) (d-2) (d-3)

Fig. 8. Some samples of three subjects with di�erent head poses when the subject fixates the same dot.

Saccade is rapid eye rotation that moves an eye from one �xation to the next. As the dataset
designed for gaze estimation, GazeCapture dataset consists of the eye images corresponding to
di�erent gaze points. Each subject is required to gaze at 60 dots totally, and the dots appear one by
one at �xed and random positions. When the position of dot changes, the subject’s eyes move to the
new position correspondingly. There are 59 saccades for each subject, and GazeCapture dataset can
provide plenty of saccadic data. In this scenario, saccade is considered as the unconscious re�ection
of the subject, and the velocity is an important characteristic of eye movement of the subject. Due to
the frame per second (fps) of the normal cameras on mobile devices, the accurate saccadic process
can’t be available in GazeCapture dataset. In this paper, the velocity can be computed as in Eq.
(1), and the saccade duration starts after the last frame of the current dot and ends before the �rst
frame of the next dot.

� =
kL2 � L1k2

t
(1)

L1 is the location of the current dot, L2 is the location of the following dot, and t is the total time of
gaze transition between these two dots.

When the saccadic velocity of a subject is obtained, its mean and variance are used as the saccadic
feature.

3.4 Feature Analysis

3.4.1 Robustness of periocular feature against head pose.
Each subject look at a series of dots and some original images with di�erent head poses are collected
at each dot. Therefore, we investigate the consistency of the periocular feature of a subject by
the recognition rate of the periocular feature obtained when the subject gazes at one dot. The
recognition rates of the periocular features corresponding to the dots that a subject gazes at are
shown in Fig. 9. It can be seen from Fig. 9 that the recognition rate keeps high when the subject’s



gaze changes among the dots. It veri�es the robustness of the periocular feature extracted by our
proposed architecture.
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Fig. 9. The recognition rates of the periocular features corresponding to the dots each subject gazes at.

3.4.2 Mean and variance of saccadic feature.
We investigate the characteristics of the mean and variance of the saccadic feature between di�erent
subject and within one subject as follows respectively. We calculate the mean and variance of the
saccadic features corresponding to the same dot, and use the dot-wise mean and variance to verify
the consistency of the saccadic feature within the same subject. The histograms of the dot-wise
mean and variance of the saccadic feature within the same subject are shown in Fig. 10 and Fig.
11. Comparing the Fig. 10 and Fig. 11, the histograms of the mean and variance of the saccadic
feature between di�erent subjects are shown in Fig. 12 and Fig. 13. It can be seen that the saccadic
features vary greatly between di�erent subjects, but slightly within the same subject, even when
the subject gazes at di�erent dot with head and eye movements. It demonstrates that the mean
and variance of saccadic velocity are robust and distinctive, and they can be used as the saccadic
features.

3.4.3 Relationship between periocular and saccadic features.
Before the fusion of the saccadic feature and periocular feature, we measured the relationship
between them according to four factors. The periocular feature used here is the average periocular
feature obtained when the subject gazes at one dot. And the four factors are 1) the amplitude of
the average periocular feature, 2) the maximum of the average periocular feature, 3) the amplitude
di�erence between the average periocular features corresponding to two consecutive dots and 4)
the Euclidean distance between the average periocular features corresponding to two consecutive
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Fig. 10. Histogram of the Mean of Saccadic Velocity Within the Same Subject
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Fig. 11. Histogram of the Variance of Saccadic Velocity Within the Same Subject

dots. The relationship between the saccadic velocity and each of the above four factors is shown in
Fig. 14 to Fig. 17 respectively.

3.5 SVM-Based Identity Recognition

Identity recognition is a multi-classes problem. In this paper, we use LIBSVM to solve this multiple
classi�cation problem in the one-against-one way. This method is to construct a two-classes
classi�er from any two classes, and input the test data into all the classi�ers to get the predicted
results. Therefore, the principle of multi-classi�cation SVM classi�er is similar to that of two-classes
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Fig. 12. Histogram of the Mean of Saccadic Velocity for All Subjects
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Fig. 13. Histogram of the Variance of Saccadic Velocity for All Subjects

SVM classi�er. The task of SVM is to �nd such a hyperplane H to divide the sample into two parts
without error and to maximize the distance between H1 and H2. The expressions for H , H1, and
H2 are shown in Eq. (2), Eq. (3), Eq. (4). The loss function in the training steps is shown in Eq. (5)
and Eq. (6).

H : �T · x + b = 0 (2)

H1 : �T · x + b = 1 (3)
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Fig. 14. The Relationship Between the Saccadic Velocity and the Amplitude of the Average Periocular Feature
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Fig. 15. The Relationship Between the Saccadic Velocity and the Maximum of the Average Periocular Feature

H2 : �T · x + b = �1 (4)

� is the normal vector to H , x is the fused feature between the periocular feature and the saccadic
feature, b is the distance from H to the origin.
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Fig. 16. The Relationship Between the Saccadic Velocity and the Amplitude Di�erence Between the Average
Periocular Features Corresponding to Two Consecutive Dots
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Fig. 17. The Relationship Between the Saccadic Velocity and the Euclidean Distance Between the Average
Periocular Features Corresponding to Two Consecutive Dots

min
1
2
k�1k2

s .t .�i (�T
1 · �(xi ) + b) � 1, i = 1, 2, ...,m

(5)



min
1
2
k�2k2

s .t .�i (�T
1 · �(xi ) + b) � 1, i = 1, 2, ...,m

(6)

�2 is a pseudo-hyperplane. The miminization of �2 is achieved via the optimization of xi keeping
he hyperplane corresponding to �1. The optimization of xi is carried out via updating the neural
network for periocular feature extraction on the task of identity recognition.
The minization of �1 and the optimization of xi is iteratively until the updating di�erence is

small enough. �(xi ) is the vector obtained by mapping xi , and xi is the i-th fused feature between
the periocular feature and the saccadic feature, b is the distance from H to the origin. �(xi ) can be
sampled by kernel function. The kernel function in this paper is the linear kernel function due to
its simplicity, which is shown in Eq. (9). And the end conditions of the training process are shown
in Eq. (7) and Eq. (8).

��1 < �1 (7)

��2 < �2 (8)

��1 and ��2 are the di�erence of �1 and �2, �1 and �2 are prede�ned small value.
The Pseudo code of this process is shown in Table. 1.

Table 1. Optimization of SVM-based Identity Recognition.

Process: Iteration Steps

Input: The i-th feature xi and its label �i
Initialization:
1. Calculate �1 according to Eq. (5).
2. Calculate �2 according to Eq. (6).
until Eq. (7) & Eq. (8)
3. update �1 according to Eq. (5).
4. update �2 according to Eq. (6).
end
Output: The predicted label �predict .

K(xi ,x j ) = xi · x j (9)

xi and x j are the i-th and j-th fused features.
The pre-trained neural network for periocular feature extraction is updated simultaneously

and iteratively according to the results of Eq. (6). That means the optimization of the identity
recognition is based on the optimization of periocular feature extraction and the hyperplane in
SVM.



4 EXPERIMENTS

4.1 Experiment Se�ing

In the experiments, the GazeCapture dataset is used twice for training and testing on di�erent tasks
with di�erent labels.. One is for initializing the neural network of periocular feature extraction. It
is performed on the task of gaze estimation just like what is done in [6]. In this procedure, training
data consists of the data from 1274 subjects, and the testing data consists of 200 subjects. From
this procedure, the pre-trained neural network for periocular feature extraction is obtained. The
other is for identity recognition. The label of the data is not the gaze direction, but the identity
of the subject. We select the training and the testing samples out of each subject with a ratio of
4:1. And the frames of a subject with both eyes are selected out and used in the following training
and testing, and those with one eye are invalid frames. After removing invalid original frames, the
number of valid original frames in each dynamic dot will decrease, even be zero. To ensure the
diversity of the data and validity of the experiments, we select out the subjects whose number of
valid original frames in each dynamic dot is no less than 10 to test. According to this rule, the total
number of frames used in training is 47789 and that in testing set is 11691. The resolution of the
detected-out left and right eye images is from 50 ⇥5 0 to 120 ⇥ 120, and the eye images are resized
to 224 ⇥ 224 before they are input into the neural network. The size of the periocular feature is 1 ⇥
128. We use the mean and variance of saccadic velocity as the saccadic feature and fuse it with the
periocular feature to form the eye feature, whose size is 1 ⇥ 130. After getting features, we add up
all the features obtained from the frames corresponding to the same dot, average them to get the
�nal eye feature corresponding to this dot, and use them in SVM-based identity recognition. The
number of the eye features used for training the SVM lassi�er is 4580 and the number for testing is
1149.

4.2 Comparison between Di�erent Features

We will make comparisons between the features obtained from di�erent layers of iTracker. The
performance of four features are listed in Table 2. The �rst feature is the output of FC1 layer of
iTracker in Fig. 7 , which is used for gaze estimation. The second one is that we exclude face
information and fuse the periocular feature from FC-E1 layer of iTracker in Fig. 7with the face grid.
The reason that we use it in the experiments is that the face grid contains the rough head location
in the original frame and head location is usually considered as a kind of positive information in
similar scenario. The third one is the periocular feature extracted from our proposed framework.
The periocular feature is obtained via training on the task of identity recognition with the initial
parameters derived from iTracker. The fourth one is the eye feature fused with the periocular and
saccadic features. From the comparisons listed in the �rst two rows of Table 1, we can see that the
feature extracted from the FC1 layer has the lowest accuracy, as it is too sensitive to eye movements,
which brings negative e�ects to the task of identity recognition. From comparisons listed in the
�rst three rows, we can conclude that the retraining in our proposed framework improves the



performance of periocular feature on the task of identity recognition. From comparisons listed in
the bottom two rows, we can see that the saccadic feature improve the recognition performance
obviously according to that of the periocular feature.

Accuracy is de�ned in Eq. (10), in which RT denotes the number of average feature vectors can
be recognized in the testing set, and Total means the number of average feature vectors in the
testing set.

Accurac� =
RT

Total
⇤ 100% (10)

Table 2. Comparison with Di�erent Features

Feature Achitecture Accuracy

Periocular feature with head information (FC1) iTracker 87.83%

Periocular feature with face grid (FC-E1+FC-G2) iTracker 94.26%

Periocular feature Proposed 96.87%

Periocular feature + Saccadic feature Proposed 97.99%

4.3 Comparison with Iris-Based Recognition Methods

We will compare the performance of the proposed method with those of four popular iris-based
recognition methods as listed in Table 3. In this experiment, two iris recognition methods are based
on handcrafted features, i.e., Daugman et al. in [3] proposed a statistical indenpendence-based
method and Zhenan Sun et al. in [19] used ordinal measures for iris feature representation, and
two are based on deep learning-based features, i.e., Zijing Zhao et al. in [26] applied Maxout into
the convolutional neural networks for iris recognition and Liu in [11] learned pairwise �lters and
the deep representations for iris recognition. In the method proposed in [3], two-dimension Gabor
�lters are used to extract features of iris and coded based on a test of statistical independence.
However, the ordinal descriptor is proposed in [19] to represent the iris feature with the objective
of characterizing qualitative relationship between iris regions. The method in [11] is based on
deep learning, in which the pairwise �lters and the deep representation of the iris are learned
automatically and jointly. And an accurate and generalizable deep learning framework is proposed
in [26], which is based on a fully convolutional network for iris recognition. An extended triplet
loss function is designed to incorporate the bit-shifting and non-iris masking and a sub-network is
designed to provide appropriate information for identifying meaningful iris regions. It should be
mentioned here that it is impossible to carry out the traditional iris recognition methods and our
proposed method in the same dataset currently. There is no dataset which can satisfy the traditional
iris recognition methods and our proposed method as the same time. Hence, we listed the best
performance of the compared methods derived from the corresponding literatures in Table 3 for
comparison.



Table 3. Comparison with Iris-Based Recognition Methods

Methods Data Environment Resolution EER

Daugman et al. in [3] Iris image Static, near-infrared 128 ⇥ 128 3.91%

Zhenan Sun et al. in [19] Iris image Static, near-infrared 640 ⇥ 480 3.06%

Zijing Zhao et al. in [26] Iris image Static, near-infrared 64 ⇥ 512 3.03%

Proposed method Eye video Dynamic, RGB 50 ⇥ 50 to 120 ⇥ 120 0.86%

Liu in [11] Iris image Static, near-infrared 100 ⇥ 100 0.15%

In Table 2, EER was used to measure the performance in [3], [19],[11] and [26], which is the
value when FAR(Eq. (11)) is equal to FRR(Eq. (12)). The EER of our method can reach 0.86 %. It is
better than the method in [3], [11] and [26]. But it is a little bit worse than the method in [11]. The
eye images used in our method are RGB images and collected in the unconstrained environment
while the eye images used in [11] are collected via near-infrared cameras with the static head and
eyes. It can be concluded that the recognition performance of our proposed eye-based method
in the unconstrained environment is comparative to that of the iris-based recognition method in
controlled environment.

FAR =
nontar�et_is_tar�et

(tar�et_is_tar�et + nontar�et_is_tar�et) (11)

FRR =
tar�et_is_nontar�et

(tar�et_is_nontar�et + nontar�et_is_nontar�et) (12)

4.4 Comparison with Periocular-Based Recognition Methods

We compare our method with several existing periocular-based recognition methods in Table 4.
The �rst method is proposed in [13] which is based on handcrafted feature. In this method, gradient
orientation (GO) histogram, local binary pattern (LBP) and SIFT are used to extract features the
global and local features from the periocular region for identity recognition. The second method
is proposed in [25] which is based on deep learning feature. In this method, a semantics-assisted
convolutional neural networks (SCNNs) is proposed to incorporate explicit semantic information
and automatically recover obtain periocular features. The method proposed in [14] is based on deep
learning feature. In this method, AlexNet is used to construct an end-to-end periocular recognition.
Because these methods are tested on various datasets and some self-build datasets, we list their
best performance mentioned in the literature [13] [25] [14] for the comparison here.

From the performance listed in Table 4, we can conclude that the deep learning-based methods
outperform the handcrafted feature-based methods clearly. The proposed method has much better
performance than the method in [25] even there are head and eye movements. The performance of
the proposed method is not as good as that of the method in [14]. Higher resolution, static data, and



Table 4. Comparison with Periocular-Based Recognition Methods

Methods Data Environment Resolution EER

Park et al. in [13] Eye image Static, RGB 139 ⇥ 84 to 940 ⇥ 787 6.96%

Zijing zhao [25] Eye image Static, RGB 240 ⇥ 240 4%

Proposed method Eye video Dynamic, RGB 50 ⇥ 50 to 120 ⇥ 120 0.86%

Proenca [14] Eye image Static, RGB 150 ⇥ 200 0.11%

eyes without eyeballs are considered as the three possible factors, which bring better performance
of the method in [14]. However, from a practical perspective, our method is more promising, and
our method is the best with comprehensive consideration.

4.5 Comparison With Other Deep Networks

Zi Wang [22] proposed a deep learning framework called MiCoRe-Net, which contained 11 layers
including 3 convolutional layers, 3 residual layers, 2 max-pooling layers, 2 fully connected layers
and 1 �atten layer. We carry out the comparison experiment in the GazeCapture dataset. That
is, we adopt GazeCapture dataset to train the MiCoRe-Net, take the output of the last layer in
MiCoRe-Net as the periocular features and use LIBSVM to classify these subjects. From the results
in Table 5, it can be seen that the proposed method performed better even with head and eye
movements in lower resolution.

Table 5. Comparison with Other Deep Networks

Methods Environment Resolution Accuracy

[22] near-infrared, RGB 320 ⇥ 240 92.18%

Proposed method Dynamic, RGB 50 ⇥ 50 to 120 ⇥ 120 97.99%

4.6 Comparison With the Method in Unconstrained Environment

Here we compare our method with the method proposed in [20] that can also be implemented in
the unconstrained environment. In the method proposed in [20], a multi-layer fusion approach is
proposed by means of dual-stream convolutional neural network, whose inputs are RGB eye images
and color-based texture feature. The texture feature is extracted by the Orthogonal Combination-
Local Binary Coded Pattern (OC-LBCP). The eye images used in [20] are collected in the wild, such
as uncontrolled subject-camera distances, location, poses and level of illuminations. The di�erence
between data from the dataset in [20] and GazeCapture dataset is that the subjects keep looking
at the front horizontally during data collection as shown in Fig. 18. It is reasonable to consider
that there is no eye movement in the dataset used in [20]. From Table 6, we can see that our



method is better than [20]. It demonstrates that the saccadic feature, which denotes the behavior
characteristics, is important for identity recognition in the unconstrained environment.

Fig. 18. The Data in [20].

Table 6. Comparison with Other Method in Unconstrained Environment

Methods Environment Resolution Accuracy

[20] Dynamic(head movement) 80 ⇥ 80 85.19%

Proposed method Dynamic(head and eye movement) 50 ⇥ 50 to 120 ⇥ 120 97.99%

In this experiment, we use accuracy de�ned as Eq. (10) to measure the performance of the two
methods. The authors in [20] proposed a multi-layer fusion approach by means of dual-stream
convolutional neural network where each network accepts RGB data and a novel colour-based
texture descriptor, namely Orthogonal Combination-Local Binary Coded Pattern (OC-LBCP) for
periocular recognition in the wild. The eye images used in [20] are collected in the wild, such as
uncontrolled subject-camera distances, location, poses and level of illuminations. The di�erence
from the datasets in the process of collection is that the eyes rotate in the dataset we used while
the eyes do not rotate in their dataset. From Table 6, we can see that our method is better than
[20], which veri�es that the behavior characteristics are important and our method is promising in
the �eld of eye recognition.

5 CONCLUSION

In this paper, we propose an identity recognition method based on the fusion of static periocular
feature and dynamic saccadic feature. The experiments on GazeCapture dataset demonstrate that the
proposed method can achieve a good recognition performance in the unconstrained environment
with various resolution, head pose, eye pose, illumination, and so on. The dynamic saccadic feature



is proved to be helpful for the task of recognition and it can also be important in resisting forgery as
a behavior characteristic of human. Furthermore, because the good performance is achieved with
the data captured from practical environment, the proposed method is potential in the practical
application on mobile devices.
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