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a b s t r a c t
Image-based pupil detection, which aims to ﬁnd the pupil location in an image, has been an active research topic in computer vision community. Learning-based approaches can achieve preferable results
given large amounts of training data with eye center annotations. However, there are limited publicly
available datasets with accurate eye center annotations and it is unreliable and time-consuming for manually labeling large amounts of training data. In this paper, inspired by learning from synthetic data in
Parallel Vision framework, we introduce a step of parallel imaging built upon Generative Adversarial Networks (GANs) to generate adversarial synthetic images. In particular, we reﬁne the synthetic eye images
by the improved SimGAN using adversarial training scheme. For the computational experiments, we further propose a coarse-to-ﬁne pupil detection framework based on shape augmented cascade regression
models learning from the adversarial synthetic images. Experiments on benchmark databases of BioID,
GI4E, and LFW show that the proposed work performs signiﬁcantly better over other state-of-the-art
methods by leveraging the power of cascade regression and adversarial image synthesis.
© 2018 Elsevier Ltd. All rights reserved.

1. Introduction
Image-based pupil detection, also named as eye center detection, aims to predict the location of pupil in an image and it is
becoming increasingly active area of research in the computer vision community. Accurate pupil detection is useful for gaze prediction, eye state estimation, and human-machine interactions. Recently, cascade regression has emerged as a promising approach
for landmark detection [1–4]. It has been further extended for accurate pupil detection and eye state estimation [5,6] where they
achieved the state-of-the-art pupil detection result. Cascade regression begins with an initial semantic key point (e.g. eye corner) locations, followed by iteratively updating the positions through sequential regression models until convergence. The cascade regression models are learned to map current key point related appearance to the target location increment with respect to ground truth.
Moreover, it allows for capturing the structural and contextual information for pupil localization.
For pupil detection, there are limited databases with eye related key point including the eye center annotations. In addition,

∗
Corresponding author at: Institute of Automation, Chinese Academy of Sciences,
Beijing 100190, China.
E-mail addresses: gouchao.cas@gmail.com, gouchao2012@ia.ac.cn (C. Gou).

https://doi.org/10.1016/j.patcog.2018.12.014
0031-3203/© 2018 Elsevier Ltd. All rights reserved.

manual annotation of eye centers is time-consuming and not reliable. Learning-by-synthesis has been successfully applied for eye
center detection where it learns the model from pure synthetic
data with automatic annotations that are generated by computer
graphics technique [6]. Parallel Vision (PV) [7,8], which is extended
from ACP methodology [9] to computer vision, was proposed as
a uniﬁed framework including Artiﬁcial scenes, Computational experiments, and Parallel execution for perception and understanding
of complex scenes and also emphasize the signiﬁcance of synthesis. As pointed out in [10], large number of artiﬁcial data make
it possible to model the real distributions. While in the case of
pupil detection, synthetic eyes are limited to cover the variations
in appearance of real eyes. SimGAN [11] was proposed to reﬁne the
synthetic images through adversarial training by the framework of
Generative Adversarial Networks (GANs) [12]. Experimental results
show that SimGAN can improve the gaze estimation.
In this paper, inspired by PV framework, we propose to learn
cascade regression models by the adversarial image synthesis for
accurate pupil detection. The overall framework is illustrated in
Fig. 1. From the perspective of PV, artiﬁcial eyes can offer us sufﬁcient synthetic eye images with annotations. We ﬁrst simulate
thousands of eye images with accurate eye annotations. Built upon
SimGAN, we further perform parallel imaging to add realism to
the artiﬁcial eyes, where we can generate adversarial synthetic
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Fig. 1. Overview of the proposed pupil detection framework based on PV.

samples that preserve the simulator’s annotations and add real
appearance information. Finally, we propose to learn shape augmented regression models from the adversarial synthetic images
and test on real ones to perform the computational experiments.
The major contributions of proposed work are highlighted as below:
•

•

•

Adversarial image synthesis: We perform parallel imaging by an
improved SimGAN for training image synthesis. The generated
adversarial images can preserve both the accurate annotations
of synthetic eyes and realistic appearance information of real
eyes.
Shape augmented cascade regression: By leveraging the shape
augmented framework, it capture the eye related shape, appearance, and contextual information for ﬁnal pupil detection.
Promising experimental results: The proposed method performs
better over other state-of-the-arts on benchmark databases and
allows for real-time applications.

In the following, related work will be reviewed in Section 2.
Details of the proposed method are described in Section 3. Experimental results are discussed in Section 4. We give the conclusion
in Section 5.
2. Related work
For image-based pupil detection, we review the recent learningbased work in this section. Earlier prominent review on pupil detection can be found in [13,14]. Valenti and Gevers [15] provided a
new method to infer eye center location using circular symmetry
based on isophote properties. A voting based method is introduced
in this isophote based framework. Timm and Barth [16] proposed
to detect the eye center by image gradients. They mathematically
described the relationship of orientations in gradients between a
possible iris center and contextual regions. In [17], a novel variation of linear SVM was presented for eﬃcient pupil detection.
Araujo et al. [18] introduced the Inner Product Detector based on
correlation ﬁlters to detect the center of the eye. This method is
robust to small variations. But it is limited to model the variations
of appearance of eyes in the wild. A recent work [19] reviewed the
local structure patterns (LSPs) and extended them to multi-scale
block based LSPs for pupil detection. Adaboost feature selection on
the combination of intensity-based LSPs and gradient-based LSPs
was performed to further improve the performance of pupil detection in [19].
Cascade regression has emerged as the leading framework for
facial landmark detection [1–3,20–22]. It begins with an initial

585

landmark locations, e.g. mean locations of the training samples,
and follows by iteratively updating the locations through sequentially trained regression models. Zhou et al. [20] optimized the
original facial landmark detection method SDM [3] by extracting
features at different scale and employing the coarse-to-ﬁne strategy to enhance the robustness. By using multiple nonlinear features, the approach obtained higher localization accuracy. In [20],
the authors trained the model using more than 10 K images with
manual annotations. Gou et al. [5] extended cascade regression for
pupil detection where they proposed a joint cascade regression
framework for simultaneous pupil detection and eye state estimation. By capturing the structural, shape, and contextual information using cascade regression framework, it achieved the state-ofthe-art result [5]. The methods in [5,20] employed the handcrafted
features that are limited in representation. Recently, deep features
have been widely used in ﬁelds such as 3-D human pose recovery
[23–25], face detection [26,27], privacy setting recommendation
for social image sharing [28,29] and landmark detection [21,22].
Hong et al. [30] ﬁrstly introduced locality-sensitive constriction
and fed into combination of multi-view hand-crafted feature (e.g.
HOG, Shape context, Hierarchical centroid, etc.) in the sparse coding for 3-D poses recovery from silhouettes. They further proposed
a novel deep feature extractor [24] with multi-modal fusion and
experimental results demonstrated its effectiveness for pose recovery [23]. Yu et al. [28] proposed a novel approach termed as iPrivacy that jointly learned deep CNNs and the tree classiﬁer for privacy setting recommendation. They further incorporated the image
content sensitiveness and the user trustworthiness which were extracted by designing deep models and learning dictionary, respectively [29]. In [21], the authors presented a three-level cascaded
convolution networks for facial landmark detection. Reliable initial
location estimation was achieved at ﬁrst level, followed by ﬁnely
tuning at the following two levels. Zhang et al. [22] proposed to
employ deep cascaded convolution networks to capture the inherent correlation between face detection and landmark location
to boost the performance of these two tasks. For these learningbased approaches, it is unreliable and time-consuming to collect
large number of such training data. With the increasing progress
in computer graphics and virtual reality, it is becoming possible
to learn from the artiﬁcial scene and objects that cover the distribution of targets in appearance in real world [6,31–35]. Gou et al.
[6] proposed to learn from the synthetic images for pupil detection using cascade regression methods and achieve preferable results on benchmark databases. Learning-by-synthesis is becoming
an increasingly active topic for eye related research. In [31], the
authors presented UnityEyes, a novel method to rapidly synthesize
large amounts of eye region images as training data. The synthesized images can be used to estimate gaze in-the-wild scenarios,
even for large head pose and gaze directions.
However, learning from synthetic images cannot achieve desirable performance due to the bias between synthetic images and
real images. Synthetic data is often not realistic enough and cannot cover the variations in appearance in real world. Wang et al.
[7,8] proposed a uniﬁed framework termed as Parallel Visions (PV),
which was extended from ACP (Artiﬁcial systems, Computational
experiments, and Parallel execution) methodology [9], for the image perception and understanding. From the perspective of PV,
conventional vision algorithms learning from synthetic images are
part of PV with respect to artiﬁcial scene and computational experiments, and it can be further improved by the parallel execution of online optimization through interaction between synthetic
and real images. Ganin and Lempitsky tried to tackle the data
bias problem from the point of domain adaptation [36]. They proposed to learn domain-invariant features by the adversarial training method. Yoo et al [37] presented a pixel level domain converter learning with Generative Adversarial Networks (GANs) [12].
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Fig. 2. Parallel vision framework based on ACP [7].

Shrivastava et al. [11] proposed Simulated+Unsupervised (S+U)
learning to improve the realism of synthetic images and preserve
the annotations information at the same time.
3. Proposed method
3.1. ACP methodology and parallel vision framework
ACP (Artiﬁcial systems, Computational experiments, and Parallel execution) methodology was ﬁrst proposed for effective modeling and controlling the complex systems [9]. Artiﬁcial systems aim
to capture all the information that real systems have. In such artiﬁcial systems, different models can be built to describe actions
and response of target real systems. After building the ideal artiﬁcial systems, computational experiments will be conducted to effectively validate the proposed algorithm. The third part of ACP is
parallel execution referring to one or more artiﬁcial systems running in parallel with real complex system, where it is executed in
Parallel Systems. Through parallel execution, we can explore the
potential of artiﬁcial systems and transform the roles between artiﬁcial systems and the real system. Based on the interactions, we
can achieve online optimization from static to dynamic. The core
philosophy of ACP is to combine Artiﬁcial systems, Computational
experiments, and Parallel execution to turn the virtual artiﬁcial
space into another space for solving complex problems [38]. ACP
is becoming an increasingly important research topic and is widely
applied such as social computing, traﬃc management and control,
and Ethylene production management [39–41].
Wang et al. [7,8] further extended ACP framework to computer
vision as PV (Parallel Vision) framework as shown in Fig. 2. PV also
consists of three major parts including artiﬁcial scenes, computational experiments and parallel execution. Modern machine learning methods require large number of images with labels for training. While in real applications, we cannot collect suﬃcient training
samples with labels to cover the real distributions. With increasingly development of computer graphics and virtual reality techniques, it makes the artiﬁcial scenes to accurately model the real
scene possible. In our case of pupil detection, we can collect large
scale of synthetic samples by artiﬁcial generation for training algorithms. Computational experiments can be conducted to evaluate the proposed pupil detection algorithms including learning and
testing perception in both real and artiﬁcial eye images. However,
training algorithms purely from artiﬁcial synthetic eye images cannot model the real eyes distribution due to the dataset bias problem. Parallel execution like parallel imaging of GNAs-based image
generation [34] offers a methodology to cover the gap between
synthetic and real images.
From the perspective of PV, existing work of learning-bysynthesis [6,31] are part of PV with respect to artiﬁcial scenes and
computational experiments. To tackle the data bias problem of synthetic and real data, inspired by PV framework, we introduce a step
of parallel imaging to reﬁne the synthetic images based on the adversarial training scheme. Speciﬁcally, following the recent adver-

sarial training based work [11], we perform adversarial images synthesis to add the realism to synthetic images and preserve the accurate annotations. We further propose to learn cascade regression
models by adversarial images synthesis to perform the computational experiments. The overview of our proposed method based
on PV is illustrated in Fig. 1. In the following, we ﬁrst describe
the generation of synthetic eyes in the part of artiﬁcial scenes
in Section 3.2. Then we present the method for generating adversarial photo-realistic eye images in the part of parallel imaging in Section 3.3. Finally, we present our proposed cascade regression framework for accurate eye center detection in detail in
Section 3.4.
3.2. Artiﬁcial eye generation
Learning-based pupil detection needs a large number of training samples with accurate annotations. However, it is timeconsuming and unreliable to label the eye center of real images. In
addition, since there are diverse illuminations, different ethnicity,
eye states, gaze directions, gender and head pose of subjects, manual collected data is impossible to cover the variations of eyes in
appearance in the wild. From the perspective of PV, artiﬁcial eyes
can offer us suﬃcient training samples to cover the general appearance in real scenarios. Recently, learning from synthetic eye images
for gaze estimation has achieved promising results [31], where the
authors proposed a method called UnityEyes to generate synthetic
eye images with gaze annotations. Experimental results show that
even KNN based algorithms training on the simulated eyes by UnityEyes for eye gaze estimation can achieve the state-of-the-art results. It also outperforms the deep learning-based method for gaze
estimation testing on real images [31].
In this paper, we apply UnityEyes to generate artiﬁcial eyes as
our ﬁrst step for pupil detection. UnityEyes can rapidly generate
synthetic eyes with various appearance with respect to different
skin color, various illuminations and large range of head pose and
gaze directions. It can also automatically label the key point locations as shown in Fig. 1. To capture the eye ball appearance with
respect to different gaze, a 3D mesh is used to model the shape
and texture variations of eye ball. This mesh is corresponding to
the external surface and related shape is deﬁned by the cornea
and two sphere representing. A generative model is applied to synthesize facial eye regions to cover different appearance of subjects
with respect to different gender, age and ethnicity. In particular, a
3D morphable shape model of eye region is built upon the high
resolution 3D head scans captured by a professional photogrammetric studio. The generic eye region topology with n vertices
is denoted by 3n dimensional vector: s = [x1 , y1 , z1 , . . . , xn , yn , zn ].
PCA is performed on the m retopologized scans to extract the
orthogonal basis functions U ∈ 3n × m . A linear parametric shape
model Ms is formulated by Ms (μ, δ , U), where μ ∈ 3n is the mean
shape of m retopologized scans, and δ are the parameters following
the Gaussian that are estimated by ﬁtting to each basis function to
original scans. As a result, a morphable model is formulated as below:

s(θ ) = μ + Udiag(δ )θ T ,

(1)

where θ
is a vector of the coeﬃcients of related basis function. As a result, new eye region can be formed by randomly generated parameters of θ which follow the Gausian distribution with
zero mean and unit variance.
Another critical factor for appearance-based pupil detection is
the illuminations since different lighting result in various appearance. To synthesize eye images under diverse illuminations, the
light sources pointing at a random direction towards the eye regions are simulated. Different panoramic photographs are chosen to randomly rotate and expose to render the refections and
∈ m
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0. Hence, for the training of discriminator network D, the ground
truth labels are 0 for all the real eyes r and 1 for the outputs of
generator G(s; θ g ).
The purpose of generator G is to make its output G(s; θ g ) as
real as possible in appearance and preserve the accurate structural
shape with respect to input synthetic eye s. Following recent idea
from Shrivastava et al. [11], we formulate its loss as a combination
of adversarial loss of realism with a self-regularization loss to preserve the detailed information. Since cascade regression is applied
for pupil detection based on the texture and appearance information around the key points, we need to preserve the accurate key
point (e.g. eyelids and eye corners) locations and the related local
texture information from the synthetic eyes. To this end, different
from Shrivastava et al. [11] where they calculate the difference of
value in pixel level as self-regularization loss to preserve the annotation like gaze vector for gaze estimation, we propose to design
another ConvNet to preserve the detailed information (e.g. structural shape, annotated locations of key points and related global
and local texture) of synthetic eyes followed by calculating the L1
loss as self-regularization loss. The loss function for learning generator is formulated in Eq. (3) as below:

Fig. 3. Examples of artiﬁcial eye images.

LG (θg , θc ) = Es∼ps (s ) [−log(1 − D(G(s; θg ); θd ))]

+ λEs∼ps (s ) (||ConvNet (G(s; θg ); θc )

Fig. 4. Illustration of the adversarial learning for generating the photorealistic eyes.

environmental ambient light. And different head pose can be
achieved by using a spherical coordinates and pointing it towards
the eye ball center of 3D model. Some artiﬁcial eye images are
shown in Fig. 3. Refer to [31] for more details.
3.3. Adversarial images synthesis from parallel imaging
Synthetic data has been widely used for training the visionbased algorithms because it can be automatically generated with
various appearance and accurate annotations [7]. However, learning from synthetic images cannot achieve the desired performance
as the distribution of synthetic images is different from that of real
ones. Although large efforts have been undertaken to improve the
realism of generated artiﬁcial images, it is still limited to cover all
the variations of appearance in real scene. In this work, as shown
in Fig. 1, we introduce a step of parallel imaging to reduce the gap
between synthetic and real eye images. Our goal is to reﬁne the artiﬁcial eyes with texture and appearance from unlabeled real eyes.
By building upon the recent GANs based approach termed as SimGAN [11], we learn a generative model to generate adversarial synthetic images that preserve the annotations of synthetic eyes and
realism of real eyes. The overview of GANs based model in this
paper is illustrated in Fig. 4, where the deep network of generator
G is the expected generative model whose output makes the deep
network of discriminator D impossible to determine the source of
input images. In this paper, we use r and s to represent real eyes
and synthetic eyes, respectively. G and D is alternatively optimized.
For the discriminator, following the idea of GANs, the learning
procedure aims to minimize the adversarial loss as formulated in
Eq. 2.

LD (θd ) = Es∼ps (s ) [−log(D(G(s; θg ); θd ))]

+ Er∼pr (r ) [−log(1 − D(r; θd ))],

(2)

where Es∼ps (s ) represents the expectation of the log-likelihood of
the input being sampled from the probability distribution of synthetic eyes ps (s), pr (r) represents the distribution of the real eyes,
and D(∗ ; θ d ) denotes the probability of the input sampled from
fake eyes. By minimizing this loss function, the discriminator aims
to make D(G(s; θ g ); θ d ) approach 1 and make D(r; θ d ) approach

(3)

− ConvNet (s; θc )||1 ),

where λ is the balance factor, ConvNet is a deep convolutional network that transfers the image space to the representative feature
space, θ c are the parameters of ConvNet, and ||.||1 is the L1 norm.
In this work, the parameters of discriminator and generator are alternatively learned by minimizing the loss function in
Eqs. (2) and (3), respectively. Speciﬁcally, when learning the parameters θ d of discriminator, θ g and θ c are ﬁxed by the result of
generator training, and vice versa. It is worth noticing that the parameters of θ g and θ c are learned simultaneously when performing the generator learning. For each update of θ d , we update the
parameters of generator 10 times.
3.4. Shape augmented cascade regression for computational
experiments
In the PV framework, computational experiments should be
conducted to evaluate the performance of proposed algorithm. For
our task, we ﬁrst build a novel model based on cascade regression
for pupil detection. Then we carry out computational experiments
to validate the proposed cascade regression framework. In this paper, motivated by our previous work for facial landmark detection
[1,2] which use cascade regression models, we propose to detect
eye center using shape augmented regression method on the basis
of eye-related shape, structural and appearance information. Before
we introduce the shape augmented regression method, we review
the general cascaded framework.
3.4.1. General cascaded regression
General cascaded regression method has been widely applied
for facial landmark detection where it learns multi sequential regressors based on the local appearance. The general cascade framework for landmark detection is summarized in Algorithm 1. In
this work, the location of N semantic facial landmarks such as
eye, nose tip, and mouth corners in a given image are denoted by
p = {{x1 , y1 }, . . . , {xN , yN }} ∈ 2·N . pt represent the location of landmarks at iteration t in cascade regression framework. At cascade
regression level t, a function of gt is adopted to map the extracted
local appearance features around landmarks pt−1 to the updates of
pt . Supervised Decent Method (SDM) [3] is one of the most popular cascade framework for facial landmark detection where they
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Algorithm 1 General cascade regression for landmark detection.
Input:
N landmarks are initialized as p0 by mean locations of training
samples given the input image I.
Do cascade regression:
for t=1,…,T do
Estimate the landmark location updates pt given the current
landmark locations pt−1 .
gt : I, pt−1 → pt
Update the landmark locations.
pt = pt−1 + pt
end for
Output:
Landmark locations pT .

cation p0 as below:

f (p ) = f (p0 + p ) ≈ f (p0 ) + J f (p0 )T p +

1
pT H f (p0 )p,
2
(5)

where J f (p0 ) is the Jacobian matrix, and H f (p0 ) is the Hessian matrix of function f(·) at p0 . We further take the derivation of f (p ) in
Eq. (5) and set it to zero to acquire the optima for the objective
function. Hence, we can estimate the updates of eye related key
point locations as Eq. (6).

p = − H f (p0 )−1 J f (p0 )
= − H f (p0 )−1 [J (p0 )((p0 , I ) − (p∗ , I ))
+ J (p0 )((p0 ) − (p∗ ))]
= − H f (p0 )−1 J (p0 )(p0 , I ) − H f (p0 )−1 J (p0 )(p0 )
+ H f (p0 )−1 (J (p0 )(p∗ , I ) + J (p0 )(p∗ ))

(6)

p∗

However, the ground truth locations
are unknown but ﬁxed
constants during inference and Hessian matrix is not guaranteed
positive deﬁnite everywhere. Hence, we introduce the parameters
as below:

Fig. 5. Proposed coarse-to-ﬁne pupil detection based on shape augmented regression. (a) Facial landmark detection. (b) Coarsely extracted eye region and initialize
the key point location. (c) Output of ﬁrst cascade level. (d) Final key point location
including eye center.

M = −H f (p0 )−1 J (p0 )
Q = −H f (p0 )−1 J (p0 )
b = H f (p0 )−1 (J (p0 )(p∗ , I ) + J (p0 )(p∗ ))

By embedding the introduced parameters into iteration t of cascade regression, we can linearly formulate Eq. (6) as below:

gt : pt = Mt (pt−1 , I ) + Qt (pt−1 ) + b ,
t

use a linear function for mapping. Hence, we can formulate the
cascade regression model gt in Algorithm 1 by pt = gt (pt−1 , I ) =
Rt (pt−1 , I ) + ct , where (pt−1 , I ) is the appearance feature, Rt
and ct are the model parameters. For the training of cascade regression in this work, we acquire the ground truth of desired updates by pt,∗ = p∗ − pt−1 , where p∗ is the ground truth location.
Then we learn the linear regression model parameters Rt and ct
by least-squares formulation with closed form solution. By adding
the updates pt to the current locations pt−1 , the prediction of
landmark location is achieved.
3.4.2. Shape augmented cascade regression for pupil detection
Shape augmented cascade regression is ﬁrst proposed in
[42] for facial landmark detection. We further explore it to 3D
facial landmark alignment to capture the shape information [4].
Our proposed coarse-to-ﬁne framework for pupil detection is illustrated in Fig. 5. We ﬁrst perform face detection followed by applying shape augmented cascade regression for 51 facial landmarks
detection. The eye region can be further coarsely cropped by the
detected facial landmarks. Intuitively, the eye center location is related to iris region appearance information. In addition, eye related
shape and contextual information like eye corner and eyelids are of
help for accurate eye center location. To capture these information,
as shown in Fig. 5 (b), we choose 11 eye related key points including eye corners, eyelids and eye center for cascade regression.
In this paper, we extend shape augmented regression for pupil
detection. The objective function for eye related key points detection is denoted by Eq. (4).

f (p ) =

1
1
||(p, I ) − (p∗ , I )||2 + ||(p ) − (p∗ )||2 ,
2
2

(4)

where I is the given eye region image, p are the eye related key
point locations, p∗ are the annotations, (p, I ) are the local appearance features around p, and (p ) are the extracted shape features by calculating the difference among pairs of key points. A
second order Taylor expansion of Eq. (4) is applied at an initial lo-

(7)

(8)

where we use a linear model as the map function g(·) in general
cascade regression and incorporate the shape information for pupil
detection in cascade regression, (p, I ) are the local appearance
features (e.g. SIFT), and (p ) are the shape features. Our proposed
method of shape augmented cascade regression for pupil detection
is summarized in Algorithm 2.
Algorithm 2 Shape augmented cascade regression for pupil detection.
Input:
N key point locations are initialized as p0 by mean locations of
training samples given the input eye image I.
Do cascade regression:
for t=1,…,T do
Estimate the key point location updates given the current key
point locations pt−1 .
pt = Mt (pt−1 , I ) + Qt (pt−1 ) + bt
Update the key point locations.
pt = pt−1 + pt
end for
Output:
Locations pT of eye related key points including the eye center.
After building the model in part of computational experiments,
we need to learn the parameters in Eq. (7). Since we have generated suﬃcient adversarial synthetic images with ground truth eye
related key point annotations by GANs in parallel imaging part,
we can model the real eye center location distribution. Given jth
eye image I j with ground truth locations p∗j , we can acquire the
eye shape updates by subtracting the current locations pt−1
from
j

p∗j through pt,j ∗ = p∗j − pt−1
. Given K training images, the initial
j
key point locations p0j are mean locations of training samples. The
t

learning of Mt , Qt and bias b at cascade level t can be formulated
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Fig. 6. Examples of detection result by our proposed work for each benchmark database.

as a standard least-squares formulation with closed form solution:
∗

∗

t∗

Mt , Qt , b =

arg min
t

t

K

t

M ,Q ,b

−Q (
t

 pt,j ∗ − Mt (I j , pt−1
)
j

j=1
pt−1
−
j

)

t

b



(9)

2

For inference, given the detected eye region I, begin with a
mean key point initialization of p0 , we iteratively estimate the
eye location by learned cased model as shown in Fig. 5 and
Algorithm 2.
4. Experimental results
For computational experiments, we have described the model
learning and inference in detail. In this section, we further conduct experiments to validate the proposed framework on benchmark datasets for pupil detection.
4.1. Experimental setup
4.1.1. Datasets
For the adversarial training in the step of parallel imaging, we
use around 28 K synthetic images simulated by UnityEye [31], and
real eye images from normalized part of MPIIGaze [32] for training.
Then we use the trained generator network to test on the 10,730
artiﬁcial samples used in [6], which results in adding realism to
the artiﬁcial eye images and keep original annotations in [6]. We
further conduct computational experiments on benchmark datasets
for pupil detection to demonstrate the performance of proposed
work.
In this work, three widely used benchmark datasets including
BioID [43], GI4E [44], and LFW [45] are used for testing to verify our proposed method for pupil detection. As one of the most
widely used dataset for pupil detection, BioID contains 1521 graylevel images of size 384 × 286. It is challenging with different subjects, various gaze, and illuminations. GI4E contains 1236 images of
size 800 × 600 taken by a normal camera, from 103 subjects with
12 different gaze directions. We randomly select 10 0 0 color images
of size 250 × 250 from LFW for testing. We subjectively evaluate
the performance of our proposed framework on GI4E, BioID, and
LFW which are with respect to high, medium, and poor qualities
of images, respectively. Sample detection results by our proposed
work for each database are shown in Fig. 6.
4.1.2. Measure criteria
Similar to [6,43], we use the maximum normalized detection
error to evaluate the performance measure the eye detection capability as below:

deye =

max(Dr , Dl )
,
Drl

(10)

where Dr and Dl are the Euclidean distances between ground truth
and the predicted right and left eye centers, respectively. Drl is the

Euclidean distance between the right and left eye center ground
truth. For this measurement, deye ≤ 0.1 corresponds to the range
of iris, and deye ≤ 0.05 corresponds to the range of pupil diameter. Commonly, we set different thresholds for deye to calculate the
detection rate for measurement.
4.1.3. Implementation details
In this paper, we crop eye regions from synthetic images with
size of 240 × 140, and resize it to 72 × 42 for training the generator network in the parallel execution. For face detection, we apply VJ face detector [46]. For fair comparison on the test of GI4E
dataset with other methods, we use deformable Part Models (DPM)
based face detector [47] for face detection. The face detection rate
of BioID, GI4E, and LFW are 97.5%, 99.8%, and 100%, respectively.
The false positives (as shown in Fig. 12 (e)) are not discarded and
the eye location rate can be further improved by optimization of
face detection. The balance parameter in Eq. (3) is set as 1.2. SIFT
feature is extracted around the key points in this paper. For the
adversarial synthetic images generation, similar network architectures from Shrivastava et al. [11] are applied. For the ConvNet of
self-regularization in this paper, it contains 3 convolution and 3
max-pooling layers as follows: (1) Conv3 × 3, feature maps=64,
stride=1, (2) MaxPool2 × 2, stride=2, (3) Conv3 × 3, feature
maps=128, stride=1, (4) MaxPool2 × 2, stride=2, (5) Conv3 × 3,
feature maps=256, stride=1, (6)MaxPool2 × 2, stride=2.
4.2. Evaluation
4.2.1. Learning from adversarial synthetic images
We use the trained generator in the parallel imaging step to
reﬁne the synthetic images as adversarial synthetic images. Some
qualitative results are shown in Fig. 7. We can see that the adversarial synthetic images capture the texture and appearance from
the real eyes. In addition, they preserve the original key point annotations from the synthetic images which is of help for our proposed learning-based pupil detection.
To further demonstrate the effectiveness of learning from adversarial synthetic images, we perform two baselines for comparisons. We separately train the model on 3584 real images [5] and
10,730 synthetic eye images [6], terming as learning-from-real,
learning-from-synthesis, respectively. We name our proposed work
as learning-from-adversarial (proposed) in which we learn the
shape augmented models from 10,730 adversarial eye images reﬁned from Gou et al. [6]. Then we test on the most widely used
database BioID for demonstration. Experimental results are listed
in Table 1. We can see that, compared with learning from the
pure synthetic data or real images, learning from adversarial synthetic images generated by the step of parallel imaging boosts
the performance on pupil detection. It achieves a detection rate
of 92.3% under the normalized error of 0.05 and signiﬁcantly improves over the learning-from-synthesis of 89.2%. Manual collected
real eye images contain limited gaze directions with limited pupil
locations and synthetic eye images cannot cover the variations
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Fig. 7. Examples of real eyes, synthetic eyes and adversarial synthetic eyes.

Table 1
Eye detection results on BioID with normalized error
(deye ≤ 0.05) based on different training samples.
Training types

Detection rate

Learning-from-synthesis
Learning-from-real
Learning-from-adversarial(SimGAN)
Learning-from-adversarial(proposed)

89.2%
90.3%
91.5%
92.3%

Table 2
Eye detection result and comparison on GI4E database.
Method

deye ≤ 0.05

deye ≤ 0.1

deye ≤ 0.15

George et al. [48]
Timm et al. [16]
Villanueva et al. [44]
Gou et al. [5]
Learning-from-adversarial

89.3%
92.4%
93.9%
94.2%
98.3%

92.3%
96.0%∗
97.3%∗
99.1%
99.8%

93.6%
96.9%∗
98.0%∗
99.6%
99.8%

∗
are estimated from the accuracy curves in corresponding paper
[44].

in appearance in real world. In this work, our generated adversarial synthetic images take advantages from synthetic and real
eyes. To further verify the effectiveness of our modiﬁcation of the
self-regularization in SimGAN, we conduct comparison experiments
on generated adversarial images by SimGAN [11] where we name
it as learning-from-adversarial (SimGAN). For fair comparison, we
learn the SimGAN from the same training samples with our proposed method and also generate 10,730 reﬁned synthetic images
from Gou et al. [6]. As shown in Table 1, the introduced ConvNet for self-regularization enhances the performance of pupil detection. Compared with pixel level self-regularization to preserve
annotations from synthetic images [11], our introduced ConvNet
emphasizes more on the detailed information like global shape,
texture, and appearance around eye related key points, which
are beneﬁcial for learning-based shape cascade regression framework.
4.2.2. Comparisons with the state-of-the-art methods
The quantitative results on GI4E are listed in Table 2 and the
best results are highlighted. All the results of the methods in
Table 2 are from the original corresponding papers. Some qualitative results are shown in Fig. 8. GI4E contains images with high
quality taken by normal camera. Fig. 8 shows that we can accurately locate the eye center even the subjects with classes or under
low illuminations. As shown in Table 2, our proposed method can
achieve a detection rate of 98.3% under deye = 0.05. Compared with
other related works, our method signiﬁcantly improve the pupil
detection performance. It further demonstrates that our proposed
pupil detection framework can be applied for accurate pupil detection task. It is worth noticing that, our method outperforms a sim-

Table 3
Eye detection result and comparison on BioID database.
Method

deye ≤ 0.05

deye ≤ 0.10

deye ≤ 0.15

Campadelli et al. [49]
Timm et al. [16]
Valenti et al. [15]
Araujo et al. [18]
Ren et al. [50]
George et al. [48]
Chen et al. [51]
Choi et al. [19]
Gou et al. [5]
Learning-from-adversarial

80.7%
82.5%
86.1%
88.3%
77.1%
85.1%
88.8%
91.1%
91.2%
92.3%

93.2%
93.4%
91.7%
92.7%
92.3%
94.3%
95.2%
98.4%
99.4%
99.1%

95.3%
95.2%
93.5%
94.5%
97.2%∗
96.7%
96.5%∗
98.7%∗
99.6%
99.7%

∗

are estimated from the accuracy curves in corresponding papers.

ilar work [5] whose model is learned from the combination of real
samples and synthetic samples. On the one hand, we learn from
adversarial synthetic images where artiﬁcial eyes are added with
realism and keep the accurate annotations. On the other hand, we
leverage shape augmented regression to capture more local shape
information with more eye related key points for eye center detection.
BioID is one of the most widely used datasets for eye detection. Experimental results on BioID are listed in Table 3. All the
results of the methods in Table 3 are from the original corresponding papers. Fig. 9 shows some of the correct detection examples of
the proposed method in BioID database. We can see that, the proposed pupil detection method can handle low illumination conditions, various gaze directions and subjects with glasses. As listed
in Table 3, the proposed algorithm gives a detection rate of 92.3%
for deye ≤ 0.05 and outperforms the state-of-the-art with detection
rate of 91.1% in [19]. It demonstrates that the proposed work exploits the cascade learning from the generated adversarial training
samples better than the local patterns based methods. While for
the coarser evaluation at deye ≤ 0.1, it performs slightly worse than
the state-of-the-arts [5] with detection rate of 99.4%. It means the
realism from training images of MPIIGaze is limited to cover the
appearance distribution of BioID. This problem can be tackled by
adding more unlabeled images with diverse appearance. In addition, the better performance of our proposed work on ﬁner evaluation of deye ≤ 0.05 also demonstrates that the annotations from
adversarial synthetic images are more reliable.
We further conduct evaluation on LFW which contains images
with low resolution and poor quality. Some detection examples
are shown in Fig. 10. We can see that the proposed framework
achieves promising results on extreme low resolution images. Even
though the image is blurred with ambiguous edge and contextual
information, we still can detect the eye center based on the local
pupil appearance information. Qualitative comparisons with other
methods are listed in Table 4. As shown in Table 4, our method
signiﬁcantly outperforms a recent work based on multi scale
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Fig. 8. Example results of eye localization in GI4E. The white dot represents the ground truth and red dot represents the predicted eye center. (For interpretation of the
references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

Fig. 9. Example results of eye localization in BioID. The white dot represents the ground truth and red dot represents the predicted eye center. (For interpretation of the
references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

Fig. 10. Example results of eye localization in LFW. The white dot represents the ground truth and red dot represents the predicted eye center. (For interpretation of the
references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

Table 4
Eye detection result and comparison on LFW database.
Method

deye ≤ 0.05

deye ≤ 0.1

deye ≤ 0.15

Fu et al. [52]
Yi et al. [53]
Qian et al. [54]
Choi et al. [19]
Learning-from-adversarial

24.2%
52.0%∗
75.1%
54.1%
81.6%

75.4%
88.2%∗
90.6%
91.4%
97.2%

88.0%
95.3%∗
94.3%
96.3%
98.8%

∗

are estimated from the accuracy curves in the corresponding pa-

per.

local structure pattern proposed in [19]. It shows that our proposed
coarse-to-ﬁne framework is much preferable on pupil detection in
images with low quality.
In summary, thorough experiments show that our proposed
method can achieve the state-of-the-art pupil detection results. In
addition, the proposed pupil detection method is effective and robust both on high and low quality images.The major reason that
our method outperforms other state-of-the-arts comes into three
parts. Fist, we detect face in the whole image followed by facial
landmark detection to coarsely extract the eye regions, which allows us to capture the global structural information of eyes with
respect to face. Second, by reducing the gap between the large
number of synthetic data with annotations and unlabeled real
data through GANs, we can learn the real eye center locations
with respect to different gaze directions more accurately. Third,
we further exploit the cascade regression based on the eye related contextual and local appearance information for eye center
detection.

Fig. 11. Eye detection results at each cascaded iteration on BioID and Gi4E database.
Y coordinate denotes the detection rate with the normalized error less than 0.05.

4.2.3. Further discussion
We further conduct comparison experiments with a similar
work detecting the pupil by cascade regression framework [20,21].
For fair comparison, similar to [20], we coarsely extract the eye region by ground truth instead of with the help of facial landmark
detection method. Experimental results on BioID are shown in
Table 5. As shown in Table 5, our introduced shape augmented regression outperform conventional linear cascade regression methods of SDM [3,20] since we can capture the global structural shape
and local appearance information for the eye center detection. In
addition, we further test the public available method from [21] for
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Fig. 12. Examples of qualitative detection results with normalized error deye . The white dot represents the ground truth and red dot represents the predicted eye center. The
green bounding box are the wrongly detected face region. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of
this article.)

Table 5
Eye localization comparison results with cascade regression
methods.
Method

deye ≤ 0.05

deye ≤ 0.1

deye ≤ 0.25

SDM [3]
Cascaded CNN [21]
CF-MF-SDM [20]
Ours

90.3%∗
92.6%+
93.8%
95.7%

96.4%∗
99.4%+
99.8%
99.9%

100.0%∗
99.8%+
99.9%
100.0%

∗
+

results are from Zhou et al. [20].
are produced by the original landmark detection methods.

facial landmarks including the eye center detection on BioID. It
can achieve comparable results due to deep model’s nonlinear
generalization ability. Future work will focus on design nonlinear deep models [55–57] as the shape augmented cascade regression model. By further investigation, compared with the results
with Table 3, the initialization of the eye related key points based
on the extracted eye region is important because it can not converge to the global optimal when they are far from the ground
truth.
In addition, we further study the inﬂuence of number of iteration which denoted by T in cascade regression. Experimental
results with respect to different iteration are shown in Fig. 11.
We can see that it converges fast at the ﬁrst two iterations and
achieves to optimal at iteration 4 and 6 for BioID and Gi4E, respectively. By further investigation, number of iteration T can be
generally set to 4 and larger to 6 for more challenging task such as
BioID dataset with various illuminations and glasses.
In this work, all the testing experiments are conducted with
non-optimized Matlab codes on a standard PC, which has an Intel
i5 3.47Ghz CPU and 16 GB RAM. Given the eye images, we test our
model on BioID dataset and evaluate the computational cost. A FPS
of 23 can be achieved with 6 cascade regression steps. By further
investigation, Sift feature extraction cost most of the time for testing. And 16 FPS can be achieved when applied in real scenario with
face detection and eye region extraction by our proposed method,
which allows for real time applications like gaze estimation and
human-computer interactions.
Although our proposed method signiﬁcantly improves the stateof-the-arts, image-based pupil detection is still a challenging task.
More qualitative detection examples on database with respect to
maximum normalized error are shown in Fig. 12. When the whole
eye region is under low illumination as shown in Fig. 12 (a) and
(b), the appearance of pupil and eye related edge information are
ambiguous which lead to the normalized error deye bigger than
0.05. For the case of Fig. 12 (d), our proposed method cannot
handle the reﬂections of classes which are still very challenging. As previous investigation, the face detection is important to
coarsely extract the eye region. As shown in Fig. 12 (e), if the
face detection fails with eye region initialization far away from
the ground truth, cascade regression method cannot converge to

the optimum eye centers. The performance can be further optimized in the eye regions extraction step in our proposed framework.

5. Conclusion and future work
In this paper, we propose a uniﬁed framework to learn shape
augmented cascade regression models from adversarial synthetic
images for accurate pupil detection. We introduce a step of parallel imaging exploiting the adversarial training to reﬁne the artiﬁcial
eyes with texture and appearance from real images and preserving
the detailed information like structural shape from synthetic images. For the step of computational experiments, we learn shape
augmented regression models based on the eye related shape,
texture, and appearance for pupil detection. Our proposed work
achieves the state-of-the-art performance on three public available
benchmark datasets.
Future work will focus on designing powerful nonlinear architectures (e.g. deep models) to map the appearance and target updates in the cascade level. And more efforts will be undertaken
to realize the parallel execution where it can achieve on-line optimization through real-time inputs of unlabeled images.
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