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Abstract:

Precise eye center localization constitutes a very promising but challenging task in many human interaction
applications due to many limitations related with the presence of photometric distortions and occlusions as well
as pose and shape variations. In this paper, a Fully Convolutional Network (FCN), namely DeepPupil Net is
proposed to localize precisely the eye centers by performing image-to-heatmap regression between the eye
regions and the corresponding heatmaps. Moreover, a new loss function is introduced in order to incorporate
into the training process the predicted eye center positions and penalize inaccurate localizations. The proposed
method achieves real-time performance in a general-purpose computer environment and outperforms in terms
of accuracy the state-of-the-art eye center localization techniques.

1

INTRODUCTION

Nowadays, human-computer interaction (HCI) is of
growing interest due to the penetration of computer
systems in every aspect of everyday life. This
progress requires new input modalities except from
the traditional devices (keyboards, mousses, touch
surfaces, sensors, etc.) with the eye gaze to constitute
a revolutionary approach to interact without physical
contact. The most characteristic features of the human face constitute the eyes as they provide significant information for the emotional and cognitive human state. Moreover, eye centers’ location per se can
be exploited in applications such as face alignment,
face recognition, control devices for disabled people,
user attention and gaze estimation (e.g., driving and
marketing) (Kar and Corcoran, 2017; Krafka et al.,
2016).
Despite the active research in this field, the accuracy of such eye center localization systems has room
for improvement and usually downgraded by many
limitations. The main challenges are related to the
wide variety of human eye colors and shapes, the eye
states (open or closed), the facial expressions and orientations etc. Moreover, the presence of occlusions
from hair and glasses, reflections and shadows as well
as poor lighting and low image resolution further dea
b

grades the localization accuracy. Accurate eye center
localization becomes even more challenging where
the low complexity is substantial for incorporating
in real-time applications (Poulopoulos and Psarakis,
2018).
End-to-end deep neural network learning constitutes a state-of-the-art approach for solving several
problems and has attracted recently the interest of scientific community. In this paper, we introduce a novel
network, called DeepPupil Net, that tries to solve the
eye localization problem in an end-to-end way. An
encoder-decoder based architecture is proposed to localize precisely the eye centers by performing imageto-heatmap regression between the eye regions and
the corresponding heatmaps. Moreover, a new loss
function is introduced in order to incorporate into the
training process the predicted positions of the corresponding eye centers. In this way we succeed to improve the accuracy of the eye center localizer, overcoming the aforementioned limitations. The main
contributions of this work are summarized as follows:
• A novel end-to-end architecture for precise eye
center localization.
• A new loss function that penalizes inaccurate localizations during training.
• Enhanced accuracy over the state-of-the-art methods in three publicly available databases.
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2

RELATED WORK

Eye center localization methods working under challenging conditions can be categorized into the following broad classes:
• Feature based methods and
• Appearance based methods.
Feature-based methods exploit the special form of the
eye structure and detect the eye centers by applying
appropriate filters based on shape, geometry, symmetry and color. The obtained features are robust to
shape and scale variances and don’t require any machine learning techniques. Valenti et al. (Valenti and
Gevers, 2008) introduced a voting process based on
isophote curvatures for localizing the eye centers. Radial symmetry operators, trying to highlight the circularity of the iris, have also attracted much popularity for the automatic eye center localization (Loy
and Zelinsky, 2003; Skodras and Fakotakis, 2015).
In (Poulopoulos and Psarakis, 2017; Poulopoulos and
Psarakis, 2018) a Modified Fast Radial Symmetry
Transform (MFRST) was proposed. It emphasizes on
the shape of the iris and combines the edge information that results from an edge-preserving filtering and
the intensity information, in order to find shapes with
high radial symmetry.
Appearance-based methods incorporate the holistic eye and its surrounding appearance to a prior
model and perform eye center localization by fitting this trained model. For this purpose, many machine learning algorithms have been proposed such as
Bayesian (Everingham and Zisserman, 2006), support
vector machines (SVM) (Campadelli et al., 2009) and
AdaBoost (Niu et al., 2006). Deep CNNs have also
achieved several improvements over the last years.
U-Net (Ronneberger et al., 2015) is a Fully Convolutional Network (FCN) with an encoder-decoder like
architecture and skip connections between the encoding and decoding parts, developed for biomedical image segmentation. ResNet (He et al., 2016) introduces
the idea of “identity connections” that skip one or
more layers and ensures that deeper networks don’t
produce training errors higher than their shallower
counterparts. Xia et al. (Xia et al., 2019) proposed
a heatmap based approach to localize the eye centers
using a properly trained shallow FCN with a large kernel convolutional block. In (Choi et al., 2020) and
(Lee et al., 2020) a deep FCN pipeline is proposed
using heterogenous CNN models trained to detect the
face, remove the eye glasses, extract the facial landmarks and finally localize the eye centers. PupilTAN
(Poulopoulos et al., 2021) is a few-shot adversarial
training framework that performs image-to-heatmap
translation for precise eye localization.The main idea
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is to train this model using an adversarial loss between the model outputs and random heatmaps sampled from a prior distribution which is learned from
only few ground-truth. This adversarial loss aligns the
output and prior distributions, thereby enabling “unsupervised” pupil localization.

3

PROPOSED TECHNIQUE

In this section, we describe in detail the proposed
CNN architecture as well as the training scheme used
for achieving our goal. To this end let us consider the
following set of training images:

SI = {Ik )}Kk=1 .

(1)

with each member of this set constituting a realization
of a random variable with known pd f , i.e. I ∼ fI .

3.1 Preprocessing
The conversion of an eye center localization to an
image-to-heatmap regression problem requires an appropriate preprocessing of the input images and the
ground-truth. To this end, in every image of the
training set, firstly the face is detected and the two
eye Regions of Interest (RoIs) are selected based on
the face geometry (Poulopoulos and Psarakis, 2017;
Poulopoulos and Psarakis, 2018). Then, every eye
RoI is resized to 64x96 pixels and transformed to
grayscale in order to feed the input of the proposed
network. Moreover, we transform the ground-truth
coordinates into a Gaussian kernel based heatmap
with equal size as the input image I, i.e:
HG (x, I) = e

−

||x−xc (I)||22
2σ2

(2)

where, x the image pixel coordinates, xc (I) the
ground-truth eye center coordinates of the image I of
the training set, ||x||2 the l2 norm of vector x and σ
the standard deviation of the kernel that determines
the width of the heatmap. We set the hyperparameter
σ = 7, which achieves the best results in our experiments.

3.2 Network Architecture
The proposed network can fully exploit hierarchical feature representations and reconstruct the corresponding spatial heat maps. The entire network architecture summarized in Figure 1, consists of the encoding and decoding parts. The encoder comprises
a pyramid structure of residual blocks to extract distinct geometry information in various scales. Residual blocks are used to prevent accuracy degradation
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Figure 1: DeepPupil Net (a) and Residual block (b) architecture.

when the network gets deeper. Each block consists of
two convolutional layers followed by a batch normalization and a rectified linear layer as shown in Figure
1.(b). In order to down-sample the feature maps and
increase the receptive field of the net, each residual
block is followed by a max-pooling layer. The number of kernels after each stage doubles in order the net
to be able to learn the complex structures effectively.
The decoder up-samples the feature maps on different scales using transposed convolutions. The number of kernels after each stage is reduced by a factor
of two and the layers are concatenated with the corresponding ones from the encoder. Skip connections
with convolutional layers are used between each stage
of the encoder and decoder, allowing feature maps
from the expanding part to be fused with the symmetric feature maps from the down-sampling part.
This helps the model to produce a very accurate result by combining the semantic information from the
deeper layers with the appearance information from
the shallower layers and compensate the information
loss caused by the max-pooling operations. Finally,
the decoding part is followed by a one-channel convolution layer in order to aggregate better multi-scale
information and obtain the final regression map. The
network predicts a heat map for every input image
that corresponds to the per-pixel confidence of the location of the eye center. The resulting output will
have equal spatial dimensions as the original image.
The position of the maximum of the prediction corresponds to the predicted eye center coordinates.

3.3

Proposed Loss Function

the fact that the coordinate predictions finally result
from the positions of the maximum heatmap values.
Thus, minimizing the MSE between the predictions
and the ground-truth heatmaps doesn’t guarantee an
improvement in the localization accuracy. Such a case
is illustrated in Figure 2, where the MSE improvement leads to a heavy degradation of the localization
accuracy. It is clear that, the prediction with the correct maximum location has worse MSE than an almost perfectly matching heatmap with the brightest
pixel placed incorrectly.

Figure 2: MSE reduction may worsen the localization. Proposed Loss addresses this by penalizing the inaccurate localizations.

To overcome this problem, we penalize inaccurate
localization results during training by introducing the
proposed Loss function which is composed by two
terms defined as follows:

Lh (I, θ) = ||HG (x, I) − HP (x, I, θ)||22
(3)
Lc (I, θ) = ||xc (I) − argmax HP (x, I, θ)||22 (4)
x∈X

where HG (x, I) and HP (x, I, θ) the ground truth and
predicted heatmaps respectively, θ the network parameter vector and argmax f (x) the operator that rex∈X

Mean-square-error (MSE) loss, which is the most
common loss function used in heatmap matching, optimizes the pixel-wise similarity between the network
predictions and the ground-truth heatmaps. However,
MSE constitutes an indirect way to optimize the predicted eye center positions because the model ignores

turns the location where function f (x) attains its
maximum value. Thus, the term Lh (I, θ) forces the
network to learn the real heatmaps, while the term
Lc (I, θ) forces the network to correct the inaccurate
localizations derived from the estimated heatmaps.
Then, we can use the convex combination of the
above defined terms to define the following loss func299
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tion:

L (I, θ) = αLh (I, θ) + (1 − α)Lc (I, θ)

(5)

where α a gain factor that controls the contribution of
each term to the total loss. This factor is set empirically to 0.3 as this value provides the best results.
However, the operator argmax is not a differentiable function of the parameter vector θ and thus
it cannot be used to backpropagate and update the
parameters of the network. In order to make the
pipeline trainable, we adopt instead its soft counterpart (Chapelle and Wu, 2010):
x̂c (I, θ) =

∑ pβ (x, I, θ)x

(6)

x∈X

where:
pβ (x, I, θ) = softargmax HP (x, I, θ) =
x∈X

eβHP (x,I,θ)

∑ eβHP (y,I,θ)

y∈X

(7)
can be interpreted as the probability of HP (x, I, θ) to
be the maximum value of the heatmap produced by
the DeepPupil Net for a given input image I, and hyperparameter β is an arbitrarily big constant used to
raise the maximum value and lower the rest of the values of the heatmap. Note that when the accuracy parameter β tends to ∞ and the location where the maximum value of HP (I(x), θ) is attained is unique, the
pβ (x, I, θ) converges to the following indicator function:
lim pβ (x, I, θ) = 1{p

β→∞

∞ (x,I,θ)=

maxHP (x, I, θ)} . (8)
x∈X

Thus, the loss function defined in Eq. (4) can be
redefined as:

Lc (I, θ) = ||xc (I) − x̂c (I, θ)||22

(9)

Finally, we define the following total average loss
function:
L (θ) = EI∼ fI [L (I, θ)]
(10)
that we would like to minimize with respect to the
network parameters vector θ.

3.4

Training Details

The network architecture consists of a pyramid structure with T = 3 stages with the number of kernels
at each stage to increase or decrease by a factor of
two in encoder and decoder respectively. The proposed network was trained using the ADAM optimizer (Kingma and Ba, 2015) for 15 epochs, with
initial learning rate of 10−3 and batch size of 30 images. Moreover, we employ two types of regularization during training in order to prevent the network
300

from overfitting. We use L2 regularization of weights
with coefficient of 10−4 as well as dropout with a rate
of Pdrop = 0.4 before and after the last residual block
of the encoder.

4

EXPERIMENTS

4.1 Experimental Setup
Experiments were carried out on three publicly available face databases for fair comparison and the performance of the proposed method was extensively evaluated and compared with the state-of-the-art. Specifically, the selected MUCT (Milborrow et al., 2010) ,
BioID (Jesorsky et al., 2001) and Gi4E (Villanueva
et al., 2013) databases were widely used by wellknown in the literature eye center localization techniques while they were regarded as extremely challenging in terms of degradations. The images where
the face detector failed to detect the face due to extreme poses, were excluded for the experiments. The
MUCT database comprises 3755 color images of low
resolution (640 × 480 pixels) with frontal or near
frontal faces. These images include a wide variety
of degradations related to pose and lighting variations
as well as occlusions from hair, glasses and reflections. The BioID database consists of 1521 grayscale
images of low resolution (384 × 288 pixels) including 23 subjects taken at different times of the day
in different positions. This database is regarded a
one of the most challenging databases as it contains
wide scale and pose variations while many subjects
are wearing glasses or their eyes were closed or hidden by strong reflections on glasses. In order to explore the eye center localization task, 29 images that
contain totally closed eyes were manually removed.
The Gi4E dataset comprises 1380 high resolution
(800 × 600 pixels) color images of 103 individuals,
captured at indoor environment with illumination and
background variations. A variety of head poses and
gaze angles also resulted by asking the subjects to
look at specific points on their screen. Their head and
eye movements, the eyelid occlusions as well as the
lighting changes simulate realistic conditions for the
task of eye center localization.
The accuracy of the proposed technique and other
relative methods is evaluated adopting the normalized
error, which represents the worst eye center estimation of the two eyes.The normalized error (e) is defined as (Jesorsky et al., 2001):
e=

max{||ĈL −CL ||2 , ||ĈR −CR ||2 }
||CL −CR ||2

(11)
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Figure 3: Precise eye center localization results on MUCT (a), BioID (b) and Gi4E (c) databases.

where, ĈL , ĈR are the estimated left and right eye
center coordinates respectively, while CL , CR are the
manually labeled corresponding coordinates. The resulting accuracy is expressed as the percentage of the
eye center localizations that fall below the assigned
error threshold. Points with e ≤ 0.25 belong to a disk
area that extends from the eye center to the eye corners (lacrimal caruncle), points with e ≤ 0.1 belong
to the iris area while points withe ≤ 0.05 belong to
the pupil area.

4.2

localization accuracy of the proposed method even
under the fine level (e ≤ 0.05).

Experimental Results

The evaluation of the proposed method demonstrates
that it is highly accurate and robust under many challenging conditions including shadows, pose and scale
variations as well as occlusions by hair, glasses and
strong reflections (please see Figure 3).
The accuracy of the proposed method was evaluated adopting a 5-fold cross validation. This procedure refers to splitting the dataset randomly into five
(5) subsets and using each single subset for testing
and the remaining ones for training. The accuracy
curves representing the percentage of the eye center
localizations in respect to the corresponding normalized errors, were evaluated for each database and depicted in Figure 4. These curves reveal the enhanced

Figure 4: Accuracy vs. normalized error in all under comparison databases.

The proposed method was compared with the
state-of-the-art techniques and the results are presented in the sequel.
Table 1 contains the accuracy achieved by the
proposed method and the state-of-the-art rivals in
the MUCT database. It is evident that on the degraded images of this database, the proposed method
achieves an improvement of 1.25% in performance
over the best method.
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Table 1: Accuracy vs. normalized error in the MUCT database.

Method
DeepPupil Net
PupilTan2021 (Poulopoulos et al., 2021)
MFRST2017 (Poulopoulos and Psarakis, 2017)
Skodras2015 (Skodras and Fakotakis, 2015)
Timm2011 (Timm and Barth, 2011)
Valenti2008 (Valenti and Gevers, 2008)
Yang2004 (Yang et al., 2004)

Accuracy (%)
e ≤ 0.05 e ≤ 0.1 e ≤ 0.25
98.40
99.97
100
97.15
99.32
100
94.75
98.67
99.76
92.90
97.20
99.00
78.60
94.90
98.60
63.10
76.70
94.10
81.60
89.50
94.50

Table 2: Accuracy vs. normalized error in the BioID database.

Method
DeepPupil Net
PupilTan2021 (Poulopoulos et al., 2021)
Lee2020 (Lee et al., 2020)
Choi2020 (Choi et al., 2020)
Xia2019 (Xia et al., 2019)
Xiao2018 (Xiao et al., 2018)
Li2018 (Li and Fu, 2018)
Wang2018 (Wang et al., 2018)
MFRST2017 (Poulopoulos and Psarakis, 2017)
Cai2017 (Cai et al., 2017)
Anjith2016 (Anjith and Routray, 2016)

The performance of the proposed method in the
low resolution images of BioID face database is presented in Table 2 and compared with state-of-the-art
techniques. The superiority of the proposed method is
obvious in all error categories resulting an outstanding precision accuracy and an increment of 1.14%
higher than the best method.
In Table 3, the accuracy achieved by the proposed
method in Gi4E database is also shown. In this case,
due to the higher resolution images and absence of
strong degradations, we presented also the accuracies for the normalized threshold 0.025. Note that
the accuracies denoted with ∗ were estimated from
the accuracy curves. The proposed method not only
achieves almost perfect localization for every error
category, but also outperforms the state-of-the-art for
up to 5.37% for the case of e ≤ 0.025. Moreover, we
explored the impact of training the proposed method
on MUCT and testing on Gi4E database. In this case,
the accuracy decrease was less than 1%, achieving
99.05% and 99.91% for the cases of e ≤ 0.05 and
e ≤ 0.1 respectively, demonstrating robustness of the
proposed technique to unseen images. The above
mentioned results lead us to the conclusion of a significant improvement of the proposed method over the
state-of-the-art.
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Accuracy (%)
e ≤ 0.05 e ≤ 0.1 e ≤ 0.25
98.00
100
100
96.86
99.71
100
96.71
98.95
100
93.30
96.91
100
94.40
99.90
100
94.35
98.75
99.80
85.60
95.90
99.50
82.15
98.70
100
87.10
98.15
100
86.80
96.60
99.90
85.00
94.30
-

4.3 Ablation Study
In this section we analyze the impact of changing
the stages of the network architecture to the accuracy
and the processing time of the proposed method in
the BioID database. Each stage consists of a residual
block as well as the corresponding transposed convolutional block and the skip connection between them
(please see Figure 1). Specifically, as shown in Table
4, decreasing the network architecture to two stages
also leads to an accuracy decrease up to 3, 49%. However, the resulting network with only 0.43M parameters still provides comparable accuracy to the other
state-of-the-art methods. The optimum architecture
in terms of accuracy is the one with three stages and
thus it was selected for the experiments. Note that
the performance after adding more stages saturates.
Therefore, in terms of network complexity, DeepPupil Net contains only 1.65M parameters, which is
significantly reduced in comparison with other deep
networks. Specifically, the U-Net contains 7.7M parameters, while the architectures proposed in (Lee
et al., 2020) and (Choi et al., 2020) contain 13.6M
and 4.9M respectively only for the face detection and
glasses removal networks, without considering the
eye localization network. Moreover, the selected net-
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Table 3: Accuracy vs. normalized error in the Gi4E database.

Method
DeepPupil Net
Lee2020 (Lee et al., 2020)
Choi2020 (Choi et al., 2020)
Xia2019 (Xia et al., 2019)
Xiao2018 (Xiao et al., 2018)
Levinshtein2018 (Levinshtein et al., 2018)
Cai2018 (Cai et al., 2018)

Accuracy (%)
e ≤ 0.025 e ≤ 0.05
98.37
99.91
93.00?
99.84
90.40
99.60
70.00?
99.10
70.00?
97.90
88.34
99.27
85.70
99.50

e ≤ 0.1
100
99.84
99.84
100
100
99.92
-

Table 4: DeepPupil Net performance for different architectures in the BioID database.

Network Stages

Number of Parameters

Time

2
3
4

0.43M
1.65M
6.57M

13.2ms
15.0ms
18.0ms

work achieves real-time performance as it requires
only 15ms, in Matlab implementation, to process both
the eyes for every input image.

5

CONCLUSIONS

In this paper, the DeepPupil Net, a FCN that solved
in an accurate and robust manner the eye center localization problem is introduced. This network consists of an encoder-decoder based architecture and
was trained end-to-end to localize precisely the eye
centers even in the most challenging circumstances.
An extensive evaluation of the proposed method on
three publicly available databases demonstrated a significant improvement in accuracy over state-of-the-art
techniques. Moreover, due to its reduced processing
time, DeepPupil Net can be incorporated in low-cost
eye trackers, where the real-time performance is prerequisite.
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