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Abstract

Traditionally, appearance-based gaze estimation methods use statically defined face
regions as input to the gaze estimator, such as eye patches, and therefore suffer from
difficult lighting conditions and extreme head poses for which these regions are often
not the most informative with respect to the gaze estimation task. We posit that facial
regions should be selected dynamically based on the image content and propose a novel
gaze estimation method that combines the task of region proposal and gaze estimation
into a single end-to-end trainable framework. We introduce a novel loss that allows for
unsupervised training of a region proposal network alongside the (supervised) training of
the final gaze estimator. We show that our method can learn meaningful region selection
strategies and outperforms fixed region approaches. We further show that our method
performs particularly well for challenging cases, i.e., those with difficult lighting condi-
tions such as directional lights, extreme head angles, or self-occlusion. Finally, we show
that the proposed method achieves better results than the current state-of-the-art method
in within and cross-dataset evaluations.

1 Introduction
Appearance-based gaze estimation methods based on convolutional neural networks (CNNs)
have recently surpassed classical methods, particularly for in-the-wild settings [31]. How-
ever, they are still not suitable for high-accuracy applications. Current CNN-based methods
typically take either a single eye patch [5, 14, 25, 30, 34] or the eye region containing both
eyes as input [4, 18]. While these approaches are sufficient for cases in which the face is
mostly frontal and well lit, the question of which part of the image carries most of the in-
formation becomes important in uncontrolled settings with difficult lighting conditions and
extreme head pose angles [19, 32]. For example, attempting to crop the two-eyes from a
side-view or from an unevenly lit face is difficult at best and may result in non-informative
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Figure 1: We propose a novel gaze estimation method that dynamically selects regions ac-
cording to the properties of the input face image. Compared to selecting fixed eye regions
(left), our method can select regions which are more informative, adapting to changing visi-
bility and lighting conditions (right).

inputs (see Figure 1 for examples). Recent work has therefore proposed to leverage combina-
tions of two eye patches in a probabilistic fashion [3] or to use the full face either alone [32]
or in combination with eye patches [11].

We posit that the most informative regions in an image that is fed to a gaze estimator
should be selected dynamically based on the image content. To this end we propose a novel
gaze estimation method that combines the tasks of region selection and gaze estimation into a
single end-to-end trainable framework. To the best of our knowledge, this is the first method
that takes a dynamic region selection approach in the appearance-based gaze estimation task.
The key technical challenge in learning to select good regions for gaze estimation is the
mutual dependency between region selection and gaze estimation. For example, training a
network to select good regions can be guided by the final gaze estimation accuracy. However,
CNNs are usually sensitive to the type of images in the training data and typically do not
generalize well to out-of-distribution samples. Therefore, once a gaze estimator has been
trained with some hand-picked regions, a “better” crop may actually lead to reduced gaze
estimation accuracy.

To address this issue we propose a training procedure in which a Region Selection
Network (RSN) and the final gaze estimation network (gaze net) are trained in an alter-
nating fashion. First, we train the gaze net by feeding randomly selected regions from a pool
of potential region locations. Thus, the network learns to correlate input samples with gaze
labels without over-fitting to the particular type of regions cropped from the input image. We
then use this partially trained gaze net to train the RSN to select single or multiple regions
from the source image. This process is guided by a novel loss that aligns the probability of
picking a particular location with the gaze estimation error out of the gaze net. Once the
RSN is fully trained, we re-train the gaze net to learn to predict more accurate gaze estimates
given optimized region selections.

In summary, in this paper we contribute:

� A novel network architecture that combines a region selection and a gaze estimation
network to dynamically select informative regions for gaze estimation.

� A three-stage training strategy alongside a novel loss to guide the training of the RSN
module without the label.

� Experimental evidence that this approach leads to significant improvements compared
to our own baseline as well as state-of-the-art static approaches on within GazeCapture
and cross-dataset evaluations, particularly for challenging cases, e.g. difficult lighting
conditions, extreme head angles, self-occlusion.
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2 Related Work

Traditional approaches for remote gaze estimation often require specialised devices, use
hand-crafted features, or perform model �tting [2, 24]. In contrast, appearance-based meth-
ods learn mappings between holistic eye appearances and gaze labels [6]. Appearance-based
gaze estimation methods can take a variety of image patches as input. Most commonly a
single eye-patch input [14, 16, 17, 21, 22, 25, 26, 27, 28, 30, 34, 35], which allows for the
estimation of gaze from the left and right eyes of a person separately. Performance generally
improves when considering both eye regions simultaneously [3, 4, 8, 18] or use multiple
input regions, such as the two eyes alongside the face [4, 11]. However, it is unclear how to
best hand-craft these speci�c regions, and how many regions should be selected. As shown
in [3], some hand-picked regions may at times be unsuitable due to situational issues in il-
lumination condition, image quality, and occlusions. Their suggested solution involves a
separate evaluation network to select the better eye. Instead of hand-craft sub-regions, pre-
vious works also use the full-face input patches [9, 32] as single input. Such larger input
regions may include factors which distract from the main task of gaze estimation. Recasens
et al. [19] propose a model to learn the wrapping �eld that magni�es part of the input face
image to perform gaze estimation. This method can aid the network in focusing on more
important sub-regions. However, such magni�cation may destroy the geometry layout of
the face which is critical for gaze estimation task. We propose a fully learning-based region
selection framework for full-face appearance-based gaze estimation which only depends on
the input face image. Our contribution eliminates the need to hand-craft the position of input
regions, for gaze estimation networks.

Many attention mechanisms have been proposed for various computer vision tasks to at-
tend to certain spatial regions. Recurrent neural networks are used to locate important regions
for single object classi�cation [15] with extensions to multiple objects [1], and dynamic
decision on the RNN sequence length [13]. NTS-Net [29] employs a localization network
(“Navigator”), and a classi�cation network (“Scrutinizer”) for the task of object classi�cation
where a “Teacher” network enforces ranking consistency between the Navigator-predicted
informativeness of regions and the classi�cation output of the Scrutinizer. In our setting,
since gaze estimation is a regression task instead of classi�cation,gaze netis sensitive to
its input and cannot output the reasonable gaze estimation accuracy for the region it has not
seen yet. Thus,RSNcannot use thegaze netnet accuracy as a supervision signal. We solve
this challenge with a three-stage training strategy, where thegaze netis �rst trained with
random regions to act as a teacher network to theRSN.

3 Method

Most existing multi-region gaze estimation methods use image patches of the left and right
eye as input [4, 11, 18]. We argue that in many cases the most informative sub-region of
the face should be located dynamically based on head-pose, lighting and other extraneous
factors (cf. Figure 1). As illustrated in Figure 2, the proposed method consists of two main
components:RSNandgaze net. TheRSN�rst takes a face image as input, from which it
dynamically selectsM regions based on a location pool. The goal of this sub-network is to
identify the regions that are best suited for the task of gaze estimation. Thegaze netthen uses
the selected regions together with a region grid that indicates the region's original location
as features for gaze estimation. A subset of the general population exhibits non-agreeing
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Figure 2: Method Overview. TheRSNtakes face image as input and outputs an index for the
location pool. This location index is then mapped to a pixel location in the face image from
which a surrounding region is cropped. Thegaze nettakes the cropped region image and the
corresponding region grid as inputs. We extract features from the crop and the region grid
and concatenate them. The combined feature vector is fed into three fully-connected layers
to estimate a 2D gaze directionggg.

gaze directions from two eyes. Therefore, thegaze netcan also take the full-face image as
an additional input to improve performance in such cases.

One of the main dif�culties in this approach is in designing an effective training proce-
dure for theRSN. The reasons for this dif�culty are two-fold. First, deciding which pixels
are the most informative for gaze estimation task is a hard task even for a human annotator
and hence there is no straightforward path to a fully-supervised scheme. Second, thegaze
netaccuracy cannot be directly used as a supervision signal toRSN, since theRSNwill eas-
ily get stuck in local minima as it would �rst have to select regions that have higher gaze
estimation errors than those on which thegaze netwas originally trained. To alleviate these
issues, we propose a strategy to �rst train thegaze netwith randomly cropped image regions
and use it as an imperfect but fair evaluator of candidate regions. In the following sections,
we describe the details of our network architecture and the necessary training procedure.

3.1 Network architecture

Region Selection Network (RSN)We formulate the task of theRSN(denoted as a function,
S) as a classi�cation task, where the most appropriate location of one or more (M) �xed-size
regions must be selected based on a pre-de�ned location pool. The location pool includes
discrete locations denote the center of a potential region inside the input image. The number
of candidate locationsK in the location pool de�nes the search space of theRSN.

The RSNtakes an input imageIII with 224� 224 pixels as input and outputs a matrix
of dimensionalityM � K (in our experimentsM < 4). Each elementpmk represents the
probability of selecting thek-th location as them-th region. The �nal location index for
them-th region is determined aŝkm = argmaxj2f 1;:::Kg pm j, which is used to crop the input
image to yieldIIIsub. The whole process can be written asIIIsub= S(III ). We compute the joint
probability of allM regions asp = ÕM

m= 1 pm:
For training ef�ciency, we de�ne the location pool to be a set of 7� 7 = 49 uniformly

distributed locations. We set the size of all regions to be roughly the size of one eye as 0.3
times the original face image size results in 68� 68 pixels. The pre-de�ned location pool
and the �xed region size constrain the search space of theRSNwhich drastically improves
training convergence.



ZHANG, SUGANO, BULLING, HILLIGES: REGION SELECTION FOR GAZE ESTIMATION 5

Figure 3: Training process forRSN. Thegaze nettakes the regions estimated by theRSNand
outputs a gaze direction vectorgggs. Thegaze nettakes region according to a random selection
from the location pool and outputs gaze direction vectorgggr . The gaze estimation error ofgggs
andgggr are then used to calculate the location lossL sel to updateRSN.

Gaze net The gaze net Gaccepts multiple regionsIIIsub and corresponding region grid as
input and outputs a two-dimensional gaze directionggg000= G(IIIsub). All input region are re-
sized to 224� 224 pixels and are passed through the convolutional layers of one ResNet-18
networks. Note the channel numbers of the �rst convolutional layer is modi�ed to accept
multiple input images. To denote the region's original location in the input image we pass
a region grid to thegaze net. The size of the region grid is 28� 28 pixel with mostly zeros
values except a 8� 8 patch indicating the region's location. The region grid passes through
two convolutional layers and two max-pooling layers which results in a 5� 5� 50= 1;250-
dimensional feature vector. The features from each region are concatenated and then fed
into one fully-connected layer to output the �nal gaze direction estimateggg = ( f ;q). f and
q represent yaw and pitch rotation angles in the spherical coordinate system.

After experimentally validating several CNN architectures including AlexNet [12] and
InceptionNet [23], we use ResNet-18 [7] for bothRSNandgaze netarchitectures with min-
imal modi�cations such as de�ning the �nal output dimensionality.

3.2 Training procedure

First, to train the network we propose a novel three-stage training strategy, thegaze netis
trained by randomly selecting locations from the location pool to crop regions and evaluate
the gaze estimation lossL gaze. Training with random crops prevents over�tting to a partic-
ular type of region. Assuming there areN training samples and we have ground-truth gaze
direction vectorsgggi for thei-th sample, the gaze estimation lossL gazeis given by

L gaze=
1
N

N

å
i= 1

�
�gggiii � ggg000

iii

�
� : (1)

Since this is a fully-supervised procedure, it can be assumed that the attained gaze estimation
accuracy is a good proxy for the utility of the region.

Second, we leverage this assumption to train theRSNbased on the gaze estimates of the
initial gaze net. As shown in Figure 3, for this purpose we evaluate two different sets of
regions in the forward pass. We use regionsIIIs

sub proposed by theRSN, and another set of
randomly selected regionsIII r

sub at different locations. Thegaze netoutputs gaze direction
vectorsgggs andgggr for regionsIIIs

sub andIII r
sub, respectively.

We denote the probability of selectingIIIs
sub and III r

sub estimated by theRSNas ps and


