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Abstract—Gaze tracking is widely used in driver safety 

driving, visual impairment detection, virtual reality, human 
robot interaction, and reading process tracking. However, 
varying illumination, various head poses, different distances 
between human and cameras, occlusion of hair or glasses, and 
low quality images, pose huge challenges to accurate gaze 
tracking. In this paper, based on binocular feature fusion and 
convolution neural network (CNN), a novel method of gaze 
tracking is proposed, in which local binocular spatial attention 
mechanism (LBSAM) and global binocular spatial attention 
mechanism (GBSAM) are integrated into the network model to 
improve the accuracy. Furthermore, the proposed method is 
validated on the GazeCapture database. In addition, four groups 
of comparative experiments have been conducted: between 
binocular feature fusion model and binocular data fusion model; 
among the local binocular spatial attention model, the local 
binocular channel attention model and the model without local 
binocular attention mechanism; between the model with 
GBSAM and that without GBSAM; and between the proposed 
method and other state-of-the-art approaches. The experimental 
results verify the advantages of binocular feature fusion, 
LBSAM and GBSAM, and the effectiveness of the proposed 
method. 
 

Index Terms—Gaze tracking, attention mechanism, feature 

 
 
 

fusion, CNN  

I. INTRODUCTION  
AZE tracking is widely used in driver safety driving[1], 
visual impairment detection[2], virtual reality[3], human 

robot interaction[4] and reading process tracking[5]. However, 
accurate gaze tracking is a challenging task. On the one hand, 
when the distance between the person and the camera 
becomes longer, the image resolution will decrease, and the 
important information contained in the image will also 
decrease, which shows that it is undoubtedly difficult to track 
the gaze in low-quality images [6]. On the other hand, due to 
the influence of light changes, head pose changes, hair or 
glasses occlusion or other factors, it brings challenges to 
accurate gaze tracking [7]. Therefore, how to accurately carry 
out gaze tracking in low quality images with variable 
illumination and pose is a issue to be addressed. In view of 
this, the methods of gaze tracking are studied. Besides, 
because the attention mechanism is conducive to the 
extraction of useful important information, it is conductive to 
improving the performance of gaze tracking. Therefore, the 
attention mechanism is also studied. 

A. Gaze Tracking Related Work 
Gaze tracking approach can be classified into feature 

regression-based one, model-based one and appearance-based 
one.  

In the method based on feature regression, some features 
need to be explicitly extracted, and polynomial is normally 
used to fit the relationship between the features and gaze 
points. Then by multiple groups of known features and their 
corresponding gaze points, the parameters in the polynomial 
are determined by regression method. Finally, the gaze points 
can be predicted by the features and the polynomial. Zheng et 
al. adopt the regression based approach to determine the 
correspondence between head pose and gaze direction by 
second-order polynomial fitting, and obtain the gaze by head 
pose[8]. 

In the model-based method, the 3D geometric model of the 
human eye needs to be established, and the relevant 
parameters in the model need to be determined by calibration, 
and then the gaze point is obtained by the model. Mora et al. 
adopt the model-based method to deal with the head pose and 
gaze direction under the universal framework, and conduct 
semantic segmentation for the eye image, which has certain 
adaptability to different conditions [9].  

The above two methods require higher image quality, so it 
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is difficult to accurately locate the gaze when the distance 
between the person and the camera is far or the resolution of 
the camera is low. Thus, the appearance-based method 
attracts more and more researchers. 

In the appearance-based method, the image is taken as the 
input and the gaze as the output. The relationship between the 
image and the gaze is determined by learning. Compared with 
the former two methods, in the appearance-based approach, 
the features will be automatically extracted during the 
training process. Moreover, there is no need to explicitly 
establish the model, and no calibration is required. 
Furthermore, the method is based on an end-to-end 
connection, which has obvious advantages for low quality 
images. The appearance-based method commonly includes 
adaptive linear regression [10], support vector machine [11] 
and convolution neural network (CNN). Among of them, 
CNN simulates the neural network of human brain, which has 
certain adaptability to the environment due to its learning 
ability. Moreover, the same neural network can achieve 
different functions due to the different learning contents. In 
addition, CNN has a certain nonlinear mapping capability, 
and the relationship between its input and output can be 
determined without explicit modeling, which can simplify the 
design of the gaze tracking system in a sense. In view of the 
above advantages of CNN, its application has become more 
and more extensive in recent years, and many CNN-based 
methods have emerged in gaze tracking.  

The methods of gaze tracking with CNNs can be divided 
into three categories. One is to capture the face image with 
the built-in camera on a phone or a tablet. The output of the 
network model is a 2D gaze point on the screen. The second 
type is to use the webcam on a laptop or a desktop computer 
to capture the face image. The output is the 3D gaze direction 
converted from the gaze point on the screen. The third 
category is to use a mobile phone to take the image in the 
natural scenes. The output is the position of the gaze point in 
the image.  

The methods in [12] and  [13] belong to the first category. 
Krafka, K. et al. [12] adopt AlexNet network framework [14], 
in which left and right eyes images, face grid, and face image 
are taken as input, and the gaze point as output, to carry out 
gaze tracking on mobile phones. Without image augmentation 
or calibration, the test error on the cellphones is 2.04 cm, and 
that on the tablets computer is 3.32 cm. In the entire 
GazeCapture database, 85% of the images are captured with 
the cellphones, while the remaining 15% are taken with the 
tablets. The test errors on the cellphones and on the tablets are 
multiplied by their respective percentages to obtain the 
average test error in the whole database. By computing, the 
average test error on the whole GazeCapture database [12] is 
2.23 cm. When the training and test samples are augmented, 
the test errors on the mobile and tablet are 1.77 cm and 2.83 
cm respectively, and the average test error on the whole 
database is 1.93 cm. Similar to [12], in [13], AlexNet is 
replaced by three ResNet-18 [15], in which a higher accuracy 
is obtained on the 15,000 samples of the GazeCapture 
database [12] .  

The approaches in [16], [17], [18] and [19] belong to the 
second type. In [16], two CNNs are employed to learn the 
head pose and the gaze direction in the head coordinate 
system respectively, and then they are fused by a gaze 
transformation layer to predict the gaze in the camera 
coordinate system. On the MPIIGaze database [20], the 
prediction error reached 5.6° on the lightweight AlexNet 
network and 4.3° on a deeper BN-Inception network [21]. In 
[17], left and right eye images and head image are used as 
input, and three VGG-16 networks are used for learning 
respectively. On this basis, binocular feature spectrum weight 
learning module is added to model in order to solve the 
problem of binocular asymmetry. Cross-validation test is 
conducted on the MPIIGaze database, and the average angle 
error is 4.742°. In [18], two networks of AR-net and E-Net are 
designed to predict the 3D gaze direction. The input of the 
former network is left eye and right eye images and head pose 
vector, and that of the latter is left eye and right eye images. 
The output of the former is 3D gaze direction, and that of the 
latter is the probability of the influence of left and right eyes 
on gaze. The loss functions in the two networks are coupled 
and correlated to reduce the influence of binocular asymmetry 
on gaze accuracy. Training is performed on the UT Multiview 
database, and cross-database cross-validation is performed on 
the MPIIGaze and EYEDIAP databases. In addition, multiple 
cameras are adopted in the appearance-based method in [19], 
in which multi-task learning method is used. Eye images on 
MPIIGaze and ShanghaiTechGaze databases are taken as the 
input, ResNet-34 residual neural network and feature fusion 
network are used for learning. Meanwhile, gaze direction and 
gaze point are taken as the output. The gaze estimation error 
on the MPIIGAZE database is 4.55°. 

The [22], [23] and [24] can be classified as the third one, 
which are suitable for gaze tracking in natural scenes. In [24],  
the main branch is the cascade one of face image and head 
position, the original image branch is the weight one. In the 
two branches, the CNNs with residual blocks are adopted. 
Then they are multiplied element by element to give 
prominence to more important information affecting gaze. In 
the end, the fully connected layer (FC) is used to obtain the 
2D gaze point. The description of the methods in [22] and [23] 
can be found in [24]. 

The proposed method belongs to the first class. The image 
are captured with the mobile device. Furthermore, the image 
is that of the frontal face with left and right eyes. The output 
of the model is the position of the gaze point on the screen of 
the mobile device. 

B. Attention Mechanism Related Work 
Because context information is easily discovered by human 

attention mechanisms, and important features can be 
extracted by paying more attention to useful information, 
attention mechanism is now widely used. 

In the aspect of detection, Li et al. propose a HAR-Net for 
object detection, in which a mixed attention learning method 
with three attention mechanisms (channel attention, spatial 
attention and aligned attention) is used [25]. Zhao et al. apply 
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attention mechanism into saliency detection [26]. The channel 
attention mechanism is adopted in the high-level feature 
branch, and the spatial attention mechanism is employed in 
the low-level one. Finally, the two branches are integrated to 
achieve saliency detection. 

On the recognition side, Yan et al. add two extra branches 
on the basis of the original main branch, in one of which the 
scene-level attention is used to obtain the global context 
information; in the other of which the region-level attention is 
adopted to obtain the local context information. Finally, the 
three branches are combined to identify the action [27]. For 
the recognition of facial expression, Li et al. apply attention 
mechanism to extract more important features, so as to 
improve the accuracy of expression recognition [28]. Jiao et 
al. apply the attention mechanism into pedestrian 
re-identification, and the whole network is divided into three 
branches: the main one which is the global characteristic 
branch, the local feature one in which a region-level attention 
mechanism is adopted to obtain local features, the fine feature 
one in which the pixel-level attention mechanism is used to 
achieve more fine-grained information and reduce the error of 
regional attention [29]. Furthermore, attention mechanism is 
also used in target recognition in visual navigation of 
industrial robots [30]. 

In terms of segmentation, Pei et al. apply attention 
mechanism into the segmentation of colorectal tumor, and add 
a dual attention module between encoder and decoder to 
obtain more context information from the deep network, thus 
solving the difficulties of segmenting irregular colorectal 
tumor [31]. Zhou et al. take four multimodal MRI images as 
input, and obtain the characteristic representation of each 
modal by four encoders respectively. Then, the most 
important and useful features are extracted by the spatial and 
channel attention modules, and then the fusion is carried out. 
Finally, the decoder module is adopted to obtain the 
segmentation of brain tumor [32]. 

In other aspects, Chu et al. apply attention mechanism to 
human pose estimation, and adopt the holistic attention 
module which pays attention to the overall consistency of 
human body and the local attention module which pays 
attention to different body parts [33]. Zhang et al. employ the 
face image as the input of network, and the spatial weight 
module is adopted after the AlexNet network, and finally the 
FC layers are used to estimate the gaze [34]. In the spatial 
weight module, the spatial attention mechanism is adopted. 
Because different regions of the face image are of distinct 
importance to the gaze, the spatial weight module is used to 
distinguish them, which improves the accuracy of the gaze 
tracking. In addition, attention mechanism is also applied to 
sentiment analysis [35], semantic matching in community 
question and answering systems [36], and video captioning 
[37]. 

C. Main Contributions of the Paper 
In order to effectively and accurately track the gaze in 

low-quality images, a gaze tracking method based on CNN is 
proposed, in which binocular feature fusion and spatial 

attention mechanism (SAM) are adopted. The main 
contributions of the paper are summarized as follows. 
1) The asymmetry of binocular image quality caused by 

illumination and occlusion affects the accuracy of gaze 
tracking. To this end, the local binocular spatial attention 
mechanism (LBSAM) is adopted, which is used to 
distinguish the importance of different regions of the two 
eyes, in order to improve the accuracy of gaze tracking. 

2) The method of global binocular spatial attention 
mechanism (GBSAM) is proposed, and the cascaded 
branch of face image and head position is spatially 
weighted by the binocular images branch, which 
effectively improves the accuracy of gaze tracking. 

3) The mechanism of binocular feature fusion is adopted. 
The comparison experiment between the models with 
binocular feature fusion and with binocular data fusion is 
conducted, which verifies the former is superior to the 
latter. 

In addition, a comparative experiment is conducted on the 
LBSAM and the local binocular channel attention mechanism 
(LBCAM), which verifies the advantages of the LBSAM. 

The remaining sections are arranged as follows. In Section 
2, the proposed gaze tracking method is introduced, including 
binocular feature fusion and data fusion mechanism, LBSAM 
and GBSAM. In the third section, the database and evaluation 
metric, implementation details, comparative experimental 
results of various models (including binocular fusion 
mechanism, local and global binocular attention mechanism). 
The discussions are presented in Section 4. The conclusion 
and future work are given in Section 5. 

 

II. PROPOSED GAZE TRACKING METHOD 
In the proposed gaze tracking method, the ResNet-50 CNN 

is used as the basis, and the feature fusion mechanism is used 
to fuse the features of both eyes. In addition, the SAM is 
integrated into the network model. The LBSAM and the 
GBSAM are used to improve the accuracy of gaze tracking. 

A. Proposed Gaze Tracking Approach 
The overall framework of the proposed gaze tracking 

approach is shown  in Fig. 1.  

 
The “C” in the circle in Fig. 1 represents cascade. The 

numbers at the arrows indicate the number of output feature 

Fig. 1. The overall framework of the proposed gaze tracking approach 

Right
Eye

Image

ResNet
CNN

Left
Eye

Image

ResNet
CNN

C

Spatial Attention Module

FC

1*1Conv
+ReLU

1*1Conv
+ReLU

1*1Conv
+ReLU

ResNet
CNN

Gaze
FCFC

FC FC
256 128

CFC FC
128 64 128Face

Image

Face
Grid

128

128

Element-wise
Multiplication

4096

40964096 4096

1

2048

2048

2048 192



 4 

layers. The whole gaze tracking system can be divided into 
two branches, the one of which located in the lower part is the 
main branch, and the other of which in the upper part is the 
binocular weight branch. In the main branch, firstly the 
ResNet CNN is used to extract the feature from the face 
image, and then the FC layers are adopted to reduce 
dimension. Meanwhile, face grid representing head position is 
also taken as the input, and then the dimension is reduced by 
the FC layers. After that, they are cascaded to obtain the 
output of the main branch. While, in the binocular weight 
branch, the left and right eyes are first cascaded by the 
ResNet CNN to realize the binocular feature fusion. Then the 
LBSAM is adopted to solve the problem of binocular 
asymmetry caused by varying illumination, specular 
reflection and occlusion, so as to enhance the accuracy of 
gaze tracking. Furthermore, when the image quality is poor, 
some useful information of the face image will be lost, 
resulting in the decline of the gaze tracking accuracy. 
However, the binocular images contain more useful 
information related to the gaze and can better show the details 
of the gaze. Therefore, the GBSAM is proposed, in which the 
two outputs from the main branch and the binocular weight 
branch are multiplied element by element. In doing so, the 
important regions that can reflect gaze in the main branch are 
highlighted, so as to effectively improve the performance of 
gaze tracking. Finally, the gaze point is obtained after 
dimensionality reduction by the FC layer. Next, the fusion 
mechanism, local binocular attention mechanism and 
GBSAM are elaborated in detail.  

B. Binocular Fusion Mechanism 
In CNN-based methods, there are two common fusion 

methods: one is data fusion, the other is feature fusion. In this 
paper, the binocular feature fusion method is adopted, in 
which the position and pose features of double eyes are 
extracted by two ResNet CNNs respectively. Then they are 
fused, as shown in a) of Fig. 2. In the binocular data fusion 
method, left eye and right eye images are cascaded, and then 
feature extraction is carried out by the ResNet network, as 
shown in b) of Fig. 2. 

 
In the method based on binocular data fusion, the binocular 

data are cascaded together for processing, which ignores the 
difference between the two eyes. By contrast, in the method 
based on binocular feature fusion, the left and right eye 
images are processed separately, which highlights the 
difference in the details of the left and right eyes, so that the 
accuracy of gaze tracking is higher. In the latter section, the 
comparative experiments between the two fusion methods are 
carried out to verify the advantages of the feature fusion 

mechanism. 

C. Local Binocular Attention Mechanism 
 Affected by illumination, occlusion, specular reflection 

and other factors, the quality of binocular images may be 
different, leading the problem of binocular asymmetry, which 
makes the influence of both eyes on gaze tracking different. 
Besides, due to the influence of noise and interference, 
different regions of eyes have different effects on gaze 
tracking. In order to reflect the different importance of both 
eyes for gaze tracking, local binocular attention mechanism is 
adopted. There are two attention mechanisms that can be 
adopted, one is spatial attention mechanism, and the other is 
channel attention mechanism. 

1) Spatial Attention Mechanism (SAM): As shown in Fig. 1, 
the part in the dotted box is the spatial attention module. The 
input of the module is the feature map obtained by binocular 
feature fusion. Then it is divided into two branches, the lower 
branch is the input feature maps. The above branch, which is 
composed of three 1 × 1 convolution and ReLU activation 
functions, produces the weight maps. The number of feature 
maps output by the first two convolution remains unchanged, 
and that output by the last convolution is reduced to one. 
After that, the number of weight maps is extended to be the 
same as that of the input feature maps, and the weight of each 
output channel is the same, so that each channel of output 
weight maps corresponds to that of the input feature maps. 
Only the weights corresponding to different regions in each 
channel of the input feature maps are different. Then the 
feature maps and the weight maps are multiplied element by 
element to produce the output, which makes the regions 
greatly affecting the gaze direction given higher weights in 
order to differentiate the importance of different regions. In 
addition, the ReLU activation function increases the 
nonlinear expression ability of the model. 

It can be seen that the binocular local spatial attention 
model has the following advantages. On the one hand, 
different regions of binocular feature maps are enhanced or 
suppressed by the generated spatial weight, which weakens 
the influence of noise and interference in binocular image on 
gaze tracking. On the other hand, the importance of two eyes 
is implicitly distinguished by the spatial weight module, 
which alleviates the problem of binocular asymmetry and 
boosts the accuracy of gaze tracking. 

2) Channel Attention Mechanism (CAM): The channel 
attention mechanism is adopted in the SENet module, as 
shown in Fig. 3.  

 
Similarly, the input of this module is still the feature maps 

after binocular feature fusion. The difference is that the 

 

Fig. 2. Binocular fusion method 

Right Eye
Image

ResNet
CNN

Left Eye
Image

ResNet
CNN

C C
ResNet
CNN

a) Feature Fusion b) Data Fusion

Right Eye
Image

Left Eye
Image

 

Fig. 3. Channel attention module 

Global
Average
Pooling

FC+
ReLUGAP FC+

Sigmoid
Input

Output

c h w´ ´ 1 1c´ ´ 1 1
4
c´ ´

1 1c´ ´

c h w´ ´
Scale



 5 

weight channel consists of global average pooling (GAP), FC 
layer, ReLU, FC layer, and Sigmoid. Firstly, the GAP 
operation is used to compress the features, and each feature 
channel is compressed into a real number, as shown in the Fig. 
3. Then the dimension is reduced to 1 / 4 of the original by the 
FC layer. After that, the dimension is increased by a FC layer 
and transformed into the original one. The ReLU nonlinear 
activation function is added in the middle of the two FC 
layers, which can properly fit the complicated correlation 
between different channels and improve the nonlinear 
adaptability of the model. Then, the weights of c channels are 
generated by Sigmoid activation function, which are 
normalized weights between 0 and 1. Finally, by the scale 
operation, the input binocular feature maps are weighted 
channel by channel, and different weights are given to 
different feature channels, so as to improve the performance 
of gaze tracking. 

D. Global Binocular Spatial Attention Mechanism (GBSAM) 
 In addition to the local binocular attention mechanism, the 

GBSAM is also used. In order to explain the strategy more 
clearly, the model without GBSAM is shown in Fig. 4. The 
upper part is still the binocular feature branch, and the lower 
part is still the main branch with the face grid and face image 
as input. The difference is that in the model without GBSAM, 
the main branch and binocular feature branch are connected 
in a cascade way. In the model with GBSAM (shown in Fig. 
1), the two branches are connected by multiplying element by 
element. 

The face image contains the information of face pose, eye 
position and eye pose. Moreover, the face grid contains the 
information of head position and head size. Thus, the main 
branch after cascading these two parts contains the complete 
gaze information. While, the left eye and right eye images 
contain the more detailed information of the eye position and 
eye pose, and are an important factor to reflect the gaze. With 
GBSAM, the main branch is weighted by binocular feature 
branch, which makes the important regions affecting the gaze 
direction given more weights, so as to effectively enhance the 
accuracy of gaze tracking. 

 
 

III. DATABASE AND PERFORMANCE EVALUATION 

A. Database 
In order to better verify the algorithm, we need to select the 

appropriate database. The selected database should be as 
close as possible to the real world with a variety of 
illuminations and various poses. Here we choose the large 
public database of GazeCapture. Besides, since we aim at the 
samples with face and eye images, we extract the samples in 
which the face and eye can be effectively detected from 
GazeCapture database, with a total of 1471 folders and 
1490959 frames face images. Because the more samples, the 
longer it takes to train and test. The GazeCapture database 
contains a large number of samples. In order to save time, 
some samples are extracted to conduct comparative 
experiments on different models. As we know, the more 
samples, the better the performance of the model. Thus, 
reducing the number of samples generally makes the 
performance of the model degraded. However, because their 
changing trends are consistent, it does not affect the 
comparison and verification of various models. Here, the first 
150,000 samples on GazeCapture database are selected for 
comparison experiments on different models, including 
127,757 training samples, 15,742 test ones, and 6,501 
validation ones. Finally, all 1490959 valid samples are 
adopted to test the proposed approach, including 1251983 
training samples and 179496 test samples. The model is 
trained with the training samples, and tested with the test 
samples to get the test error. Furthermore, the advantages and 
effectiveness of the proposed method are verified by 
comparing with the other existing advanced methods. 

B. Implementation Details and Evaluation Metrics 
The algorithm is based on Pytorch framework. The Adam 

optimizer [38] with L2 regular term is adopted. The samples 
are fed into the network model in batches for training, so as to 
improve the efficiency of the algorithm with less loss of 
accuracy. In addition, limited by computer hardware 
resources, the batch size used here is set to 60. 

1) loss Function: The loss function is the mean square error 
between the estimated gaze points and the target ones, which 
can be expressed as 

   (1) 

where w is the weight, m is the number of training samples, x 
is the input,  is estimated gaze point by the neural 
network, and g is the target gaze point. Then the updated 
weight can be calculated by 

   (2) 

where  is the learning rate, which is set as 0.0001.  
2) Regular Term to Prevent Overfitting: In order to prevent 

overfitting, L2 regular term is added to the loss function. 
Then the new loss function can be written as 
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   (3) 

where  is the weight attenuation coefficient, which is set as 
0.0001. Then the updated weight can be calculated by 

   (4) 

where the descending gradient is given by 

 .  (5) 

When the weight is small, the complexity of the model is low 
and the fitting effect is good. When the weight value 
increases, the complexity of the model increases, which easily 
leads to overfitting. By means of weight attenuation 
coefficient, the weight is limited, thus preventing overfitting. 

3）First and Second Order Momentum Terms to Adaptively 
Adjust the Learning Process: The first order momentum term 
can be expressed by 
   (6) 
where  is the momentum coefficient. The added 
momentum term is the product of the momentum coefficient 
and the last updated gradient descent result. When the current 
gradient descent direction is the same as the last one, the 
momentum term accelerates the gradient descent. On the 
contrary, it slows down the gradient descent. On this basis, in 
order to reduce the impact of data fluctuations, a smooth 
momentum term is used here, which can be written as 
   (7) 

where  is the momentum coefficient, which is set to 0.9 
here. 

Furthermore, the second momentum term is adopted, 
which can be expressed as   
  (8) 

where the coefficient  is set to 0.999. Then the weight 
update formula can be rewritten as 

 . (9) 

In order to prevent the denominator from being zero, a small 
value ε is added to the denominator. The value of ε is set to 
1e-8 here. It can be seen from formula (9) that the new 

learning rate is equivalent to . After introducing the 

second order momentum term, the faster the parameter 
changes, the smaller the learning rate is, and vice versa. It is 
obvious that the second order momentum term can adaptively 
regulate the learning rate. In addition, because the initial 
values of first and second momentum terms are 0, they are 
very small and close to 0 at the beginning of training. In order 
to overcome the problem, they are modified as  

 ,   (10) 

 .   (11) 

The final gradient update formula is 

 .  (12) 

To sum up, according to the six formulas of (5), (7), (8) and 
(10) - (12), the Adam algorithm with L2 regular term is 
obtained, which is the optimization method adopted here. 

4）Evaluation Metric: The test error is taken as the 
evaluation metric. It is the mean value after the root of the 
square sum of error between the estimated gaze point and the 
target one, which can be expressed by 

   (13) 

where  is the estimated gaze point. The gaze point here is 
the position in the camera coordinate system. The test 
samples are used to verify, and the test error is calculated to 
evaluate the performance of the models. 

C. Performance Comparison of Different Models 

1）Comparison of Binocular Data Fusion and Feature 
Fusion Models: Binocular data fusion and feature fusion 
models are compared. The GBSAM and LBSAM are not 
adopted here, that is to say, the binocular feature fusion model 
is to the one that remove the spatial weight module in the 
dotted box in Fig. 4. The binocular data fusion model is 
obtained by replacing a) with b) in Fig. 2. In order to save 
training and testing time, the first 150,000 samples in 
GazeCapture database are selected for the experiment, and 
the comparison results of binocular data fusion and feature 
fusion models are shown in Table I.  The initials are usually 
used as abbreviations. However, the first letter of Feature 
Fusion is repeated, which is easy to be confused. In addition, 
Fusion and Integration have the similar meaning, so the 
initials of Integration are chosen instead of Fusion as the 
abbreviation here. Thus, Data Fusion is abbreviated as DI and 
Feature Fusion as FI. 

TABLE I 
COMPARISON OF BINOCULAR DATA FUSION AND FEATURE FUSION MODELS  

Fusion method Test Error (cm) 
Data Fusion (DI) 2.5864 
Feature Fusion (FI) 2.4255 

 
It can be seen that the test error of the model with binocular 

feature fusion is smaller than that with binocular data fusion, 
which indicates the advantages of the feature fusion. 

2）Comparison of  Different Local Binocular Attention 
Models: In order to compare the local binocular attention 
models, comparative experiments are carried out on the 
models without local binocular attention mechanism, those 
with LBSAM, and those with LBCAM. At the same time, the 
two methods of binocular data fusion and feature fusion are 
adopted. The error comparison of different local binocular 
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attention models is shown in Table II, and the test error 
histogram is shown in Fig. 5. In the second column of Table II, 
N represents the model without local binocular attention 
mechanism, CA represents the one with LBCAM, and SA 
represents the one with LBSAM. The first three rows in the 
table are the models using data fusion, and the last three rows 
are those using feature fusion. The test errors of the models 
without GBSAM and with GBSAM are shown in the third and 
the forth columns, respectively. 

TABLE II 
ERROR COMPARISON OF MODELS WITH DIFFERENT FUSION METHODS AND 

LOCAL BINOCULAR ATTENTION MECHANISM  
Fusion  
method 

Local binocular 
attention mechanism 

Test Error (cm) 
without GBSAM 

Test Error (cm) 
with GBSAM 

DI N 2.5864 2.5347 
DI CA 2.5577 2.5255 
DI SA 2.5249 2.4869 
FI N 2.4255 2.3839 
FI CA 2.3920 2.3522 
FI SA 2.3831 2.3306 

 
By comparing the results of the last three rows in the table, 

it is obvious that the model without local binocular attention 
has the worst performance, followed by the one with LBCAM, 
and the one with LBSAM has the best performance. The same 
conclusion can be drawn by comparing the first three rows in 
the table. These results verify the advantages of LBSAM. 
Furthermore, in the first three rows of data fusion and the last 
three rows of feature fusion models, those with the same local 
binocular attention mechanism are compared. It is clear that 
the performance of the models with binocular feature fusion is 
better than that of those with data fusion, which is the same as 
the conclusion in the previous section. In conclusion, the 
model with binocular feature fusion and LBSAM has a better 
performance, which shows their superiority. 

3）Comparison of the Models with GBSAM: In order to 
further enhance the accuracy of gaze tracking, on the basis of 
binocular feature fusion and LBSAM, the GBSAM is adopted. 
The model is shown in Fig. 1. The bottom branch, in which 
the face grid and the face image are taken as the input, is the 
main one of gaze tracking. The upper branch, in which the 
binocular images are taken as the input, is the weight one, 

which contains finer gaze information. The importance of the 
main branch is distinguished by the weight branch to obtain 
more accurate gaze direction. In order to verify the effect of 
the GBSAM on the performance of the model, the GBSAM is 
added to all the models in the previous section. Their test 
errors are shown in the last column in Table II, and the 
histogram is shown in orange color in Fig. 5.  

It can be seen that the performance of binocular feature 
fusion is better than that of binocular data fusion. At the same 
time, the performance of the model with local LBSAM is 
better than that of the one with LBCAM, which is completely 
consistent with the conclusions in the previous section. In 
addition, it can be seen from Fig. 5 that the performance of 
the model with GBSAM is better than that of the one without 
GBSAM, which verifies the superiority of the GBSAM. The 
proposed model is shown in the last cell of Table  II. It can be 
seen that the model with binocular feature fusion, LBSAM 
and GBSAM has the smallest test error and the best 
performance. 

D. Performance Comparison with Other Gaze Tracking 
Methods 

In order to further verify the effectiveness of the proposed 
approach, it is compared with other advanced approaches. 
The methods in [34] and [13] are re-implemented, and some 
relevant other comparative experiments are also conducted. 
They are all trained and tested on the first 150,000 samples of 
GazeCapture, and their test errors are shown in Table III. 

TABLE III 
COMPARISON WITH THE ADVANCED METHODS ON THE 150000 SAMPLES OF 

GAZECAPTURE DATABASE 
Method Test Error (cm) 
Face Spatial Weight (Alex) [34] 3.2740 
Face Spatial Weight (ResNet-50) 2.6630 
Face Spatial Weight with Face Grid (ResNet-50) 2.5491 
Face Image, Face Grid, Eye Images (ResNet-18) [13] 2.4402 
Face Image, Face Grid, Eye Images (ResNet-50) 2.4255 
Proposed Method 2.3306 

 
In [34], only face images are used as input, and there is no 

face grid or eye images branch. Moreover, the spatial 
attention mechanism is adopted in the face branch, and Alex 
network is used. The test error is shown in the first row of 
Table III. The network model in the second row of the table is 
similar to it, except that ResNet-50 is used instead of Alex 
network. The results of the first two rows show that compared 
with the Alex network, because of the advantage of the 
residual block in ResNet-50, the network can reach a deeper 
layer, and then has a stronger learning ability, so the test error 
of the second row is dramatically reduced and its performance 
is significantly improved. On the basis of the model in the 
second row, the face grid branch is added to the model in the 
third row. It is clear that the performance of the model is 
further improved. For the model in the second row, only the 
face image is used to estimate the gaze, which will inevitably 
cause error, because of the lack of head position information. 
In contrast, because the head position information is implied 
in the face grid, adding the face grid into the network model 
will improve the performance in the third row. The model 

 

Fig. 5. Test Error comparison of models with different fusion methods 
and local binocular attention mechanism 
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adopted in [13] is similar to the one without GBSAM or 
LBSAM in the paper. The difference is that ResNet-18 is used 
in the former, while ResNet -50 is used in the latter. Both 
results are shown in the forth and the fifth of Table III. It can 
be seen that because the bottleneck residual block is used in 
the ResNet-50, the network can reach a deeper layer while 
improving the real-time performance, thus improving the 
performance of the network. Next, the third and fifth rows are 
compared, in which ResNet-50 is all used as the base network. 
It can be seen that the performance of the former is worse, 
which shows that although the SAM contributes to improving 
the performance of the model, it is slightly inferior due to the 
lack of the eye images branches. While, because eye images 
contain more important details related to the gaze, especially 
when the distance between human and camera is far or the 
quality of face images is poor, eye images play a vital role in 
improving network performance. Furthermore, by comparing 
the last two rows in the table, it is clear that the performance 
of the proposed method is significantly improved, which fully 
verifies the superiority of GBSAM and LBSAM. 

In addition, the methods on the whole GazeCapture 
database are compared, shown in Table  IV. The results show 
that the performance of the proposed method has 
outperformed that of the other state-of-the-art approaches. In 
addition, the method in [12] is compared with that in the 
paper. In [12] , Alex is used as the basic network, and face 
images, face grid and left and right eye images are used as the 
input. In the paper, we replace the Alex network with 
ResNet-50, add the LBSAM module, and adopt the GBSAM. 
The accuracy of the proposed method without data 
augmentation is higher than that of iTracker without or even 
with augmentation, which has further verified the advantages 
of SAM. 

TABLE IV 
COMPARISON WITH THE STATE-OF-THE-ART APPROACHES ON THE WHOLE 

GAZECAPTURE DATABASE 
Method Test Error (cm) 
iTracker without augmentation [12] 2.23 
iTracker with augmentation [12] 1.93 
SD [39] 1.97 
TAT [40] 1.95 
Proposed Method 1.86 

 

IV. DISCUSSION 

A. The Advantages of Binocular Feature Fusion 
There are two main fusion methods: data fusion and feature 

fusion. For binocular data fusion, the binocular images data 
are fused together and then fed into the ResNet network, in 
which the difference between the two eyes is ignored, 
resulting in poor accuracy of gaze tracking. For binocular 
feature fusion, the left and right eye images are respectively 
fed into the ResNet network and then fused. The difference 
between the two eyes is distinguished, which contains more 
useful information, and the accuracy of gaze tracking is 
higher. A large number of experiments on the GazeCapture 
database also verify that the performance of binocular feature 
fusion model is exceedingly better than that of binocular data 

fusion one. 

B. The Difference between SAM and CAM 
The attention mechanism here is not the focus of attention 

in the usual sense. The usual focus of attention represents the 
target of the user's gaze. While the attention mechanism refers 
to the degree of attention, which can be understood as a 
weighting mechanism. The SAM and CAM are used in the 
binocular cascade branch, which are called LBSAM and 
LBCAM, respectively. Both SAM and CAM are attention 
mechanism, in which important information can be paid more 
attention. Thus, the performance of the model with LBSAM 
or LBCAM will be improved compared with that without 
attention mechanism. 

However, they focus on different perspectives. In CAM, 
the focus is on feature channels, and different weights are 
given to different feature channels. In SAM, the focus is on 
different regions. The weights of different channels are the 
same, but those of different regions in each channel are 
different, which makes the importance of different regions 
distinguished. 

Due to the influence of illumination, occlusion and 
specular reflection, the image quality of some eye regions will 
degrade. With LBSAM, the weights in these eye regions can 
be reduced, while other eye regions can be given higher 
weights and attention. Therefore, the influence of not only the 
above interference but also binocular asymmetry can be 
reduced, so as to improve the accuracy of gaze tracking. The 
experimental results also prove that the model with LBSAM 
has the best performance, so SAM is more suitable for the 
practical application here. 

Furthermore, though the influence of binocular asymmetry 
can also be suppressed in [18], that of the above interference 
can not be reduced. The reason is that the attention 
mechanism is not adopted in [18] and the design idea is also 
different from the proposed method. The details can be found 
in the introduction section on Page 2. 

C. The Importance of Attention Mechanism and the Model 
Input  

The importance of attention mechanism and model input 
can be seen in comparison to other approaches. 

The proposed method is compared with that in [24]. Both 
are suitable for different applications, and the input and 
output of the models are also different. The method in [24] is 
used to track the gaze in natural scenes, so the captured image 
may be a back or a side face. The output of the model is the 
position of the gaze in the image in natural scenes. The input 
of the model is the original complete image, face image and 
head position. In contrast, the method proposed in this paper 
aims at the situation where the frontal face can be captured. 
The output of the model is the position of the gaze point on 
the screen of a mobile device. The input of the model is left 
and right eye images, face image and face grid, as shown on 
the right side of Fig. 6.  
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The image on the left side of Fig. 6 is the original one with 

ROIs (regions of interest) of face and eyes. The size of the 
original input image is 480 × 640. The face, left eye and right 
eye images are extracted from the input image. Then they are 
resized to 224 × 224 and fed into the network model. The face 
grid size is 25 × 25, which represents the size and position of 
the head relative to the original image. There are also 
similarities between the two methods. The GBSAM in the 
proposed method is similar to the attention mechanism in [24]. 
The cascade branch of face image and head position is the 
main one. Its output is multiplied element by element with the 
weight, so that the important information that determines the 
position of the gaze point is extracted to obtain more accurate 
gaze point. The difference is that the weights are designed 
differently. In [24], since the original image contains the 
position information of gaze point, the output of the original 
image branch is designed as the weight. In the proposed 
method, the left and right eye images can be extracted from 
the frontal face images, so the output of binocular cascade 
branch is taken as the weight. Because the left and right eye 
images contain more important details, which directly reflects 
the position of the gaze point, the accuracy of the gaze 
tracking is bound to be improved. Furthermore, in the 
proposed method, LBSAM is used. The advantages are shown 
in the previous section.  

In order to visually represent the spatial weights, the 
feature maps of local binocular spatial weights and global 
binocular spatial weights for the image in Fig. 6 are drawn 
here, as shown in Fig. 7 and Fig. 8 respectively. 

 

 
As shown in Fig. 1 of Section 2, after the features of the left 

and right eye images are extracted by ResNet-50 respectively, 
the corresponding features with a size of 7 × 7 and 2048 
channels are generated, and then the binocular combined 
features with 4096 channels are obtained after cascade. Then, 
by the operation of three 1 × 1 convolution and ReLU, a gray 
image with a size of 7 × 7 and 1 channel is generated, which 
is the feature map of local binocular spatial weights, as shown 
in Fig. 7. After that, the number of the spatial weights is 
extended to 4096. Then, the binocular combined features are 
multiplied element by element with the local binocular spatial 
weights to extract useful information. As can be seen from Fig. 
7, the regions with larger gray values correspond to the larger 
weights. The weight in the white region is the largest, and the 
binocular combined feature of the corresponding region is 
extracted to the greatest extent, while the weights in the black 
regions are zero, and the corresponding regions contain 
useless information and are ignored. Then, after 
dimensionality reduction by the FC layer, the 1D features 
with 128 channels are generated, which are the global 
binocular spatial weights, as shown in Fig. 8. The horizontal 
axis represents each channel and the vertical axis represents 
the global spatial weight. After that, the main features (the 
combined features of face image and face grid) are multiplied 
element by element by the global binocular spatial weights to 
filter the information. It can be seen that the main features 
corresponding to the channels (such as channel 80 and 
channel 90) with zero weight are filtered out, while those 
corresponding to the other channels with different weights are 
extracted. Finally, after dimensionality reduction by the FC 
layer, the gaze position is obtained. In conclusion, due to the 
weighting effect of LBSAM and GBSAM, information in 
features is filtered and extracted, which effectively improves 
the accuracy of gaze tracking. 

In addition, The proposed method is compared with that in 
[34]. In [34], due to the lack of head position information in 
the face image, it causes a large error to estimate the gaze by 
only a face image. In contrast, in the proposed method, face 
grid with head position information is also used as the input of 
the model to make up for the above deficiencies. Moreover, 
the left and right images with more gaze detail information 

 
Original Image with ROIs  

  
Face Image Left Eye Image 

  
Face Grid Right Eye Image 

Fig. 6. A visual input image example of the model in the proposed 
method 

 
Fig. 7. Feature map of local binocular spatial weights 

 
Fig. 8. Feature map of global binocular spatial weights 
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are also adopted as the input so as to further improve the 
performance. 

 

V. CONCLUSIONS AND FUTURE WORK 
Gaze tracking is widely used. However, due to the 

influence of many factors, such as varying illuminations, 
various head pose, different distance between human and 
camera, the occlusion of hair or glasses, and low-resolution 
images, it is a great challenge to accurately carry out the gaze 
tracking. In view of this, we propose an approach based on 
binocular feature fusion and CNN, in which LBSAM and 
GBSAM are integrated into the network model to boost the 
accuracy of gaze tracking. The input of the model is left and 
right eye images, face image and face grid. The output of the 
model is the position of the gaze point on the screen of a 
mobile device.  

The models with binocular feature fusion and data fusion 
are compared on the GazeCapture database. The experimental 
results show that the performance of the former is better than 
that of the later. The model with LBSAM, the one with 
LBCAM, and the one without attention mechanism are 
compared. The experimental results verify the superiority of 
the proposed LBSAM. The comparative experiments on the 
models with GBSAM and without GBSAM are carried out. 
The experimental results show that the accuracy of gaze 
tracking is higher with GBSAM. The test error on the whole 
GazeCapture database is 1.86 cm in the proposed method with 
binocular feature fusion, LBSAM and GBSAM. It is 
compared with the other existing advanced approaches. The 
result shows that the performance of the former has 
outperformed that of the latter, which has verified the 
effectiveness of the proposed approach. 

However, since the proposed method is applicable to the 
case where there are face images or even binocular images, 
the gaze tracking of the side face or the back image cannot be 
carried out. Furthermore, data augmentation methods are not 
used in the paper, and the accuracy of gaze tracking needs to 
be further improved. In addition, this paper only focuses on 
the gaze tracking for static images, instead of using video 
frame images for dynamic tracking, which will be our future 
work. Besides, we will further optimize the algorithm to 
improve its speed in the future. 
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