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network. They have used cropped eyes and head pose 
information directly integrated with EYEDIAP dataset for 
the features, i.e. there is no explicit feature extraction phase. 

We have deployed the same method except for the 
following differences in the setting: 

- Extracted head pose information 
- Cropped eye images 
- Number of training data 
- Training parameters 
Zhang et al. at Max Plank Institute (MPI) have used 

vectors of 2D angle for the head pose, while we have used 
vectors of 12, consisting of 9 float numbers of head pose 
rotation matrix and 3 of translation matrix.  

They also cropped both eyes in one image (Figure 1(a)) 
whereas we have used both eyes in separate images (Figure 
1(b)). 

They have only used the screen target sequences and have 
not covered floating target data, which are more challenging 
and contain many extreme gaze directions, but we have used 
all dataset videos, divided for the train, test and validation. 
Figure 2. Shows some frames which are not covered by [6]. 
 
 
 
 

          (a) Both eyes in one image                      (b) Left and Right eyes 
 

Figure 1. Example eye images (a) MPI, (b) ours 
 

 
 

Figure 2. Example frames not covered by [6] 
 

In this work, we also have used different training 
parameters for the deep network, which obviously helped us 
to converge better and get better results. The goal here is to 
predict the point of regard. i.e. where the participant is 
looking at (Figure 3). 

Below, we review the related works on gaze estimation 
(Section 2) and then introduce used method (Section 3). In 
section 4, we talk about details of used method and 
experiments. Section 5 consists of conclusion and future 
works. 

2.  Related Work 
 
The survey by Hansen [1] provides a comprehensive 
overview of computer vision methods for gaze estimation. In 
general, gaze estimation methods can be further divided to 
model-based or appearance-based [1]. Model-based methods 
use a geometric eye model and are divided into corneal-
reflection and shape-based methods, depending on whether 
they require external light sources to detect eye features. 

Some related works on corneal reflection-based methods 
were focused on stationary setting and some more 
complicated with arbitrary head poses [6]. 

On the other hand, the focus of shape-based methods is 
on pupil center and iris edges [1]. Zhu et al. [7] used thres 
holding for pupil center estimation. Yamazoe et al. [17] also 
proposed to fit a geometric model from segmentations of the 
eye images. These segments were obtained through simple 
thres holding. During the test phase, they used the iris center 
derived from a fitted ellipse to infer gaze. Voting-based 
methods are also used in edge detection process [8]. The 
more complex shape models [9] were proposed to 
compensate problems in simple shape-based models, but this 
leads to more computation and most of these models need 
high-quality images [1]. Some later works in shape-based 
methods [10] used the ensemble of Random Regression 
Trees for pupil center localization. Strupczewski et al. [11] 
proposed different geometric model for webcam eye gaze 
tracking. 

The most important advantage of appearance-based gaze 
estimation methods, which are also known as holistic 
methods [1], is that they use eye images as input, therefore 
there is potential to work with lower resolution eye images. 
Some early works assumed a fixed head pose while newer 
works deal with 3D head pose estimation [6]. 

It is worth mentioning that there is another category for 
hybrid models [1]. Some works [12] use methods of 
combining shape and appearance or shape and color [13]. 

Appearance-based methods require larger amounts of 
user-specific training data than model-based methods [1] but 
it can be compensated with last released datasets, e.g. 
EYEDIAP which consists many frames. 

Williams et al. relied on semi-supervised Gaussian 
Process Regression (GPR) for visual mapping [14]. More 
recently, Lu et al. [15] proposed adaptive linear regression 
which is based on sparse image reconstruction. Their method 
required a fixed head pose. To remove fixed head pose 
constraint Lu et al. proposed a Gaussian Process Regression 
based pose correcting scheme on top of fixed head pose 
model [16]. Funes et al. [17] used RGBD cameras to directly 
handle eye appearance variation by generating frontal 
looking eye images used as input to adaptive linear 
regression. 

Some recent works [18]uses egocentric videos and based 
on activity, head and hand locations, eye gaze is estimated. 
In [19] authors used conditional random field as a graphical 
model to map relation between head, human body pose and 
face for eye gaze estimation. Mansouryar et al. directly maps 
2D pupil positions to 3D gaze directions in scene camera 
coordinate space [20]. Feng Lu et al. have employed the 
advantages of recent sparse auto-encoding techniques. They 
partition any eye image into small patches .Using these 
patches they learn a codebook comprising a set of bases, 
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which can reconstruct any eye image patch with sparse 
coefficients. By examining these coefficients, they can 
analyze the eye shape more effectively [21]. Krafkaet. al. 
[22] released the dataset of gaze tracking on the mobile 
device, called Gaze Tracker. They also have used the 
convolutional neural network to estimate gaze of mobile 
device user on the screen. They employed eyes, face and face 
grid, that is a binary mask used to indicate the location and 
size of the head within the frame. They reported a prediction 
error of 1.71cm on mobile phone screen according to the 
location of the camera. 
 

 
 

Figure 3. Illustration of point of regard 
 

3. The Proposed Method 
 
We first convert each video to frames, then eyes are 
extracted from frames. Extracted eyes are fed to a 
convolutional network. This multimodal convolutional 
network is the same one used in [6]. They have used LeNet 
network architecture that consists of one convolutional layer 
followed by a max-pooling layer. The third layer is a second 
convolution layer, which is followed by another max-pooling 
layer, and a final fully connected layer. 

Similar to [6] we train a linear regression layer on top of 
the fully connected layer to predict point of regard. This 
CNN has two inputs, cropped eyes and head pose 
information. The head pose information here is nine values 
of the rotation matrix and three values for translation. A 
rotation of α radians about the x-axis, β radians about y-axis 
and γ radians about z-axis are defined as following, 
respectively [23]: 
 

Rx(α)= ൥
1 0 0
0 cosα െsinα
0 sinα cosα

൩ 

 

Ry(β)= ൥
cosβ 0 sinβ
0 1 0

െsinβ 0 cosβ
൩ 

 

Rz(γ)= ൥
cosγ െsinγ 0
sinγ cosγ 0
0 0 1

൩ 

 
So if we rotate first about the x-axis, then the y-axis and 

finally the z-axis, this can be represented as the matrix 
product ofR= Rx(α) Ry(β) Rz(γ) which is equivalent to 
following Rotation matrix: 
 

൥
cosβcosγ sinαsinβcosγ െ cosαsinγ cosαsinβcosγ ൅ sinαsinγ
cosβsinγ sinαsinβsinγ ൅ cosαcosγ cosαsinβsinγ െ sinαcosγ
െsinβ sinαcosβ cosαcosα

൩ 

We tried to extract three values of angles in addition to 
the translation matrix. As it has not been mentioned in the 
dataset that what are the right orders of rotations, i.e. x-axis, 
y-axis then z-axis, x-axis, z-axis then y-axis, etc. we have 
deployed these six possible permutations to find the 
corresponding order. We have found that mentioned order 
“A rotation of α radians about the x-axis, β radians about the 
y-axis, and γ radians about the z-axis” is the right one. So we 
tested two scenarios, first the extracted three rotation angles 
were concatenated to translation matrix; secondly, we have 
used integrated twelve values. Our results showed the later 
scenario gives better results. This information used to learn 
mapping from eye images and head pose vectors to point of 
regard. 
 
3.1. Preparing Data 
 
We have used EYEDIAP dataset[24]. In total, there are 94 
recorded sessions in EYEDIAP. Each session will be denoted 
by the string “P-C-T-H” which refers to the participant id    
(1-16), the recording conditions C= (A or B), the used target    
T= (DS, CS or FT), i.e. Discrete Screen, Continuous Screen 
and floating target moving in the space, respectively. The 
head pose also consists of H=(S or M), static or moving. Each 
session in conditions “A” correspond to 2.5 minutes of 
recording time, whereas the sessions recorded in conditions 
“B” last approximately 3 minutes each. This corresponds to 
more than 4 hours of data. Table 1 summarize all recorded 
data. 
 

Table 1. Summary of the recorded sessions 
 

Participants Recorded sessions 

1-11 
A-DS-S; A-DS-M; A-CS-S; A-
CS-M; A-FT-S; A-FT-M 

12-13 B-FT-S; B-FT-M 

14-16 
A-DS-S; A-DS-M; A-CS-S; A-
CS-M; A-FT-S; A-FT-M; B-FT-S; 
B-FT-M 

 
To standardize the definition of all 3D variables in the 

data, Funes et al. have defined a common world coordinate 
system (WCS), in which the variables refers to meters. In this 
definition, if pkԖ R3 is a point defined w.r.t. the coordinate 
system of Kinect RGB camera, then defined WCS is the 
equivalent pw, w.r.t. the WCS is given by pw = Rwpk+ tw 
where: 
 

Rw = ൥
1 0 0
0 െ1 0
0 0 െ1

൩   , tw= ൥
0
0
1
൩ 

 
In which Rw and tw are rotation and translation matrices 

respectively. 
The very first stage is to convert videos into frames using 

OPENCV. We tried to use MATLAB for framing, but the 
problem was that framed images were not synchronized with 
the corresponding frame in the video. It seems MATLAB has 
some problems with framing videos, after framing, we have 
about 500K frames.  It is mentioned in EYEDIAP dataset 
that some frames are not valid. This is due to two factors, the 
participant is blinking at the given frame or the participant is 
not looking at the visual target at the given frame, e.g. 
whenever the participant is distracted. So non-OK frames are 
removed from extracted frames using given data within 
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dataset. For cropping eyes we used the integrated data within 
the dataset, i.e. Kinect RGB eyeball center left and right 
(x_l,y_l,x_r,y_r). 
 
3.2. POR Estimation Using CNN 
 
Here we have used Multimodal CNN [6] to learn how to map 
inputs to gaze coordinates in world coordinate space. Inputs 
are eye images and 12 value head vectors. This model is 
multimodal as it uses both eye images and head pose float 
numbers. 

In our model, we have used the Le Net network 
architecture that consists of one convolutional layer followed 
by a max-pooling layer, a second convolution layer followed 
by a max-pooling layer, and a final fully connected layer. We 
train a linear regression layer on top of the fully connected 
layer to predict gaze angle vectors. The input to the network 
is RGB eye images with a fixed size of 40 x 40 pixels, as 
available eyeball center is at the exact center of this window 
(Figure 4). 

The output of the network is a 3D gaze point where the 
observer is looking at. The point of regard, which is given 
within dataset, is compared to this output coordinate. As a 
loss function, we used the sum of individual L2 losses that 
measures the difference between predicted coordinate and 
the actual point of regard. 
 

 
 

Figure 4. Architecture of used multimodal CNN. Head 
vectors are added to the output of fully connected layer.Here 
we have used [6] but with 3D gaze point 
 

4.  Experiments 
 
In this section, we discuss gaze estimation task and validate 
the effectiveness of used multimodal CNN approach. 

We compare our method with state-of-the-art methods on 
the EYEDIAP dataset. We have divided the dataset into 
training, validation, and test sets. 
 
4.1. Training 
 
We have used the first 10 people of EYEDIAP for training. 
This means training set consists of about 200K frames. We 
trained deep network using caffe [25]. Caffe is a deep 
learning framework made with expression, speed, and 
modularity in mind. It is developed by the Berkeley Vision 
and Learning Center (BVLC) and by community 
contributors. We have used the batch size of 500, so every 
epoch is 400. We have trained this network from scratch, 
with the base learning rate of 0.001, the momentum of 0.95 
and weight decay of 0.0005. We also have used ad a delta to 
get better convergence instead of SGD. Delta parameter is set 
to 1e-6. With respect to validation loss, we have trained our 
CNN for 80K iterations. 
 

4.2. Validation 
 
The next 2 person are used for validation, and this was about 
40K frames. With batch size of 500, we had 80 test iterations 
with interval of 10K. This last value means we have carried 
out validating every 10K training iterations. 
 
4.3. Test 
 
We have used remaining dataset videos for the phase of the 
test, i.e. we have 70K frames. In this phase we have fed each 
frame of test to the trained model, in addition to the head 
pose data. The output which is a 3D float number refers to 
the point the person is looking at. For getting Mean Error 
Degree, for each testing frame, we have connected the center 
of eyes to the predicted and actual gaze point which results in 
2 vectors. The degree between these two vectors are 
calculated with the following formula: 
 

Θ = cos-1(
୶ሬԦ.୷Ԧ

ห|௫|ห||௬||
) 

 

 
 

Figure 5. histogram of error for test frames 
 

 
 

Figure 6. performance of our method compared to [6] 
 

Figure 5 show the histogram of error for all test frames. 
As you can see in figure 6. We have much better result than 
state-of-the-art [6] method for EYEDIAP dataset. The mean 
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