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Abstract. Data is in a very important position for pattern recognition tasks in-
cluding eye gaze estimation. In the literature, most researchers used normal face 
datasets, which are not specifically designed for eye gaze estimation. As a re-
sult, it is difficult to obtain fine labeled eye gaze direction. Therefore large data-
sets with well-defined gaze directions are desired. 

To facilitate related researches, we collect and establish the Oulu Multi-pose 
Eye Gaze Dataset. Inspired by the psychological observation that gaze direction 
is intrinsically linked with the head orientation, we are devoted to a new data set 
of eye gaze images captured under multiple head poses. It finally results in a da-
taset containing over 40K images from 50 subjects, who were asked to fixate on 
10 special points on screen under different poses respectively. We investigate a 
new eye gaze estimation approach by using the IGO based description, and 
compare it with other popular eye gaze estimation approaches to provide the 
baseline results on our dataset. 
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1 Introduction 

Data is in a significant position for computer vision tasks including eye gaze estima-
tion [4, 5, 6, 7, 15, 17, 18, 27]. In the literature, most researchers used normal face 
datasets, which are not specifically designed for eye gaze estimation. Several datasets 
such as the Ulm [30] and the HPEG [26] datasets are presented more recently. How-
ever, in HPEG datasets [26], only three coarse gaze directions (‘straight forward’, 
‘extreme left’ and ‘extreme right’) are available. Although the Ulm dataset [30] owns 
multiple gaze and head directions, it only contains 20 subjects. As a result, large data-
sets with well-defined gaze directions are desired.  

Many psychological studies [18, 23, 28] indicate that gaze direction and head 
orientation are intrinsically linked with each other. Head pose is a coarse indication of 
gaze, especially when the eyes of human beings are not visible, such as under remote 
CCTV camera or with sunglasses. Links of head pose and eye gaze also indicate the 
social attention transfer. More importantly, as indicated by [19, 20], judging where 
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other people are looking comes from a combination of both eye gaze directions and 
head orientations [9, 24]. A graphic example of the famous ‘Wollaston illusion’ [14] 
shows that though the eyes are identical between the two face images, because of the 
difference of head pose, the appearances of gaze direction are different. To our best 
knowledge, only the newly published Columbia Gaze Data Set [2] takes the intrinsic 
connection between eye gaze and head poses into account. The datasets for multiple-
pose eye gaze estimation are still intensely expected. 

To facilitate the researches in eye gaze estimation, we designed and collected the 
Oulu Multi-pose Eye Gaze (OMEG) dataset. It includes 200 image sequences from 50 
subjects (For each subject it includes four image sequences). Each sequence consists 
of 225 frames captured when people are fixating on 10 targeting points on the screen. 
The first three sequences of each subject are captured under three fixed head poses, 
namely 0 (the frontal) and ±30 degree respectively. The last sequence is in a free pose 
style. Table 1 compares our gaze dataset with other existing ones [2].The image se-
quences as well as the calibrated eye gazes, ‘ground truth’, will be made publicly 
available. 

Moreover, we provide baseline results on our dataset by evaluating the popular ap-
proaches on eye gaze estimation [2]. Especially, we investigate a new eye gaze esti-
mation approach by using the image gradient orientation (IGO) based description 
[11], which shows good robustness to illumination variations and outliers in the tasks 
of image registration [1,12], face recognition [11, 29], and pose estimation [31]. 

The remaining parts of this paper are organized as follows. Section 2 describes the 
hardware system setup used during the collection and recording procedure. We pro-
vide the calculation of ground truth in Section 3 and the baseline results in Section 4. 
Section 5 discusses the influence of different head poses in gaze estimation. 

Table 1. Gaze dataset comparison 

2 Data Collection  

This section describes the design of our dataset (Section 2.1), the sensor used to pro-
vide accurate location data in real world (Section 2.2), the environment setup (Section 
2.3), and the data collection procedure (Section 2.4). 

2.1 Basic Design 

The directions of eye gaze are defined as the angles between the visual axis and the 
optical axis of the camera, as shown in Figure 1(a). Moreover, we assume that the 

 HPEG Ulm Columbia Ours (OMEG) 
#Subjects: 10 20 56 50 

#Gaze: 3 2-9 21 10 
#Fixed Head Poses: 2 19 5 3 
#Free Head Poses: w/ w/o w/o w/ 

#Total image: ~5,500 2,220 5,880 44,827 
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human’s face is a virtual plane and use the normal direction of the facial plane to 
represent the head pose. To fix the visual focus, a large screen is used to display 10 
red crosses (Figure 1(c)) as the viewpoints. We employ an industry tracker with high 
accuracy to acquire the positions of eye’s center, viewpoints and the direction of fa-
cial plane.  

 
(a)                        (b)                    (c) 

Fig. 1. Configuration for data collection. (a) Environment setting. The coordinates according to 
the transmitter and the camera are considered as the World Coordinate System and the Camera 
Coordinate System respectively; (b) R1 to R3 are three receivers fixed on a hat; P1 to P3 are 
three points sampled from the rectangle plane which is an approximation of the face direction; 
‘E’ is the center of the human eyes; (c) The distribution of the fixation points. 

2.2 High-accuracy Tracker System 

We use the FASTRAK 3D tracker [8] to acquire the 3D position data. It consists of 
three units, including a system electronic unit, a transmitter, and several receivers. In 
the workflow, the transmitter is set as the origin of the World Coordinate System and 
the reference for the position and orientation measurements of the receivers. The re-
ceivers detect the magnetic fields emitted by the transmitter. The static accuracy of 
the receivers is claimed to be 0.08 cm root mean square (RMS) for positions, and 
0.15° RMS for orientations. 

2.3 Environment Setup 

The environment for data collection is shown in Figure 1. A sequence of red crosses 
is displayed on large screen as the fixation point. A uEye 1540-c industry camera with 
a 1/2" CMOS image sensor and a resolution of 1280 (H) x 1024 (V) pixel is mounted 
in near front of the subject to capture the image sequences. The transmitter is mounted 
in a fixed position just under the camera. Both the camera and the screen with all the 
fixation points are calibrated before data collection as shown in Figure 1(a).  

As can be seen from Figure 1, the subjects will wear a hat with three receivers dur-
ing data collection procedure. For each subject, we assume the angle between the 
facial plane and the virtual plane constituted by these three receivers is constant. As a 
result, the virtual facial plane at any time point can be recovered by using the corres-
ponding 3D positions of these three receivers.  
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We align and crop all the face images by three steps. The first step is to rescale each 
image such that the ratio of the upper facial height to the cropped image height is 
96:256. The upper facial height is the distance between the center of two eyes and the 
mouth center. Then the nose tip is set to be the center of each image. Finally, we crop 
the face images by the resolution of 256 × 256 pixels. Figure 4(b) shows the average 
face of all subjects in each fixed pose respectively. 

For all experiments, we crop the eyes image from the normalized face images. In 
specific, we align the eyes center as the eyes image center, then crop the eyes image 
in the resolution of 30 × 150 pixels. Figure 5 shows examples for 10 eye gaze images 
from the 3 head poses respectively.  

 

Fig. 5. Sample of eye images. 

4.2 Feature Extraction 

In [2], PCA [21] and multiple discriminant analysis (MDA) [22] based subspaces 
were used as the feature vectors and the support vector machine are used to learn the 
mapping from feature vector to the gaze locking labels. It is shown that this simple 
approach still achieves promising results. In analogue to [2], we report the results of 
baseline experiments with PCA and MDA subspaces. 

Moreover, fueled by the success of IGO based facial descriptors [11, 31], we pro-
pose to use them for eye gaze estimation. More specifically, we characterize each 
image pixel by its gradient orientation. The IGO is expressed by a complex number, 
where both the real and imaginary parts are taken into account. Then we encode the 
IGO images via dimensionality reduction including 2D discrete cosine transform 
(DCT2), PCA and MDA. All feature vectors are of the same dimension for fair com-
parisons.  

4.3 Recognition Procedure 

Instead of treating the eye gaze estimation as a classification problem [2], we regard it 
as a regression problem. The reason is that the distribution of the yaw and pitch on the 
whole dataset are continuous in -38° to 36°and -10° to 29° respectively, as shown in 
Figure 6.We use off-the-shelf nonlinear regression models, support vector regression 
(SVR) [3], to learn the mapping from the feature space to the continuous gaze label. 
For those representations in angle, cosine kernel is used. For others, the RBF kernel is 
used unless otherwise noted. The optimal parameter settings are reached via grid 
search. 
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Fig. 6. The distribution of the yaw and pitch on the whole dataset. 

We evaluate the eye gaze direction via leave-one-out cross validation. In specific, for 
each round, eyes’ images in four sequences of 49 subjects are used for training while 
the images of the remaining subject are for testing.  The average Mean Absolute 
Error (MAE) and average Pearson product-moment Correlation Coefficient (PCC) 
between the predicted gaze angle and the ground truth are used for performance mea-
surement. Table 2 provides the performance of both the pixel intensity and IGO in 
DCT2, PCA and MDA subspaces, where d is the dimensionality of the extracted fea-
ture. As the experimental results suggest, the IGO eye gaze descriptor performs com-
parably or better than the pixel intensity. One exception is for yaw estimation. The 
intensity-PCA shows the best result. The reason is that the luminance distribution, 
which is lost in the IGO based representations, is crucial to the gaze perception for 
yaw changes [25]. Moreover, MDA, which is usually used for classification tasks, 
does not work as well as PCA and DCT2, as the eye gaze estimation is regarded as a 
regression problem in this paper. 

Table 2. Baseline results (d = 90) 

 IGO-
DCT2 

IGO- 
PCA 

IGO-
MDA 

Intensity-
DCT2 

Intensity-
PCA 

Intensity-
MDA 

MAE(Yaw) 9.05 8.69 18.08 9.33 7.1 14.04 
PCC(Yaw) 0.81 0.75 -0.02 0.75 0.86 0.16 
MAE(Pitch) 5.96 5.77 7.02 6.08 7.32 6.91 
PCC(Pitch) 0.65 0.56 0.01 0.56 0.68 -0.02 

5 Discussion 

To discuss the influence of different head poses in gaze estimation, we designed a set 
of experiments, which randomly pick fifty percent of subjects in one pose as the train-
ing set and the left subjects in other poses as the testing set. The data in three fixed 
discrete yaws, are chosen for these experiments. In terms of accuracy in Table 2 we 
employ the intensity-PCA as an example to extract features. As listed in Table 3, the 
performance under the same pose is much higher than the one under different poses. It 
means the eye gazes are distinctively different when head poses vary. Therefore, mul-
ti-pose gaze estimation is highly challenging. Fortunately, our dataset provides an 
opportunity of in-depth investigation in this issue. 
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Table 3. The pose influence in gaze estimation. Pose-(number) reflects the frontal, -30º and 30º 
head poses respectively.  

(MAE/PCC) Train Pose-1 Train Pose-2 Train Pose-3 
Test Pose-1 5.31/0.90 11.54/0.57 11.66/0.64 
Test Pose-2 13.85/0.25 8.73/0.73 15.44/0.18 
Test Pose-3 13.70/0.37 18.64/0.22 9.22/0.71 

6 Conclusions 

In this paper we introduced the Oulu Multi-pose Eye Gaze Dataset. Unlike most exist-
ing gaze datasets, we collected the eye gaze data under multiple poses. We provided 
five landmark labels and the eye gaze angles as the ground truth. Lastly, to evaluate 
the effectiveness of our dataset, we reported baseline results of using IGO based de-
scription and the intensity via three dimensionality reduction techniques. The experi-
mental results suggest that multi-pose gaze estimation is highly challenging. In spite 
of this, our dataset enables in-depth investigations in this topic. In future, we will 
evaluate other commonly used approaches such as [10, 16, 24, 25, 33], and publish 
the OMEG dataset with the ground truth. 
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