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Abstract Lack of eye gaze in the video conferencing system
severely hinders immersive and comfortable communication.
In this paper, we propose an eye gaze correction system for
immersive video conferencing. Our system consists of a full
HD display and two cameras mounted on the top and bottom of the display. In order to correct the eye gaze, we warp
two captured images from their original positions to a virtual
position, respectively. After we implement view morphing
between corresponding triangles, we obtain a gaze-corrected
image by interpolating the two morphed images. We also
present a subjective evaluation method to measure the performance of our approach. Experimental results show that
our system is effective in generating natural gaze-corrected
images.
Keywords Eye gaze · Face morphing · Image synthesis ·
Video conferencing

1 Introduction
The market of the video conference is rapidly growing by
popular demand due to the many advantages of the technology. The video conferencing allows a meeting to be held
anywhere in the world, significantly reduces travel costs and
the time, can call instantly worldwide with little notice and
increases productivity. Therefore, interest in the video con-
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ferencing and the telepresence system tends to increase in
international companies in recent years. The demand for the
video conferencing is expected to grow steadily.
The video conference has made an impact on many fields
such as the general public, government, education, medicine, health, sign language communications and business.
Patients may stay at home and are assisted regularly by
nurses or doctors via video conferencing. Furthermore, the
video conferencing allows deaf and hard-of-hearing people
to communicate with hearing people in real time. The video
conferencing also provides students with the opportunity to
learn. Teachers worldwide can be brought to remote or otherwise isolated educational facilities.
Nonverbal communication, also known as body language,
is an important form of communication. Nonverbal behaviors such as posture, eye contact and gestures send strong
messages. In regard to nonverbal communication, eye contact is one of the most important forms that an individual
can use. However, lack of eye contact seems to be the most
difficult one among the problems with video conferencing.
Mutual gaze is difficult due to the disparity between the position of the camera and the position of the eyes on the screen.
It results in unapproachable and even unnatural interactions.
In order to overcome the eye contact problem, previous
approaches have addressed to enhance mutual gaze. There
have been approaches to remove the unpleasant interactions
using a single camera to construct a face model [1], using
stereo matching to synthesize the virtual view image [2],
fitting a 3D face model [3]. Stereo matching and 3D modeling methods have high complexity, so it is very slow and it
is difficult to operate in real time. The other approach measures the motion of the eyes [4]. Participants need to put head
markers on their head to extract 3D motions. This approach
is inconvenient and is unpractical. Some approaches use an
active depth sensor to render a gaze-corrected 3D model of
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the scene to overcome the time complexity [5]. Even though
this approach runs in real time, errors and noise occur due to
the constraints of the angle. The other approach uses three
active depth sensors to render a gaze-corrected 3D model [6].
This approach can operate in real time, and it is possible to
obtain most of the texture information. Interference occurs to
the sensors, and noise around a participant is intense. Previous approaches also have some limitations. When capturing
a scene, the angle between the camera and eyes is not large,
and pictures focus on the human’s face. Lack of eye contact was not concerned in the images which consist of large
background.
In this paper, we propose an eye gazing correction method
targeted at the video conferencing system that requires two
cameras and a full HD television, and we put the cameras on
the top of and beneath the bottom of the display. We do not
use a dense stereo matching technique in order to run in real
time, because it takes long time to do a dense stereo matching
and holes around objects are created due to the limitation
on camera positions. To reduce calculation time, we extract
a person from a background. Using corresponding feature
points, we distort two extracted object, and we synthesize
images seamlessly. To evaluate the proposed method, we also
propose the subjective evaluation method.
The rest of the paper is arranged as follows. Section 2
describes preprocessing of 3D video conferencing system,
Sect. 3 describes facial image morphing in detail, and Sect. 4
addresses the synthesis method. In Sect. 5, experiment results
and discussion are presented. Finally, the conclusion is
described in Sect. 6.

2 Preprocessing of 3D video conferencing system

The coordinates (u 0 , v0 ) are called the principal point at
which the principal axis intersects the image plane, where
αu and αv represent focal lengths of the camera in terms of
pixel dimension in the u and v direction, respectively. s is
the skew factor which represents nonorthogonally between
u and v axes.
The extrinsic parameters are composed of the rotation
matrix R and the translation vector t, indicating the camera
orientation and position, respectively. The world reference
frame and the camera reference frame are related via the
rotation and translation. In the paper, the camera parameters
are estimated by camera calibrations [8].
2.2 Color correction
Although we capture images using the same kind of two cameras, color inconsistencies exist among views. It is caused
by different color characteristic of the cameras and capturing environment. Therefore, we use the correspondences
between the source and the target images to construct red,
green and blue matrices which are employed in the polynomial regression [9]. In order to extract corresponding pixels
between two images, we apply the scale-invariant feature
transform (SIFT) algorithm which is based on the appearance of the object at particular interest points and robust to
image scale and rotation [10].
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2.1 Camera parameters
The perspective transformation is given by a projection
matrix P [7]. Perspective transformation is defined as
m∼
= PM

(1)

where Sr is the matrix using the red values of source, and Tr
is the matrix using the red values of target. The subscript rn
means a pixel in a source viewpoint as nth correspondence.
A translation matrix Ar for the red value by using a normal
equation method is defined
Ar = (SrT Sr )−1 SrT Tr

(5)

The camera projection matrix contains camera parameters,
which have three components such as intrinsic parameters A,
the extrinsic parameters R and the vector t. The parameter A
is 3 × 3 matrix, the parameter R is 3 × 3 matrix, and vector t
is 3 × 1 vector.

We also apply this process to green and blue values to acquire
translation matrices Ag , Ab . We can adjust the colors of target
image by using the translation matrices.

P = A[R|t]

2.3 Acquiring virtual camera configuration

(2)

The intrinsic parameters are represented as
⎡

αu
A = ⎣0
0
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When warping the two captured images, a virtual camera position is demanded. Thus, we estimate the virtual
camera position between the top image and the bottom
image. We exploit the two camera parameters to acquire
the virtual camera configuration. The camera parameters
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have three sets of the components which are the intrinsic
parameters represented by the matrix A and the extrinsic
parameters represented by the matrix R and the vector t in
(2).
In the following Eqs. (6)–(13), subscript of vir is the
matrix corresponding to the virtual camera, subscript of
top is the matrix corresponding to the top camera, and
subscript of bottom is the matrix corresponding to the bottom camera. The virtual intrinsic matrix Avir is represented
as
Avir = (Atop + Abottom )/2

Fig. 1 Lack of eye gazing

(6)

where Avir is the half of the sum of the two intrinsic matrices.
We extract Euler angles from rotation matrices by using Euler
decomposition. Rotation matrices are written as
R = R X (θ1 )RY (θ2 )R Z (θ3 )
⎡
cθ2 cθ3
−cθ2 cθ3
= ⎣ cθ1 cθ3 + sθ1 sθ2 cθ3 cθ1 cθ3 − sθ1 sθ2 sθ3
sθ1 sθ3 − cθ1 sθ2 cθ3 sθ1 cθ3 + cθ1 sθ2 sθ3

⎤
sθ2
−sθ1 cθ3 ⎦
cθ1 cθ2

(7)
with cθ1 = cosθ1 , sθ1 = sinθ1 , etc. Now suppose we are given
a matrix
⎤
⎡
r11 r12 r13
(8)
R = ⎣ r21 r22 r23 ⎦
r31 r32 r33
and are required to extract Euler angles corresponding to the
above rotation sequence, i.e., find angle θ1 , θ2 and θ3 , which
make the two matrices equal.
θ1 = a tan 2(r12 , r22 )

2 + r2
c2 = r11
01
θ2 = a tan 2(−r02 , c2 )

(9)

θ3 = a tan 2(r01 , r00 )
We calculate an angle from (9) and then measure the intermediate angles which is the half of the sum of the two angles.
We assign the intermediate angles to variables in (10).
Rvir = R X (θvir1 )RY (θvir2 )R Z (θvir3 )

3.1 System establishment
A participant instinctually looks at the person on the display rather than the camera, so lack of eye contact occurs, as
depicted in Fig. 1. Provided that the angle between the camera and the eyes in the display is more than approximately
5.5◦ , the loss of eye contact is increased [12]. To handle the
problems, we establish the two cameras around the television in Fig. 2a. Our setup is composed of the 55 in. full HD
television and the two charge-coupled device (CCD) cameras
in Fig. 2b. The two cameras are mounted vertically, one on
the top and the other beneath the bottom of the television,
because the vertical setup provides higher clarity in feature
matching. The distance between the screen and a participant
is about 2 m, and the distance between the two cameras is
about 79 cm. The angle between the top camera and the eyes
in the display is approximately 11.5◦ . Figure 2b shows our
video conferencing system.
3.2 System overview

(11)

The virtual camera center is represented as
Cvir = (Ctop + Cbottom )/2

3 Preprocessing of 3D video conferencing system

(10)

Equation (11) is the equation for solving camera center. We
use (11) to find the two camera centers, respectively.
t = −RC

Fig. 2 Our video conferencing system setup

(12)

Figure 3 illustrates the diagram of our eye gaze correction
system. We separate our system into three main steps. The
outline of the algorithm is as follows: The first step is a
preprocessing. After mounting the two cameras, we fine the
camera calibration matrix using a calibration pattern. Using
the two original camera configurations, we estimate a virtual
camera configuration. The second step is a view morphing.
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Fig. 4 2D Warping onto intermediate camera center

Fig. 3 System flowchart

The two images are rendered with 2D warping at the virtual
camera position. We then detect the facial feature points and
construct a Delaunay triangulation. Finally, we synthesize the
morphed face and the background. To be shown seamlessly,
the contour around the morphed face is blended.
3.3 2D warping onto intermediate camera center
Since depth information is not used in the proposed approach,
we should transfer both of the image onto the virtual position
for enhancement of the quality. Therefore, we exploit 2D
homography matrix between the original cameras and the
virtual camera to warp the images. Figure 4 illustrates that
the original point m 1 transfers via the virtual plane. A point
m i in the original image is mapped onto the point m i by
transformation. Using the homography matrixes Hb and Ht ,
the two images are rendered with 2D warping at the center
position in (13) and (14), respectively.
+
Hb = Pbottom Pvir

(13)

Ht =

(14)

+
Ptop Pvir

where P is a 3 × 4 projection matrix from (2), Ptop is the projection matrix of the top camera, Pvir is the projection matrix
of the virtual camera, and Pbottom is the projection matrix of
the bottom camera, and Notation + is the pseudoinverse.
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Fig. 5 The basic proportion of head

3.4 Facial feature detection and triangulation
To do face morphing, we detect the facial feature points using
Haar feature-based cascade classifiers [11]. The first step in
facial feature detection is detecting the face. The second step
is using the isolated face to detect each feature. However,
there are some difficulties to find each feature because of the
angle between the camera and the face. In order to overcome
the problem, we use the proportion of head. Although the
proportions of a head vary from person to person and change
slightly with age, there are some basic principles. According to the basic proportion of head, we can perceive how
they relate to each other. Figure 5 illustrates the proportion
of head. After feature detection, we construct a Delaunay
triangulation by using the facial feature points, respectively.
Figure 6 shows some points and the Delaunay triangulations.
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transformation is derived as
A−1 X  T = X T

(17)

where A−1 denotes an inverse affine transform matrix.
Finally, for each pixel, we assign its color by linear interpolation by using the colors of two corresponding pixels.
The equation for linear interpolation is derived as
Ivir = (1 − s)I top + s Ibottom

(18)

Fig. 6 Delaunay triangulations

where s is the weight and is set with 0.5 in this paper.
Delaunay triangulations maximize the minimum angle of all
the angles of the triangles in the triangulation, and it tends to
avoid skinny triangles.
3.5 Facial image morphing
View morphing is a technique that generates the illusion of
physically moving a virtual camera between two images of
an object taken from two different viewpoints [12]. We determine which triangles in the warped bottom image correspond
to triangles in the warped top image. We use an affine transformation to transform the image. Transforming the three
corner points of the original triangle gives three new points
which form the new triangle. This transformation skews and
translates the original triangle. 2D–2D affine transformation
is derived as
⎤⎡ ⎤
⎡ ⎤ ⎡
a b e
x
x
(15)
X T = AX T = ⎣ y  ⎦ = ⎣ c d f ⎦ ⎣ y ⎦
1
0 0 1
1
where X is a pixel, X  denotes a transformed vector, and A
is an affine transform matrix. In order to calculate the elements of the matrix A, we need three or more corresponding
points between two images. The matrix to determine an affine
transformation matrix is represented as
⎡
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4 Gaussian alpha blending
We apply Gaussian alpha blending which is an image composition based on Gaussian distribution and alpha blending
to synthesize the virtual image seamlessly. Because it is troublesome to derive an alpha value, we estimate an alpha value
by using a maximum variance of an image.
4.1 Maximum variance
Squares must be maximized to determine the maximum variance from an average value specified for a value-bounded set.
If the range of values is from Pa to Pb , and the average value
is m, the maximum variance can be calculated simply. The
largest variances possible will be found where the largest
possible gaps are. These are from Pa to m = m − Pa and
from m to Pb = Pb − m. The values attained from each of
these gaps must contribute to an average value of m.
m=

Q a Pa + Q b Pb
Qa + Qb

(19)

where Q a is the quantity of Pa and Q b is the quantity of Pb .
The standard variance will be represented as

⎤

⎥ ⎢ ⎥
⎥ ⎢ y1 ⎥
⎥ ⎢ ⎥
⎥ ⎢x ⎥
⎥ ⎢ 2⎥
⎥=⎢ ⎥
⎥ ⎢ y2 ⎥
⎥ ⎢ ⎥
⎥ ⎢ x ⎥
⎦ ⎣ 3⎦
y3

Q a (m − Pa )2 + Q b (m − Pb )2
Qa + Qb
Q a Pa2 + Q b Pb2
=
− m2
Qa + Qb

2
=
σmax

(16)

where x1 and y1 are the original pixels, and x1 and y1 are the
pixels which will be transformed. However, if we exploit an
affine transformation, there will be holes. Therefore, 2D–2D
inverse affine transformation is applied using the corresponding triangles between two images. 2D–2D inverse affine

(20)

From (19), we can directly derive.
Q a Pa = m(Q a + Q b ) − Q b Pb

(21)

And (21)’s counterpart is (22).
Q b Pb = m(Q a + Q b ) − Q a Pa

(22)
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We substitute (21) and (22) into (20).
2
σmax
= (m − Pa )(Pb − m)

(23)

2 is the two maximum gaps.
where σmax

Fig. 7 Dilation for foreground contour blurring and gradual area
expansion

4.2 Alpha estimation
We make a grayscale histogram to estimate alpha value.
Then, we calculate mean and variance of data in the histogram. We decided to Wfore the maximum weight of
foreground image, and we determine the equation by adding
the maximum weight of foreground, a value by multiplying
0.5, the ratio of the standard deviation and the current maximum standard deviation.
α=

σimage × 0.5
+ Wfore
σmax

(24)

Fig. 8 Captured images from the two cameras

where α is the estimated alpha value, and αimage is a standard
deviation of selected region of the background. αmax is a
maximum standard deviation calculated by using (23). In
this paper, we decided that Wfore is 0.5.
4.3 Gaussian alpha blending

Fig. 9 Captured images from the two cameras

We convoluted with a Gaussian filter mask area in the target
region. The equation for convolution in the target region is
represented as
g(u, v) =

1
f (u, v)

R

R

Iback (u − i, v− j) f (u, v)

5 Experimental results

i=−R j=−R

(25)
where  f (u, v) is the normalization factor, Iback (u, v) is the
background image, and f (u, v) is the Gaussian function.
s(u, v) = g(u, v)α + Ifore (u, v)(1 − α)

(26)

where s(u, v) is the equation of Gaussian alpha blending. A
size of R decides to the size of the Gaussian filter mask. α is
derived from (23).
In order to obtain a more seamless image, we blur the
boundary region. The boundary region means the contour
of the object. The canny edge operator is used in the foreground mask image to obtain the foreground contour [13].
After getting boundary region, dilatation is applied. Dilation
is an image processing in mathematical morphology. Pixels
in the boundary region are applied by using Gaussian filter and the color tone of the background, and the object is
seamless, and aliasing is removed. The algorithm order is
followed: (1) dilate the region of contour, (2) blur the dilated

123

region by using Gaussian filter and (3) repeat several times.
Figure 7 represents the gradual area expansion.

We have implemented our method and tested with several
data. We will present the results of the each process and the
set of sample images to illustrate our algorithm. Then, we
will show some more results from conventional methods.
Figure 8 shows participants seem to look down or to look
up. Figure 9a represents the two images which were rendered with 2D warping into the virtual position. Figure 10
indicates the face images which were implemented by view
morphing. Figure 10a represents the morphed image in which
the bottom image is the reference image. Figure 10b shows
the morphed image in which the top image is the reference
image. Figure 10c shows the synthesized intermediate image
by using Fig. 10a, b.
In order to evaluate our proposed method, we use two
subjective methods. First, we design a novel subjective evaluation method to measure the performance of eye gaze. Closed
questions are asked because it makes questionnaires easier to analyze. We made a multiple-choice assessment form
in which respondents are asked to select the best possible
answer out of the choices from a list as depicted in Fig. 11.
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Fig. 10 Facial image morph a bottom image, b top image, c morphed
image

Fig. 11 Multiple-choice assessment form

When the images are on the display, respondents begin to fill
out the questionnaire. While evaluating the questionnaire,
the images are displayed and changed randomly. When the
answer is close to the fifth answer (5), we decide that the
image is the eye gaze image. In the subjective assessment,
ten respondents participated. For a fair assessment, we did
not give them any prior information. According to Fig. 12,
we can verify that the proposed algorithm can correct the eye
contact problem.
Second, we subjectively compared the results of our proposed method with the results of state-of-the-art methods.
Figure 13a represents the results of 3D object reconstruction using the two Kinect cameras, but noise around the
object contour occurs due to interference between Kinect
sensors [14]. From Fig. 13b, although the gaze is refined,
many holes occur in the face. Figure 13c shows the result of
Ko’s method which runs in real time, but participants seem
to look at the top. Figure 13d represents the gaze is corrected,
but noise appears around the object contour, in particular near
the chin and ears. However, Fig. 13f shows that the gaze is
well corrected and correctly preserved without noise. Figure 14 represents the results of synthesized image by using
the face and the warped top image. The gaze is corrected and
correctly preserved. The image was synthesized seamlessly.

Fig. 12 The results of subjective evaluation

6 Conclusion
We introduced the eye gaze correction method for the video
conferencing system. Two important considerations in our
algorithm are how to enhance the quality of a synthesized
image and how to correct eye gaze accurately. In order to
evaluate the proposed method, we designed the subjective

Fig. 13 Comparison with proposed algorithm and other algorithms. a
3D object reconstruction using a pair of Kinect cameras [14], b eye
gazing correction with 3D warping, c Ko’s method [15], d Ho’s method
[16], e proposed algorithm
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Fig. 14 Results of synthesized images. The first row images are captured by top camera, the second row images are synthesized images, and the
last row images are captured by bottom camera a result 1, b result 2, c result 3, d result 4, e result 5

evaluation method. According to the results of the subjective
evaluation, our algorithm corrected the eye contact problem
accurately. In other words, the results showed that eye gazing was corrected while maintaining the integrity and the
information of the image and the results were synthesized
seamlessly. Moreover, the proposed method provided more
comfort and reasonably considerable results compared to the
conventional algorithms. Finally, given the quality of the
results, we expect that our method is exploited for video
conferencing services.
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