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[ Abstract] Gaze estimation can naturally reflect people’ s focus of attentiom, and, plays an important role in understanding
human emotions ginterestsiand other subjective consciousness.However, monocular images used for gaze estimation tend
to be distorted .dueito head pose changes, which reduces the accuracy of'gaze estimation. This paper proposes a new
classification-based gaze estimation method. A three-dimensional face model and the inherent parameters of monocular
camera are used to form a head pose coordinate system throughithe three-dimensional coordinates of the center of eye
and mouth.The camera coordinate system and the head pase coordinate system are combined to establish a normalized
coordinate system, and the camera coordinate system is corfected. The gray eye image is obtained by restoration,
magnification and normalization.Finally a classification method using an appearance-based convolution neural network
model is established to estimate gaze direction,anduthe golden section method is used to optimize the search process and
further reduce errors.The experimental results show that compared with other similar methods, the proposed method can
reduce the average angle errors by about.7.4% on the commonly used MPIIGaze test dataset.

[ Key words] gaze estimation; monocular éye image; head pose; normalized coordinate system; golden section method;
Convolutional Neural Network( CNXN)
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1.Set the left side and right side of query range as 1, = 30
and r, = 360.

2.whiler, =1, > 30 do

3. Set left golden section point as 1, =(1~- 0.618) x
(r, - 1) +1,

4. Set N =1, and use the appearance-based method
proposed in this paper to do the classify task to get the mean
angular error Aa,.

— 1)+ 1,

5.Set right golden section pointasr, = 0.618 x (rq

6. Set N =r, and use the appearance-based method
proposed in this paper to do the classify task to get the mean
angular error Aa,.

7.if Ao, > Aa, then

8.1, =1,

9.else

10r, =1,

11.end if

12.end while

13.return 1,
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Table 1 Average angle error of both eyes in

vertical and horizontal direction ()
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Table 2 Average angle error of binocular  (°)

EFs N=30 N=90 N=150 N=180 N=210 N=240 N=360
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Aa, 5471  5.139 4944 4744 4879 4990 5.047
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