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Gaze Point Estimation Method Based on ELM in Gaze Tracking
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Abstract: A novel method of gaze point estimation used in single camera system which has
faster training speed and is suitable for multiple classifications was proposed based on ELM. In
the initial calibration phase multi gaze parameters served as ELM input while the gaze point area
was ELM output. The nonlinear polynomial was used as activation function. ELM training data
was obtained through the initial calibration and then the mapping model between the line of sight
parameters and the gaze point was established. Through estimation of gaze point distribution of
different angles and changing the number of hidden neurons it was found that the accuracy and
stability of gaze point obtained by ELM method are better than those obtained by traditional
nonlinear polynomial model.
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3.1 ELM

on polynomial model

3.2
ELM
1~ 4
1 (100 )
Table 1 Training data of staring at each row of
calibration points (100 neurons)

240 0.9857 0.9850

240 0.9750 0.9745

240 0.9875 0.9874
2 (100 )

Table 2 Training data of staring at each column of
calibration points (100 neurons)

240 0.9417 0.9414
240 0.9292 0.9290
240 0.8875 0.887 1
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3 (100 )
Table 3 Training data of staring at main diagonal
calibration points (100 neurons)

240 0.966 7 0. 966 1

4 (100 )
Table 4 Training data of staring at secondary diagonal
calibration points (100 neurons)

3 240 0.9792 0.9787
3.3 ELM
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Table 5 Experimental results of network training
by using different number of neurons

100 200 300 400

1440 1440 1440 1440
0.6542 0.9722 0.9889 0.995 8
0.1094 0.2344 0.4531 0.843 8

9
200 1 000.
ELM
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