$3i1 CIX|Z 26l X 55| = 2|
:; :’ Journal of Digital Contents Society
' Vol. 25, No. 10, pp. 2871-2878, Oct. 2024 M) Check for updates

MPIlIFaceGaze CIO|E{HE 7|t MM 0|5 RO 2SI ZA2] 7|8 U ST 7|4

1 1 1 2%
Ao ez el g
'HMo{XiC & m Aol E oM E & Péi
‘HMo{At st CIXHAZEQ oSS

Efficient Preprocessing and Augmentation Techniques for Gaze

Prediction Models Based on the MPlIFaceGaze Dataset
Nayoung Kim' - Dawoon In' - Sieun Jo' - Taejung Park’

"Bachelor's Course, Department of Cybersecurity, Duksung Women's University, Seoul 01369, Korea
%Professor, School of Computer Science, Engineering and Converged Technology, Duksung Women's University,
Seoul 01369, Korea

ﬁ
nH>
lo
ofy
fo
oX,
o
ol\
N
)
Q‘L
k
30,
O
>
-,
o
%
oxl
ot
oX,
o%
o

=3 A5 Hl Hoke] w2 b o) uhE} AjAl 5 A F4
St o a17] 918 vk 54 71 Eel Léﬁ] G801 9l o} 7]|EL] Al 4 oY 3
HA A F4 7 < % 2] RhegabA] Feakarl Aok ek 2 ATl A= dA 83k H A A F7] 7]l 4%
3ol A] A e % 159] 235 Aok ohFeh 84 stell A Al 54 i‘%—% MEl %‘0 ¥l MPIIFaceGaze Y| o] H Al-S-
7IWko 2 A1 A o mA] A A2 71‘%3(HE CLAHE)JJr ﬂ”ﬂ 4%
o] A]/H zx% /ﬂ‘:—oﬂ ] L}

2#¥ s A3}, CLAHE A= 7] O]u]x] =7 71%3 @%g}x] 5
Aol A A FESHA FAE FAA oA A Yo g A makE Oé&’itk

i)
mlm
rﬁ

[Abstract]

As artificial intelligence and computer vision rapidly advance, gaze tracking technology is becoming increasingly important. To
address the limitations of training data, various augmentation techniques are commonly used to enhance gaze tracking accuracy.
However, existing research on gaze tracking data augmentation has not fully considered the characteristics of the latest
technologies. In this study, we propose suitable combinations of image preprocessing and augmentation techniques for modern
gaze tracking systems. Using the MPIIFaceGaze dataset, we analyzed the effects of statistical image preprocessing methods
(Histogram Equalization and Contrast Limited Adaptive Histogram Equalization) and typical augmentation techniques
(Albumentation, Transform, Light-Enhancer) on gaze tracking performance. The experiments tested 12 combinations, including the
absence of preprocessing and augmentation. The results showed that the combination of CLAHE preprocessing without
augmentation achieved the best performance. The experimental results showed performance improvements due to statistical image

preprocessing techniques that were not heavily emphasized in previous research.
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Algorithm 1 Light Enhancement Algorithm

Require: Low-light image image, Scale factor scale_factor

Ensure: Enhanced image enhanced_image

: Normalize the image by converting to float32 and scaling by 1/255

- Convert the normalized image to a PyTorch tensor

: Compute height h and width w as:

h = (image.height + scale_factor) x scale_factor

w = (image.width + scale_factor) x scale_factor

: Resize the image to dimensions h x w

- Permute the image dimensions to match the input format of the deep learn-
ing model

8: Move the image tensor to the computation device (e.g., GPU) and add a
batch dimension

: Pass the image tensor through the deep learning model DCE_net to obtain:

10: enhanced_image, params_maps = DCE_net(data_lowlight)

11: Remove the batch dimension from the enhanced_image tensor

12: Convert the enhanced_image tensor back to a PIL image

13: Convert the PIL image to a NumPy array

14: return enhanced_image

3% 4. Light-Enhancer 2/A} 2=
Fig. 4. Light-Enhancer pseudocode
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Table 1. Experimental results of eye tracking model using
augmentation techniques
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