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Multi-frame pupil detection algorithm based on deep learning

Zhang Guojing Li Chengjia Han Jingwei Huang Man
(Information Engineering College, Hangzhou Dianzi University, Hangzhou 310000, China)

Abstract: Pupil localization plays a crucial role in human-computer interaction and biomedical computing applications.
Currently, many sophisticated pupil localization algorithms are designed to detect and locate the pupil position using one
single image. However, pupil movement is a continuous process. Therefore, when the pupil position cannot be
accurately detected and located in one current frame, the pupil position can be inferred by combining information of
previous frames. This approach can more effectively handle difficult and challenging situations such as reflections.
pupil occluded by eyelashes and blinks, as well as off-center pupil positions and motion blur. Consequently. it can
significantly improve the accuracy and robustness of pupil detection, decreasing localization errors. To address these
challenges, propose a pupil detection algorithm based on deep learning using multiple consecutive images. This
algorithm enhances the standard Unet encoder-decoder structure by incorporating multi-frame information from
continuous eye tracking scenes for improved pupil detection. By combining convolutional neural networks with
convolutional long short-term memory networks and a convolutional block attention module, we introduce a hybrid
semantic segmentation network. Experiments on a large-scale dataset demonstrate that the proposed method
outperforms existing pupil detection algorithms, achieving a mean intersection over union score of 96.78% and a root
mean square error value of 3. 83, especially in challenging situations.
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Structure diagram of network model
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Fig. 6 Visual comparison of the results of pupil segmentation by various segmentation algorithms
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Table 2 Pupil detection performance of different segmentation networks on the testing set

WIRE DR /% MloU /% Acc /%

Pre /%
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SwinUnet  96. 15

92.4448.82 99.9440.06 96.73+6.64 95.12+8.30 95.7447.50
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Fig. 8 Example of pupil detection results
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Table 3 F1 scores of different network models under
different interference factors
T/ gk MR R SR Y
TranUnet 93.47+10.77 92.92+10.83 94.8144.07
SwinUnet 91.92+10.51 89.79+10.45 94.2942.32
CHk[36] 94.60+6.73 95.2045.55  87.5244.73
FCLSTM 97.1943.05 97.1945.17  98.43%£0. 33
Unet 94.51+8.25 95.31+5.93  95.88+1.89
CBAM  94.35+8.45 95.32+6.03  96.42+1.49
ConvLLSTM 97.2842.96 97.214+4.34  98.3140. 36
ARICHH 97.324£3.00 97.34+4.31  98.47+0.28
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