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ABSTRACT
In recent years, deep learning has been widely used in
the eye-tracking area. Eye-tracking has been studied to
diagnose neurological and psychological diseases early
since it is a simple, non-invasive, and objective proxy
measurement of cognitive function. This project aims to
develop a system to automatically track the
synchronisation of eye movement data and its visual
target. To achieve this goal, we employ a deep learning
algorithm (Points-CNN and Head-CNN) to detect the eye
centre location and classify the synchronisation level of
the eye movement and visual target. Moreover, we modify
the eyediap dataset to assist with our research objective.
The video data in the eyediap dataset is used to track the
eye movement trajectory, while the visual target
movement data is used to extract the direction change
window. The movement feature vectors are extracted
from the eye movement data and the visual target
movement data with the direction change window.
Euclidean distance, Cosine similarity, and Jaccard
similarity coefficient are used to assist the synchronization
detection of the eye and visual target movement vector. In
the synchronisation detection part, K-Nearest Neighbors,
Support Vector Machine, Logistic Regression are
investigated.

DETECT EYE LOCATION

Fig.1. demonstrates the overview of our proposed system.
Please go to next section for more detail information.
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Kruskal-Wallis test is applied to the prediction result. The
null hypothesis is no significant difference between the
tested groups. The results show that the P-value is 0.000,
which is lower than the set significant level, 0.05. The null
hypothesis is rejected. It means the KNN’s performance is
significantly higher than the other classifiers.

Fig. 4. Training and Validation Mean Absolute Error for
Different Learning-Rate (Batch-size 128): (a) Training
MAE with Dropout 0.5, (b) Validation MAE with Dropout
0.5, (c) Training MAE with Dropout 0.2, (d) Validation MAE
with Dropout 0.2

CONCLUSION

Fig.2. shows the structure of Multi-CNN model (HeadCNN [1] and Points-CNN[2] )for the eye location detection.
VISUAL TARGET MOVEMENT FEATURE EXTRACTION

OBJECTIVE
Our study will focus on developing a system to enhance
eye-tracking technology’s usability. Our system can be
divided into two parts, eye centre detection and
classification. Thus, we would employ the recent eye
detection model and some traditional machine learning
models to train our data and improve the interpretability of
the system and the output.
METHODOLOGY

RESULT

Algorithm 1 explains the eye and. The extracted direction
change windows vector (Sj and Ej) would be applied to
both the visual target and the eye movement location to
generate the target and eye location with the change
window(TW and EW). Then, our system root through each
element of TW and EW to generate the direction. If TWl is
less than TWl+1, then 1 is assigned to the target
movement direction vector. -1 is assigned when TWl is
greater than TWl+1. Given that the subject faces the
computer screen during the video recording, the eye
movement direction shows an opposite trend.

Fig. 5. Training and Validation Mean Absolute Error for
Different Dropout Group: (a) MAE for Learning-Rate
0.0001 Batch-Size 128, (b) MAE for Learning-Rate 0.001
Batch-Size 128, (c) MAE for Learning-Rate 0.0001 BatchSize 256, (d) MAE for Learning-Rate 0.001 Batch-Size
256
The investigated the learning-rate (0.01, 0.001, 0.0001)
and dropout (0.2, 0.5) for the convolutional neural network
since the selected parameters showed more promising
detection performance. The data is split into three parts,
60% for training, 20% for testing, and 20% for evaluation.
Learning-rate 0.001, dropout 0.5, and batch-size 128
achieves the best performance.

We develop a system to demonstrate the synchronisation
detection process to assist Dementia diagnosis, which
focuses more on practicality. The video data is processed
into frame images and fed into the convolutional neural
network for eye location detection. Meanwhile, the visual
target data is used for the direction change window
extraction. The eye and visual target movement features
are generated for synchronisation detection, based on the
extracted direction change window. The proposed system
is capable of detecting the synchronisation of eye
movement and visual target automatically. Therefore, it
will contribute to a more efficient way of assisting the
dementia diagnosis.
Due to its efficiency and non-bias analysis, it is irresistible
to boost the Dementia diagnosis process. The future
working direction for this project is to include the
Dementia patients’ data. With the data from Dementia
patients, we can find more patterns of the Dementia
patients’ eye movement. It is a valuable way to reduce the
noise during eye movement direction detection to achieve
a higher detection accuracy.
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Table 1. The average prediction performance of different
delay times for 10-fold cross validation
Acc (%)

F1-score (%)

Precision (%)

Recall (%)

Avg. Std.

Avg.

Std.

Avg.

Std.

Avg.

Std.

KNN

75.1 2.5

74.7

2.5

76.9

2.7

75.1

2.5

Logistic
Regression
SVM
(Linear)
SVM
(Poly)
SVM
(RBF)
Avg.

70.7 2.8

70.7

2.8

70.7

2.8

70.7

2.8

70.9 2.7

70.9

2.7

71.0

2.8

70.9

2.7

67.6 1.8
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1.9

69.3
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1.7

71.0 3.0

70.9

3.0

71.1

3.0

71.0

3.0

71.0 3.5

70.8

3.5
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3.7

71.1

3.5
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