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| Introduction
Thyroid Ophthalmopathy Patient’s Eyelid Length

 In thyroid ophthalmopathy, eyelid length is measured to monitor disease progression.
« There is no automatic measurement system, so measurements must be taken manually.

« Manual measurements can be inaccurate, as the length can vary depending on the person measuring it.
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| Introduction
Eyelid Length Measurement

« Reflex is the central point of length measurement.

« Because the size of the reflex is very tiny, segmenting a reflex is quite a challenging problem.
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| Related Work

Medical Image Segmentation

« Segmentation in the medical image is a requirement for medical application such as brain segmentation,
Computed Tomography (CT) image segmentation, lesion segmentation, and polyp segmentation.

« [tis very common in medical image that the anatomy of interest only occupies a very small portion.

« Even though the anatomy of interest are small, it is very important to detect them when they are small.
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| Related Work

Medical Image Segmentation

« Recently, many researchers have applied convolutional neural networks to segmenting medical image and
achieved good results.

« ColonFormer uses the pyramid pooling and the refinement module to refine the boundary of the object.

« HarDNet-DFUS uses HarDBlock in the encoder and replaces the decoder with Dense Aggregation.
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| Related Work
Segmentation of Small Medical Objects

« CaraNet proposed segmentation network for small medical objects.

« CaraNet applies axial reserve attention and channel-wise feature pyramid module to dig feature
information of small medical object.

« They mainly focus on the small areas whose size ratios are smaller than 5%.
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| Related Work

Common Drawback of Conventional Methods

* Due to the nature of medical imaging, it is important to make good use of shallow features.
« Away to take advantage of this is to use skip connections.

« The previous neural networks do not use the features of first down-sampling.
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| Proposed Method
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| Proposed Method

Importance of first down-sampling in medical images

« Medical images have the characteristic that the boundary with the surroundings is not clear.
* In most medical images, the first down-sampling block is used to extract low-level semantic information.

« To extract low-level information, we add a kernel-size 1x1 convolution to the first down-sampling block.
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| Proposed Method

Cross-Channel Feature

« The representation of multi-scale features is beneficial for the model to perceive data features.
» Recently various models learning the representation via cross-channel features have been proposed.

« The proposed network was designed using Compact Split Attention (CSA) block exploiting cross-channel

features to focus more on small objects. S
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| Experimental Settings

Dataset

« 1004 images acquired from 251 patients are used to train the network.

« The image is cut in half and used for learning without considering the left and right sides.

« For augmentation, horizontal flip was applied.

Reshape to 512 x 512

Horizontal flip
Data preprocessing process === == mEEEmEEEE T E T EmEEEEm e

Cross Validation

 Number of Iterations: 30

« Data Split Ratio (Train: Validation: Test) = 0.6 : 0.2: 0.2
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| Experimental Settings
Hyperparameter Settings

« Batchsize: 8

« Epochs: 50

 Loss function: Focal loss
« Optimizer : Adam

« Learning Rate: 1e-4

Evaluation Measures
* Dice Coefficient e |oU
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| Overall Experimental Results

Experimental Results

« The proposed model show better performance than the other comparison models.

Model Dice loU Rank
CaraNet 0.654 + 0.010 0.497 + 0.012 4.067
DCSAU-Net 0.825 £ 0.007 0.715 £ 0.023 2.267
Swin-Unet 0.818 £ 0.007 0.714 £ 0.009 2.733
ColonFormer 0.614 + 0.015 0.467 £ 0.016 4,933

Proposed 0.880 + 0.021 0.800 + 0.032 1.033
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| Overall Experimental Results

Friedman Test

Evaluation Measure Friedman statistic Critical Values (a = 0.05)
loU 111.68 2.276
Dice 114.533 2.276

Bonferroni-Dunn Test
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| In-Depth Analysis
Experimental Results

« Unlike other segmentation tasks, in tiny object segmentation, even a single pixel can have a huge impact.
« (CaraNet and ColonFormer, which do not utilize the first down-sampling information, performed poorly.

« When up-sampling, using the information from the 1x1 kernel resulted in more accurate segmentation.

Ground Truth proposed DCSAU-Net Swin-Unet CaraNet ColonFormer

o e e et e Bt et e e Prediction mask results for each model (x20 z00M) == — - - — oo
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| Conclusion and Contribution

Conclusion

« A network is proposed, which can segment tiny object in medical images.
« The proposed model outperforms the existing models.
* When up-sampling the last layer, it worked to use the first down-sampling information via skip-connection.

« Using cross-channel features was effective in learning information from different receptive fields.

Contribution

* In Domestic Competition

= B-cell epitope (linear peptide) prediction competition, Al Graduate School Challenge, 2022, 3rd Prize

= Medical Technology for Patients with Thyroid-associated Ophthalmopathy, Al Technology-based Employment and Start-up
Workshop, 2023, 3" Prize

 In International Conferences
= Effective Eyelid Length Measurement Using Semantic Segmentation, ICEIC, 2023

* In Domestic Conferences
=  Comparison of Deep Learning based Segmentation Models for Measuring Eyelid Contour of TAO Patients, IEIE, 2022
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| Appendix
Additional Experiments

« Comparison with Split Attention (SA) block

Method Dice loU

Proposed + SA 0.802 £ 0.012 0.695 + 0.014

« Kernel size adjustment in first down-sampling

Method Dice loU
Kernel 3x3 3x3 0.838 £ 0.013 0.74 + 0.017
Kernel 3x3 1x1 0.809 + 0.013 0.705 + 0.017

Kernel 7x7 3x3 1x1 0.799 £ 0.014 0.692 £ 0.015
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