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Abstract

Recently, deep learning-based automated systems for identifying and detecting landmarks have been proposed. In order to train
such a deep learning-based model without overfitting, a large amount of image and labeling data is required. Conventionally,
an experienced reader manually identifies and labels landmarks in a patient’s image. However, such measurement is not only
expensive, but also has poor reproducibility, so the need for an automated labeling method has been raised. In addition, in the
X-ray image, since various human tissues on the path through which the photons pass are displayed, it is difficult to identify
the landmark compared to a general natural image or a 3D image modality image. In this study, we propose a geometric data
augmentation technique that enables the generation of a large amount of labeling data in X-ray images. In addition, the optimal
attention mechanism for landmark detection was presented through the implementation and application of various attention
techniques to improve the detection performance of 16 major landmarks in the skull. Finally, among the major cranial landmarks,

markers that ensure stable detection are derived, and these markers are expected to have high clinical application potential.
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Figure 1: Overall process of the proposed framework. SE-block and CBAM modules are inserted into the position prior to the last ReLU
activation function in ResNet50. Since the Self-Attention layer could be used in subsequent to every convolutional blocks in ResNet50,
the best position for Self-Attention layer was determined through experiments on the entire number of possible cases.
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Table 1: Description of 16 landmarks used in the experiments.
@ =l (Landmark) 7 9] (Definition)

L1  Menton slotzo] 714 ofefj & 2] H

L2 Gnathion stefz g A ot % g 72 9]
1 A4

L3  Pogonion B o] ok& =71 2|4

L4  Bpoint SuF 22 214, Pogonion}
Infradentale A}o] SFot-Z

L5  Lower lip olgf] A& o] &9k A4

L6 Infradentale olef €l o] &= =oF ek Atoo]| Q=
A= 7 =2 AA

L7  Lower incisal_incision <=2 Aot oy 71zt 8] S4] 2|4

L8  Upper incisal_incision == s}ot oty 714 z1e] 41 2|4

L9  Upper lip s e Td A4

L10 Subnasale H|ZA o] 71 A|AFH A
AdET A= A

L11 ANS T detEe] sotH 94d
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Aol e 71&9 enta JE dFsoA ¢ A%
o] ¥l X (backbone) & 2 =2} A2 E ResNet50-2 AH23519
tH17]. 2015 T of] IILSVRCO A T E &5 ResNet2 2} &
E(residual block)of| A 252 (skip connection)S 53 L 52 &
& Zroll 998 e gt e 24 7]-&7] A2l(gradient vanishing)
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Figure 2: X-ray images and landmark labels identified after for-
ward projection. Red dots are the label values for each of 16 land-
marks. a), b), ¢), and d) represent images and labels viewed at 0
degrees, 90 degrees, 180 degrees, and 270 degrees, respectively.

o] ResNet502 A eisto] A5ttt T35 M o] 7l A 7] -2

7] ResNet50 o] 9]0l = 7% 45-9] G442 9Jof .0 2 47
SFolely BES0] A4 offld RUEE 272 PAIstol A
Atk & Aol AR o'l 7] A Ad ol
(channel attention) ¥} F7F o] €l A (spatial, or pixel-wise attention),
T3 AT o gl H(self-attention) © 2 LT}
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Figure 3: Structure of the SE-block[18].
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Figure 4: Structure of the CBAM module[19].
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4.3 Self-Attention
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Table 2: Description of the skull XCAT dataset.

Dataset Num of patients Num of images Gender
12 males
Train/Val 26 9,360
14 females
1 male
Test 2 720
1 female
13 males
Total 28 10,080
15 females
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a) 175° a) 338°

Figure 5: a) and b) visualize the detection results derived from
ResNet50 at 175 degrees and 338 degrees, respectively. (green
dots: predicted values, purple dots: label values)
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Table 3: Experimental results on 16 cases of applying Self-Attention to ResNet50.

. Position of Self-Attention SDR (%)
Num of Self-Attention MRE (mm) SD (mm)
(conv_2, conv_3, conv_4, conv_5) 2mm) (4mm) (6mm)
T,FFF 3.4038 6.2086  39.6441 83.2726 94.5052
ET,FF 3.4564 43089 324653 743142 91.7188
! EFTF 3.3054 4.8174  43.3507 77.9948 89.2014
EEFET 3.6580 5.1508  41.1719 72.4045 84.0885
T, T,EF 3.0957 3.6377  42.0486 78.8281 92.1267
T,ET,F 3.3378 6.3228  45.5816 81.3802 93.9063
T.EFET 3.1830 5.6842 442969 80.8594 93.5851
2 ETTF 3.5257 5.1822 399653 74.1667 89.3576
ET,ET 3.9982 7.1549 399826 72.5955 86.6146
EFTT 3.6239 6.6797  38.4288 75.1042 91.7448
T, T, T,F 2.9997 3.8673  40.7986 81.4063 94.6788
T, T,ET 3.5314 6.3551 429688 77.9774 91.8142
3 T,ET,T 3.5173 6.3888 37.2917 80.0174 92.2830
ET,T,T 4.0847 57149  30.1736 68.2639 86.3715
4 T, T, T,T 3.2849 4.5663 31.7101 81.4497 94.0625
Self-Attention average - 3.4671 5.4693 39.3252  77.3356  91.0706

* MRE: Mean Radial Error, SD: Standard Deviation, SDR: Successful Detection Rate

Table 4: Experimental results comparing ResNet50 with the other three attention methods.

Position of Self-Attention SDR (%)
Model MRE (mm) SD (mm)
(conv_2, conv_3, conv_4, conv_5) (2mm) (4mm) (6mm)
Plain ResNet50 - 3.5367 3.7111 30.9288 73.6024 89.9653
ResNet50 + SE-block - 2.6965 3.4437 51.2326 83.2118 93.5938
ResNet50 + CBAM - 3.9340 6.0625 43.9410 72.0486 83.0295
ResNet50 + Self-Attention T,T,T,F 2.9997 3.8673 40.7986 81.4063 94.6788

* MRE: Mean Radial Error, SD: Standard Deviation, SDR: Successful Detection Rate
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Figure 6: Boxplot visualization of the a) distribution of MRE and the b) distribution of SD in terms of landmarks through the average
detection results of 16 model using self-attention.
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