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ABSTRA

Orthognathic surgery is a surgical procedure aim at correcting facial abnormalities by adjusting the structure of the jaw. This procedure is particularly suitable for patients with conditions such as
cleft palate, facial deformities, and malocclusions (misalignment of the teeth), which can impact everyday activities such as eating and speaking. During orthognathic surgery, careful analysis of
cephalometric landmark is essential to determine the appropriate direction for repositioning the jaw. The surgical plan includes identifying the specific points for incisions on the jaw. In modern
practices, deep learning techniques have been introduced to analyze these landmarks in both two-dimensional and three-dimensional formats. This project focuses on using deep learning
techniques for the three-dimensional analysis of cephalometric landmark and predicting jaw movements. The objective is to enhance the efficiency of the surgical planning process for orthognathic
surgery and reduce the time for planning. We are currently working on improving the performance of the model, as the results show mean radial errors and successful detection rates below 2 mm
between ground truth and prediction. Specifically, for the training dataset, these values are 2.41 and 47%, respectively, while for the testing dataset, they are 9.91 and 16.67%, in sequence. Currently,

itis in the process of refining the model to enhance performance for acceptable criteria by doctor.

INTRODUCTION

« Orthognathic Surgery also known as jaw surgery, is a surgical process aimed at improving
the structure of the jaw and enhancing facial aesthetics.

Benefits of Orthognathic surgery
¢ Improved Facial Symmetry
e Correction of Bite Irregularities
e Enhanced Speech
e Boosted Self-Esteem
e Long-Term Stability
o Enhanced Bite Function
o Improved Quality of Life

Fig 1 Before and after orthognathic surgery [6]

o Cephalometric landmarks are specific points on the human skull used in orthodontics,
orthognathic surgery, and other fields of dentistry for diagnostic and surgical planning such
as point of jaw relocation, facial bone shape analysis, etc. 7

« Manual process for cephalometric landmark
Software : Some doctors lack proficiency in certain skills.
Paper : Time-consuming (30 min/case)

o This project focuses on using deep learning techniques
for the two-dimensional analysis of cephalometric
landmark and predicting jaw movements. The objective is
to enhance the efficiency of the surgical planning process
for orthognathic surgery and reduce the time for planning.
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Fig 2 Cephalometric landmark [8]
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« We obtained real data from 712 patients with difference facial bone shape in DICOM format.
Most of the raw data have an image size of 681x481 pixels and a pixel spacing 0.25, data.
And we focus Anterior nasal spine (ANS) point because ans is an important landmark for
anatomical reference, It helps in determining the location of other structures in the midface
region during surgical process.
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« Data preprocessing task, we selected sagittal slice images capturing the skull's side view to
located cephalometric landmarks. Brightness and contrast are adjusted within a specified
Hounsfield unit range (minimum 226, maximum 3071) to enhance bone quality.
Subsequently, we croped around average landmark points into square shapes to focus on
relevant skull regions for analysis.

« Data augmentation was performed on the training dataset to increase the accuracy of our
model. The data augmentation was shifting 1 and 3 pixels in 4 different directions (right,
left, down, up) and rotating 2, -2, 4 and -4 degree [4].
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MODEL

We used the ResNet-50 architecture as our backbone to extract features. Then, we add
Convolutional Neural Networks, which directly outputs the coordinate of the landmark
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o Resnet50 model architecture for pre-trained
o Add CNN layer for predict coordinates X and Y (Output)

RESULTS

We used two indicators to evaluatec the performance of the model.

o Mean Radial Error (MRE) is average distance (mm) error from the center of the target.
MRE = i\fI(X — £) x pixel spacing)’] - [(¥ — ¥) x pixel spacing)’]
X,Y = ground truth, X,Y = predicted output, n = number of sample

« Success detection rate (SDR) is success detection rate in any criteria range.
sor = 2% 100

TN

Na = Indicates the number of accurate detections, N = Total number of detections

The results of the ResNet-50 model indicate that mean radial error and successful detection
rate below 2 mm between ground truth and prediction, are 2.47 and 47%, as shown respectively,
for the training dataset. For the testing dataset, these values are 9.91 and 16.67%, respectively,
as show in table 1 and table 2.

o MRE in Acceptable range : < 2 mm.
Table 1 Mean error (mm) and SD (mm) for each ANS coordinates.

Training set Test set
Landmark
Mean Error (mm) SD (mm) Mean Error (mm) SD (mm)
ANS (XT1) 1.82 1.46 8.5 9.22
ANS (Y1) 1.20 1.22 3.76 3.71
Mean Radial Error (mm) 2.41 9.91
o Expected SDR :in 2mm range > 80 %
Table 2 Success detection rate (SDR) for ANS in 4 error range (mm).
Landmark 1 mm (%) 2mm (%) 3 mm (%) 4 mm (%)
ANS (Training set) 17.02 47.91 68 81.68
ANS (Test set) 0 16.67 16.67 22.22

CONCLUSION

This project aims to create an automatic cephalometric landmark localization using deep
learning technique to reduce time-consuming task. In the preprocessing and augmentation task,
we already enhanced bone quality in images by changing Hounsfield unit range, while
employing shifting and rotation techniques to augment the training dataset, aiming to narrow
the gap between predicted and ground truth standard deviations. Nevertheless, it is worth
highlighting that the performance of the model does not currently meet the clinically acceptable
standards for surgical planning, primarily due to significant disparities between the training and
test datasets. Addressing these challenges necessitates refinement of the model's
hyperparameters.
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