SN EHMRIE AT |85 |=2X|(kiiect) 23-10, Vol.16 No.5
=2 23-16-05-331 http://dx.doi.org/10.17661/jkiiect.2023.16.5.331

AR DY FPIA 39 23R soolx AES AT HAg)
71 g2y 2

M, =M, g2, g, gt erE T

Optimization-based Deep Learning Model to Localize L3 Slice
in Whole Body Computerized Tomography Images
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Abstract In this paper, we propose a deep learning model to detect lumbar 3 (L3) CT images to
determine the occurrence and degree of sarcopenia. In addition, we would like to propose an
optimization technique that uses oversampling ratio and class weight as design parameters to address the
problem of performance degradation due to data imbalance between L3 level and non-L3 level portions
of CT data. In order to train and test the model, a total of 150 whole-body CT images of 104 prostate
cancer patients and 46 bladder cancer patients who visited Gangneung Asan Medical Center were used.
The deep learning model used ResNet50, and the design parameters of the optimization technique were
selected as six types of model hyperparameters, data augmentation ratio, and class weight. It was
confirmed that the proposed optimization-based L3 level extraction model reduced the median L3 error
by about 1.0 slices compared to the control model (a model that optimized only 5 types of
hyperparameters). Through the results of this study, accurate L3 slice detection was possible, and
additionally, we were able to present the possibility of effectively solving the data imbalance problem
through oversampling through data augmentation and class weight adjustment.
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Table 1. Design parameters of deep learning model

Design Range of
Types
parameters parameters
L2Regularization [1e-5 1e-2] Continuous
Initial learning rate [1e-5 1e-2] Continuous
Minibatch size 16:16:64 Integral
Gradient threshold 1:1:6 Integral
Gradient threshold  ‘I2norm’, ‘global Intearal
method [2norm’ 9
Over-sampling rate [0 0.25] Continuous
Class weight [0 1] Continuous
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Table 2. Result of L3 level detection

L3 &z2fol& 2%

IE AT ZdHdlol= (mean +S.D)
FCNI3] Frontal images 0.87+4.66
VGG16[4]  Frontal images 2041254
VGG[5] Axial images 0.87+254
CNN [8] Frontal images 1.53+4.22
CNN [8] Axial images 1.41£5.02
ResNet50 Axial images 1.68+1.43
ResNetS0  axial images 0.68+1.26

(Proposed)
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