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Abstract

Nowadays, the integration between the medical field and the computer field is getting deeper and
deeper. More and more research teams are using advanced computer image processing technology
to complete the classification, segmentation, detection, registration and imaging reconstruction of
medical images. However, this is still a minority, and the vast majority of medical institutions still
rely on doctors for diagnosis and result analysis based on images. This greatly reduces the working
efficiency of hospitals, takes a long time to diagnose, and puts a burden on patients both mentally
and physically. Therefore, we use the pre-trained 3D model of machine deep learning, 3D modeling
and convolutional neural network technology to build a system that can directly perform image
classification, cutting and lesion detection. This study proposed a new framework for 2D lesion
detection at the CT level that can effectively utilize 3D contextual information, and proposed a new
idea of pre-training 3D convolutional neural network. This study conducted experiments on NIH
DeepLesion, the largest CT image dataset to date, and obtained SOTA lesion detection results. The
supervised pre-training method can effectively improve the convergence speed of 3D model training,
as well as the model accuracy on small-scale data sets, so as to improve the speed and accuracy of
disease analysis and medical efficiency. The main research achievements of this paper include: 1)
A pre-treatment method for lesion detection with 3D convolution model is proposed. This method
converts CT images into three-channel false-color images through data preprocessing, so that the
pixel values in the images are normalized to the same range, and the morphological differences
between different types of lesions are reduced. Secondly, the aspect ratio of the anchor frame was
optimized by preconditioning combined with the prior knowledge of the size of the multi-type fo-
cus frame. 2) Develop a general and efficient network framework that can enhance 3D contextual
information modeling. Firstly, an improved pseudo-3D framework is proposed to extract 3D con-
text features efficiently for the continuous multi-layer input. At the same time, a group convolu-
tion transform module is combined to convert 3D features into 2D features before the feature is
input to the detection head, so as to adapt to our 2D target detection task. To ensure that the mod-
el always has 3D context modeling capability. 3) A supervised pre-training method was designed
to enhance the MP3D training and convergence performance. This research proposes a 3D model
pre-training method based on variable dimension transformation: The channel dimension in 2D
space is converted to the dept dimension in 3D space, and the original RGB three-channel two-
dimensional image with color information is converted into three continuous level images in 3D
space, so as to effectively use 2D natural image processing to conduct 3D model pre-training. In
this paper, we compare the proposed methods qualitatively and quantitatively on DeepLesion da-
ta sets. The results show that the method in this paper can be used as an auxiliary detection me-
thod for multiple types of lesions in CT images, so as to promote the clinical application of CT
technology.
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Figure 1. MP3D network framework
& 1. MP3D P45 HESE

DOI: 10.12677/csa.2022.1212296 2919 THENUR 5 N H


https://doi.org/10.12677/csa.2022.1212296

— |ResNet Block ResNet Block| J—' """ —’@
1%x1 3x3 1x1
=-E-H
=t : : | P3D Block| J"l P3D Block| J—' > g-’ GMT *@
Decompose 1%1%1 x3%3 x3x3 3% 1x 11 x1x1
- - - - B

Figure 2. 1) Comparison of multiple sections using 2D Image-Net pre-training weights; 2) Hierarchical simulation of 3D net-
work pre-training of 2D natural images
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Figure 3. 3D model pre-training based on variable dimension transformation
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Figure 4. Sensitivity of model method under different FPs
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Figure 5. LIDC and LITS segmentation data set effect
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Figure 6. LIDC classification data set effect
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