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Abstract

Medical imaging technology plays an important role in the detection, diagnosis and treatment of diseases.
Due to the instability of human expert experience, machine learning technology is expected to assist researchers
and physicians to improve the accuracy of imaging diagnosis and reduce the imbalance of medical resources.
This article systematically summarizes some methods of deep learning technology, introduces the application
research of deep learning technology in medical imaging, and discusses the limitations of deep learning
technology in medical imaging. There has been a long-term traditional research in computer-aided detection
systems, namely automatic detection of lesions, which can improve detection accuracy or reduce reading time for
human experts.
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Darin d6yronmanin tibbi goriintiilorda tatbiqi

Xiilasa

Tibbi gortintiiloma texnologiyasi xastaliklorin agkarlanmasi, diagnozu ve miialicasinde miihiim rol oynayir.
Insan miitoxassis tocriibasinin geyri-sabitliyi sobobindon masin dyronmo texnologiyasmin tadqigatcilara va
hokimlors goriintii diagnozunun doqiqliyini artirmaq va tibbi qaynaglarin balanssizligini azaltmaq iigiin kdmak
etmasi gozlanilir. Bu maqals sistematik olaraq bazi darin 6yronma texnologiyasinin metodlarint {imumilagdirir,
dorinden 6yranma texnologiyasinin tibbi goriintiillome tatbigetms todqigatini taqdim edir vo dorindon dyroanmado
dorin 6yranma texnologiyasinin mohdudiyyatlorindon bohs edir. Kompiiter dostokli agkarlama sistemlorinda, yoni
lezyonlarmm avtomatik agkarlanmasinda uzunmiiddoatli onenavi todqiqat aparilmigdir ki, bu da askarlama
doaqigliyini yaxsilagdira va ya insan ekspertlari ti¢lin oxu vaxtini azalda bilar.

Agar sézlar: Siini 2oka, darin 6yranma, tibbi goriintiiloma, boyiik malumatlar, metod

Introduction

In recent decades, medical imaging technologies such as computed tomography (CT), magnetic resonance
imaging (MRI), positron emission tomography (PET) ultrasound, X-rays, etc. Detection, diagnosis and treatment
play an important role (Brody, 2013). Medical image interpretation is mainly performed by radiologists and
clinicians. However, the physician's experience has great instability, so it is hoped that it can be improved
through machine learning technology, so that physicians can benefit from computer assistance.

In the process of medical image analysis applying machine learning, meaningful feature extraction is the core
of successful completion of the target task. Traditionally or task-related features are mostly based on human
expert knowledge in the target domain. Therefore, non-experts using machine learning techniques to conduct
research are challenging, and deep learning technigues can help remove this obstacle by absorbing feature
engineering steps in the learning process (Schmidhuber, 2015: 85-117). That is to say, to manually extract
features, if some preprocessing is required, and then input data and learning targets, deep learning technology can
find solutions through self-learning (Lecun, Bengio, Hinton, 2015: 436-444). Therefore, the burden of feature
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extraction engineering has been shifted from people to computers, enabling non-machine learning experts to
effectively use deep learning techniquesfor research or applications in medical imaging and other fields.

The deep success of deep learning technology is due to the advancement of the computing power of the
central processing unit (CPU) and graphics processing unit (GPU), the acquisition of large amounts of data, and
the development of learning algorithms (Hinton, Salakhutdinov, 2006: 504-507). From a technical perspective,
deep learning can be seen as improving traditional artificial neural networks by building more than two layers of
networks. Studies have shown that hierarchical feature representations are found in deep neural networks, which
can extract high- level features from low-level features Hinton, Salakhutdinov, 2006: 504-507. Due to the excellent
characteristics of learning layered features from data, deep learning has achieved excellent performance in
various artificial intelligence applications (Karpathy, Fei-fei, 2017: 664-676; Silver, Huang, Maddison, Guez, Sifre,
Van Den, Driessche, 2016: 484-489). Especially the huge progress in the field of computer vision has inspired its
application in medical image analysis, such as image segmentation (Zhang, Li, Deng, Wang, Lin, Ji, 2015: 214-
224; Kleesiek, Urban, Hubert, Schwarz, Maier-Hein, Bendszus, 2016: 460-469), image registration (Wu, Kim, Wang,
Munsell, Shen, 2016: 1505-1516), image fusion (Suk, Lee, Shen, 2014: 569-582), image annotation (Jiu, Sahbi,
2017), auxiliary diagnosis and prognosis (Suk, Lee, Shen, 2015: 841-859; Suk, Wee, Lee, Shen, 2016: 292-307)
lesion detection (Van, Tulder, De Bruijne, 2016: 1262-1272; Dou, Chen, Yu, Zhao, Qin, Wang, 2016: 1182-1195),
and microscopic imaging analysis (Cireshan, Giusti, Gambardella, Schmidhuber, 2013: 411-418). This article gives
a brief overview of several deep learning methods, then introduces the related applications of deep learning
techniques in medical imaging, and discusses the limitations of deep learning techniques in medical imaging.

Overview of Deep Learning Methods

Deep learning is a type of machine learning algorithm that uses multiple cascaded non-linear processing units
to perform feature extraction and transformation. Each successive layer uses the output of the previous layer as
input; learning (such as classification) and / or unsupervised (such as pattern analysis) behavior in a monitored
environment; learning is a multi-level representation corresponding to different levels of abstraction; concepts
The formation of the hierarchical structure; back-propagation training and gradient descent. The levels of deep
learning include the hidden layers of artificial neural networks and a set of propositional formulas. They may also
include latent variables in deep generative models, such as nodes in deep trust networks and deep Boltzmann
machines. Existing deep learning technologies include feedforward neural networks (Bebis, Georgiopoulos, 1994:
27-31), deep belief networks (Hinton, 2011: 267-269), deep Boltzmann machines (Salakhutdinov, Hinton, 2009:
1967-2006), deep convolutional neural networks (Shen, Wu. Suk, 2017: 221-248), and so on.

Feedforward Neural Network

Feedforward neural network (Figure 1) is the simplest kind of neural network (Bebis, Georgiopoulos, 1994:
27-31). Its neurons are arranged in layers. Each neuron only receives the output of the neurons connected to the
previous layer and outputs it to the next layer. There is no feedback between layers. The research of feedforward
neural network started in the 1960s, and its theoretical research and practical application have reached the mature
stage. For the structure design of feedforward neural network, direct training method, pruning method and growth
method are generally used. The direct training method is to design a practical network. The pruning method
requires starting from a sufficiently large initial network, so the entire process is complicated and long. The
training of the learning network is only the steepest descent optimization process, and for a very large initial
network, it cannot guarantee that it will converge to a global optimal solution or a sufficiently good local Optimal
solution, therefore, pruning is not always effective. The growth method is more in line with the process of
people's knowledge and accumulation of knowledge. It has the characteristics of self-organization and more
development potential.
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Fig.1. Schematic diagram of feedforward neural network structure
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Feedforward neural networks have a simple structure and are widely used. They can approximate arbitrary
continuous functions and square integrable functions with arbitrary precision. They can also accurately
implement arbitrary limited training sample sets. From a system point of view, feedforward neural networks are a
kind of static non-linear mapping, and complex non-linear processing capabilities can be obtained through
composite mapping of simple non-linear processing units. From a computational point of view, most feedforward
neural networks are learning networks, Its classification and pattern recognition ability is generally stronger than
the feedback network.

Deep Belief Network

Deep belief networks (Figure 2) can be used both for unsupervised learning, similar to autoencoders, and for
supervised learning, that is, as classifiers. When used for unsupervised learning, the goal is to preserve the
characteristics of the original features as much as possible while reducing the dimensionality of the features
(Hinton, 2011: 267-269). When used for supervised learning, the goal is to minimize the classification error rate.
The neuron component of a deep belief network is a restricted Boltzmann machine. Several restricted Boltzmann
machines are connected in series to form a deep belief network. The hidden layer of the previous restricted

Boltzmann machine is the visible layer of the next restricted Boltzmann machine. The output of one re-
stricted Boltzmann machine is the input of the next restricted Boltzmann machine. During the training process,
the restricted Boltzmann machine of the previous layer needs to be fully trained before the restricted Boltzmann
machine of the current layer can be trained until the last layer.

Hidden layer

Input layer r A — Output layer
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Fig.2. Schematic diagram of deep confidence network structure

1.1. Deep Boltzmann Machine
The deep model formed by all restricted Boltzmann machines is the deep Boltzmann machine (Salakhutdinov,
Hinton, 2009: 1967-2006). If the part near the input layer is replaced with a Bayesian confidence network, that is,
a directed graph model, and the part far from the input layer still uses a restricted Boltzmann machine, a deep
confidence network is formed.

1.2. Deep Convolutional Neural Networks

Convolutional neural network is a kind of feed-forward neural network. The neurons formed by the
convolution kernel can respond to the surrounding cells in a part of the coverage and have excellent performance
for image processing (Krizhevsky, Sutskever, Hinton, 2012: 1097-1105). It includes a convolution layer and a
pooling layer. The basic structure of a general convolutional neural network includes two layers: (1) a feature
extraction layer, each neuron’s input is connected to the local area of the previous layer, and the local feature is
extracted. The positional relationship between features is also determined; (2) feature map layer, each calculation
layer of the network is composed of multiple feature maps, each feature map is a plane, and all neurons on the
plane are equally weighted. The feature map structure uses a function with a small influence function kernel
(such as sigmod) as the activation function of the convolutional neural network to make the feature map
displacement-invariant. In addition, the shared weights of all neurons on a mapping surface reduce the number of
free parameters of the network. Each convolutional layer in the convolutional neural network is followed by a
calculation layer for local averaging and secondary extraction. This unique secondary feature extraction structure
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reduces the feature resolution. A multi-layer convolutional neural network is used as a hidden layer to form a
deep convolutional neural network (Figure 3).
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Fig.3. Schematic diagram of deep convolutional neural network structure
2.Application of deep learning technology in medical imaging

2.1.Classification

Image or detection classification is one of the first application areas of deep learning, which has made a significant
contribution to medical image analysis. In classification tests, one or more images (tests) are often used as inputs, and
diagnostic variables (such as the presence or absence of disease) are used as outputs. Each diagnostic test in this
environment is an example. The data set is usually smaller than the size of computer vision (such as hundreds of
samples), which has strongly promoted the popularity of migration learning for this application.

The essence of transfer learning is to use a pre-trained network (usually in natural images) to try to focus on the
needs of large data sets (perception) trained on large networks. Two migrations of learning strategies, namely using a
pre-trained network as a feature extractor and pre-adjusting or fine-tuning through a medical data network have been
widely used. Extensive research uses architecture to take advantage of the unique attributes of medical data. Hosseini-
Asl et al. (Hosseini-Asl, Ghazal, Mahmoud, Aslantas, Shalaby, Casanova, 2018: 584-596) used three-dimensional
convolutional neural networks instead of two-dimensional convolutional neural networks to classify patients with
Alzheimer's disease; Kawahara et al. (Hosseini-Asl, Ghazal, Mahmoud, Aslantas, Shalaby, Casanova, 2018: 1038-
1049) applied to brain connection diagrams for diffusion tensor imaging of magnetic resonance Similar to the
classification of convolutional neural network structure, they developed several new layers to form a unique network
structure, and then used this network structure to predict the development of the brain. The results show that the new
network structure is superior to the evaluation of cognitive and athletic performance. Existing methods.

2.2. Detection

Detection of objects or lesions of interest in the image is a key part of the diagnosis and one of the most
intensive tasks for clinicians. General tasks include the location and recognition of small lesions in the complete
image space. There has been a long-term traditional research in computer-aided detection systems, namely
automatic detection of lesions, which can improve detection accuracy or reduce reading time for human experts.

Most deep learning object detection systems still use neural networks to classify pixels and obtain candidatesin
some form of post-processing. For example, Teramoto et al. (Teramoto, Fujita, Yamamuro, Tamaki, 2016: 2821-
2827) used multi-stream convolutional neural network detection to integrate CT and PET data. Dou et al. (Dou,
Chen, Yu, Qin, Heng, 2017: 1558-1568) used a three-dimensional convolutional neural network to detect
microbleeds in MRI images.

The difference between target detection and target classification is obvious, because each pixel is classified,and
the class balance has a large bias for non-object classes in the training settings. In addition, most non-physical samples
are vulnerable to discrimination, preventing the concentration of deep learning methods in challengingsamples. Van
Grinsven et al. (Van Grinsven, Van Ginneken, Hoyng, Theelen, Sanchez, 2016: 1273-1284) proposed selective data
sampling, in which misclassified samples are often fed back to the network to focus on challenging areas in the
retinal image; then, sliding-window approach is used to perform result-level redundant calculations for each pixel
Command classification. The study of Wolterink et al. (Wolterink, Leiner, De Vos, Van Hamersvel, Viergever,
Isgum, 2016: 123-136) is also an important aspect of object detection methods.
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2.3.Segmentation

Segmentation of organs and other substructures in medical images is the basis for quantitative analysis of
clinical parameters related to volume and shape, which is an important first step in computer-aided detection.
Segmentation tasks are usually defined as determining a set of pixels that form the outline or interior of an object of
interest. Segmentation is the most common topic of in-depth research in medical imaging and the most widely used
method, including the application of deep learning methods.

Dan et al. (Cireshan, Giusti, Gambardella, Schmidhuber, 2012: 2852-2860) first used deep learning algorithms
for medical image segmentation. They used pixel-by-pixel segmentation in electron microscope images to segment
images in sliding windows.

The U-net method published by Ronneberger et al. (Ronneberger, Fischer, Brox, 2015; 234-241) is one of the
most famous segmentation methods. The characteristics of the two mainstructures of U-net are the combination of
equal upsampling and downsampling layers, while the network combines the so-called jump relative convolution
and deconvolution.

From the training perspective, the entire image can be processed forward. Thereby directly mapped in the
segmentation. This method allows us to utilize block-based cellular neural networks while taking into account the
integrity of the image. Research by Cigek et al. (Cicek, Abdulkadir, Lienkamp, Brox, Ronneberger, 2016) showed that
U-net can be used for 3D segmentation. In addition, there are other U-net-based segmentation studies, such as
Milletari et al. (Milletari, Navab, Ahmadi, 2016) improved V-net based on U-net; Drozdzal et al. (Drozdzal,
Vorontsov, Chartrand, Kadoury, Pal, 2016) studied the short-range residual network to modify the long-range U-net
structure. These specific segmentation methods help to obtaingood segmentation results and train neural networks.

2.4.Registration

Medical image registration (ie, spatial alignment) is a common image analysis task in which coordinate
transformations are calculated from one image to another. This is usually an optimized iterative framework where
a particular type of (non) parametric transformation assumptions and RICs (such as the L2 norm) are predefined.
The currently widely used strategy is a deep regression network using two image-driven iterative optimization
strategies for deep learning networks for similarity measures and direct regression parameters.

There have been some attempts to optimize the registration algorithm through deep learning techniques (Wu,
Kim, Wang, Gao, Liao, Shen, 2013: 649-656; 35). Cheng et al. (Cheng, Zhang, Zheng, 2016) used two stacked
autoencoders to evaluate the local similarity between CT and MRI images of the head. This autoencoder uses
vectorization of CT and MRI images to repair and reconstruct through 4 layers. After pre-training the
unsupervised patch reconstruction network, they are fine- tuned using 2 prediction layers and stacked on the 3rd
level of the SAE. These prediction layers are used to determine whether the two patches are similar (type 1) or
dissimilar (type 2). Simonovsky et al. (Simonovsky, Gutierrez-Becker, Mateus, Navab, Komodakis, 2017) used a
similar strategy to estimate the similarity between two images in different ways; at the same time, they also
proposed a method that directly uses the derivative of this measure to optimize the conversion parameters, which
are derived from the network Separated by itself. Miao et al. (Miao, Wang, Liao, 2016: 1352-1363) used a
convolutional neural network to evaluate the position of the implant through a three-dimensional model of two-
dimensional X-ray registration, and found that the registration success rate is higher than that of traditional
registration methods based on pure intensity. Yang et al. (Yang, Kwitt, Niethammer, 2016: 48-57) used the oasis
dataset of current / current registration in brain MRI images. They are based on large deformation differential
homeomorphic mapping (LDDMM) registration method.

Unlike the research on classification and segmentation, the academic community does not seem to have
determined the best way to integrate deep learning technology in the registration method. There are not many related
studies and the existing research methods are not the same. Therefore, suggesting what is the most promising method
seems not appropriate, and further research on medical image registration is needed in the future.

The field of medical image analysis has begun to pay attention to the development of deep learning technology on
these key issues. However, the transition from a human-based system to a system that learns features from data is
gradual. Shen et al. (Shen, Wu., Suk, 2017: 221-228) reviewed the application of deep learning in medical image
analysis. Although they have done a lot of work, it seems flawed to understand from a computer perspective only. In
recent years, new developments in deep learning technology have provided new ideas for medical image analysis. It
only allows the discovery of morphology and / or texture patterns in images from data. Although deep learning
technology appears to have reached state-of-the-art performance in many medical applications research, few results
show that it can surpass traditional methods. At the same time, the current research in deep learning in the field of
medical image analysis is still based on technology, and the evaluation indicators used are also evaluation indicators in
the computer field. For any medical application, we would like to see the evaluation of related technologies in
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accordance with medical rules, such as multi- center, randomized, controlled research methods to prove that this
technology has more significant advantages than previous technologies. In addition, an important challenge in medical
image training is that the number of training samples for most deep models is related to the number of learning
parameters.

Therefore, how to reduce overfitting has always been a problem. When the training results of deep learning are
sent to a new central application, the model needs transfer learning to maintain performance. This limitation
undoubtedly leads to low reproducibility in clinical applications.

The stability and repeatability are the basic prerequisites for the technology to be widely used in clinical practice.
Therefore, researchers in the field of deep learning should pay attention to how to ensure the repeatability of the
algorithm in prospective samples.

In addition, the quality of the data used for training is another cause of catastrophic results. The problem of
random noise is easier to solve, and it can improve performance through certain parameter settings (technically
referred to as smooth or soft labels for labels). Structural noise is different, it adds a really different signal and
will really affect model learning. Rolnick et al. (Rolnick, Veit, Belongie, Shavit, 2017) proved that the structure
noise of the label will cause the performance of training results to be severely degraded. The problem is more
serious when the noise comes from the same source as the actual data, because the model will confuse the class,
and the black box problem of current deep learning methods will be infinitely amplified.

In addition to these technical issues, the theoretical obstacles seem more troublesome. Current deep learning
methods do not have causal logic, they are only correlation calculations. These methods may have inherent limitations
on the cognitive tasks they can perform (Pearl, 2017). The value of resources required to achieve our desired
performance goals must also be carefully evaluated to avoid falling into the trap of non- polynomial time issues.

Conclusion

In summary, deep learning technology brings new methods to the most important feature extraction of
machine learning. If deep learning technology can perform well on all problems, it will bring great help to
medical image analysis and processing.

However, deep learning technology is not the ultimate algorithm, itis just a representative of the connected
school in several schools of artificial intelligence, and its performance limit needs to be reasonably evaluated.
Deep learning relies too much on high-quality big data, and its economic effects may not be appropriate for
medical images. It is necessary to be very careful about the application of deep learning technology to the
expansion of the application field, and relevant technologies should be adopted in appropriate use scenarios to
avoid falling into the trap.

References

Brody, H. (2013). Medical imaging [J]. Nature. 502: S81.

Schmidhuber, J. (2015). Deep learning in neural networks: an overview [J]. Neural Netw. 61: 85-117.

Lecun, Y., Bengio, Y., Hinton, G. (2015). Deep learning [J]. Nature. 521: 436-444.

Hinton, G., Salakhutdinov, R. (2006). Reducing the dimensionality of data with neural networks [J]. Science,

313: 504-507.

5. Karpathy, A., Fei-fei, L. (2017). Deep visual-semantic alignments for generating image descriptions [J]. IEEE
Trans Pattern Anal Mach Intell. 39: 664-676.

6.  Silver, D., Huang, A., Maddison, C., Guez, A., Sifre, L., Van Den, Driessche, G. (2016). Mastering the game of
Go with deep neural networks and tree search [J]. Nature. 529: 484-489.

7. Zhang, W., Li, R., Deng, H., Wang, L., Lin, W., Ji, S. (2015). Deep convolutional neural networks for
multimodality isointense infant brain image segmentation [J]. Neuroimage. 108: 214-224.

8.  Kileesiek, J., Urban, G., Hubert, A., Schwarz, D., Maier-Hein, K., Bendszus, M. (2016). Deep MRI brain
extraction: a 3D convolutional neural network for skull stripping [J]. Neuroimage. 129: 460-469.

9. Wu, G., Kim, M., Wang, Q., Munsell, B., Shen, D. (2016). Scalable high-performance image registration
framework by unsupervised deep feature representations learning [J]. IEEE Trans Biomed Eng. 63: 1505-1516.

10. Suk, H., Lee, S., Shen, D. (2014). Alzheimer’s Disease Neuroimaging Initiative. Hierarchical feature
representation and multimodal fusion with deep learning for AD/MCI diagnosis [J]. Neuroimage. 101: 569-582.

11.  Jiu, M., Sahbi, H. (2017). Nonlinear deep kernel learning for image annotation [J/OL]. IEEE Trans Image
Process, 2017. doi: 10.1109/TIP.2666038. [Epub ahead of print].

12.  Suk, H., Lee, S., Shen, D. (2015). Alzheimer’s Disease Neuroimaging Initiative. Latent feature representation
with stacked auto-encoder for AD/MCI diagnosis [J]. Brain Struct Funct. 220: 841-859.

13.  Suk, H., Wee, C., Lee, S., Shen, D. (2016). State-space model with deep learning for functional dynamics

bR

11



TOBIOT VO ELM Beynolxalq elmi jurnal. 2020 / Ne 03/04 / 6-13 ISSN: 2707-1146
NATURE AND SCIENCE International scientific journal. 2020 / Ne 03/04 / 6-13 e-1SSN: 2709-4189

14.

15.

16.

17.
18.

19.
20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

estimation in resting-state fMRI [J]. Neuroimage. 129: 292-307.

Van, Tulder, G., De Bruijne, M. (2016). Combining generative and discriminative representation learning for
lung CT analysis with convolutional restricted Boltzmann machines [J]. IEEE Trans Med Imaging. 35:1262-
1272.

Dou, Q., Chen, H., Yu, L., Zhao, L., Qin, J., Wang, D. (2016). Automatic detection of cerebral microbleeds
from mr images via 3D convolutional neural networks [J]. IEEE Trans Med Imaging. 35: 1182-1195.

Cireshan, D., Giusti, A., Gambardella, L., Schmidhuber, J. (2013). Mitosis detection in breast cancer histology
images with deep neural networks [J]. Med Image Comput Comput Assist Interv. 16 (Pt 2): 411-418.

Bebis, G., Georgiopoulos, M. (1994). Feed-forward neural networks [J]. IEEE Potentials. 13: 27-31.

Hinton, G. (2011). Deep belief nets [M] Sammut, C., Webb, G. Encyclopedia of machine learning. Springer.
267-269.

Salakhutdinov, R., Hinton, G. (2009). Deep Boltzmann machines [J]. J Machine Learning Res. 5: 1967-2006.
Shen, D., Wu., Suk, H. (2017). Deep learning in medical image analysis [J]. Annu Rev Biomed Eng. 19:221-
248.

Krizhevsky, A., Sutskever, I., Hinton, G. (2012). ImageNet classification with deep convolutional neural
networks [C]. Proceedings of the 25th International Conference on Neural Information Processing Systems -
Volume 1. Curran Associates Inc., USA. 1097-1105.

Hosseini-Asl, E., Ghazal, M., Mahmoud, A., Aslantas, A., Shalaby, A., Casanova, M. (2018). Alzheimer’s
disease diagnostics by a 3D deeply supervised adaptable convolutional network [J]. Front Biosci (Landmark
Ed). 23: 584-596.

Kawahara, J., Brown, C., Miller, S., Booth, B., Chau, V., Grunau, R. (2017). BrainNetCNN: convolutional
neural networks for brain networks; towards predicting neurodevelopment [J]. Neuroimage. 146: 1038-1049.
Teramoto, A., Fujita, H., Yamamuro, O., Tamaki, T. (2016). Automated detection of pulmonary nodules in
PET/CT images: ensemble false-positive reduction using a convolutional neural network technique [J]. Med
Phys, 43: 2821-2827.

Dou, Q., Chen, H., Yu, L., Qin, J., Heng, A. (2017). Multilevel contextual 3-D CNNs for false positive
reduction in pulmonary nodule detection [J]. IEEE Trans Biomed Eng. 64: 1558-1567.

Van Grinsven, M., Van Ginneken, B., Hoyng, C., Theelen, T., Sanchez, C. (2016). Fast convolutional neural
network training using selective data sampling: application to hemorrhage detection in color fundus images [J].
IEEE Trans Med Imaging. 35: 1273-1284.

Wolterink, J., Leiner, T., De Vos, B, Van Hamersvel, T., Viergever, M. Isgum, 1. (2016). Automatic coronary
artery calcium scoring in cardiac CT angiography using paired convolutional neural networks [J]. Med Image
Anal. 34: 123-136.

Cireshan, D., Giusti, A., Gambardella, L., Schmidhuber, J. (2012). Deep neural networks segment neuronal
membranes in electron microscopy images [J]. Adv Neural Inform Proc Sys. 25: 2852-2860.

Ronneberger, O., Fischer, P., Brox, T. (2015). U-Net: convolutional networks for biomedical image
segmentation [M]. Switzerland: Springer International Publishing. 234-241.

Cicek, O., Abdulkadir, A, Lienkamp, S., Brox, T., Ronneberger, O. (2016). 3D U-Net: learning dense
volumetric segmentation from sparse annotation [Z/OL]. Arxiv: 1606.06650, http://cn.arxiv.org/pdf/
1606.06650v1.

Milletari, F., Navab, N., Ahmadi, S. (2016). V-Net: fully convolutional neural networks for volumetric medical
image segmentation[C/OL]//2016 Fourth International Conference on 3D Vision (3DV). Stanford, CA, USA,
565-571. doi: 10.1109/3DV.2016.79.

Drozdzal, M., Vorontsov, E., Chartrand, G., Kadoury, S., Pal, C. (2016). The importance of skip connections in
biomedical image segmentation [Z/OL]. Arxiv: 1608.04117. http://cn.arxiv.org/pdf/ 1608. 04117v2.

Wu, G., Kim, M., Wang, Q., Gao, Y., Liao, S., Shen, D. (2013). Unsupervised deep feature learning for
deformable registration of MR brain images [J]. Med Image Comput Comput Assist Interv. 16(Pt 2): 649-656.
Cheng, X., Zhang, L., Zheng, Y. (2016). Deep similarity learning for multimodal medical images [C] MCCAI
2016: International Conference on Medical Image Computing and Computer-Assisted Intervention. Springer. 1-
6.

Simonovsky, M., Gutierrez-Becker, B., Mateus, D., Navab, N., Komodakis, N. (2017). A deep metric for
multimodal registration [Z/OL]. Arxiv: 1609.05396. http://cn.arxiv.org/pdf/1609.05396v1.

Miao, S., Wang, Z., Liao, R. (2016). A CNN regression approach for real-time 2D/3D registration [J]. IEEE
Trans Med Imaging. 35: 1352-1363.

Yang, X., Kwitt, R., Niethammer, M. (2016). Fast predictive image registration [M]. Switzerland: Springer
International Publishing. 48-57.

12


http://cn.arxiv.org/pdf/%201606.06650v1
http://cn.arxiv.org/pdf/%201606.06650v1
http://cn.arxiv.org/pdf/%201608.%2004117v2
http://cn.arxiv.org/pdf/%201608.%2004117v2
http://cn.arxiv.org/pdf/1609.05396v1

TOBIOT VO ELM Beynolxalq elmi jurnal. 2020 / Ne 03/04 / 6-13 ISSN: 2707-1146
NATURE AND SCIENCE International scientific journal. 2020 / Ne 03/04 / 6-13 e-1SSN: 2709-4189

38. Rolnick, D., Veit, A., Belongie, S., Shavit, N. (2017). Deep learning is robust to massive label noise [Z/OL].
ArXiv: 1705.10694. http://cn.arxiv.org/pdf/1705.10694v3.

39.  Pearl, J. (2017). Theoretical impediments to machine learning with seven sparks from the causal revolution
[Z/OL]. Arxiv: 1801.04016. http://cn.arxiv.org/pdf/1801.04016v1.

Received: 12.07.2020 Accepted: 30.09.2020

13


http://cn.arxiv.org/pdf/1705.10694v3
http://cn.arxiv.org/pdf/1801.04016v1.

