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CURRENT CONVOLUTIONAL NEURAL NETWORK ARCHITECTURES FOR
DIAGNOSING MEDICAL IMAGES

Abstract. This work shows the current architectures of convolutional neural networks for
diagnosing medical images in the lungs and brain, the algorithms are implemented in the Python
programming language using the libraries for working with neural networks. It presents the results
of comparing time and resources needed for model training which demonstrate a higher accuracy of
early diagnosis achieved by using the current architectures of convolutional neural networks.

Keywords: convolutional neural networks, medical images, pneumonia, Python, object
detection

Introduction
The main purpose of this work is to identify relevant architectures for the possibility of early
diagnosis of pulmonary diseases and building fast, low-cost models in a modern programming
language.

About CNN in medicine

Neural networks are nonlinear systems that allow of much better classification of data than
the commonly used linear methods. When applied in medical diagnostics, they make it possible to
significantly increase the accuracy of the method without reducing its sensitivity.

Diagnosis is a special case of classification of events, highly valuable in relation to those
events that are not present in the training of a neural network set. The advantage of neural network
technologies is manifested here - they are able to carry out such a classification, summarizing
the previous experience and applying it to new cases.

Machine learning techniques help efficiently analyze medical images, namely, when
identifying tumors in CT scans, magnetic resonance imaging (MRI) and positron emission
tomography (PET).

The advantages of automatic processing of medical images are obvious:

1. Faster diagnosis of diseases.

2. Convenience of using software tools.
3. Reduced data error rate.

About data sets

Pneumonia is one of the most frequent causes of mortality among older persons and children.

According to WHO, in 2017, the cause of death from this disease was globally diagnosed in
15% of cases among children up to 5 years. Diagnosing pneumonia is challenging, as beyond
radiographic analysis such a diagnosis requires confirmation by the medical history data. In X-ray
images pneumonia usually manifests itself as a region or regions of increased opacity [6]. However,
its diagnosis is difficult due to a number of other conditions in lungs such as fluid (pulmonary
edema), bleeding, volume loss (atelectasis or collapse), lung cancer, post-radiation or surgical
changes.

In order to help radiologists diagnose pneumonia, North American Radiological Association
(RSNA) in collaboration with the US National Institutes of Health, Thoracic Society radiology and
MD.ai organized a discovery competition on diagnosing pneumonia from X-rays on the Kaggle
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platform. The supplied dataset contained 26,684 unique X-ray images, containing 3 classes of labels
(without pathology - 29%, with pathology, but without darkening - 40%, with darkening - 31%). All
images with blackouts were marked as rectangular areas indicative of pneumonia. The images were
divided into training (23,115), validation (2569) and test (1000) samples. To reduce the impact of
retraining the obtained models on a test sample at the first stage, at the end of the competition, the
organizers added a closed test part containing an additional 3000 images.

RetinaNet

The architecture of the convolutional neural network (SNS) RetinaNet consists of 4 main
parts, each of which has its own purpose:

1. Backbone is a core network used to extract features from an input image. This part of
the network is variable and its basis may include classification neural networks such as ResNet,
VGG, EfficientNet and others;

2. Feature Pyramid Net (FPN) - a convoluted neural network built in the form of a
pyramid, serving to combine the merits of maps of features of the lower and upper levels of the
network, in which the former have a high resolution, but low semantic, generalizing ability; and the
latter - vice versa;

3. Classification Subnet - a subnet that extracts information about object classes from
the FPN, solving the classification problem;
4. Regression Subnet - a subnet that extracts information about the coordinates of

objects in the image from the FPN, solving the regression problem.

class+box
subnets

class ‘/

subnet

class+box
| subnets |

class+box
subnets

box

” . 3 subnet
/S

(a) ResNet (b) feature pyramid net (c) class subnet (top) (d) box subnet (bottom)

Figure 1 - Architecture of RetinaNet s backbone-network ResNet

Backbone part of the network RetinaNet

Given that the part of the RetinaNet architecture that receives the image and highlights
important features is variable and the information extracted from this part will be processed in the
next stages, it is important to select the appropriate backbone network for the best results.

Mask R-CNN as a backbone for RetinaNet

Mask R-CNN develops the Faster R-CNN architecture by adding another branch that
predicts the position of the mask covering the found object, and thus solves the instance
segmentation problem. The mask is simply a rectangular matrix, in which 1 at some position means
that the corresponding pixel belongs to an object of a given class, 0 - that the pixel does not belong
to such an object.
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This ensemble of two architectures diagnoses pneumonia with a high accuracy.

Figure 2 - Mask R-CNN results in chest-x-ray pictures

VGG16

VGG16 is a convolutional network for image extraction which is one of the most famous
models sent to the ILSVRC-2014 competition. It is an improved version of AlexNet, which replaces

the large filters (size 11 and 5 in the first and second convolutional layers, respectively) with several
3x3 filters one after the other.
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Figure 3 - Architecture of VGG16
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The input of the convl layer is RGB images with the size of 224x224. The images then
go through a stack of convolutional layers that use filters with a very small 3x3 receptive field
(which is the smallest size for getting an idea of where the right / left, top / bottom, center is).

One of the configurations uses a 1x1 convolutional filter, which can be represented as a
linear transformation of the input channels (followed by non-linearity). The convolutional step is
fixed at 1 pixel. The spatial padding of the input of the convolutional layer is chosen so that the
spatial resolution is preserved after convolution, that is, the padding is 1 for 3x3 convolutional
layers. Spatial pooling is done using five max-pooling layers that follow one of the convolutional
layers (not all convolutional layers have subsequent max-pooling layers). The max-pooling
operation is performed in a 2x2 pixel window with a step of 2.

After the stack of convolutional layers (which has different depths in different
architectures) there are three fully connected layers: the first two have 4096 channels, the third has
1000 channels (since the ILSVRC competition requires to classify objects into 1000 categories;
therefore, one channel corresponds to a class). The last is the soft-max layer. The configuration of
fully connected layers is the same in all neural networks.

(b)

Figure 4 - VHH16 results in chest-x-ray pictures

Unfortunately, the VGG network has two major drawbacks:
1. Very slow learning speed.
2. The network architecture itself is too heavy (disk and bandwidth issues appear)

Due to the depth and number of fully connected nodes, VGG16 weighs over 533 MB.
This makes the VGG deployment process a tedious task. Although VGG16 is used to solve many
classification problems with neural networks, smaller architectures are preferred (SqueezeNet,
GoogLeNet, and others). Despite its drawbacks, this architecture is a great building block for
learning, as it is easy to implement.

U-Net

The U-Net convolutional network was designed with medical imaging in mind. It
achieves high accuracy and uses small datasets.

The network is trained end-to-end on a small number of images and outperforms the
previous best method (sliding window convolutional network) in the ISBI competition for
segmentation of neural structures in electron microscopic stacks.

Using the same network that was trained on transmission light microscopy images, U-Net
ranked first by a large margin in the 2015 ISBI competition for cell tracking in these categories.

U-Net conforms to the codec architecture. The encoder is gradually decreasing
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spatial dimension by combining layers, and the decoder gradually restores the object detail
and spatial dimension. There are also fast connections from encoder to decoder to help the decoder
better reconstruct the object details.
The network does not have fully connected layers and only uses the valid
part of each convolution, that is, the segmentation map contains only the pixels for which
the full context is available in the input image. For high-quality segmentation Unet
increases the amount of data by deforming the existing images.

input
image \»/» > >

! |
H 1

£r 1
.@’ B ’%’@ =»conv 3x3, RelLU

output
segmentation
map

copy and crop

i-E-a | - - # max pool 2x2
4 4 4 up-conv 2x2

SR T—r
- =» conv 1x1

Figure 5 - U-Net architecture

Each blue square corresponds to a multichannel feature map. The number of channels is
shown at the top of the rectangle. The x-y dimensions are shown in the bottom of the left edge of
the rectangle. White rectangles represent copies of the map properties.

The U-Net consists of a declining part (left side) and an expanding part (right side).

The tapering part corresponds to a typical convolutional network architecture. It consists
of the repeated use of two 3x3 convolutions (convolution without indentation), followed by the
ReLU activation function. Then comes a downsampling layer with a 2x2 filter and step 2 to
compact the feature map. At each step of downsampling, we double the number of feature channels.

Nl

Chest X-ray Image Area to be segmented (U-Net) Segmented image
(a) (b) (c)

Figure 6 - Lung segmentation using U-Net before training the convolutional neural network: (a) the
original chest X-ray image, (b) a mask of lung structures segmented through U-Net, and (c) the
final segmented image of the lungs.
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Opaszanun A., Mypcaaues JI.E., Ceprazuna A.C.
AKTyaJIbHbIe CBEPTOYHbIE APXUTEKTYPbI HEHiPOHHOM CeTH Il AUATHOCTHUKH MeJIMIHHCKHX
H300pakeHui

AHHoTanusi. B nanHON paboTe TMOKa3aHbl aKTyalbHbIE aPXUTEKTYpbl CBEPTOYHBIX
HEHPOHHBIX CeTed M JUAarHOCTUPOBAaHUS MEIULMHCKUX H300pakeHUM B 00JacTH JIETKUX H
TOJIOBHOTO MO3ra. AJITOPUTMBI peaM30BaHbl Ha S3bIKe MporpaMMupoBanus Python u npu momoru
II0JIE3HBIX OMOIMOTEK 1151 pabOThl C HEMPOHHBIMU ceTAMU. IIpencTaBiieHbl pe3yabTaThl CpaBHEHUS
BpEMEHH M pecypcoB aisg oOyuenuss mozeneid. Ilo pesymbraram ObLI cienaH BbIBOA O Oosee
BBICOKOW TOYHOCTH PaHHEro JUarHOCTHPOBAHMS C MOMOIIbIO aKTyaJIbHbIX Ha CErOJHSIIHUN JIEHb
ApPXUTEKTYp CBEPTOYHBIX HEHPOHHBIX CETEH.

KutroueBblie ciioBa: cBepTOUHbIE HEHPOHHBIE CETH, MEUIIMHCKUE N300paXKeHMsI, THEBMOHUS,
Python, oOHapyxeHHe o0beKTa.

Opasamn A., Mypcaiaues /ILE., Cepra3una A.C.
MennunHaJbIK KeHiHIIK TMAarHOCTUKAFA APHAJIFAH KOHBOJIOUMSJIBIK,
JKYHKeJIK KeJIl apXUTeKTypPachl

Anparna. byn okyMmpicTa ©KIe MEH MM ailMarblHJaFrbl MEIUIMHANBIK KECKIHAEPIl
JMArHOCTHKANayFa apHaJIFaH KOHBOJIOIUSUIBIK JKYHKE OJKETUIepiHIH Kasipri apXUTEKTypachl
KepceTuireH, anroputmzaep Python Oarnapnamanay TiniHAE KoHE KYIHKE XKeNJIEPIMEH KYMBIC ICTey
YIIiH Taianel KiTamxaHanap/sl KOJJIaHa OTHIPHIN XKYy3ere achlpbiianbl. OKy YiTiIepi YIIiH yaKbIT
MIEH pecypcTapibl CABICTBIPY HOTHOKeNepl KenripuireH. HoTmxenep OONBIHIIA KOHBOJFOIUSIIBIK
KYWKe KeNJIepiHiH Ka3ipri apXUTEKTypachlH KOJJAaHa OTBIPHIN, €pTE JUArHOCTUKAHBIH KOFaphI
JIOJIITT TYpaJibl KOPBITBIH/IBI )KaCcaJI IbI.

Tyiiinai ce3nep: KoHBOMIONUSIIBIK JKYHKE Keiiepi, MEAUIIUHAIBIK OeiiHesey, MHEeBMOHHUS,
Python, o6bekTiHI aHBIKTAY.

ABTOpJIap TypaJjbl MAJIiMeT:

Opa3zanun A3umxaH «MaTeMaTUKaIbIK KOHE KOMITBIOTEPIIIK MOJENbAey» KadeapachlHbIH
MarucTpaHThl, XaJlbIKapaJblK aKIapaTThIK TEXHOJOTUSIAP YHUBEPCUTETI,.

MypcaaueB Jloypen Epaxmeryibl, «MaTeMaTUKaIbIK *KOHE KOMIIBIOTEPIIK MOJEIBICY
KaeapachIHbIH MarucTpaHThl, XalbIKapaiblK aKIapaTThIK TEXHOJIOTHSIIAp YHUBEPCUTETI.
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