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Bone fractures of the lower limbs are one of the most common injuries that can
occur as a result of various mechanical impacts such as falls, blows, traffic accidents
or injuries received during sports. These injuries can differ significantly in nature,
location and degree of complexity. Classification of fractures is important for
choosing the optimal treatment, which helps to reduce the risk of complications and
accelerate the healing process.

Fractures of the lower extremities can be classified according to several criteria,
including type of injury, location, complexity, and cause.

Determination of bone fractures of the lower extremities is carried out using
clinical or radiological methods. Each of these methods has its own characteristics
and is used to confirm the diagnosis, assess the degree of damage and choose the
optimal treatment tactics.

Having analyzed the subject area, several main aspects can be emphasized:

— difficulties arise when diagnosing fractures of the lower extremities, because it
Is a rather unclear and complex structure of bones, which consists of many
components;

— there are many types of fractures and they are not easy to detect, they vary in
complexity and require special types of treatment;

— modern methods make it possible to obtain a detailed picture with damage
with great accuracy, but incorrect interpretation can only worsen the quality of
diagnosis and treatment.

The purpose of the work is using CNN neural network model for detecting
fractures of lower extremities by X-ray images.

The neural network method for identifying bone fractures of the lower
extremities on X-ray images is based on the application of deep learning
technologies, in particular, convolutional neural networks (CNN). This approach
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allows you to automate the process of detecting damage, which helps speed up
diagnosis and reduce the number of errors that can occur during manual image
analysis [1, 2].

First, data collection is carried out, a sufficient number of x-rays of the lower
extremities are accumulated, including images with and without fractures. These
Images should include different types of fractures (eg, transverse, oblique, helical)
and different parts of the legs (femur, tibia, etc.). It is important to balance the data to
avoid distortions (for example, if there are more images with fractures, the model
may "get used" to find fractures more often than is really necessary).

It is necessary to mark each image: is there a fracture on it, where exactly is it
located. This work is usually done by trained doctors or radiologists who manually
select areas on the images.

The finished images are normalized, brought to the same size and scale to ensure
the correct operation of the neural network and improve the quality using methods to
increase contrast and remove noise, which makes the bones clearer. To increase the
number of images, various changes are applied to them, such as rotation, mirroring,
scaling. This helps to make the model more resistant to different variations of shots.
The images are divided into training, validation and test sets (usually in a ratio of 70-
20-10) to correctly evaluate the model and avoid the problem of overtraining.

The next stage is the selection and adjustment of the neural network model, for
our purposes it is convolutional neural networks (CNN), which are suitable for
working with images [3, 4]. Use ready-made models, such as ResNet, VGG, or create
special ones, for example, U-Net, which can be adjusted for the task of fracture
detection. The quality of the network depends on the number of layers, the size of the
filters and other parameters.

The model is trained on the training data set, using the annotations as "correct"
answers. During training, she learns to recognize features that indicate a fracture.
Adam or Stochastic Gradient Descent (SGD), adjust the weights in the neural
network for a better result. The model is tested after each training epoch on the
validation set to see how much it has improved and if there are any errors.

The model is evaluated on characteristics such as how well it finds fractures and
how well it excludes cases without fractures. If the performance is not good enough,
the settings can be changed and the model is supplemented with new layers to
improve performance. Sometimes an additional setting is used to achieve better
results.

Test set that has not been used before is used for verification. This helps
evaluate how well it performs on new data and whether it can handle real images.
During testing, the accuracy and correctness of the model's work are evaluated in
order to be sure of its effectiveness.

Upon successful testing, the model is integrated into a program or system that
automatically analyzes X-ray images. A simple interface is created for it, so that
doctors can upload images and receive a result about the presence or absence of a
fracture and its location. In addition, the system can show the probability of a fracture
or the severity of the damage.
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If the program is successful, it is tested in real conditions and improved. In real
practice, the model can be used together with the doctor to ensure the most accurate
diagnosis.

The development of a neural network architecture for the identification of bone
fractures of the lower extremities on X-ray images involves several steps and requires
the creation of a model structure that can effectively process medical images and
recognize bone damage. Below is a detailed description of this process and the key
elements of the architecture.

Most often, convolutional neural networks are used to process medical images,
as they specialize in recognizing objects and features in images. CNNs allow models
to learn different levels of image features: from simple (lines, edges) to complex
(bone shapes, anomalies) [5].

The architecture consists of several layers, each of which performs its function,
the main components of which make up:

— Convolutional layers using feature filters from an image. The first layers
highlight simple elements (edges, corners), and the next layers extract more complex
structures (parts of bones, possible fractures).

— Summarization layers reduce the dimensionality of an image, highlighting the
main features and reducing the number of parameters the model has to process. This
makes the network faster and less sensitive to drift or noise.

— Activation layers with ReLU activation function to study non-linear
dependencies.

— Normalization layers: normalize the data to avoid overtraining and stabilize
the learning process.

— Fully connected layers collect all features extracted by previous layers and
form the original result (is there a fracture and where exactly).

The input layer receives an X-ray image that is normalized to a size of 224x224
pixels to simplify processing. Multiple Convolutional Blocks: Each block consists of
a convolutional layer, an activation layer, and a summation layer. The first block can
use 3x3 filters and have 32 channels to extract the base contours. Subsequent blocks
can have a larger number of filters up to 128 to study more complex features. Also,
apply summation blocks after each block to reduce the size of the data and prepare it
for the next stage. At the end, the data is transferred to several fully connected layers,
which combine the received information and perform classification, that is, determine
the presence of a fracture.

From the optimizers, the choice falls on Adam or SGD. Depending on the
classification, we choose cross-entropy as a loss function.

Some attention mechanisms can be used to make the model focus on specific
areas of the image where fractures are most likely to occur. Residual blocks help to
avoid loss of information when the signal passes through the layers, they are often
used in ResNet.

The Dense Convolutional Network architecture is one of the advanced
convolutional neural networks that is well-suited to the task of bone fracture
identification in X-ray images due to its efficiency and ability to store information at
all levels of the network. It differs from traditional CNNs in that each layer is
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connected to all previous layers, which allows storing information and facilitates the
transfer of gradients during training.

To solve the problem of detecting fractures of lower extremities by X-ray
Images, it was using CNN neural network model for detecting fractures of lower
extremities by X-ray images, which is shown in Figure 1.
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Figure 1. CNN neural network model for detecting fractures of lower extremities by X-ray images.

The input layer receives an X-ray image of 224x224 pixels and normalizes it for
further processing.
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The first Dense block extracts basic features such as contours and basic bone
details. Subsequent blocks gradually extract more complex features, such as changes
in bone shape, that may indicate a fracture.

Transition layers reduce the dimensionality of the image after each dense block,
while preserving important information. With a deep architecture, in this case, the
network remains computationally efficient.

After passing through all Dense Block and transition layers, the data enters the
fully connected layer, which performs classification by determining whether the
Image contains a fracture. If the mesh is configured for segmentation, it can also
highlight the exact fracture area. | use Adam for optimization. The loss function can
be cross-entropy or loU.

Thus, the problem of using CNN neural network model for detecting fractures of
lower extremities by X-ray images was investigated. In particular, the Dense
Convolutional Network architecture is used, which is one of the advanced
convolutional neural networks, which is well suited for the task of identifying bone
fractures in X-ray images due to its efficiency and ability to store information at all
levels of the network. It differs from traditional CNNSs in that each layer is connected
to all previous layers, which allows storing information and facilitates the transfer of
gradients during training. Regarding the advantages of DenseNet over other
networks, it has fewer parameters compared to others, which reduces the need for
computing resources. Also improved feature retention, where the model better
remembers and uses features from earlier layers, improving its ability to recognize
small details important for fracture detection. Thanks to tight connections and
efficient gradient transfer, the model can be trained effectively even on relatively
small data sets.
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YIIPABJIIHHA IHOPACTPYKTYPOIO 3A
JOIMOMOI'OIO DEVOPS ITPOLECIB

AymeBa Harajisa MukoJsiaiBna

JIOKTOp TEXHIYHUX HayK, mpodecop, 3aBinyBay kadenpu L[TE
Jledinnucopkmii Hikita CepriiioBunu

3100yBay BUINOT OCBITH MariCTepChbKOTo PiBHS

[HCTUTYT aTOMHOI Ta TEIMJIOBOI €HEPTETUKHU

HartionanpHuit TexHiuHUN yHIBepcuTeT YKpainu "KuiBcbKuil MomiTeXHIYHUN
iHcTUTYT 1MeHl Iropst Cikopcekoro”, Ykpaina

CydacHi MiIpPUEMCTBA CTUKAIOTHCS 3 BUKIMKAMU, TaKUMHU SIK IIBUIKA 3MiHA
BUMOT, MacIITabOBaHICTh 1 HaAIMHICTh 1H(popMaliiiHux cucreM. DevOps no3Bosisie
IHTErpyBaTl NPOLECH PO3POOKM Ta ONEpPaliiHOrO YOPABIIHHS I OUIbII
€(EeKTUBHOTO  BIOPOBA/KEHHS MNPOrpaMHOro  3a0e3medyeHHss Ta  NIATPUMKHU
1H(DpacTPyKTypH.

Meroto nmanoi poboTH € MoCHiKeHHS ePeKTUBHOCTI 3acTocyBaHHsS DevOps
MpoILIeCiB ISl ynpaBiiHHA cy4dacHoto IT-iHppacTpykTyporo, a TakoX BHUBUEHHS iX
BIUIMBY  HAa  IIBUAKICTb  BIPOBA/PKCHHS  MpOrpaMHOro  3a0e3nedeHHS,
MacITabOBaHICTh Ta HAJIIHHICTh CUCTEM.

DevOps  mpormoHye  NOPUHIMIIOBO  HOBHM  MAXIT A0  YIPaBIiHHS
1H(PACTPYKTYPOIO, IHTETPYIOUH PO3POOKY Ta OmeparliiiHi MpoIecu B €IMHUN UKL
BaxnnBoio CKJIaIOBOIO IILOTO MIiAXOMy € aBTOMaTH3allis, sika 3HUXKYE MOTpedy B
pYyuHIil poOOTI. ABTOMAaTH3AlLlisl OXOIUIIOE TaKl MPOLIECH, K TECTYBaHHS, pO3TOPTAHHS
Ta MOHITOPUHI CUCTEM, LIO J03BOJISAE MIAMPUEMCTBAM IIBUJKO pearyBaTh Ha 3MIHH
PUHKY.

OnHier0 3 KIIOYOBUX TEXHOJOTIM, 110 BHKOPUCTOBYEThCA B DevOps, €
[ndpactpykrypa sax koxa (IaC). Llewt miaxiz 103BoJISE€ YIPABISITH 1HPPACTPYKTYPOIO
4yepe3 KOJl, a HE BPYYHY HAJIAIITOBYBATH CEPBEPH, MEPEXKi Ta 1HINI KOMIIOHEHTH.
Buxopucranns Takux iHCTpyMeHTIB, sk Terraform abo Ansible, crporrye mpoiiec
CTBOPCHHSI, HAJIAIITYBAHHS Ta YIPABIIHHS BEIMKUMHU CUCTEMaMH, POOIISIYM 1X OLIBII
rHyukumu. Hanpuknan, 3a qonomoror [aC kommaHii MOXYTh MUTTEBO PO3TOpTATU
HOBI CEPBEPU B XMAPHUX CEPEIOBUINAX, AANTYIOUN 1HPPACTPYKTYPY JO MOTOYHHX
noTpeo.
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