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DIAGNOSING KIDNEY IMAGING WITH DEEP LEARNING
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Abstract. Ultrasound images can be used to diagnose kidney disease: identify
systemic abnormalities such as cysts, stones, and infections, and provide information
about kidney function. This article focuses on the selection of appropriate features for
efficient classification of normal and abnormal kidney images. In diagnosing cardiac
images, grayscale transformation has been used to classify abnormal images in the
kidneys. A data set formed by a convolutional neural network was trained. 2 classes were
created and on their basis a recognition result of 89% was achieved. The prevalence of
chronic kidney disease (CKD) increases annually in the present scenario of research.
One of the sources for further therapy is the CKD prediction where the Machine learning
techniques become more important in medical diagnosis due to their high accuracy
classification ability. In the recent past, the accuracy of classification algorithms depends
on the proper use of algorithms for feature selection to reduce the data size. In this paper,
Heterogeneous Modified Artifical Neural Network (HMANN) has been proposed for the
early detection, segmentation, and diagnosis of chronic renal failure on the Internet of
Medical Things (IoMT) platform. Furthermore, the proposed HMANN is classified as
a Support Vector Machine and Multilayer Perceptron (MLP) with a Backpropagation (BP)
algorithm. The proposed algorithm works based on an ultrasound image which is denoted
as a preprocessing step and the region of kidney interest is segmented in the ultrasound
image

Keywords: image contrast, histogram, image classification, convolutional neural
network, CNN (convolutional neural network), neural network.

I.INTRODUCTION Gunasundari et al. [2] explained the
_ importance of a computer diagnostic
The kidneys are one of the most  gystem in cancer detection. The stage of

important organs for a person. Early  jmage processing in the classification of
detection of the disease is important. In signs is one of the main stages of

humans, the kidneys in a certain sense act  gjagnostics. Feature selection used to be a

as a filter. In addition, its failure leads to difficult task for complete tasks, but now

changes in a number of human activities. we can solve it with image processing and
It affects the blood system and other parallel computing algorithms.

organs as well. Therefore, a number of

diseases can be prevented by pre-  Odeetal. [3] proposed the use of early
diagnosing the symptoms of kidney imaging markers to predict future renal
disease [1]. failure, allowing the diagnosis of the
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Diagnosing kidney imaging with Deep Learning

disease in infants with posterior urethral
valves. Imaging, sponsored by the
National Institutes of Health, analyzed
serial early postnatal images of cases. At
the last follow-up, baseline study results
and renal function were dichotomously
separated based on glomerular tissue.
They determined the importance of
circulatory rate and the need for renal
replacement therapy. Evaluation of the
quantity and quality of the Kkidney
parenchyma allows timely diagnosis of
the disease, and early elimination can save
a person's life.

Subramanya et al. [4] described a
computer-aided classification system for
three classes of kidneys, i.e., normal,
benign kidney disease (MRD) and cyst
detection using B-mode imaging. Thirty-
five B-mode kidney images were used,
consisting of 11 normal images, eight
MRD images, and 16 cystic images.
Regions of interest (ROI) were
determined by a parenchymal renal
radiologist in normal and MRD patients.
For the classification task of assessing the
contribution of textural features, a good
diagnostic result was achieved using the

eight-speckle decontamination method,
which was pre-processed with original
images from images without defects.

Based on this, we found out that the
choice of neural network architecture for
imaging, pre-processing and diagnostics
is important.

When diagnosing kidney imaging:

1) Extracting the main features of
images in machine learning;

2) Choice of CNN architecture for
image training.

1. METHODOLOGY

Kidney disease is important to human
health and can affect other organs as well.
In addition, it affects the blood system,
spinal cord and nervous system. It is
important to predict the pathological
condition of the kidney in advance. Deep
learning technology is a CNN, and the
main thing is to form a correct and
complete data set.

Insufficient data set does not lead to an
accurate diagnosis. We also use artificial
data collection methods.
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Fig. 1. Histogram of pixel distribution of grayscale images
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2.1 Histogram equation

We used the well-known Adaptive
Histogram Equalization technique with
contrast limiting to equalize the
histograms in the image. This prevents
other values from appearing in our
calculations of excessively high numerical
values. The same method was used for the
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Images are enhancements to the edges
of local objects.

After pre-processing the image, the
dataset is divided into training and test
sets, each containing 80% and 20% of the
data.

Based on the generated data set, a

. . . functional learning structure with a
contrast histogram of the image, which led i
L . convolutional neural network was
to the possibility of correctly assigning develoned
hidden or exaggerated values to the ped.
average state.
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Fig. 2. Functional diagram of the software

Classification accuracy obtained for
training:

80% of the training data set was trained
to train the neural network.

Whereas the test data contained a 20%
data set and achieved 88% accuracy.

In recent years, great progress has been
made in the field of automated systems for
the detection of kidney diseases.
Ultrasound systems have made it possible

to obtain more volumetric and qualitative
data when imaging patients. The use of
feature extraction, image analysis, and
image  recognition methods  for
classification increases the efficiency of
neural networks.

The graph shown in figure 3 shows the
result obtained from training with
validation enabled, which displays the
accuracy of the model.
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Fig. 3. Graph of model accuracy

On the other hand, for the first iteration
of the test data, the loss is about 0.67,
which includes 0.35 periods for
downsizing.

On figure 4 shows an iterative loss
learning graph that provides a visual
explanation of the model.
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Fig. 4. Graph of the loss function

The Adam optimizer played an
important role in optimization. This model
attempts to adjust the weights by generally
observing losses that decrease as the
number of training iterations increases.

1. CONCLUSION

By diagnosing with CNN, we will be
able to detect and treat kidney diseases in
advance. The choice of image is
important. Pre-processing techniques such
as limited adaptive histogram equalization
were used after data augmentation to
create the dataset. For convolutional
neural networks, 89 percent diagnostic

accuracy was achieved by using transfer
learning for VGG16. We can also notice
that the minimal log loss significantly
improved the classification accuracy of
the model. From the results, we can
conclude that the model achieved an
accuracy of 89% with fewer rules.
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KUCTbL, KAMHU U UHDEeKYUU, u npedocmasienus ungpopmayuu o GyHkyuu novex. B smot
cmambe OCHOBHOE GHUMAHUe YOensemcs 6bloopy NoOXOOAWUX NPUSHAKOS OJis
ahpexmusnoll Kiaccupurayuyu HOpMAIbHbIX U AHOMALLHBIX U300padcenul novex. Ilpu
ouazHocmuke — u3obpadxcenuti  cepoya  npeobpazoeamnue - OMMEHKO8  Cepo2o
UCNONB308ANI0CH 01 KAACCUDUKAYUU AHOMATbHBIX U300paxcenuti 6 nouxkax. Obyuancs
HAOOP OAHHBIX, CHOPMUPOBAHHDBIL CEEPMOYHOU HEeUPOHHOU cemvio. bviio cozdano 2
Klacca U HA4 UX OCHO8e OOCMuUcHym  pe3yibmam  pacnosuagauus  89%.
Pacnpocmpanennocms  xponuueckou oonesnu nouex (XBII) npu oanmom cyenapuu
uccnedosanuil exce2o0Ho ysenuuusaemcs. OOHUM U3 UCTMOYHUKOS OJisl OdlbHelell
mepanuu fA6nsemcsa npocHosuposanue XbBII, 20e memoovl MawluHHO20 00yUeHus
cmanosamcs  6onee  6ANCHLIMU 6 MEeOUYUHCKOU OUAeHOCMUKe U3-3d UX BblCOKOU
mouHocmu  Kiaccugukayuu. B Hedasnem mpowiom  mouHocmb  An2OpUMMO8
KAaccuukayuy 3aeucenda Om NpaBUIbHOZO UCNONIb30BAHUS AN2OPUMMOE 6blOOpa
NPUSHAKO8 OISl YMEHbUIeHUs. pasmepa OaHHulX. B smoil cmamve 2emepoceHHO
Mooupuyuposanuas uckyccmeenuas netponnasn cemo (I MUHC) 6vi1a npednodicena 04
PanHe20  OOHAPYIICEeHUsl, CeeMeHmayuu U OUASHOCMUKU XPOHUYECKOU HNOYedHOU
Hedocmamournocmu Ha niamgpopme Unumepnema meouyunckux eeweil (UMB). Kpome
moeo, npeonazaemviti I MUHC kaaccugpuyupyemces Kaxk MauwiuHa ONOPHbIX 6eKMOPO8 U
MHo2ocaoUHbIL nepcenmpon  (MII) ¢ aneopummom 06pamuoco pacnpocmpanenus
owubku (OP). Ilpeonazaemviii ancopumm pabomaem HA OCHO8e VIbMPA3EYKOBO20
uzobpasicenusi, Komopoe 0003HAYAEMCSa KAK 9Man npeosapumenvHol oopabomku, u
unmepecyowas oo1acms NOYKU CE2MEHMUpPYemcs Ha Yibmpa3gyKo8oM U300paNCeHUl.

KiloueBble  cil0Ba:  kommpacmuocmv — U300padiceHus, — 2UCMo2pammd,
Kaaccuguxayus uzoopaxcenuti, ceepxmounas ueupounas cemv, CHC (ceepxmounas
HEeUPOHHAsI cemb), HEelPOHHAS CeMb.
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Annotatsiya. Ultratovush tasvirlari buyrak kasalliklarini tashxislash uchun
ishlatilishi mumkin: kistalar, toshlar va infektsiyalar kabi tizimli anormalliklarni
aniglash va buyraklar faoliyati haqida ma’lumot berish. Ushbu maqola normal va
anormal buyrak tasvirlarini samarali tasniflash uchun mos xususiyatlarni tanlashga
qaratilgan. Kardiyak tasvirlarni diagnostika qilishda buyraklardagi g ayritabily
tasvirlarni tasniflash uchun kul rang o ‘zgarishi ishlatilgan. Konvolyutsion neyron
tarmog ‘i tomonidan yaratilgan ma’lumotlar to ‘plami o ‘gitildi. 2 ta sinf yaratildi va ular
asosida 89% tan olish natijasiga erishildi. Ushbu tadgiqot ssenariysida surunkali buyrak
kasalligi (SBK) targalishi har yili ortib bormoqda. Keyingi terapiya uchun manbalardan
biri bu SBK prognozi bo ‘lib, bu yerda mashinali o ‘rganish usullari yuqori tasniflash
aniqligi tufayli tibbiy diagnostikada muhimroq bo‘lib bormoqda. Yaqin o ‘tmishda
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tasniflash  algoritmlarining aniqligi ma’lumotlar hajmini  kamaytirish  uchun
xususiyatlarni tanlash algoritmlaridan to‘g‘ri foydalanishga bog'liq edi. Ushbu
magolada Internet of Medical Things (IoMT) platformasida surunkali buyrak kasalligini
erta aniglash, segmentatsiyalash va diagnostika qilish uchun Geterogen
modifikatsiyalangan sun’iy neyron tarmog ‘i (GMSNT) taklif gilingan. Bundan tashqari,
tavsiya etilgan GMSNT go ‘llab-quvvatlovchi vektor mashinasi va orgaga targalish (OT)
algoritmiga ega ko ‘p qatlamli perseptron (KQP) sifatida tasniflanadi. Taklif etilayotgan
algoritm ultratovush tasviriga asoslangan holda ishlaydi, u dastlabki ishlov berish
bosqgichi sifatida belgilanadi va buyrakning qizigish doirasi ultratovush tasviriga
bo ‘linadi.

Kalit so‘zlar: tasvir kontrasti, gistogramma, tasvir tasnifi, konvolyutsion neyron
tarmog, KNT (konvolyutsion neyron tarmoq), neyron tarmog.
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