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ABSTRACT:

Back Propagation Network with image and data processing techniques was employed
to implement an automated kidney stone classification. The conventional method for
medical resonance kidney images classification and stone detection is by human
inspection. Operator-assisted classification methods are impractical for large amounts
of data and are also non-reproducible. Medical Resonance images contain a noise
caused by operator performance which can lead to serious inaccuracies classification.
Artificial intelligent techniques through neural networks and feature extraction are
shown great potential in this field. Hence, in this paper the Back Propagation Network
was applied for the purposes. Decision making was performed in two stages: feature
extraction using the principal component analysis and the classification using Back
Propagation Network (BPN). This inter disciplinary project presents a segmentation
method, Fuzzy C-Mean (FCM) clustering algorithm, for segmenting computed
tomography images to detect the lung cancer in its early stages. The performance of
the BPN classifier was evaluated in terms of training performance and classification
accuracies. Back Propagation Network gives fast and accurate classification than

other neural networks and it is a promising tool for classification of the Cancers.
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CHAPTER- 01
INTRODUCTION:

Optical coherence tomography (OCT) is an established modality for non-invasive
assessment of diseases. As a result, OCT image analysis is becoming increasingly
important. Texture analysis has been actively investigated for tissue characterization.
The potential of texture analysis has been demonstrated in numerous biomedical
applications, including OCT imaging of skin, bladder, eye ,atherosclerotic plaque,
esophagus, and breast . In general, texture analysis techniques can be classified into
three groups: statistical technologies, spectral technologies, and structural technology.
The choice of optimal method for texture analysis may vary depending on the specific
biomedical applications.

OCT and its functional extension (Doppler OCT and optical micro angiography,
OMAG) have been used for imaging kidney microanatomy and microcirculation. OCT
can resolve renal corpuscles and urineferous tubules . The morphological changes in
these structures are associated with ischemia-reperfusion injury. Automatic algorithm
for image analysis algorithm has been developed previously for quantifying spatially-
resolved tubular diameter as a potential biomarker forindicating viability of the
transplant kidney. In these previous studies, the tubular lumens were segmented out
from cross-sectional OCT images of kidney microstructure based on an empirically-
determined intensity threshold. However, as OCT intensity is attenuated with depth,
segmentation of deeper tubular lumens based on one fixed threshold becomes

challenging.

Ultrasound imaging is also one of the available imaging techniques used for diagnosis
of kidney abnormalities, which may be like change in shape and position and swelling
of limb; there are also other Kidney abnormalities such as formation of stones, cysts,
blockage of urine, congenital anomalies, and cancerous cells. During surgical
processes it is vital to recognize the true and precise location of kidney stone. The
detection of kidney stones using ultrasound imaging is a highly challenging task as

they are of low contrast and contain speckle noise. This challenge is overcome by



employing suitable image processing techniques. The ultrasound image is first
preprocessed to get rid of speckle noise using the image restoration process. The
restored image is smoothened using Gabor filter and the subsequent image is
enhanced by histogram equalization. The preprocessed image is achieved with level
set segmentation to detect the stone region. Segmentation process is employed twice
for getting better results; first to segment kidney portion and then to segment the stone
portion, respectively. In this work, the level set segmentation uses two terms, namely,
momentum and resilient propagation to detect the stone portion. After segmentation,
the extracted region of the kidney stone is given to Symlets, Biorthogonal (bio3.7,
bio3.9, and bio4.4), and Daubechies lifting scheme wavelet subbands to extract
energy levels. These energy levels provide evidence about presence of stone, by
comparing them with that of the normal energy levels. They are trained by CNN to

classify and its type of stone with a higher accuracy.



CHAPTER - 02

LITERATURE SURVEY

S.N | Title Author Year | Technology/ Drawbacks
o] Name of Algorithm
Publi | used
sh
1 Characterizing Kennita A 2016 | MachinelLearnig/ | Low resolutin
volumes of Contrast-
kidney segments enhanced
in Streptozotocin ultrasound
induced diabetic (CEUS)
rat model utilizing
4D
contrast-
enhanced
ultrasound
2 High-Framerate Emily Chang | 2018 | Imageprocessin | Poor
Dynamic Contrast- g/ detection
Enhanced Filtering
Ultrasound
Imaging of Rat
Kidney Perfusion
3 Analysis and Tanmay Shah | 2019 | Image Time taking
Identification of processing/ process
Renal Calculi In Segmentation
Computed
Tomography
Images
4 An image Nilar Thein 2018 Image time taken,
preprocessing processing/ cost
method for kidney pre_processing
stone algorithm
segmentation in
CT scan images
5 RENAL STONE ShahinaMK | 2019 | Image low clarity
DETECTION AND processing/
ANALYSIS BY Contour Based
CONTOUR Algorithm
BASED
ALGORITHM
6 Kidney Stone T.Akkasaligar | 2017 | Image Low
Detection in processing/ Complexity
computed Region of
Tomography Growing
images Algorithm
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Three-Dimensional
Ultrasound

Images

Analysis

7 Characterizing the | Bryan W. 2017 | Ultrasonic The individual
Acoustic Output of | Cunitz, Propulsion pulses within
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8 Microwave Tuba Yilmaz, 2019 | dielectric Spectroscopy
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9 Review on Morteza 2016 | Ultrasound Low Quality
Lithotripsy and Ghorbani,

Cavitation in Ozlem Oral,
Urinary Stone Sinan Ekici,
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Ali Kosar

10 Virtual and Felicitas J. 2017 | VR & AR Time Taking
Augmented Reality | Detmer , Julian Process
Systems for Renal | Hettig, Daniel
Interventions: A Schindele,

Systematic Review | Martin

Schostak, and

Christian

Hansen

11 Automatic Joncamp 2017 | Image time-
detection of processing/ consuming
calcium Deep Learning process
phosphate
deposit plugs at
the terminal ends
of kidney tubules

12 An Automated Mahdi 2016 | Image poor
Approach for Marsousi processing/ sensitivity
Kidney Image Colour




CHAPTER - 03

AlM :

The aim of the inter disciplinary project is to detect kidney stone from the person who
is affected in it. .In this we used back propagation neural network technique to identify
the stone. We are using image processing to extract the glcm and dwt . BPNN is used
to train the image. In this we are divide into two segmentation part normal /abnormal if

person kidney is abnormal it will pop out where it is affected in kidney .

SCOPE:

The main scope of the inter disciplinary project is to predict the kidney stone from the
person who is affected and with help of convolutional neural network technique. In

this we used discrete wavelet transform to identify the kidney stone.



CHAPTER -04
EXPERIMENTAL METHODS AND ALGORITHMS

4.1 DOMAIN OVERVIEW

4.1.1 PYTHON:

Python isan interpreted high-level  programming language for programming
Python offers multiple options for developing GUI (Graphical User Interface). Out of all
the GUI methods, tkinter is most commonly used method. It is a standard Python
interface to the Tk GUI toolkit shipped with Python. Python with tkinter outputs the
fastest and easiest way to create the GUI applications. Creating a GUI using tkinter is

an easy task.

PYTHON FEATURES:

Python features a dynamic type system and automatic memory management. It
supports  multiple  programming paradigms, including object-oriented
imperative, functional and procedural, and has a large and comprehensive library.
Python is a multi-paradigm programming language. Object-oriented
programming and structured programming are fully supported, and many of its
features support functional programming and aspect -oriented programming (including
by meta programming and meta objects (magic methods)). Many other paradigms are

supported via extensions, including design by contract and logic programming.

PYTHON LIBRARIES:
Python's large standard library, commonly cited as one of its greatest
strengths, provides tools suited too many tasks. For Internet-facing applications,
many standard formats and protocols such as MIME and HTTP are supported. It
includes modules for creating graphical user interfaces, connecting to relational
databases, generating pseudorandom numbers, arithmetic with arbitrary precision
decimals, manipulating regular expressions, and unit testing.

As of March 2018, the Python Package Index (PyPl), the official repository for
third-party Python software, contains over 130,000 packages with a wide range of

functionality, including:


https://en.wikipedia.org/wiki/Interpreted_language
https://en.wikipedia.org/wiki/High-level_programming_language
https://en.wikipedia.org/wiki/Dynamic_type
https://en.wikipedia.org/wiki/Memory_management
https://en.wikipedia.org/wiki/Imperative_programming
https://en.wikipedia.org/wiki/Functional_programming
https://en.wikipedia.org/wiki/Procedural_programming
https://en.wikipedia.org/wiki/Multi-paradigm_programming_language
https://en.wikipedia.org/wiki/Object-oriented_programming
https://en.wikipedia.org/wiki/Object-oriented_programming
https://en.wikipedia.org/wiki/Structured_programming
https://en.wikipedia.org/wiki/Aspect-oriented_programming
https://en.wikipedia.org/wiki/Metaprogramming
https://en.wikipedia.org/wiki/Metaobject
https://en.wikipedia.org/wiki/Design_by_contract
https://en.wikipedia.org/wiki/Logic_programming
https://en.wikipedia.org/wiki/Standard_library
https://en.wikipedia.org/wiki/MIME
https://en.wikipedia.org/wiki/Hypertext_Transfer_Protocol
https://en.wikipedia.org/wiki/Graphical_user_interface
https://en.wikipedia.org/wiki/Relational_database
https://en.wikipedia.org/wiki/Relational_database
https://en.wikipedia.org/wiki/Pseudorandom_number_generator
https://en.wikipedia.org/wiki/Regular_expression
https://en.wikipedia.org/wiki/Unit_testing
https://en.wikipedia.org/wiki/Python_Package_Index

e Graphical user interfaces
e Web frameworks

e Multimedia

e Databases

e Networking

e Test frameworks

e Automation

e Web scraping

e Documentation

e System administration
e Scientific computing

e Text processing

e Image processing
4.2 DEVELOPMENT ENVIRONMENT

Most Python implementations (including CPython) include a read—eval—print
loop (REPL), permitting them to function as a command line interpreter for
which the user enters statements sequentially and receives results immediately.

Other shells, including IDLE and IPython, add further abilites such as auto-
completion, session state retention and syntax highlighting.

As well as standard desktop integrated development environments, there
are Web browser-based IDEs; Sage Math (intended for developing science and math-
related Python programs); Python Anywhere, a browser-based IDE and hosting
environment; and Canopy IDE, a commercial Python IDE emphasizing scientific

computing.


https://en.wikipedia.org/wiki/Read%E2%80%93eval%E2%80%93print_loop
https://en.wikipedia.org/wiki/Read%E2%80%93eval%E2%80%93print_loop
https://en.wikipedia.org/wiki/Command_line_interpreter
https://en.wikipedia.org/wiki/IDLE_(Python)
https://en.wikipedia.org/wiki/IPython
https://en.wikipedia.org/wiki/Syntax_highlighting
https://en.wikipedia.org/wiki/Integrated_development_environment
https://en.wikipedia.org/wiki/Web_browser
https://en.wikipedia.org/wiki/SageMath
https://en.wikipedia.org/wiki/PythonAnywhere

BPNN:

Back-propagation is the essence of neural net training. It is the method of fine-tuning
the weights of a neural net based on the error rate obtained in the previous epoch
(i.e., iteration). Proper tuning of the weights allows you to reduce error rates and to
make the model reliable by increasing its generalization . Back propagation is a short
form for "backward propagation of errors." It is a standard method of training artificial
neural networks. This method helps to calculate the gradient of a loss function with
respects to all the weights in the network. Simplifies the network structure by elements
weighted links that have the least effect on the trained network. You need to study a
group of input and activation values to develop the relationship between the input and
hidden unit layers. It helps to assess the impact that a given input variable has on a
network output. The knowledge gained from this analysis should be represented in
rules. Back propagation is especially useful for deep neural networks working on
error-prone inter disciplinary projects, such as image or speech recognition .

Back propagation takes advantage of the chain and power rules allows back

propagation to function with any number of outputs.

Neural network is a calculation model inspired by biological nervous system. The
functionality of neural network is determined by its network structure and connection
weights between neurons. Back propagation neural network (BPNN) is one of the very

popular types for its training method called back propagation.

422 TYPES

» Static Back-propagation

* Recurrent Back propagation



4.3 SYSTEM ANALYSIS

EXISTING SYSTEM:

* Threshold Segmentation
* Cosine Transformation
+ Svm
+ K Means Clustering
4.4 SOFTWARE REQUIRED
Python Anaconda Navigator

4.5 ALGORITHMS

4.5.1 NEURAL NETWORK

Neural networks are predictive models loosely based on the action

of biological neurons.

The selection of the name “neural network” was one of the great PR successes
of the Twentieth Century. It certainly sounds more exciting than a technical description
such as “A network of weighted, additive values with nonlinear transfer functions”.
However, despite the name, neural networks are far from “thinking machines” or
“artificial brains”. A typical artificial neural network might have a hundred neurons. In
comparison, the human nervous system is believed to have about 3x10*° neurons. We

are still light years from “Data”.

The original “Perceptron” model was developed by Frank Rosenblatt in 1958.
Rosenblatt’s model consisted of three layers, (1) a “retina” that distributed inputs to
the second layer, (2) “association units” that combine the inputs with weights and
trigger a threshold step function which feeds to the output layer, (3) the output layer
which combines the values. Unfortunately, the use of a step function in the neurons

made the perceptions difficult or impossible to train. A critical analysis of perceptrons

9



published in 1969 by Marvin Minsky and Seymore Paper pointed out a number of
critical weaknesses of perceptrons, and, for a period of time, interest in perceptrons

waned.

Interest in neural networks was revived in 1986 when David Rumelhart,
Geoffrey Hinton and Ronald Williams published “Learning Internal Representations by
Error Propagation”. They proposed a multilayer neural network with nonlinear but
differentiable transfer functions that avoided the pitfalls of the original perceptron’s
step functions. They also provided a reasonably effective training algorithm for neural

networks.

TYPES:

e Artificial Neural Network
e Probabilistic Neural Networks

e General Regression Neural Networks

4.5.2 ARCHITECTURE DIAGRAM

GLCM Features
Extraction

Kidney FCM
Stone detection

Fig.No.4.1 Architecture Diagram

10



Pattern layer / Summation layer

Hidden layer
Input layer
Decision layer

[ ]
of an item is likely to be about the same as other items that have close values of the

Although the implementation is very different, neural networks are conceptually similar
to K-Nearest Neighbor (k-NN) models. The basic idea is that a predicted target value

predictor variables. Consider this figure:

4.5.3. LAYERS
4.5.4. WORKING

— Negative
m Positive

12

10

11

Fig. No.4.2 Representation of Traning set
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Assume that each case in the training set has two predictor variables, x and y. The



cases are plotted using their x,y coordinates as shown in the figure. Also assume that
the target variable has two categories, positive which is denoted by a square and
negative which is denoted by a dash. Now, suppose we are trying to predict the value
of a new case represented by the triangle with predictor values x=6, y=5.1. Should we

predict the target as positive or negative?

Notice that the triangle is position almost exactly on top of a dash representing a
negative value. But that dash is in a fairly unusual position compared to the other
dashes which are clustered below the squares and left of center. So it could be that

the underlying negative value is an odd case.

The nearest neighbor classification performed for this example depends on how many
neighboring points are considered. If 1-NN is used and only the closest point is
considered, then clearly the new point should be classified as negative since it is on
top of a known negative point. On the other hand, if 9-NN classification is used and
the closest 9 points are considered, then the effect of the surrounding 8 positive points

may overbalance the close negative point.

A neural network builds on this foundation and generalizes it to consider all of the
other points. The distance is computed from the point being evaluated to each of the
other points, and a radial basis function (RBF) (also called a kernel function) is applied
to the distance to compute the weight (influence) for each point. The radial basis

function is so named because the radius distance is the argument to the function.

Weight = RBF (distance)

The further some other point is from the new point, the less influence it has.

12
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ADVANTAGES &DISADVANTAGES OF NN

It is usually much faster to train a NN/GRNN network than a multilayer

perceptron network.

NN/GRNN networks often are more accurate than multilayer perceptron

networks.

NN/GRNN networks are relatively insensitive to outliers (wild points).
NN networks generate accurate predicted target probability scores.

NN networks approach Bayes optimal classification.

NN/GRNN networks are slower than multilayer perceptron networks at
classifying new cases.

NN/GRNN networks require more memory space to store the model.

13



CHAPTER-5

PERFORMANCE, DISCUSSION AND RESULT

5.1.IMPLEMENTATION
5.1.1.LIST OF MODULES

e Preprocessing

o Dwt

e Glcm feature extraction

e Back propagation neural network

e Fuzzy clustering methods

5.2. PROPOSED METHOD

Neural Network (NN) and General Regression Neural Networks (GRNN) have
similar architectures, but there is a fundamental difference: networks perform
classification where the target variable is categorical, whereas general
regression neural networks perform regression where the target variable is
continuous. If you select a NN/GRNN network, DTREG will automatically select

the correct type of network based on the type of target variable.

Compsetitive Layer
i ¥
FAY a8 — d . i
[} !
& WD ] L1 L L | L Pl
Kwfd
|I$|:H-C|"-
L5 K

Fig.No.5.1 Types of Layers Used
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1) Input Layer:

The input vector, denoted as p, is presented as the black vertical bar.lts dimension
is R x 1. In this paper, R = 3.
2) Radial Basis Layer:
In Radial Basis Layer, the vector distances between input vector p and the weight
vector made of each row of weight matrix W are calculated. Here, the vector distance
is defined as the dot product between two vectors [8]. Assume the dimension of W is
Qx%R. The dot product between p and the i-th row of W produces the i-th element of
the distance vector ||W-p||, whose dimension is Qx1. The minus symbol, “-”, indicates
that it is the distance between vectors. Then, the bias vector b is combined with ||W -
p|| by an element-by-element multiplication, .The result is denoted as n = ||W- p|| ..p.
The transfer function in NN has built into a distance criterion with respect to a center.
In this paper, it is defined as radbas(n) = 2 n e- (1) Each element of n is substituted
into Eq. 1 and produces corresponding element of a, the output vector of Radial
Basis Layer. The i-th element of a can be represented as ai = radbas(||Wi - p|| ..bi) (2)
where Wi is the vector made of the i-th row of W and bi is the i-th element of bias
vector b.
Some characteristics of Radial Basis Layer:
The i-th element of a equals to 1 if the input p is identical to the ith row of input
weight matrix W. A radial basis neuron with a weight vector close to the input vector p
produces a value near 1 and then its output weights in the competitive layer will pass
their values to the competitive function. It is also possible that several elements of a
are close to 1 since the input pattern is close to several training patterns. .
3) Competitive Layer:

There is no bias in Competitive Layer. In Competitive Layer, the vector a is firstly
multiplied with layer weight matrix M, producing an output vector d. The competitive
function, denoted as C in Fig. 2, produces a 1 corresponding to the largest element of
d, and 0’s elsewhere. The output vector of competitive function is denoted as c. The
index of 1 in c is the number of tumor that the system can classify. The dimension of

output vector, K, is 5 in this paper.

15



5.3. APPLICATION
e Medical application

e Research field

RESULTS:
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B Select C:\Windows\system32\cmd.exe - python cnn_train_testpy *
1 £1 m

R Type here to search & 7 '\agfum Lyl
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CHAPTER -6
SUMMARY AND CONCLUSION

The aim of the inter disciplinary project is to detect kidney stone from the
person who is affected in it. In this we used back propagation neural network
technique to identify the stone. We are using image processing to extract the
glcm and dwt .

In future work, the proposed methodology will be designed for real time
implementation by interfacing it with the scanning machines. The captured
kidney image will be subjected to the proposed algorithm to identify the affected
region and for accurate classification of kidney stone.For achieving higher
accuracy, we can compare the results of other neural networks besides Back

Propagation algorithm.
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