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1 Introduction

This document gives a detailed description of the steps to be followed to replicate the results
of the research that have been enlisted in the project report. The document covers the
different tools required to simulate the experiments and also provides a detailed explanation
of the steps to be followed for code execution.

2 Environment Setup

2.1 Google Collab

The research involves the modelling of 4 specific neural networks to examine their suitability
to perform detection of kidney stones in CT scan images. The Python programming language
has been utilised to achieve the model construction. For executing the code, the Google
Collab integrated development environment has been used. The completed code has been
submitted in the form of. ipynb notebooks. These Python notebooks can be imported into
Google collab as follows:

1. Go to the URL of the Google Collabi1 and sign in with Google account of choice.

2. Go to File-> Open notebook and click on Upload as shown in Figure 1 and upload

the. ipynb file of choice.

Figure 1: Google Collab uploading .pynb files from local system

! https://colab.research.google.com/?utm_source=scs-index
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3. The .ipynb file of selection will be opened in Google Collab. Next click on the
Connect button in the top right corner of the notebook. This will connect to a runtime
in the cloud.

4. Once connection is successful, click on the RAM, Disk icon near the top right corner
and click on Change Runtime Type. Make the same selections in the dialog box that
appears as shown in the Figure 2. Please note that Runtime-shape will possess the
value High-RAM after upgrading to Collab Pro.

Notebook settings

Hardware accelerator

GPU ~ @

To get the most out of Colab Pro, avoid using a GPU unless you

need one. Learn more

Runtime shape
High-RAM ~

|:| Background execution

Want your notebook to keep running even after you

close your browser? Upgrade to Colab Pro+
[J omit code cell output when saving this notebook

Cancel Save

Figure 2: Runtime Selection in Jupyter Notebook

5. Code Execution of each cell in the Notebook can be performed by clicking on the Run
cell button just to the left of each cell.

2.2 Google Drive

Since Google Collab is a cloud-based environment for program execution, the dataset also
has to be placed in a cloud storage environment called Google drive to access from the
Collab environment. The following steps are to be performed to store the unmodified dataset
and the cropped dataset in the drive.

Go to the URL of the Google Drive Homepage?.

Sign in using the same Google account through which Google Collab was accessed.
Once logged in, click on the New button and choose Folder upload.

Upload the Final_Dataset and Fully _Edited_Dataset folders [after creating the folders
as per Section 3]. These folders should contain the unmodified dataset and cropped
dataset respectively.

HonPRE

2 https://www.google.com/drive/
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5. To access these folders that are now part of your drive, the code block shown in
Figure 3 is to be executed in Google Collaboratory. This process is called the drive
mount and is essential for data access from the drive.

[ ] from google.colab import drive
drive.mount('/content/drive',force_remount=True)

dounted at /content/drive

Figure 3: Mounting the drive for accessing the data from the drive

3 Data Preparation

The dataset to be used for the modelling process is to be downloaded from the URL2 through
the Download ZIP option in Github. The dataset will contain two folders namely Train and
Test. These two folders are to be moved to a new folder called Final_Dataset in the following
hierarchical order: Final_Dataset->Second Dataset-> Kidney_stone_detection-main->Dataset
and this folder is to be uploaded to Google drive as described in Section 2.2. The
Final_Dataset thus now contains the unmodified data. Alternatively, the Final_Dataset folder
can be downloaded directly from the Onedrive link

For creating the cropped dataset, each image in the dataset is to be cropped and in
case of an image with kidney stone, just the kidney with the unwanted particles is to be
cropped, excluding the other regions of the CT scan image. This operation is to be performed
using the Windows Photos application. This cropped dataset is to be placed in the
Fully _Edited Dataset folder and it must be uploaded to the drive. The dataset containing the
cropped images and used for the experiments has been uploaded to Onedrive® for replication
of results.

4 Code Execution Steps

The codebase consists of two distinct folders Code_for_cropped_dataset,
Code_for_cropped_dataset pertaining to code for original dataset and cropped dataset. Each
of these folders will contain 4 files corresponding to the 4 neural network algorithms and
each file is appropriately named. Each file will contain the following steps, such as Importing
Dependent Libraries, Data Access from Drive and Data Split, Data Augmentation, Model
Import and Model Modification, Model Compilation and Results generation, Model
Evaluation. Since these steps have been followed in a uniform way for all code files, they are

3 https://github.com/yildirimozal/Kidney_stone_detection

4 https://studentncirl-my.sharepoint.com/:f:/g/personal/x20172176_student_ncirl_ie/Ej-
KidgjvgIDrdhVvi1rhlylBT4220Ybc6aT7VqZDGDKvRw?e=CdbKZM

5 https://studentncirl-my.sharepoint.com/:f:/g/personal/x20172176_student_ncirl_ie/Ej-
KidgjvgIDrdhVvi1rhlylBT4220Ybc6aT7VgZDGDKvRw?e=CdbKZM
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explained with one code file [KidneyStone ResNet Proper_Unmodified_Dataset.ipynb] as
the example.

4.1 Importing Dependent Libraries

The neural networks that have been modelled in the research have used in-built libraries such
as Keras to achieve functionalities like base model importing. The code to import dependent
libraries is shown in the Figure 4.

[ ] # Commented out IPython magic to ensure Python compatibility.
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import skimage.io
import tensorflow
import tqdm
import glob

from tgdm import tqdm

from skimage.io import imread, imshow

from skimage.transform import resize

from tensorflow.keras.preprocessing.image import ImageDataGenerator

from tensorflow.keras.applications.vggl6é import VGG16

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Inputlayer, Dense, Flatten, BatchNormalization, Dropout, Activation
from tensorflow.keras.callbacks import EarlyStopping, ModelCheckpoint

from tensorflow.keras.preprocessing.image import load_img, img_to_array

Figure 4: Importing of necessary libraries

4.2 Data Access from Drive and Data Split

The datasets that are available in the drive are to be accessed using the flow_from_directory
API and data split for training and validation are specified using ImageDataGenerator
function. The code for performing these operations are shown in Figure 5.



[ ] train_path - '/content/d
test_path = '/conte

on-main/Dataset/Train’
on-main/Dataset/Test"

[ 1 train_datagen - ImageDataGenerator(rescale- 1./255,validation_split-@.2)
[ ] test_datagen - ImageDataGenerator(rescale- 1./255)

[ ] wvalidation_datagen=ImageDataGenerator(rescale= 1./255)

[ 1 batch_size = 256

[ 1 train_generator = train_datagen.flow_from_directory(

subset="'validation®,

Figure 5: Accessing Data from drive and performing data split

4.3 Data Augmentation

The code to be executed for performing the augmentation techniques is shown in Figure 6.
The code also shows the different augmentation parameters to be specified to perform desired
augmentation.

o data_augmentation = tf.keras.Sequential([
tf.keras.layers.RandomFlip( 'horizontal"),
tF.Icer*as.layE-r‘s.Randumﬁotatiun{@.z}l

D

Figure 6: Code for performing Data Augmentation

4.4 Model Import and Model Specification

The base neural network models are to be imported from keras libraries. An example for
importing the base ResNet model is shown in Figure 7. The base model is then modified by
the addition of some extra layers to make the model suitable for classification using the
kidney stone detection as shown in Figure 8.

from tensorflow.keras.applications.resnet58 import ResNet5@

base_model = ResNet5@(input_shape=(224,224,3),
include_top=False,
weights="imagenet")

Downloading data from https://storage.googleapis.com/tensorflow/keras-applications/resnet/resnet50 weights tf dim_ordering_tf kernels_notop.h5
94773248/94765736 [ === ] - 4s Bus/step
94781448/94765736 [ ====== ] - 45 Bus/step

Figure 7 : Model Import from Keras API



[ 1] resnet_model=Sequential()
resnet_model.add(base_model)
resnet_model.add(Dropout(@.2))
resnet_model.add(Flatten())
resnet_model.add({BatchMNormalization())
resnet_model.add(Dense(1824,kernel_initializer="he_uniform'))
resnet_model.add{BatchNormalization())
resnet_model.add(Activation( ' relu’)})
resnet_model.add(Dropout(@.2))
resnet_model.add({Dense(1824,kernel _initializer="he uniform'))
resnet_model.add({BatchMNormalization())
resnet_model.add(Activation('relu"})
resnet_model.add(Dropout(8.2))
resnet_model.add(Dense(2,activation="sigmoid"})

Figure 8 : Extra layers added to the base model.

4.5 Model Compilation and Results Generation

The model is to be compiled using the code shown in the Figure 9. The compile function is
used for the model compilation and the fit function is used to generate the appropriate results.

] #0PT = tensorflow.keras.optimizers.Adam(1lr=8.0801)
base_learning_rate = 0.0081

resnet_model.compile(loss="binary crossentropy’,

metrics=[ "accuracy’, 'AUC", "Precision’, 'Recall’],
optimizer=tf.keras.optimizers.Adam(learning rate=base learning rate))

] model history=resnet model.fit(train_generator,
validation_data=validation_generator,
epochs = initial_epochs)

Figure 9: Model Compilation and Results generation

4.6 Model Evaluation

The model can be evaluated using the code shown in Figure 10 and Figure 11. The evaluation
metrics used in this research are Accuracy, Precision and Recall. The training and Validation
Accuracy are then plotted to effectively examine the classification performance of each deep
learning neural network.



1 acc = model history.history[ "accuracy "]

wal acc = model history.history['val_accuracy ']
loss = model history.history['loss"]

wval_loss =

model history.history["wval_loss"]

[ 1 plt.figure(figsize=(38, 8))
plt.subplot{z, 1, 1)
plt.plot{acc, label='"Training Accuracy")
plt.plot{wal_ acc, label="Validatiom Accuracy")}
plt.legend({loc="lower right")}
plt.ylabel( "Accuracy ")
plt.ylim{[min{plt.wvilim()),17)

plt.title("

Training and VWalidation Accuracy")

Text(8.5, 1.8, "'Training and Validation Accuracy”)

Training and Validation Accuracy

1.0
095 4
09
a8s 4
080 4
075

Accuracy

e L
065 4

Q60 4

Training Accuracy
Walidation Accuracy

[ 1 plt.subplot{(2, 1, 2)
plt.plot{loss, label="Training Loss")
plt.plot{wal_ loss, label="VWalidation Loss")
plt.legend(loc="upper right")}
plt.ylabel( " Cross Entropy ")
plt.ylim{[@,1.8]1)

plt.title("

Training and Walidation Loss")

plt.xlabel( "epoch”)

plt.show()

Figure 10: Model Evaluation-Part 1

[ 1 plt.subpleot{2, 1, 2}
plt.plot{loss, label="Training Loss")
plt.plot{val_loss, label='Validation Loss')
plt.legend(loc="upper right")}
plt.ylabel('Cross Entropy')
plt.ylim{[@,1.87)

plt.title(

'Training and Valideation Loss')

plt.xlabell "epoch')

plt.show()
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Figure 11: Model Evaluation-Part 2




