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Configuration Manual

Sarvochch Balwant Singh
22163891

1 Local Machine System Configuration

Device name DESKTOP-QV0042F

Processor Intel(R) Core(TM) i7-8750H CPU @ 2.20GHz 2.20 GHz
Installed RAM 8.00 GB (7.85 GB usable)

System type 64-bit operating system, x64-based processor

Pen and touch No pen or touch input is available for this display

Os Specification

Edition Windows 11 Home Single Language

Version 22H2

OS build 22621.2861

Experience Windows Feature Experience Pack 1000.22681.1000.0

2 Kaggle notebook Specifications

Kaggle’s notebook specification, data retrieved on 14/12/2023 from

https: //www.kaggle.com /docs/notebooks

12 hours execution time for CPU and GPU notebook sessions and 9 hours for TPU
notebook sessions

20 Gigabytes of auto-saved disk space (/kaggle/working)

Additional scratchpad disk space (outside /kaggle/working) that will not be saved outside
of the current session

CPU Specifications

4 CPU cores

30 Gigabytes of RAM

P100 GPU Specifications

1 Nvidia Tesla P100 GPU

4 CPU cores

29 Gigabytes of RAM

3 Data Collection

Data has been collected from kaggle, the name of the dataset is - HuBMAP - Hacking
the Human Vasculature, its a open source dataset anyone can access and use it.



4 Importing Libraries

Figure [1| Importing the necessary libraries, If any libraries are not installed on the given
environment please write ”pip install ’library_name’”

inport numpy as np
inport pandas as pd

inport: matplotlib.pyplot as plt
inport os

inport shutil

from collections import Counter
from typing import Callable
inport. random

from PIL import Image
inport imageio

inport json
import cv2

inport ipywidgets as widgets
inport IPython.display as ipd
inport glob

inport logging

inport functools

inport base64
inport numpy as np
inport typing as t
inport z1ib

inport tensorflow as tf
from keras import backend as K

from tensorflow.keras.models import Model

from tensorflow.keras.layers import Input, Conv2D, Conv2DTranspose, MaxPooling2D, Dropout, concatenate
from tensorflow import keras

from tensorflow.keras import layers

from scipy.ndimage import label

from scipy.ndimage import find_objects

inport: warnings
warnings. sinplefilter("ignore”)

inport matplotlib.pyplot as plt
inport matplotlib. ticker as ticker
inport seaborn as sns

import cv2

from scipy.ndimage inport label

from scipy.ndimage import find_objects

Figure 1: Image of result generated by the model on validation set

5 Data Visualization
Figure 2] shows the function to create masks for visualization

def create_mask(inage_id, shape, polygons):

nasks[inage_1d] = {annotation_type: {'count': 8, 'area': 8, 'sun_sqarea’: 8, 'inage’:np.zeros(shape, dtypesnp.uints)) for annotation_type in annotation_types}

for polygon in polygons:
annotation_type = polygon| ' type’]
lines = np.array(polygon| 'coordinates’])
lines = lines 1, 2)

nnotaton_type] [ inage ]
ly(mask, [lines], 1)

for t in annotation_types:

mask = masks[1nage_1d] [][*1nage’ ]

labels, n_labels = label(mask)

= find_cbjects(labels)

total_area = o

instances = []

for 1 in range(n_labels):
instance_area = np.sun(labels [f[1]1//(1+1))
instances. append (instance_area)
total_area += instance_area

masks[inage_id][t][*count'] = n_labels

masks[ inage_1d][t][*area’ ] = total_area
masks[ inage_1d][t][*sun_sq_area’] = np.sun(np.array(instances)#+2)

Figure 2: Image of function to create masks for visualization

Figure |3| shows the function to get annotations from the jsonl file.

Figure 4| shows the function plot the mask, image and overlay.

!Dataset  https://www.kaggle.com/competitions/hubmap-hacking-the-human-vasculature/
data


https://www.kaggle.com/competitions/hubmap-hacking-the-human-vasculature/data
https://www.kaggle.com/competitions/hubmap-hacking-the-human-vasculature/data

inport json

annotated_inages = list(images.keys())
train_inages_path = 0s.path. join(BASE_DIR, 'train’)
with open(os. path. join(BASE_DIR, 'polygons.jsonl'), 'r') as file
for line in file:

json_data = json. loads(1ine)
inage_id = json_data['1d']

# Load 1nage

fn = 0s.path.join(train_images_path, image_id + '.tif')

if not os.path. exists(fn) :
print(f"Error: File not found - {fn
continue

ing = cv2.inread(fn, cv2. THREAD_UNCHANGED;
inages[inage_1d] = cv:

shape = ing. shapel :2]

-cvtColor(ing, cv2.COLOR_BGR2RGB)

# Check image shape
if shape != (IHG_SIZE, IMG_SIZE):

print(f'Error: Inage shape mismatch for {image_id}. Expected ({IMG_SIZE}, {IHG_SIZE}), got {shape}.")
continue # Skip to the next iteratiom if the image shape is incorreci

el ing

create_mask(inage_id, shape, json_datal’annotations’])

annotated_inages = list(images.keys())

Figure 3: Image of function to create masks for visualization
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Figure 4: Image of function plot the mask, image and overlay.



6 Data Preprocessing

Figure [5[ shows the function to load file path and function to split the data in train and
validation.

def load_file_paths(directory path, examples, file extension = '.tif'):
file_paths = [directory_path + '/' + 1d + file_extension for id in examples]
return file_paths

def get_train_valid_pats(directory_path, examples, train_split_size=a.s)
file_paths = load_file_paths(directory_path, examples)

split_index = int(len(file_paths) * train_split_size)

1it the list i ng and testing sets
train_files = file_paths|:split_index]
valid_files = file_paths[split_index:]

return train_files, valid_files

train_directory_path = °/kaggle/input/hubmap-hacking-the-human-vaseulature/train

train_file_paths, validation_file paths = get_train_valid_pats(train_directory_path, training_examples)

Figure 5: function to load file path and function to split the data in train and validation.

Figure [6] shows the function to get the image gets it’s id and mask.

def get_image(path)
image = cv2.imread(path)
image mage /255
image = image.astype(np.float32)
return image

def get_id(string_path):
parts = string_path.split("/")
file_name = parts[-1]
identity = file_name.split(*.")[8]
return identity

def get_mask(path):
image_id = get_id(path)

mask = np.zeros((512, 512, 1), dtype=np.uint8)
annots = polygons_df.loc[polygons_df["1d"] == image_id, 'annotations’].iloc[e]
for annot in annots:

annot_type = annot["type’]

coordinates = annot[’coor

if annot_type == 'bloo

cv2.fillPoly (mask|

mask = mask/255
mask = mask.astype(np.float32)
return mask

tes’ |

8], [np.array(coordinates)], (255,))

Figure 6: Image of the function to get the image gets it’s id and mask.

Figure [7] shows the function map image and mask.

def map_function(path):
def preprocess(path)
path = path.decode()

image = get_image(path)
mask = get_nask(path)

return image, mask
image, mask = tf.numpy_function(preprocess, [path], [tf.float32, tf.float32])
1image.set_shape([512,512,3])

mask.set_shape([512,512,1])

return inage, mask

Figure 7: Image of the function map image and mask.

shows the function to crop flip and rotate.

Figure



def crop_flip_rotate(inage, mask):

num_channels_image = 3
num_channels_mask = 1
combined = tf.concat([image, mask], axis=-1)

image . randon_flip_left_right(combined)

combined = tf
image . random_f1ip_up_down (combined)

combined = tf
combined = tf.image.rot8d(combined, tf.random.uniform(shape=[], minval=s, maxval=4, dtype=tf.int32))
inum_channels_inage]
nun_channels_image: ]

mage = combined[
mask = combined[:,

return image, mask

Figure 8: Image of the function to crop flip and rotate.

Figure [9 shows the function for mosaic augmentation.

def mosaic_augnentation(image, mask, image_paths=train_file_paths):

num_images = 4
output_size = (512, 512)

random.shuffle(inage_paths)

selected_paths = image_paths[ :num_images]

1nages = []

masks = []

for path in selected_paths:
inage = get_image(path)
nask = get_mask(path)
images. append (image)
nasks. append (mask)

num_channels = images[0].shape[-1]

mosaic = np.hstack(images[:2]), np.hstack(images[2:])

mosaic = np.vstack(mosaic)

mask = np.hstack(masks[:2]), np.hstack(masks[2:])
mask = np.vstack(mask)
combined = tf.concat([mosaic, mask], axis=-1)

, output_size[1], combined.shape[-1]])

cropped_combined = tf.inage.random_crop(combined, size=[output_size[]

num_channels]

image = cropped_combined[:, :,
num_channels: ]

mask = cropped_combined|:, X,

image.set_shape([512,512,3])
mask.set_shape([512,512,1])
return image, mask

Figure 9: Image of the function for mosaic augmentation.

shows the function get the main dataset after all the preprocessing and

Figure
batching of the dataset.



def dataset(file_paths, batch_size=16, augment=True)

dataset = tf.data.Dataset.from_tensor_slices(file_paths)
dataset = dataset.map(map_function, num_parallel calls=tf.data.AUTOTUNE)
if augment:

mosaic_dataset = dataset.map(mosaic_augmentation, num_parallel calls=tf.data.AUTOTUNE)
rotated_dataset = dataset.map(crop_flip_rotate,

num_parallel_calls=tf.data.AUTOTUNE)
dataset = dataset.concatenate{mosaic_dataset)
dataset = dataset.concatenate(rotated_dataset)

dataset = dataset.batch(batch_size)
return dataset

BATCH_SIZE= 8

TRAIN_LENGTH = len(train_file_paths)

VAL_LENGTH = len(validation_file_paths)

train_ds = dataset(train_file_paths, BATCH_SIZE, augment=True)
validation_ds = dataset(validation_file_paths, BATCH_SIZE, augment=False)

Figure 10: Image of the function get the main dataset after all the preprocessing and
batching of the dataset.

Figure|l1]shows the function to calculate dice coeff and writing the number of Epochs.

EPOCHS = 50

def dice_coeff(y_true, y_pred):
smooth = 1.8
y_true_f =

K. Flatten(y_true)
y-pred_f =

K. flatten(y_pred)

intersection = K.sum(y_true_f * y_pred_f)

return (2.9 * intersection + smooth) / (K.sum(y_true_f) + K.sun(y_pred_f) + smooth)
dice_loss(y_true, y_pred)

return 1.8 - dice_coeff(y_true, y_pred)

Figure 11: Image of the function to calculate dice coeff and writing the number of Epochs.

Figure

shows the code that adjusts the learning rate and implies earlystoping.

import tensorflow as tf

from tensorflow.keras.callbacks import EarlyStopping

from tensorflow.keras.optimizers.schedules import ExponentialDecay
initial_learning_rate = ©.0081

decay_steps = 1808

decay_rate = 8.9

1r_schedule = ExponentialDecay(
initial_learning_rate=initial_learning_rate,
decay_steps=decay_steps,
decay_rate=decay_rate,
staircase=True

)

early_stoppin
monitor="
patiences=!

g = EarlyStopping(
_loss’,

restore_best_weights=True

Figure 12: Image of the code that adjusts the learning rate and implies earlystoping.



7 Model DeeplabV3+

shows the Convolutional block of DeeplabV3+ model.

Figure

def convolution_block(
block_input,
nun_filters=256,
kernel_size=3
dilation_rat
paddin
use_bias=False,

x = layers.ConvzD(
nun_filters,
kernel_size=kernel_size,
dilation_rate=dilation_rate,
padding="same” ,
use_bias=use_bias,
kernel_initializer=keras.initializers.HeNormal(),
) (block_input)
x = layers.BatchNormalization() (x)

return tf.nn.relu(x)

Figure 13: Image of the Convolutional block of DeeplabV3+ model.

Figure [14] shows the DSPP block of DeeplabV3+ model.

def DilatedspatialPyramidPooling(dspp_input):

dins = dspp_input.shape
x = layers.AveragePooling2D(pool_size=(dims[-3], dims[-2]))(dspp_input)

x = convolution_block(x, kernel_size=1, use_bias=True)
out_pool = layers.UpSampling2D(

size=(dims[-3] // x.shape[1], dims[-2]
)0x)

/1 x.shapel2]), interpolation="bilinear”,

kernel_size=1, dilation_rat
dilation_rate=6)

, dilation_rate=12)
dilation_rate=18)

out_1 = convolution_block(dspp_input,
out_6 = convolution_block(dspp_input, kernel_size=3,
out_12 = convelution_block(dspp_input, kernel_siz

convolution_block(dspp_input, kernel_siz

out_18

x = layers.Concatenate(axis=-1)([out_pool, out_1, out_6, out_12, out_18])
output = convolution_block(x, kernel_size=1
return output

Figure 14: Image of the DSPP block of DeeplabV3+ model.

Figure [15| shows the Deeplabv3plus block of DeeplabV3+ model.

def DeeplabV3Plus(image_size, num_classes)
model_input = keras.Input(shape=(image_size, image_size, 3))
resnet58 = keras.applications.ResNet58(
weights= None, include_top=False, input_tensor=model_input

= resnet58.get_layer("conv4_block6_2_relu").output

x =
x = DilatedSpatialPyramidPooling(x)
input_a = layers.UpSampling2D(

size=(image_size // 4 // x.shape[1], image_size // 4 // x.shape[2]),

interpolation="bilinear"
)(x)
input_b
input_b

convz_block3_2_relu”).output
kernel_size=1)

resnetse. get_layer(
convolution_block(input_b, num_filters=4g,

x = layers.Concatenate(axis=-1)([input_a, input_b])

x = convolution_block(x)

x = convolution_block(x)

x = layers.UpSampling2D(
size=(image_size // x.shape[1],
interpolation="bilinear”,

) (x)

model_output = layers.Conv2D(num_classes,

return keras.Model(inputs=model_input, outputs=model_output)

image_size // x.shape[2]),

kernel_size=(1, 1), padding="same", activation='sigmoid’)(x)

Figure 15: Image of the Deeplabv3plus block of DeeplabV3+ model.



Figure 16| shows the execution of DeeplabV3+ model.

model = DeeplabV3Plus(image_size=512, num_classes=1)
learning_rate=6.8881

optimizer = tf.keras.optimizers.Adan(1r_schedule)
loss = tf.keras.losses.BinaryCrossentropy()

model. compile(optinizer=optimizer,

loss=[dice_loss],
metrics=[ ‘accuracy’ ,dice_coeff])

model_Deeplab = model.fit(train_ds, epochs=EPOCHS, validation_data=validation_ds,callbacks=[early_stopping])

Figure 16: Image of the execution block of DeeplabV3+ model.

8 Model U-Net

Figure shows the convolutional, encoder, decoder and Unet block of the of U-Net
model.

v_block (input, num_filters
ras.layers .Conv2D (nun_filters, 3, paddin
layers.Batchlormalization() (conv)
Jlayers.Activation(“relu”) (conv)
.layers.ConvzD (num_filters, 3, paddin
layers.Batchlormalization() (conv)
layers.Activation(“relu’) (conv)

same”) (input)

same") (conv)

conv
return conv

def encoder_block(input, nun_filters):
skip = conv_block(input, nun_filters)
pool = tf .keras. layers.MaxPoo12D((2, 2))(skip)
return skip, pool

def decoder_block(input, skip, num_filters):
up_conv = tf.keras. layers.ConvaDTranspose(nun_filters, (2, 2), strides=2, padding="sane")(input)
conv = tf keras. layers.Concatenate() ([up_conv, skip])
conv = conv_block(conv, num_filters)
return conv

&

jef Unet(input_shape) :
inputs = tf.keras.layers.Input(input_shape)
skipl, pooll = encoder_block(inputs, 64)
skip2, pool2 = encoder_block(pooll, 128)
skip3, pool3 = encoder_block(pool?, 256)
skipd, pool4 = encoder_block(pool3, 512)

bridge = conv_block(poold, 1824)

decodel = decoder_block(bridge, skip4, 512)
decode? = decoder_block(decodel, skip3, 256)
decode3 = decoder_block(decode2, skipa, 128)
decoded = decoder_block(decode3, skipl, 64)

outputs = tf.keras.layers.Conv2D(1, 1, padding="same", activation="signoid")(decoded)

model = tf .keras.models.Model (inputs, outputs, name="U-Net")
return model

unet_nodel = Unet((512, 512, 3))

Figure 17: Image of convolutional, encoder, decoder and Unet block of the of U-Net
model.

Figure (18| shows the execution block of U-Net model.

learning_rate=8.881
optimizer = tf.keras.optinizers. Adan(1r _schedule)
loss = tf.keras. losses BinaryCrossentropy()

unet_nodel..conpile(optinizer=optinizer,
Toss=[dice_loss],
metrics=|'accuracy”, dice_coeff])

model_Unet = unet _nodel.fit(train_ds, epochs=EPOCHS, validation_data=validation_ds, callbacks=[early_stopping])

Figure 18: Image of the execution block of U-Net model.



9 Post Processing and Model Testing
Figure

shows the script for steps taken for post processing.

for image, mask in validation_ds.take(1)
pass

CompasableFunction = Callable[[np.array], np.array]

def compose(*functions: CompasableFunction) -> CompasableFunction

return functools.reduce(lambda f, g: lambda x: g(f(x)), functions)

def dilate_image(predictions: np.array,
kernel = np.ones(kernel, np.uints)
dilated_inages

kernel: tuple = (2,2), dilation_iterations: int = 1)

for prediction in predictions
dilated_image = cv2.dilate(prediction, kernel, iterations=dilation_iterations)
dilated_inages.append(dilated_image)

return dilated_inages

def get_prediction(inage, model)
predictions = model.predict (inage)
return predictions

def process_prediction(predictions: np.array, *preprocessing: CompasableFunction) -> np.array
prediction_processing = compose(*preprocessing)
proccessed_pred = prediction_processing(predictions)
return proccessed_pred

Figure 19: Image of script for steps taken for post processing.

Figure [20[ shows the functions to calculate the average dice coefficient and function to
plot the predection.

def calculate_average_Dice(mask, predictions):
iou = @
for 1 in range(e, len(predictions)):
iou += dice_coeff(mask[i], predictions[i].astype(np.float3z)).numpy()

return iou/len(predictions)

def plot_predictions(image, mask, predictions):
nun_images = image.shape[e]
fig, axs = plt.subplots(num_images, 3, figsize=(12, 3 * num_images))

for 1 in range(nun_images):

iou = calculate_average Dice(mask[i], predictions[i].astype(np.float32))

axs[1, 8].imshow(predictions[i], cmap='gray’)
axs[i, 8].set_title(f'Prediction, Dice: {iou:.3f}')

axs[1, 1].imshow(image[1])
axs[1, 1].set_title('Image’)

axs[1, 2].imshow(mask[1i], cmap='gray’)
axs[1, 2].set_title( Mask')

plt.tight_layout()
plt.subplots_adjust(hspace=8.4)
plt.show()

Figure 20: Image of the execution block of U-Net model.

Figure

shows the functions to process the test image ( Resize it ) and get the
prediction on the image and plot it.



def Test_inage(directory, model, plot=True):
file_paths = [os.path.join(directory, path) for path in os.listdir(directory)]
predictions = []
inage_1ds =
for path in file paths:
inage_1d = os.path. splitext(os. path. basename(path)) (2]
image=cv2 .imread(path) /255
resized_image = cv2.resize(image, (512, 512), interpolation=cv2.INTER_AREA)
if resized_inage.shape[2] == 1:
resized_inage = cv2.cvtcolor(resized_inage, cv2.COLOR_GRAY2EGR)
prediction = model. predict (np.expand_dins(resized_inage, axis=8))[8]

inage_ids .append(inage_id)
predictions. append(prediction)

if plot
Fig,axs = plt.subplots(1, 2, figsize=(24, 8))
axs(8] . inshow( resized_image)

axs[8].set_title(f"Inage {inage_id}")

axs[1]. inshow(prediction, cnap="gray’)
axs[1].set_title(f"U-net Prediction”)

df = pd.DateFrame({'1d': inage_ids, ‘height': 512, 'width':512 , 'prediction_string’: predictions})

return df

Figure 21: Image of the execution block of U-Net model.

Figure 22 shows the functions to get the output of U-net model for the test image
same is written for the DeeplabV3+ model .

df = Test_inage(" /kaggle/input/hubnap-hacking-the-human-vasculature/test”, unet_nodel)
df . head()

Figure 22: Image of the execution block of U-Net model.
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