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Configuration Manual

Shubham Kathepuri
x18127398

1 Introduction

To reproduce the research “Recognition and Classification of Fruits using Deep Learning”
this manual presents thorough information regarding the configuration of the system,
hardware requirements, and software requirement to implement, execute and test the models
used for the research successfully. Further, the manual presents a step-by-step guide in the
following sections.

2 System Configuration
This section discusses the hardware and software requirements.

2.1 Hardware Requirements

The hardware requirements are summarised in Table 1. Figure 1 displays the system
configuration.

Table 1 Hardware Configuration

Hardware Configuration

System Dell XPS 15

OS Windows 10 x64

Hard Disk 256 GB

RAM 8 GB

Processor Intel Core i7 8" Generation
GPU Nvidia GTX 1050Ti

System

Processor: Intel(R) Core(TM) i7-8750H CPU @ 2.20GHz 2.21 GHz

Installed memory (RAM):  8.00 GB (7.74 GB usable)
System type: 64-bit Operating System, x64-based processor

Pen and Touch: No Pen or Touch Input is available for this Display E

Support Information

Figure 1 System Configuration
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m Detailed information about your NVIDIA hardware and the system it's running on.

Display Components

System information

Operating system: Windows 10 Home Single Language, 64-bit
Directx runtime version: 12.0
Graphics card information
Items Details
GeForce GTX 1050 Ti with Max-Q D...  Driver version: 451.67 ~
Driver Type: Standard

Direct3D APIversion: 12
Direct3D feature lev... 12_1
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Graphics clock: 1290 MHz
Memory data rate: 7.01 Gbps
Memory interface: 128-bit

Memory bandwidth: ~ 112.13 GB/s
Total available grap... 8060 MB
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Figure 2 GPU Configuration
The GPU used for carrying out the project was Nvidia GTX 1050Ti (Figure 2).

2.2 Software Requirements
The list of software used for the research implementation is summarised in Table 2.

Table 2 Software Requirement

Software Version
Python 3.7
Anaconda Navigator 1.9.12
Jupyter Notebooks 6.0.3
Google Chrome 84.0
Microsoft Excel 2020 Edition

2.2.1 Setting Anaconda Environment

The programming language used for the project was Python. To implement the project
Anaconda Navigator environment was used as shown in Figure 3. Anaconda contains
multiple applications that can be used for machine learning, development, and visualization.
For this project, Jupyter Notebook was used for implementation purposes.
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Figure 3 Anaconda Navigator Environment
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Figure 4 Downloading Anaconda

1. To download the Anaconda, visit the official website! and select the option shown in

Figure 4.

! https://www.anaconda.com/products/individual
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Figure 5 Install Jupyter Notebook

2. Install Jupyter Notebook from the Anaconda Navigator home screen as highlighted in
Figure 5.

CUDA Toolkit 10.1 original Archive

Select Target Platform @

Click on the green buttons that describe your target platform. Only supported platforms will be shown.

Operating System Mac 0SX

Architecture @ x86_b4

Version m Server 2019 Server 2016 Server 2012 R2
Installer Type @ exe (local)

Download Installer for Windows 10 x86_64

The base installer is available for download below.

> Base Installer Download (2.4 GB) & /’

Installation Instructions:

1. Double click cuda_10.1.105_418.96_win10.exe
2. Follow on-screen prompts

Figure 6 Install Cuda 10.1 for GPU

3. Install CUDA v.10.1 from the Nvidia Website? and cUDNN v.7.6.5 which compatible
with the CUDA version from the archive option® (Figure 6).

4. Toinstall TensorFlow for Anaconda environment, the command prompt of Anaconda
was used and followed the instructions provided by the website?.

2 https://developer.nvidia.com/cuda-10.1-download-archive
3 https://developer.nvidia.com/rdp/cudnn-archive#a-collapse765-101
4 https://docs.anaconda.com/anaconda/user-guide/tasks/tensorow/

4



3 Implementation
This section gives a step-by-step approach to reproduce the project which covers everything
from data acquisition to model building, training, results, and visualizations.

3.1 Data Acquisition
The download of the data visit the GitHub® repository as highlighted in Figure 7.

O Why GitHub? -~ Team Enterprise Explore - Marketplace Pricing Search Signin | Sign up
B Horea%4 / Fruit-lmages-Dataset @ Watch 33 O star 413 Y Fork 254
<> Code Issues Pull requests 1 Actions Projects Security Insights
@ Join GitHub today
GitHub is home to over 50 million developers working together to host and review code,

manage projects, and build software together

P master + P11 Dot Goto file 4 Code - About

Fruits-360: A dataset of images

@ Horea94 Update paper Clone with HTTPS ® containing fruits and vegetables
* q g
Use Git or checkout with SVN using the web URL
Readm:
T scidadiCor ttps://github.com/Horead4/Fruit-Tnage  [7] o
Training added Com, Corn with Husk mbe & MIT License
papers Jate G Open with GitHub Desktop
ate p: r adme Releases
el i [ Download ZIP
test-multiple_fruits added m t eases published
D UCENSE Added

Figure 7 Data Acquisition

3.2 Data Preparation

The next step after data acquisition is data preparation. This step begins with importing the
essential libraries required to implement the project (Figure 8).

Importing the essential libraries

In [66]:  import os
import time
import random
import numpy as np
import matplotlib.pyplot as plt
import matplotlib.image as img
from os import listdir
from os.path import isfile, join
from glob import glob
from tqdm import tqdm
from IPython.display import display
from PIL import Image, ImageFile
from sklearn.datasets import load files
from sklearn.metrics import classification_report, confusion_matrix
from keras.callbacks import ModelCheckpoint
from keras.preprocessing import image
from keras.utils import np_utils
from keras.layers import Conv2D, MaxPooling2D, GlobalAveragePooling2D, Dropout, Flatten, Dense, Input
from keras.models import Sequential, Model, load model
from keras.applications import ResNet5@, VGG16
from keras.optimizers import Adam, SGD

Figure 8 Importing Essential Library

5 https://github.com/Horea94/Fruit-lmages-Dataset


https://github.com/Horea94/Fruit-Images-Dataset

Seting up the dicrectories for train and test dataset

In [2]:  # Root Directory
train_data_dir = 'C:/Users/Shubham/Downloads/NCI/Thesis/Fruit-Images-Dataset-master/Training’

#validation Directory
test_data_dir = 'C:/Users/Shubham/Downloads/NCI/Thesis/Fruit-Images-Dataset-master/Test’

Figure 9 Directory Setup
To fetch the data, data directories are set up in Figure 9.

Defining Functions and Printing Category Names

In [3]: def show directories(dir_list, path):

print(” ")
print(“Categories of Fruits")
print(” &)

for index, dir in enumerate(dir_list):
print (str(index+1) + ") ", dir)

def show_cwd_contents( path="." ):
d_list = list()

try:
for f in os.listdir(path):
if os.path.isfile(os.path.join(path, f)):
f_list.append(f)
else:
if os.path.isdir(os.path.join(path, f)):
d_list.append(f)
except:
return

show_directories(d list, path)
if _name_ == "_main_ "

show_cwd_contents()
show_cwd_contents(train_data_dir)

Figure 10 Function Definition for Displaying Categories
Functions are defined to print all the categories in dataset Figure 10.

Printing number of images per category of fruit

In [4]: print(" ")
print(“Image count per folder™)
print(" =)

path = train_data_dir
folders = ([name for name in os.listdir(path)
if os.path.isdir(os.path.join(path, name))])
for folder in folders:
contents = os.listdir(os.path.join(path,folder))
if len(contents):
print(folder,"=",len(contents))

Figure 11 Displaying Number of Images per Category
To print the number of images per category code shown in Figure 11 was used.




Displaying random image from each category for quality check and
verification

In [5]: root_dir = train_data_dir
rows = 21
cols = 6
fig, ax = plt.subplots(rows, cols, frameon=False, figsize=(15, 25))
fig.suptitle('Random Image from Each Food Class', fontsize=20)
sorted_food_dirs = sorted(os.listdir(root_dir))
for i in range(rows):
for j in range(cols):
try:
food_dir = sorted_food dirs[i*cols + j]
except:
break
all files = os.listdir(os.path.join(root_dir, food_dir))
rand_img = np.random.choice(all_files)
img = plt.imread(os.path.join(root_dir, food_dir, rand_img))
ax[i][j].imshow(img)
ec = (@, .6, .1)
fc = (e, .7, .2)
ax[i][]j].text(@, -20, food dir, size=1@, rotation=e,
ha="left", va="top",
bbox=dict(boxstyle="square",ec=ec, fc=fc))
plt.setp(ax, xticks=[], yticks=[])
plt.tight layout(rect=[o, ©.03, 1, 0.95])
fig.savefig('C:/Users/shubham/Downloads/NCI/Thesis/Report Pictures/Dataset.jpg')

Figure 12 Quality Check and Category Verification

To verify the fruits in each category and check the quality of the images code shown in
Figure 12 was used.

Loading the dataset into lists

In [58]: def load_dataset(path):
data = load_files(path)
fruit_files = np.array(data[ 'filenames'])
fruit_targets = np_utils.to_categorical(np.array(data[ 'target']), 131)
target_labels = np.array(data[ "target_names'])
return fruit_files, fruit targets, target labels

# Load train and test datasets
train_files, train_targets, train_labels = load dataset(train_data_dir)
test_files, test_targets, test labels = load dataset(test_data dir)

# load Llist of fruits names
fruit_names = [item[9:] for item in sorted(glob(train_data dir + '/*"))]

# print statistics about the dataset

print('There are %d total fruit categories.' % len(fruit_names))

print('There are %s total fruit images.\n' % len(np.hstack([train_files, test _files])))
print('There are %d training fruit images.' % len(train_files))

print('There are %d test fruit images.'% len(test_files))

Figure 13 Loading Data and Displaying Statistics of Dataset

A user-defined function was used to load the dataset. The dataset statistics like the
number of categories, the number of fruits in the train and test set, and the total number of
images were print (Figure 13).

3.3 Data Pre-Processing
The next step after data preparation is data pre-processing.

Defining model parameters

In [7]: img_row = 1@
img_height = 100
img_depth = 3
num_classes = 131
epochs = 5
batch_size=16

Figure 14 Define Model Parameters

Figure 14 shows the model parameters which were used for converting the images into an
array, image augmentation, and model training.
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Defining functions to convert the images into tensors using PIL library

In [56]: def path_to_tensor(img_path):
# loads RGB image as PIL.Image.Image type
img = image.load_img(img_path, target_size=(img_row, img_height))
# convert PIL.Image.Image type to 3D tensor with shape (224, 224, 3)
X = image.img_to_array(img)
# convert 3D tensor to 4D tensor with shape (1, 224, 224, 3) and return 4D tensor
return np.expand_dims(x, axis=e)

def paths_to_tensor(img_paths):

list_of_tensors = [path_to_tensor(img_path) for img_path in tqdm(img_paths)]
return np.vstack(list of_tensors)

Converting images into tensors

In [73]:
ImageFile.LOAD TRUNCATED_IMAGES = True

# pre-process the data for Keras
train_tensors = paths_to_tensor(train_files).astype('float32')/255

0% N M R RN NN MNNRMNMN | 67592/67692 [01:38<00:00, 690.531t/5]

In [74]: test_tensors = paths_to_tensor(test_files).astype('float32')/255

200 N R N RN MMM MMNNRMNMN | 22658/22688 [00:28<00:00, 796.931t/5]

Figure 15 Defining Function to Convert Images to Array (Tensors)

The images are converted into arrays Figure 15.

Image Augmentation

In [8]: from keras.preprocessing.image import ImageDataGenerator

train_datagen = ImageDataGenerator(rescale=1./255,
rotation_range=30,
width_shift_range=0.3,
height_shift_range=8.3,
horizontal_flip=True,
fill_mode='nearest’,
zoom_range = 0.2,
validation_split=8.3)

test_datagen = ImageDataGenerator(rescale=l./255)

train_generator = train_datagen.flow from directory(train_data dir,
target_size=(img_row, img_height),
batch_size =batch_size,
class_mode="categorical’,
shuffle=True,
subset="training')

validation_generator = train_datagen.flow from_directory(train_data dir,
target_size=z(img_row, img_height),
batch_size=batch_size,
class_mode="categorica
shuffle=False,
subset="validation')

test_generator = test_datagen.flow_from_directory(test_data_dir,
target_size=(img_row, img_height),
batch_size=batch_size,
class_mode='categorical',
shufflezFalse)

Figure 16 Image Augmentation

To answer the sub-RQ second set of training was created using ImageDataGenerator
Library. The images were augmented using operations shown in Figure 16.




Printing Augmented Image

In [55]: print('Augmented Image')
x_batch, y batch = next(train_generator)
i = random.randint(®,16)
image = plt.figure(figsize=(4,4))
fig= plt.imshow(x_batch[i])
fig.axes.get xaxis().set_visible(False)
fig.axes.get yaxis().set_visible(False)
plt.savefig('C: /Users/Shubham/Downloads/NCI/Thesis/Report Pictures/Augmented_Image.jpg')
plt.show()

Figure 17 Displaying Augmented Image
A sample of augmented images was printed in Figure 17.

Calculating Train and Validation Step for Augmented Models

In [ ]: train_step = train_generator.n//train_generator.batch_size
val step = validation_generator.n//validation_generator.batch_size
print("Train step: ", train_step)
print("Validation step: ", val_step)

class labels validation_generator.class_indices
class_labels {v: k for k, v in class_labels.items()}
classes = list(class_labels.values())

Figure 18 Calculating Train and Validation Step
Training and Validation steps were calculated for augmented models Figure 18.

3.4 Modeling

The next step after data pre-processing is modeling. In this step, three models were trained
and tested (CNN, VGG16, ResNet50). Each of the models was trained using two sets of
training data, image arrays and augmented data.

3.4.1 Base CNN

The base CNN model was developed from scratch which had the following configuration
(Figure 19).

Base CNN

In [ ]: #Defining the architecture

def base_cnn():
model = Sequential()
model.add(Conv2D(filters=16, kernel_sizez2, paddingz'same’,activationz'relu’,input_shape=(img_row,img_height,img_depth)))
model . add(MaxPooling2D(pool_size=2))
ol it Com A o, ol shime=,, e e e e reiln )
model.add(MaxPooling2D(pool_size=2))
model.add(Conv2D(filters=64, kernel size=2, padding='same',activation='relu'))
model. add(MaxPooling2D(pool size=2))
model.add(Conv2D(filters=128, kernel_sizez2, padding='same',activationz'relu’))
model. add(MaxPooling2D(pool_size=2))
model. add(Dropout(8.3))
model.add(Flatten())
model . add(Dense(5080, activation="relu"))
model.add(Dropout(@.4))
model.add(Dense(131,activation="softmax"))
model.compile(optimizer='rmsprop', loss='categorical crossentropy', metrics=['accuracy'])
model. summary ()
return model

In [ ]: model_base_cnn = base_cnn()

WARNING: tensorflow:From C:\Users\Shubham\anaconda3\lib\site-packages\keras\backend\tensorflow_backend.py:4@870: The name tf.nn.m
ax_pool is deprecated. Please use tf.nn.max_pcol2d instead.

Model: "sequential 1"

Layer (type) Output Shape Param #

conv2d 1 (Conv2D) (None, 100, 108, 16) 208

Figure 19 Base CNN Model Configuration




In [ ]: base_cnn_weight path = 'C:/Users/Shubham/Downloads/NCI/Thesis/saved-models/weights.base_cnn.from_scratch.hdf5"'

In [ ]: start = time.time()
checkpointer = ModelCheckpoint(filepath=base_cnn_weight path,
verbose=1, save_best_only=True)

base_cnn = model_base_cnn.fit(train_tensors, train_targets,
validation_split=8.3,
epochs=epochs, batch_sizesbatch_size, callbacks=[checkpointer], verbose=1)

end = time.time()

WARNING: tensorflow:From C:\Users\Shubham\anaconda3\lib\site-packages\keras\backend\tensorflow backend.py:422: The name tf.globa
1_variables is deprecated. Please use tf.compat.vl.global_variables instead.

Train on 47384 samples, validate on 20388 samples

Epoch 1/5

A47384/47384 [ ] - 127s 3ms/step - loss: ©9.6977 - accuracy: @.8102 - val loss: ©.1773 - val accurac
y: 0.9455

Epoch @80e1l: val_loss improved from inf to ©.17725, saving model to C:/Users/Shubham/Downloads/NCI/Thesis/saved-models/weights.
base_cnn.from_scratch.hdf5

Epoch 2/5

47384/47384 [ ] - 1425 3ms/step - loss: ©.8913 - accuracy: 8.9728 - val_loss: ©8.1472 - val_accurac
y: ©.9562

Figure 20 Base CNN Model Training
The base CNN model was trained in Figure 20.

In [ ]: base_cnn_tt= end-start
print('Time taken by the model to run: {}'.format(base_cnn_tt))

Time taken by the model to run: 788.4216721057892

In [ ]: print(base_cnn.history.keys())

# summarize history for accuracy

plt.plot(base_cnn.history[ 'accuracy'])

plt.plot(base _cnn.history['val_accuracy'])

plt.title("CNN - Model Accuracy')

plt.ylabel('accuracy')

plt.x1label('epoch')

plt.legend([ 'Train', 'Validation'], loc='upper left')

plt.savefig('C: /Users/Shubham/Downloads/NCI/Thesis/Report Pictures/CNN_Graph-1.5pg')
plt.show()

# summarize history for loss

plt.plot(base_cnn.history[ 'loss'])

plt.plot(base_cnn.history['val_loss'])

plt.title('CNN - Model Loss')

plt.ylabel('loss')

plt.xlabel('epoch')

plt.legend(['Train', 'Validation'], loc='upper left')

plt.savefig('C: /Users/Shubham/Downloads/NCI/Thesis/Report Pictures/CNN_Graph-2.jpg')
plt.show()

Figure 21 Computational Time, and Accuracy and Loss Plots
The computational time required, and accuracy and loss were printed in Figure 21.

In [ ]: cnn_train_accuracy=base_cnn.model.evaluate(train_tensors, train_targets)
print('Train accuracy: %.4f%%' % (cnn_train_accuracy[1]*1@0))

67692/67692 [ ] - 188s 1ms/step
Train accuracy: 99.9350%

In [ ]: cnn_test accuracy=base cnn.model.evaluate(test tensors, test_targets)
print('Test accuracy: %.4f%%' % (cnn_test_accuracy[1]%108))

22688/22688 [ ] - 31s 1ms/step
Test accuracy: 96.9183%

Figure 22 Calculating Model Accuracy
The training and test accuracy were printed in Figure 22.
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In [ ]: |y_pred = model_base_cnn.predict(test_tensors)

fig = plt.figure(figsize=(16,12))
for i, idx in enumerate(np.random.choice(test_tensors.shape[@], size=16, replace=False)):
ax = fig.add subplot(4,4, i + 1, xticks=[], yticks=[])
ax.imshow(np.squeeze(test tensors[idx]))
pred_idx = np.argmax(y_pred[idx])
true_idx = np.argmax(test_targets[idx])
ax.set_title("P:{}, A:{}".format(test_labels[pred idx], test_labels[true_idx]),
colorz("green" if pred_idx == true_idx else "red"))

fig.savefig('C:/Users/Shubham/Downloads/NCI/Thesis/Report Pictures/CNN_Prediction.jpg')

Figure 23 Prediction on Random 16 Images

To verify the test accuracy the random 16 images were used for predictions and the results
were visualized Figure 23.

In [24]: model = load_model(base_cnn_weight_path)

#Confution Matrix and Classification Report
¥_pred = model.predict generator(test generator, test generator.n//test_generator.batch_size)
y_pred = np.argmax(Y_pred, axis=1)

target_names = list(class_labels.values())

plt.figure(figsize=(30,30))
enf_matrix = confusion_matrix(test_generator.classes, y_pred)

plt.imshow(cnf_matrix, interpolation='nearest')

plt.colorbar()

tick_marks = np.arange(len(classes))

= plt.xticks(tick_marks, classes, rotation=28)

_ = plt.yticks(tick marks, classes)

plt.savefig('C: /Users/Shubham/Downloads/NCI/Thesis/Report Pictures/CNN_CM.jpg")

Figure 24 Base CNN Confusion Matrix

The correct and incorrect predictions made by the model were visualized using confusion
matrix Figure 24 and Figure 25.

Figure 25 Base CNN Confusion Matrix
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3.4.2 CNN with Augmentation
The augmented CNN model had the same configuration as the base model Figure 26.

In [ ]:

In [ ]:

CNN with Augmentation

def aug_cnn():
model = Sequential()
model .add(Conv2D(filters=16, kernel_size=2, padding='same',activation='relu',input_shape=(img_row,img_height,img_depth)))
model . add(MaxPooling2D(pool_size=2))
model.add(Conv2D{filters=32, kernel size=2, padding='same',activation='relu'))
model . add(MaxPooling2D(pool_size=2))
model .add(Conv2D{filters=64, kernel size=2, padding='same',activation='relu'))
model . add(MaxPooling2D(pool_size=2))
model . add(Conv2D(filters=128, kernel_size=2, padding='same',activation="relu'))
model . add(MaxPooling2D(pool_size=2))
model . add(Dropout (©.3))
model .add(Flatten())
model . add(Dense(500, activation="relu"))
model . add(Dropout (©.4))
model .add(Dense(131,activation="softmax"))
model . compile(optimizer="rmsprop', loss='categorical_crossentropy', metrics=['accuracy'])
model. summary()
return model

model_aug_cnn = aug_cnn()
aug_cnn_weight_path = 'C:/Users/Shubham/Downloads/NCI/Thesis/saved-models/weights.aug_cnn.from_scratch.hdf5

Model: "segquential 2"

Layer (type) Output Shape Param #

conv2d_5 (Conv2D) (None, 100, 1e@, 15) 208

max_pooling2d_5 (MaxPooling2 (None, 5@, 58, 16) 2]

conv2d_6 (Conv2D) (None, 58, 5@, 32) 2080

max_pooling2d 6 (MaxPooling2 (MNone, 25, 25, 32) 2]

conv2d_7 (Conv2D) (None, 25, 25, 64) 8256

Figure 26 CNN with Augmentation Configuration

from keras.callbacks import ModelCheckpoint
start = time.time()

checkpoint = ModelCheckpoint(aug_cnn_weight_path,
monitor="val_loss",
mode="min",
save_best_only = True,
verbose=1)

callbacks = [checkpoint]

cnn_aug = model_aug_cnn.fit(train_generator,
steps_per_epoch =train_step,
epochs = epochs,
callbacks = callbacks,
validation data = validation_generator,
validation_steps = val_step)

end = time.time()

Epoch 1/5
2964/2964 [ ] - 297s 10@ms/step - loss: 1.9573 - accuracy: 8.4467 - val loss: 1.4878 - val accurac
y: ©.7678

Epoch @08001: val loss improved from inf to 1.48698, saving model to C:/Users/Shubham/Downloads/NCI/Thesis/saved-models/weights
aug_cnn.from_scratch.hdfs

Epoch 2/5

2964/2964 [ ] - 289s 70ms/step - loss: ©.6376 - accuracy: 9.798@ - val loss: 0.0961 - val accurac
y: ©.8063

Epoch @@8@82: wal loss improved from 1.48698 to ©.89618, saving model to C:/Users/Shubham/Downloads/NCI/Thesis/saved-models/weig
hts.aug_cnn.from_scratch.hdfs

Epoch 3/5

2964/2964 [ ] - 237s 80ms/step - loss: ©.4689 - accuracy: @.861@ - val loss: ©0.2359 - val accurac
y: ©.8842

Figure 27 CNN with Augmentation Model Training

The augmented CNN model was trained in Figure 27.
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In [ ]: cnn_aug_tt= end-start
print('Time taken by the model to run: {}'.format(cnn_aug tt))

Time taken by the model to run: 1262.9638531288038

In [ ]: print(cnn_aug.history.keys())

# summarize history for accuracy

plt.plot(cnn_aug.history[ 'accuracy’])

plt.plot(cnn_aug.history['val_accuracy'])

plt.title('CNN with Augmentation - Model Accuracy')

plt.ylabel('accuracy')

plt.xlabel('epoch')

plt.legend(['Train', 'Validation'], loc="upper left')
plt.savefig('C:/Users/Shubham/Downloads/NCI/Thesis/Report Pictures/CNN_AUG_Graph-1.jpg’)
plt.show()

# summarize history for loss

plt.plot(cnn_aug.history['loss'])

plt.plot(cnn_aug.history['val_loss'])

plt.title('CNN with Augmentation - Model Loss')

plt.ylabel('loss')

plt.xlabel('epoch')

plt.legend(['Train', 'Validation'], loc="upper left')
plt.savefig('C:/Users/Shubham/Downloads/NCI/Thesis/Report Pictures/CNN_AUG_Graph-2.jpg")
plt.show()

Figure 28 Computational Time, and Accuracy and Loss Plots

The computational time required, and accuracy and loss were printed in Figure 28.

In [ ]: cnn_aug_train_accuracy=cnn_aug.model.evaluate(train_generator)
print('Train accuracy: %.4f%%' % (cnn_aug_train_accuracy[1]#188))

2965/2965 [ ] - 1465 49ms/step
Train accuracy: 93.1916%

In [ ]: |cnn_aug_test_accuracy=cnn_aug.model.evaluate(test_generator)
print('Test accuracy: %.4f%%" ¥ (cnn_aug_test_accuracy[1]*160))

1418/1418 [ ] - ETA: - 25s 18ms/step
Test accuracy: 92.5555%

Figure 29 CNN with Augmentation Accuracy
The training and test accuracy were printed in Figure 29.

In [ ]: y_pred = model_aug_cnn.predict(test_tensors)

fig = plt.figure(figsize=(16,12))

for i, idx in enumerate(np.random.choice(test_tensors.shape[®], size=16, replace=False)):
ax = fig.add_subplot(4,4, i + 1, xticks=[], yticks=[])
ax.imshow(np.squeeze(test_tensors[idx]))
pred_idx = np.argmax(y_pred[idx])
true_idx = np.argmax(test_targets[idx])
ax.set_title("P:{}, A:{}".format(test_labels[pred_idx], test_labels[true_idx]),

color=("green" if pred_idx == true_idx else "red"))

fig.savefig('C: /Users/Shubham/Downloads/NCI/Thesis/Report Pictures/CNN_AUG Prediction.jpg’)

Figure 30 Prediction on Random 16 Images

To verify the test accuracy the random 16 images were used for predictions and the
results were visualized Figure 30.
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[ 1: model = load_model(aug_cnn_weight_path)

#Confution Matrix and Classification Report
Y_pred = model.predict_generator(test_generator, test_generator.n//test_generator.batch_size)
y_pred = np.argmax(Y_pred, axis=1)

target_names = list(class_labels.values())

plt.figure(figsize=(30,30))
cnf_matrix = confusion matrix(test_generator.classes, y_pred)

plt.imshow(cnf_matrix, interpolation='nearest')

plt.colorbar()

tick _marks = np.arange(len(classes))

_ = plt.xticks(tick_marks, classes, rotation=98)

_ = plt.yticks(tick_marks, classes)
plt.savefig('C:/Users/Shubham/Downloads/NCI/Thesis/Report Pictures/CNN_AUG_CM.jpg')

Figure 31 CNN with Augmentation Confusion Matrix

The correct and incorrect predictions made by the model were visualized using confusion
matrix Figure 31 and Figure 32.

Figure 32 CNN with Augmentation Confusion Matrix
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3.4.3 Base VGG16

The base VGG16 model was developed from scratch which had the following configuration
(Figure 33).

Base VGG16

In [76]: #VGG16

def vggl6():
model_vggl6é_conv = VGG16(weights='imagenet', include_topzFalse)

input_model = Input(shape=(img_row,img_height,img_depth))
output_vgglé_conv = model wvggl6é conv(input_model)

x = Flatten()(output_vggl6 conv)

% = Dropout(8.3)(x)
x = Dense(131, activationz'softmax', name=z'predictions')(x)

model = Model(input_model, x)

for layer in model_wggl6_conv.layers[:]:
layer.trainable = False

model.compile(Adam(lr=1e-3), loss='categorical crossentropy', metrics=['accuracy'])

model. summary()
return model

In [77]: model_vgg = vggls()

Medel: "model 3"

Layer (type) Output Shape Param #
input_6 (InputLayer) (Mone, 100, 188, 3) [z}
vggl6é (Model) multiple 14714688
flatten_3 (Flatten) (None, 4688) @
dropout_3 (Dropout) (None, 4608) @

Figure 33 Base VGG16 Configuration

Tn [79]: base_vgg weight_path = 'C:/Users/Shubham/Downloads/NCI/Thesis/saved-models/weights.base vgg.from scratch.hdfs’

In [ ]: from keras.callbacks import ModelCheckpoint
start= time.time()

checkpointer = ModelCheckpoint (filepath=base_vgg weight path,
verbose=1, save_ best only=True)

base_vgg = model_vgg.fit(train_tensors, train_targets,
validation_split=0.3,
AR EeTeE s, et o o, el e prAner], e

end = time.time()

Train on 47384 samples, validate on 28308 samples

Epoch 1/5

A7384/47384 [ ] - 373s 8ms/step - loss: ©.3916 - accuracy: ©.9272 - val_loss: 8.8292 - val_accurac
y: ©8.9973

Epoch ©8081: val_loss improved from inf teo ©.82918, saving model to C:/Users/Shubham/Downloads/NCI/Thesis/saved-models/weights.
base_vgg.from_scratch.hdfs

Epoch 2/5

A7384/47384 [ ] - 335s 7ms/step - loss: ©.026@ - accuracy: ©.9967 - val_loss: 8.8886 - val_accurac
y: 8.9995

Epoch ©0082: val_loss improved from ©.82918 tc ©.08857, saving model to C:/Users/Shubham/Downloads/NCI/Thesis/saved-models/weig
hts.base_vgg.from_scratch.hdfs

Epoch 3/5

A7384/47384 [ ] - 266s 6ms/step - loss: ©.015@ - accuracy: ©.9969 - val_loss: 8.8183 - val_accurac
y: ©.9968

Figure 34 VGG16 Model Training
The base VGG16 model was trained in Figure 34.
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In [ ]: base_wgg_tt= end-start
print('Time taken by the model to run: {}'.format(base vgg tt))

Time taken by the model to run: 1576.9526495933533

In [ ]: print(base_vgg.history.keys())

# summarize history for accuracy

plt.plot(base_vgg.history['accuracy'])

plt.plot(base_vgg.history['val_accuracy'])

plt.title('VGG - Model Accuracy')

plt.ylabel('accuracy")

plt.xlabel('epoch')

plt.legend(['Train', 'Validation'], loc='upper left')
plt.savefig('C:/Users/Shubham/Downloads/NCI/Thesis/Report Pictures/VGG_Graph-1.jpg')
plt.show()

# summarize history for loss

plt.plot(base_vgg.history['loss'])

plt.plot(base_vgg.history['val_loss'])

plt.title('VGG - Model Loss')

plt.ylabel('loss")

plt.xlabel('epoch’)

plt.legend(['Train', 'Validation'], loc='upper left')

plt.savefig('C: /Users/Shubham/Downloads/NCI/Thesis/Report Pictures/VGG_Graph-2.jpg')
plt.show()

Figure 35 Computational Time, and Accuracy and Loss Plots
The computational time required, and accuracy and loss were printed Figure 35

In [ ]: veg_train_accuracy=base_vgg.model.evaluate(train_tensors, train_targets)
print('Train accuracy: %.4F%%' % (vgg train_accuracy[1]*100))

67692/67692 [ ] - 225s 3ms/step
Train accuracy: 99.9970%

In [ ]: wvgg_test_accuracy=base_vgg.model.evaluate(test_tensors, test_targets)
print('Test accuracy: %.4f%%' % (vegg_test accuracy[1]%100))

22688/22688 [ ] - 182s 4ms/step
Test accuracy: 96.3982%

Figure 36 VGG16 Accuracy
The training and test accuracy were printed in Figure 36.

In [83]: y_pred = model vgg.predict(test tensors)

fig = plt.figure(figsize=(16,12))
for i, idx in enumerate(np.random.choice(test_tensors.shape[@], size=16, replace=False))
ax = fig.add subplot(4,4, i + 1, xticks=[], yticks=[])
ax.imshow(np.squeeze(test tensors[idx]))
pred_idx = np.argmax(y_pred[idx])
true_idx = np.argmax(test_targets[idx])
ax.set_title("P:{}, A:{}".format(test_labels[pred_idx], test_labels[true_idx]),
color=("green" if pred_idx == true_idx else "red"))

fig.savefig('C:/Users/Shubham/Downloads/NCI/Thesis/Report Pictures/VGG_Prediction.jpg')

Figure 37 VGG16 Prediction on Random 16 Images

To verify the test accuracy the random 16 images were used for predictions and the
results were visualized Figure 37.
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In [ ]: model = load_model(base_vgg weight_path)

#Confution Matrix and Classification Report
¥_pred = model.predict_generator(test_generator, test_generator.n//test_generator.batch_size)
y_pred = np.argmax(Y_pred, axis=z1)

target_names = list(class_labels.values())

plt.figure(figsize=(30,3@))
cnf_matrix = confusion_matrix(test_generator.classes, y_pred)

plt.imshow(cnf_matrix, interpolationz'nearest')

plt.colorbar()

tick_marks = np.arange(len(classes))

_ = plt.xticks(tick_marks, classes, rotation=980)

_ = plt.yticks(tick_marks, classes)
plt.savefig('C:/Users/Shubham/Downloads/NCI/Thesis/Report Pictures/VGG_CM.jpg')

Figure 38 VGG16 Confusion Matrix

The correct and incorrect predictions made by the model were visualized using confusion
matrix Figure 38 and Figure 39.

Figure 39 VGG16 Confusion Matrix
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344

VGG16 with Augmentation

The augmented VGG16 model had the same configuration as the base model Figure 40.

In [ ]:

VGG16 with augmentation

def aug_vggle():
model_vggl6_conv = VGGl6(weights='imagenet', include_top=False)

input_model = Input(shape=(img row,img height,img_depth))
output_wvggle conv = model_vggl6_conv(input_model)

x = Flatten()(output_vgglé conv)

x = Dropout(8.3)(x)

x = Dense(131, activation='softmax', name='predictions')(x)

model = Model(input_model, x)

for layer in model_wggl6 conv.layers[:]:
layer.trainable = False

el Rl m{reiie-8Y),, el arfemrieril erescmirram, oot *aremm° 1)
model.summary()
return model

model_aug_vgg = aug_vggl6()
Model: "model 2"

Layer (type) Output Shape Param #
input_4 (InputLayer) (None, 100, 1@a, 3) [z}

veggle (Model) multiple 14714688
flatten_4 (Flatten) (None, 4608) 5}
dropout_& (Dropout) (None, 4608) 2}
predictions (Dense) (None, 131) 683779

Figure 40 VGG16 with Augmentation Configuration

aug_vgg_weight_path = 'C:/Users/Shubham/Downloads/NCI/Thesis/saved-models/weights.aug_vgg.from_scratch.hdfs

from keras.callbacks import ModelCheckpeoint
start = time.time()

checkpoint = ModelCheckpoint(aug_vgg weight_path,
monitor="val loss",
mode="min",
save_best_only = True,
verbose=1)

callbacks = [checkpoint]

vgg_aug = model aug_vgg.fit(
train_generator,
steps_per_epoch = train_step,
epochs = epochs,
callbacks = callbacks,
validation_data = validation_generator,
validation_steps = val_step)

end = time.time()

Epoch 1/5
2964/2964 [ ] - 254s 86ms/step - loss: 1.6225 - accuracy: 9.5881 - val_loss: ©.0293 - val accurac
y: ©.6712

Epoch ©0001: val loss improved from inf to 8.82934, saving model to C:/Users/Shubham/Downloads/NCI/Thesis/saved-models/weights.
aug_vgg.from_scratch.hdfs

Epoch 2/5

2964/2964 [ ] - 254s 86ms/step - loss: 8.7891 - accuracy: ©.7728 - val_loss: 8.1028e-84 - val_accu
racy: @.7272

Epoch 80082: val_loss improved from ©.82934 to 0.00881, saving model to C:/Users/Shubham/Downloads/NCI/Thesis/saved-models/weig

Lt £ ol Ldfr

Figure 41 VGG16 with Augmentation Model Training

The augmented VGG16 model was trained in Figure 41.
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In [ ]: wvgg aug tt= end-start
print('Time taken by the model to run: {}'.format(vgg aug_tt))

Time taken by the model to run: 1318.2697855339813

In [ ]: print(vgg_aug.history.keys())

dict_keys(['val_loss', 'val_accuracy', 'loss', 'accuracy'])

In [ ]: |# summarize history for accuracy
plt.plot(vegg_aug.history['accuracy'])
plt.plot(vgg_aug.history['val accuracy'])
plt.title('VGG with Augmentation - Model Accuracy')
plt.ylabel( 'accuracy')
plt.xlabel( epoch"')
plt.legend(['Train', 'Validation'], loc='upper left')
plt.savefig('C:/Users/Shubham/Downloads/NCI/Thesis/Report Pictures/VGG_AUG_Graph-1.jpg’')
plt.show()

# summarize history for loss

plt.plot(vgg aug.history['loss'])

plt.plot(vgg aug.history['val loss'])

plt.title('VGG with Augmentation - Model Loss')

plt.ylabel('loss')

plt.xlabel('epoch")

plt.legend(['Train', 'Validation'], loc='upper left')
plt.savefig('C:/Users/Shubham/Downloads/NCI/Thesis/Report Pictures/VGG_AUG_Graph-2.png')
plt.show()

Figure 42 Computational Time, and Accuracy and Loss Plots

The computational time required, and accuracy and loss were printed in Figure 42.

In [ ]: vegg_aug train_accuracy=vgg aug.model.evaluate(train_generator)
print('Train accuracy: %.4f%%' % (vgeg_aug_train_accuracy[1]*160))

2965/2965 [ ] - 181s 6lms/step
Train accuracy: 89.6346%

In [ ]: wvgg_aug test accuracy=vgg aug.model.evaluate(test_generator)
print('Test accuracy: %.4f%%' % (vgg_aug_test_accuracy[1]*160))

1418/1418 [ ] - 89s 49ms/step
Test accuracy: 86.0146%

Figure 43 VGG16 with Augmentation Accuracy
The training and test accuracy were printed in Figure 43.

Tn [ ]: y_pred = model_aug_vgg.predict(test_tensors)

fig = plt.figure(figsize=(16,12))
for i, idx in enumerate(np.random.choice(test_tensors.shape[@], size=z16, replacezFalse))
ax = fTig.add_subplot(4,4, i + 1, xticks=[], yticks=[])
ax.imshow(np.squeeze(test_tensors[idx]))
pred_idx = np.argmax(y_pred[idx])
true_idx = np.argmax(test_targets[idx])
ax.set_title("P:{}, A:{}".format(test_labels[pred idx], test_labels[true idx]),
color=("green" if pred_idx == true_idx else "red"))
fig.savefig('C:/Users/Shubham/Downloads/NCT/Thesis/Report Pictures/VGG_AUG_Prediction.jpg')

Figure 44 VGG16 with Augmentation Prediction on Random 16 Images

To verify the test accuracy the random 16 images were used for predictions and the
results were visualized Figure 44.
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In [ ]: model = load model(aug_vgg weight path)

e (e ) Ellensfertien Mg
Y_pred = model.predict_generator(test_generator, test_generator.n//test_generator.batch_size)
y_pred = np.argmax(Y_pred, axis=1)

target_names = list(class labels.values())

plt.figure(figsize=(30,30))
cnf_matrix = confusion_matrix(test_generator.classes, y_pred)

plt.imshow(enf_matrix, interpolationz='nearest')

plt.colorbar()

tick_marks = np.arange(len(classes))

_ = plt.xticks(tick _marks, classes, rotation=90)

_ = plt.yticks(tick_marks, classes)
plt.savefig('C:/Users/Shubham/Downloads/NCI/Thesis/Report Pictures/VGG_AUG_CM.jpg')

Figure 45 VGG16 with Augmentation Confusion Matrix

The correct and incorrect predictions made by the model were visualized using confusion
matrix Figure 45 and Figure 46.

Figure 46 VGG16 with Augmentation Confusion Matrix
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3.45 Base ResNet50

The base ResNet50 model was developed from scratch which had the following configuration
(Figure 47).

Base ResNet50

In [64]: # Resnet5@

def resnet58():
model_resnet58_conv = ResNet5@(weightsz'imagenet®, include top=False)

input_model = Input(shape=(img_row,img_height,img depth))

output_resnet50 conv = model resnet5@ conv(input_model)

x = Flatten()(output_resnet5@_conv)
x = Dropout(@.3)(x)
x = Dense(131, activation='softmax', name='predictions')(x)

model = Model(input_model, x)

for layer in model_resnet56_conv.layers[:]:
layer.trainable = False

model.compile(SGD(1lr=1e-3), loss='categorical crossentropy', metrics=['accuracy'])

model. summary ()
return model

In [67]: model_resnet = resnet50()

Model: “model_2"

Layer (type) Output Shape Param #
input_4 (InputLayer) (None, 160, 180, 3) 2]
resnet5® (Model) multiple 23587712

Figure 47 Base ResNet50 Configuration

In [68]: resnet _weight_path = 'C:/Users/Shubham/Downloads/NCI/Thesis/saved-models/weights.resnet SGD.hdf5'

In [ ]: from keras.callbacks import ModelCheckpoint
start = time.time()

checkpointer = ModelCheckpoint(filepath=resnet_weight_path,
verbose=z1, save_best_only=True)

base_resnet = model resnet.fit(train_tensors, train_targets,
validation_split=8.3,
epochs=zepochs, batch_size=zbatch_size, callbacks=[checkpointer], verbose=1)

end = time.time()

Train on 47384 samples, validate on 20388 samples

Epoch 1/5

A47384/47384 [ ] - 4255 9ms/step - loss: ©.3248 - accuracy: ©.9287 - val loss: ©.891@ - wal_accurac
y: 0.95520.92

Epoch ©0001: val_loss improved from inf to ©.89103, saving model to C:/Users/Shubham/Downloads/MCI/Thesis/saved-models/weights.
resnet_SGD.hdf5

Epoch 2/5

47384/47384 [ ] - 364s 8ms/step - loss: B8.8269 - accuracy: ©.9946 - val loss: ©.1834 - wal _accurac
y: 8.9559

Epoch ©0002: val_loss did not improve from 6.89103

Epoch 3/5

47384/47384 | ] - 277s 6ms/step - loss: B8.0166 - accuracy: ©.9969 - val_loss: ©.8859% - val_accurac
y: 0.9959

Epoch @8803: val loss improved from ©.89103 to ©8.88587, saving model to C:/Users/Shubham/Downloads/NCI/Thesis/saved-models/weig
hts.resnet_SGD.hdf5

Epoch 4/5

47384/47384 | ] - 30ls 6ms/step - loss: 8.0112 - accuracy: ©.9980 - val_loss: ©.8890 - val_accurac
y: 0.9959

Figure 48 Base ResNet Model Training
The base ResNet50 model was trained in Figure 48.
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In [ ]: base_resnet_tt= end-start
print('Time taken by the model to run: {}'.format(base_resnet_tt))

Time taken by the model to run: 1740.872785615921

In [ ]: print(base_resnet.history.keys())

dict_keys(['val_loss', 'val_accuracy', "loss', 'accuracy'])

In [ ]: # summarize history for accuracy
plt.plot(base _resnet.history['accuracy'])
plt.plot(base_resnet.history['val accuracy'])
plt.title('ResNet - Model Accuracy’)
plt.ylabel(accuracy")
plt.xlabel("epoch’)
plt.legend(['Train', 'Validation'], loc='upper left')
plt.savefig('C:/Users/Shubham/Downloads/NCI/Thesis/Report Pictures/ResNet Graph-1-1.jpg’)
plt.show()

# summarize history for loss

plt.plot(base_resnet.history['loss'])

plt.plot(base_resnet.history['val_loss'])

plt.title('ResNet - Model Loss')

plt.ylabel("loss')

plt.xlabel("epoch’)

plt.legend(['Train', 'Validation'], loc='upper left')
plt.savefig('C:/Users/Shubham/Downloads/NCI/Thesis/Report Pictures/Reshet_Graph-2-1.jpg’)
plt.show()

Figure 49 Computational Time, and Accuracy and Loss Plots
The computational time required, and accuracy and loss were printed in Figure 49.

In [ ]: resnet_train_accuracy=base_resnet.model.evaluate(train_tensors, train_targets)
print('Train accuracy: %.4f%%' % (resnet_train_accuracy[1]*100))

67692/67692 [ 1 - 267s Ams/step
Train accuracy: 99.6174%

In [ ]: resnet_test_accuracy=base_resnet.model.evaluate(test_tensors, test_targets)
print('Test accuracy: %.4f%%' % (resnet_test_accuracy[1]#10@))

22688/22688 [ ] - 955 4ms/step
Test accuracy: 96.9191%

Figure 50 Base ResNet50 Accuracy
The training and test accuracy were printed in Figure 50.

In [82]: y_pred = model resnet.predict(test tensors)

fig = plt.figure(figsize=(16,12))

for i, idx in enumerate(np.random.choice(test_tensors.shape[@], size=z16, replace=zFalse)):
ax = fig.add subplot(4,4, i + 1, xticks=[], yticks=[])
ax.imshow(np.squeeze(test_tensors[idx]))
pred_idx = np.argmax(y_pred[idx])
e Adk: & apeerE st fErrsteAek])
ax.set title("P:{}, A:{}".format(test_labels[pred idx], test labels[true idx]),

color=("green" if pred_idx == true_idx else "red"))

fig.savefig('C:/Users/Shubham/Downloads/NCI/Thesis/Report Pictures/ResNet Prediction-1.jpg')

Figure 51 Base ResNet50 Prediction on Random 16 Images

To verify the test accuracy the random 16 images were used for predictions and the
results were visualized Figure 51.
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Tn [ ]: model = load_model(resnet_weight_path)

#Confution Matrix and Classification Report
Y _pred = model.predict generator(test generator, test generator.n//test_generator.batch_size)
y_pred = np.argmax(Y_pred, axis=1)

target_names = list(class_labels.values())

plt.figure(figsize=(30,38))

cnf_matrix = confusion_matrix(test generator.classes, y pred)

plt.imshow(cnf_matrix, interpolation='nearest')

plt.colorbar()

tick_marks = np.arange(len(classes))

_ = plt.xticks(tick_marks, classes, rotation=90)

_ = plt.yticks(tick_marks, classes)

plt.savefig('C: /Users/Shubham/Downloads/NCI/Thesis/Report Pictures/ResNet_CM-1.jpg')

Figure 52 Base ResNet50 Confusion Matrix

The correct and incorrect predictions made by the model were visualized using confusion
matrix Figure 52 and Figure 53.

Figure 53 Base ResNet50 Confusion Matrix
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3.4.6 ResNet50 with Augmentation
The augmented ResNet50 model was trained in Figure 54.

ResNet50 with augmentation

In [ ]: |def aug resnet5e():
model_resnetSB_conv = ResNetS@(weights='imagenet’, include_top=False)

input_model = Input(shape=(img_row,img_height,img_depth))

output_resnet50 conv = model resnet56 conv(input_model)

x = Flatten()(output_resnet58_conv)
x = Dropout(®.3)(x)
x = Dense(131, activation='softmax', name='predictions')(x)

model = Model(input_model, x)

for layer in model_resnet58_conv.layers[:]:
layer.trainable = False

model.compile(optimizer= SGD(lr=1e-3), loss='categorical_crossentropy', metrics=['accuracy'])
model . summary ()
return model

In [ ]: |model aug resnet = aug resnet50()
aug_resnet_weight_path = 'C:/Users/Shubham/Downloads/NCI/Thesis/saved-models/ueights.aug_resnet_SDG.hdfs’

C:\Users\Shubham\anaconda3\lib\site-packages\keras_applications\resnet5@.py:265: UserWarning: The output shape of “ResNet56(inc
lude_top=False)” has been changed since Keras 2.2.8.
warnings.warn('The output shape of “ResNet5@(include top=False)”

Model: "model 7"

Layer (type) Output Shape Param #

input 14 (Inputlayer) (None, 160, 100, 3) 2]

Figure 54 ResNet50 with Augmentation Configuration

from keras.callbacks import ModelCheckpoint
start = time.time()

checkpoint = ModelCheckpoint(aug_resnet_weight_path,
monitor="val_loss",
mode="min",
save_best only = True,
verbose=1)

callbacks = [checkpoint]

resnet_aug = model_aug resnet.fit(
train_generator,
steps_per_epoch =train_step,
epochs = epochs,
callbacks = callbacks,
validation data = validation_generator,
validation_steps = val_step)

end = time.time()

Epoch 1/5
296472964 [ ] - 297s 1@@ms/step - loss: 1.1354 - accuracy: ©.7179 - val_loss: 8.8271 - val_accurac
y: 0.8512

Epoch 086801: wval loss improved from inf to ©.827@6, saving model to C:/Users/Shubham/Downloads/NCI/Thesis/saved-models/weights.
aug_resnet_SDG. hdf5

Epoch 2/5

2964/2964 [ ] - 3@1s 182ms/step - loss: ©.3488 - accuracy: ©.8948 - val_loss: 8.0814 - val_accurac
y: ©.85%49

Epoch ©8002: val_loss improved from @.82786 to 0.0@144, saving model to C:/Users/Shubham/Downloads/NCI/Thesis/saved-models/weig
hts.aug_resnet_SDG.hdf5

Epoch 3/5

296472964 [ 1 - 380s 181ms/step - loss: ©.2457 - accuracy: ©.9248 - val loss: 3.4278e-85 - val acc
uracy: ©.9869

Epoch 080083: wval_loss improved from ©.808144 to ©.808@3, saving model to C:/Users/Shubham/Downloads/NCI/Thesis/saved-models/weig
hts auo rocnet SOG hAFS

Figure 55 ResNet50 with Augmentation Model Training
The augmented ResNet50 model was trained in Figure 55.
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In [ ]: resnet_sug_tt= end-start
print('Time taken by the model to run: {}'.format(resnet_aug_tt))

Time taken by the model to run: 1492.1311955451965

In [ ]: print(resnet_aug.history.keys())

dict_keys(['val_loss', 'val_accuracy', 'loss', 'accuracy'])

In [ ]: # summarize history for accuracy
plt.plot(resnet_aug.history['accuracy'])
plt.plot(resnet_aug.history['val_accuracy'])
plt.title('ResNet with Augmentation - Model Accuracy')
plt.ylabel("accuracy')
plt.xlabel("epoch')
plt.legend(['Train', 'Validation'], loc='upper left')
plt.savefig('C:/Users/Shubham/Downloads/NCI/Thesis/Report Pictures/ResNet_AUG_Graph-1-1.jpg')
plt.show()

# summarize history for loss

plt.plot(resnet_aug.history['loss'])

plt.plot(resnet_aug.history['val loss'])

plt.title('ResNet with Augmentation - Model Loss')

plt.ylabel('loss')

plt.xlabel('epoch')

plt.legend(['Train’, 'Validation'], loc='upper left')
plt.savefig('C:/Users/Shubham/Downloads/NCI/Thesis/Report Pictures/ResNet_AUG_Graph-2-1.jpg')
plt.show()

Figure 56 Computational Time, and Accuracy and Loss Plots

The computational time required, and accuracy and loss were printed in Figure 56.

In [ ]: resnet_aug_train_accuracy=resnet_aug.model.evaluate(train_generator)
print('Train accuracy: %.4f%%' % (resnet_aug_train_accuracy[1]*160))

2965/2965 [ ] - 182s 6lms/step
Train accuracy: 97.2842%

In [ ]: resnet_aug test_accuracy=resnet_aug.model.evaluate(test_ generator)
print('Test accuracy: %.4f%%' % (resnet_aug test_ accuracy[1]*16@))

1418/1418 [ 1 - 75s 53ms/step
Test accuracy: 95.2177%

Figure 57 ResNet50 with Augmentation Accuracy
The training and test accuracy were printed in Figure 57.

In [ ]: y_pred = model_aug_resnet.predict(test_tensors)

fig = plt.figure(figsize=(16,12))

for i, idx in enumerate(np.random.choice(test_tensors.shape[8], sizezl6, replacezFalse)):
ax = fig.add_subplot(4,4, i + 1, xticksz[], yticks=z[])
ax.imshow(np.squeeze(test_tensors[idx]))
pred_idx = np.argmax(y_pred[idx])
true_idx = np.argmax(test_targets[idx])
ax.set_title("P:{}, A:{}".format(test_labels[pred_idx], test_labels[true_idx]),

color=("green" if pred_idx == true_idx else "red"))

fig.savefig('C:/Users/Shubham/Downloads/NCI/Thesis/Report Pictures/ResNet_AUG Prediction-1.jpg')

Figure 58 ResNet50 with Augmentation Prediction on Random 16 Images

To verify the test accuracy the random 16 images were used for predictions and the
results were visualized Figure 58.
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In [ ]: model = load_model(aug resnet_weight path)

#Confution Matrix and Classification Report
¥_pred = model.predict_generator(test_generator, test_generator.n//test_generator.batch_size)
y_pred = np.argmax(Y_pred, axis=1)

target_names = list(class_labels.values())

plt.figure(figsize=(30,30))
cnf_matrix = confusion matrix(test_generator.classes, y pred)

plt.imshow(cnf_matrix, interpolation='nearest')

plt.colorbar()

tick_marks = np.arange(len(classes))

_ = plt.xticks(tick_marks, classes, rotation=9@)

_ = plt.yticks(tick_marks, classes)

plt.savefig('C: /Users/Shubham/Downloads/NCT/Thesis/Report Pictures/ResNet AUG_CM-1.jpg")

Figure 59 ResNet50 with Augmentation Confusion Matrix

The correct and incorrect predictions made by the model were visualized using confusion
matrix Figure 59 and Figure 60.

Figure 60 ResNet50 with Augmentation Confusion Matrix
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A B C D E
Computational Time

Models  Base Augmented
CNN 11.8 20.05
VGGIé6 26.28 21.83
ResNet50 29 24.87

DO |~ O~ Un | (WO R —

Figure 61 Visualising Computation Time

Microsoft Excel was used to visualize and compare the computation time taken by each
model Figure 61.
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