Activity : Build models using ANN and CNN for MNIST Handwritten digit classificaiton.
MNIST Handwritten Digit classificaiton using CNN
· Objective of this activity is to
· Introduciton to MNIST (Modified National Institute of Standards and Technologies) data set and its importnace in computer vision
· Building a baseline classificaiton model using ANN and CNN
· Evaluate the both models
· Building an improved CNN
· Finalizing the improved model for the prediction in MNIST dataset
· Part of the code is given and complete the sections highlighted in red font.



Importing Libraries
[image: A close-up of a computer screen

Description automatically generated]
[image: A black text on a white background

Description automatically generated]

Data is assigned to both train and test sets
[image: A screenshot of a computer code

Description automatically generated]
The shape function provided the shape of the data i.e there are 10000 images with dimensions 28x28
[image: A screenshot of a computer code

Description automatically generated]
Output of the above code is as follows
[image: A group of numbers in black squares

Description automatically generated]

Present the distribution of each class (digits 0-9 in this case) to understand the status of the data imbalance/balance.
[image: A graph of different colored bars

Description automatically generated]

[image: A white background with black text

Description automatically generated]
[image: A screenshot of a computer program

Description automatically generated]
[image: A screenshot of a computer

Description automatically generated]
Here * The tf.keras.utils.to_categorical function converts a class vector (integers representing class labels) into a one-hot encoded format.
One-Hot Encoding:
· If you have a label, for example, 2, in one-hot encoding it is represented as [0, 0, 1, 0, 0, 0, 0, 0, 0, 0].

Model building using ANN
[image: A white rectangular object with black text

Description automatically generated]

[image: A screenshot of a computer code

Description automatically generated]
[image: A screenshot of a document

Description automatically generated]

Evaluation of the model using Accuracy and Epoch
[image: A screen shot of a computer code

Description automatically generated]

[image: A screenshot of a test

Description automatically generated]

Plotting the confusion matrix
[image: A screenshot of a computer program

Description automatically generated]
And observe the confusion matrix and analyse that there any digits are misclassified ?

Building another model using CNN and also set the seeds for random generation to reproduce same results for every time
[image: A screenshot of a computer

Description automatically generated]
[image: A screenshot of a computer code

Description automatically generated]
Understand the model… how many convolutional layer, how many filters, and what’s the size of the filter ? Understand the pooling layer, pooling technique ?
Also analyse the results returned by the model.summary() function. 
[image: A white rectangular object with blue text

Description automatically generated]

[image: A computer code with red and blue text

Description automatically generated]
[image: A screenshot of a computer

Description automatically generated]

Plotting the confusion matrix
[image: A computer screen shot of a computer code

Description automatically generated]

Compare the performance of the ANN and CNN also the number pf parameters used for each model.

And build an improved version of CNN.







image4.png
Data Visualization

converting the numpy arrays to images and visualizing a few random images

num_class = 10 # number of classes/categories
categories=np.unique(Y_train) # Get the unique number of classes from y_train
rows=5 # Defining number of rows

cols=4 # Defining number of cols

fig = plt.figure(figsize=(10, 10)) # Defining the figure size 10x10

for i in range(cols):
for j in range(rows):
random_index=np.random.randint(@,len(Y_train)) # Generating random indices
ax=fig.add_subplot(rows, cols,i*rows+j+1) # Adding subplots with 5 rows and 4 columns
ax.imshow(X_train[random_index, :],cmap=plt.get_cmap('gray')) # plotting the image using cmap
ax.set_title(categories[Y_train[random_index]])
plt.show()
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# plot distrinution of each class/category
count_plot=sns.countplot(x=Y_train
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Data preparation

Reshape the data to single channel and normalize the feature inputs

1. Normalization makes the training process faster and reduces the chances of getting stuck at a local optima
2. Weight decay and estimation can be done more easily with normalized input
3. Normalization helps to avoid the vanishing gradient problem

Reshape the array to single channel
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# Respape the dataset to have a single channel
X_train=X_train.reshape((X_train.shape[0],28,28,1))
x_Test=x_Test.reshape((x_Test.shape[0],28,28,1))

Normalization - scaling is applied divide the pixel value by 255

X_train_Normalized=X_train.astype('float32')/255.0
x_Test_Normlized=x_Test.astype('float32')/255.0
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Creating a one-hot encoded representation to represet the target 10 classes

# Creating one-hot encoded representation of the target Labels

# Utility funciton used - https://www.tensorflow.org/api_docs/python/tf/keras/utils/to_categorical
Y_train_encoded=tf.keras.utils.to_categorical(Y_train)
y_Test_encoded=tf.keras.utils.to_categorical(y_Test)

y_Test_encoded[1]

array([e., 0., 1., 0., 0., 0., 0., 0., 0., 0.], dtype=float32)

y_Test[1]

2
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set the seed of the random number generator in Numpy, pandas and tensorflow to ensure to reproduce the same results for everytime we run the code

# Fixing the seed for the random number generator
import random

np.random.seed(42)
random.seed(42)
tf.random.set_seed(42)




image11.png
Build a sequential ANN

# initialize a sequential model
ann_model=Sequential()

# Flatten the input the add dense convolutional Layer on top of it
ann_model.add(Flatten(input_shape=(28, 28)))

# adding a sequential Llayer with 100 neurons
ann_model.add(Dense(100, activation='relu'))

# adding the output layer with 10 neuron and Softmax as activation funciton
ann_model.add(Dense(10, activation='softmax'))

# Using SGD optimizer
opt=SGD(learning rate=0.01, momentum=0.9)

# Model compilation
ann_model.compile(optimizer=opt, loss='categorical crossentropy', metrics=['accuracy'])

# Generating model summary#
ann_model. summary ()
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Model: "sequential 4"

Layer (type) Output Shape Param #
flatten 2 (Flatten)  (Nome, 784) 6
dense_4 (Dense) (None, 100) 78500
dense_5 (Dense) (None, 10) 1010

Total params: 79510 (310.59 KB)
Trainable params: 79510 (310.59 KB)
Non-trainable params: © (©.00 Byte)

Understand the model summary

e |Input shape to the flatten layer is with the dimension 28 x 28 and **no parameters
e **fully connected Dense Layer
= number of nuerons = 100
= number of parameters = (number of neurons in previous layer number of neurons in the current layer) + 1x number of neurons in the current layer) = 100 784+
1*100 = 78500
e **Qutput Layer
e number of nuerons=1-
e number of parameters = 100*10+1+10= 1010
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plt.
plt.
plt.
plt.
plt.
plt.
plt.

plot(history.history[ 'accuracy'])
plot(history.history['val_accuracy'])
title('Model Accuracy')

ylabel('Accuracy")

xlabel('Epoch")

legend(['Train', 'Validation'], loc='upper left')
show
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Evaluating the model on the Test data

accuracy=ann_model.evaluate(x_Test Normlized, y Test_ encoded,verbose=2)

313/313 - ©s - loss: ©.0763 - accuracy: 0.9771 - 406ms/epoch - 1ms/step

Generating the prediction unsing the test data

# Here we would get the output as probablities for each category
y_pred=ann_model.predict(x_Test_Normlized)

313/313 [==============================] - 1s 1ms/step
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# Obtaining the categorical values from y_Test_encoded and y_Test_Predict
y_pred_arg=np.argmax(y_pred,axis=1)
y_test_arg=np.argmax(y_Test_encoded,axis=1)

# Plotting the confusion matrix using the function
confusion_matrix=tf.math.confusion_matrix(y_test_arg, y pred_arg)
f, ax = plt.subplots(figsize=(10,8))

sns.heatmap(
confusion_matrix,
annot=True,
linewidths=0.4,
fmt="d",
square=True,
ax=ax)
plt.show()
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# Clearing backend
from tensorflow.keras import backend
backend.clear_session()

# Fixing the seed for random number generators
import random

np.random.seed(42)

random.seed(42)

tf.random.set_seed(42)
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# Intializing a sequential model
model = Sequential()

# Adding first conv layer with 64 filters and kernel size 3x3 , padding 'same' provides the output size same as the input size
# Input_shape denotes input image dimension of MNIST images
model.add(Conv2D(64, (3, 3), activation='relu', padding="same", input_shape=(28, 28, 1)))

# Adding max pooling to reduce the size of output of first conv Llayer
model.add(MaxPooling2D((2, 2), padding = 'same'))

model.add(Conv2D(32, (3, 3), activation='relu', padding="same"))
model.add(MaxPooling2D((2, 2), padding = 'same'))
model.add(Conv2D(32, (3, 3), activation='relu', padding="same"))
model.add(MaxPooling2D((2, 2), padding = 'same'))

# flattening the output of the conv Llayer after max pooling to make it ready for creating dense connections
model.add(Flatten())

# Adding a fully connected dense Layer with 160 neurons
model.add(Dense (100, activation='relu'))

# Adding the output Layer with 10 neurons and activation functions as softmax since this is a multi-class classification problem
model.add(Dense(10, activation='softmax'))

# Using SGD Optimizer
opt = SGD(learning rate=0.01, momentum=0.9)

# Compile model
model.compile(optimizer=opt, loss='categorical crossentropy', metrics=['accuracy'])

# Generating the summary of the model
model. summary ()
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Fitting the model on the train data

history_1 = model.fit(
X_train_Normalized, Y_train_encoded,
epochs=15,
validation_split=0.1,
shuffle=True,
batch_size=64,
verbose=2
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Model evaluation

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

plt

plt.

plot(history_1.history|[ 'accuracy'])
plot(history_1.history|['val_accuracy'])
title('Model Accuracy')
ylabel('Accuracy')

xlabel('Epoch")

show()
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Evaluating the model on test data

accuracy = model.evaluate(x_Test_Normlized, y_Test_encoded, verbose=2)

313/313 - 1s - loss: 0.0287 - accuracy: 0.9918 - 1s/epoch - 4ms/step

Generating the predictions using test data

# Here we would get the output as probablities for each category
y_pred=model.predict(x_Test_Normlized)

313/313 [==============================] - 2s 5ms/step

y_pred
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# Obtaining the categorical values from y test_encoded and y_pred
y_pred_arg=np.argmax(y_pred,axis=1)
y_test_arg=np.argmax(y_Test_encoded,axis=1)

# Plotting the Confusion Matrix using confusion matrix() function which is also predefined tensorflow module
confusion_matrix = tf.math.confusion_matrix(y_test_arg,y_pred_arg)
f, ax = plt.subplots(figsize=(10, 8))
sns.heatmap(

confusion_matrix,

annot=True,

linewidths=.4,

fmt="d",

square=True,

ax=ax
)
plt.show()
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import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

import math

import tensorflow as tf

#Keras sequential model
from tensorflow.keras.models import Sequential

# importing all Llayers and optimizers
from tensorflow.keras.layers import Dense, Dropout, Flatten, Conv2D, MaxPooling2D, BatchNormalization, Activation, LeakyRelU
from tensorflow.keras.optimizers import Adam, SGD

# The below code can be used to ignore any warning that may occur because of depracations

import warnings
warnings.filterwarnings("ignore")
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Dataset laoding

- MNIST data is directly avialable in Tensorflow as N-Dimensional Numpy Array

from tensorflow.keras.datasets import mnist
mnist.load_data()
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(X_train,Y_train), (x_Test,y Test)=mnist.load_data()

X_train.shape

(60000, 28, 28)




