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# Image classification using Sequential
#MNIST character dataset classification
import tensorflow as tf

import matplotlib.pyplot as plt

import numpy as np

NN
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(x_train, y_train), (x_test, y_test) = tf.keras.datasets.mnist.load_data()

print(x_train.shape)
print(y_train.shape)
print(x_test.shape)
print(y_test.shape)

(60000, 28, 28)
(60000, )
(10000, 28, 28)
(10000, )

print(x_train[0])
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plt.imshow(x_train[@])
plt.axis('off")
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(-0.5, 27.5, 27.5, -0.5)

plt.figure(figsize=(20,20))

for i in range(100):
plt.subplot(10,10,i+1)
plt.imshow(x_train[i],cmap="gray")
plt.axis('off")
plt.title('"+str(y_train[i]))
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A MNIST Fashion dataset

(x_train, y_train), (x_test, y test) = tf.keras.datasets.fashion_mnist.load_data()
print(x_train.shape)

print(y_train.shape)

print(x_test.shape)

print(y_test.shape)

Downloading data from https://storage.googleapis.com/tensorflow/tf-keras-datasets/train-labels-idx1-ubyte.gz

29515/29515 [ ] - ©s @us/step

Downloading data from https://storage.googleapis.com/tensorflow/tf-keras-datasets/train-images-idx3-ubyte.gz
26421880/26421880 [ ] - @s eus/step

Downloading data from https://storage.googleapis.com/tensorflow/tf-keras-datasets/t10k-labels-idx1-ubyte.gz
5148/5148 [ ] - ©s ous/step

Downloading data from https://storage.googleapis.com/tensorflow/tf-keras-datasets/t10k-images-idx3-ubyte.gz
4422102/4422102 [ ] - s OQus/step

(60000, 28, 28)

(60000, )

(10000, 28, 28)

(10000, )
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class_label=['T-shirt/top"', 'Trouser', 'Pullover', 'Dress','Coat’, 'Sandal’, 'Shirt",
'Sneaker', 'Bag', 'Ankle boot"']
plt.figure(figsize=(20,20))
for i in range(100):
plt.subplot(10,10,i+1)
plt.imshow(x_train[i],cmap="gray")
plt.axis('off")
plt.title(class_label[y train[i]])
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#preprocessing- scaling
x_train=x_train/255.0
x_test=x_test/255.0
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# Instantiate the model.
model = tf.keras.models.Sequential()

# Build the model.
model.add(tf.keras.layers.Flatten(input_shape=(28,28)))
model.add(tf.keras.layers.Dense(128, activation="relu'))
model.add(tf.keras.layers.Dropout(0.2))
model.add(tf.keras.layers.Dense(10, activation="softmax"))

# Display the model summary.
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mode.Ll.summary ()

E) Model: "sequential"

Lab02_ARI314P.ipynb - Colaboratory

Layer (type) Output Shape Param #
flatten (Flatten) (None, 784) 0

dense (Dense) (None, 128) 100480
dropout (Dropout) (None, 128) 0
dense_1 (Dense) (None, 10) 1290

Total params: 101770 (397.54 KB)

Trainable params: 101770 (397.54 KB)

Non-trainable params: © (0.00 Byte)

model.compile(
optimizer="rmsprop",

# 'sgd','adam'

loss="sparse_categorical_crossentropy", # binary_crossentropy,categorical_crossentropy

metrics=["accuracy"]

Start coding or generate

B

with AI.

hist = model.fit(x_train,y_train,epochs=21,batch_size=64,validation_split=0.2)# validation_data=(X_valid,

Epoch 1/21
750/750 [ ]
Epoch 2/21
750/750 [ ]
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750/750 [ 1
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750/750 [ 1
Epoch 14/21
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dict=hist.history
print(dict.keys())

dict_keys(['loss’,

‘accuracy', 'val_loss',

9s

6s

6s

3s

3s

3s

4s

3s

3s

3s

4s

3s

3s

3s

4s

3s

3s

3s

4s

3s

3s

1ims/step - loss: ©.5784 - accuracy: ©.7967 - val_loss:

8ms/step
8ms/step
4ms/step
4ms/step
4ms/step
Sms/step
4ms/step
4ms/step
4ms/step
Sms/step
4ms/step
4ms/step
4ms/step
Sms/step
4ms/step
4ms/step
4ams/step
Sms/step
4ms/step

4ms/step

- loss:

- loss:

- loss:

- loss:

- loss:

- loss:

- loss:

- loss:

- loss:

- loss:

- loss:

- loss:

- loss:

- loss:

- loss:

- loss:

- loss:

- loss:

- loss:

- loss:

'val_accuracy'])

0.

0.

4192

3778

.3588

.3411

.3293

.3217

.3117

.3083

.2982

.2932

.2868

.2813

.2800

.2746

.2707

.2654

.2637

.2583

.2548

.2542

accuracy: 0.8493

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

0.

0.

8640

8701

.8778

.8810

.8837

.8874

.8897

.8906

.8938

.8966

.8979

.8992

.9026

.9034

.9045

.9049

.9057

.9087

.9083

val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
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plt.plot(dict['loss'],label="train loss')
plt.plot(dict['val_loss'],label="validation loss')

plt.legend()

Lab02_ARI314P.ipynb - Colaboratory

plt.title('Train loss v/s Validation loss')

Text(0.5, 1.0,

'Train loss v/s Validation loss')

Train loss v/s Validation loss

0.55 A

0.50 A

0.45 A

0.40

0.35 A

0.30 A

0.25 A

—— train loss

—— validation loss

0.0 2.5

5.0 7.5 10.0 12.5 15.0 17.5

plt.plot(dict['accuracy'],label="train acc")
plt.plot(dict['val_accuracy'],label="validation accuracy')

plt.legend()

plt.title('Train acc v/s Validation acc')

Text(0.5, 1.0,

'Train acc v/s Validation acc')

Train acc v/s Validation acc

20.0

0.90 4

0.88 1

0.86

0.84 4

0.82 4

0.80 4

— ftrain acc
- validation accuracy

y_pred=model.predict(x_test)

313/313 [

0.0 2.5

T T T
5.0 7.5 10.0 12.5 15.0 17.5

print(y_test[o])

y_pred[@]

for i in range(10):

print('Digit

9

Digit
Digit
Digit
Digit
Digit
Digit
Digit
Digit
Digit

https://colab.research.google.com/drive/10ZCSxXxn0Vu2Wkn80zhXi47sAGXWRIqa#scrollTo=3E7pK1Qi0VYW&printMode=true

CoONOOUVhWNEREO

probability
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1 - 1s 2ms/step

',i,"' probability ', y_pred[0][i])

.989326e-09
.8071179%e-12
.0312593e-11
.180091e-11
.3363247e-13
.00034762218
.4115183e-10
.001556198
.7087608e-08

T
20.0
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Digit 9 probability ©.9980961

import numpy as np
print(np.argmax(y_pred[0]))
y_label=np.argmax(y_pred,axis=1)

9

#iH#HH#HE 1st sample
i=100
print('True label=',class_label[y test[i]])
print('Predicted label=',class_label[y_label[i]])
plt.figure(figsize=(1,1))
plt.imshow(x_test[i],cmap="gray")
plt.axis('off")
if y_test[i]==y_label[i]:
plt.title('correct prediction',c="'blue")
else:
plt.title('Wrong prediction',c="red")

True label= Dress
Predicted label= Dress

correct prediction

plt.figure(figsize=(20,20))
for i in range(100):
plt.subplot(10,10,i+1)
plt.imshow(x_test[i],cmap="gray')
plt.axis('off")
if y_test[i]==y_label[i]:
plt.title(class_label[y test[i]]+'='+class_label[y_label[i]],c="blue")
else:
plt.title(class_label[y test[i]]+'!="+class_label[y_label[i]],c="red")

https://colab.research.google.com/drive/10ZCSxXxn0Vu2Wkn80zhXi47sAGXWRIqga#scroll To=3E7pK1Qi0VYW&printMode=true 7/8
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Shirt=Shirt Trouser=Trouser Coat=Coat Shirt=Shirt Sandal=Sandal Sneaker=Sneaker

LR

Coat=Coat Coat!=Pullover ~ Trouser=Trouser Pullover=Pullover Coat!=Pullover Bag=Bag  T-shirt/top=T-shirt/top

Pullover=Pullover Sandal=Sandal Sneaker=SneakerAnkle boot!=Sandal Trouser=Trouser  Coat!=Pullover Shirt=Shirt ~T-shirt/top=T-shirt/ojle boot=Ankle boot Dress!=Coat

) 1IN sl 8

# Generate a confusion matrix for the test dataset.
cm = tf.math.confusion_matrix(labels=y_test, predictions=y_label)

# Plot the confusion matrix as a heatmap.
plt.figure(figsize=(10,10))

import seaborn as sn

sn.heatmap(cm, annot=True, fmt="d", annot_kws={"size": 14})
plt.xlabel("Predicted")

plt.ylabel("Truth/Target")

plt.show()
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