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(1) 4% (daisy) : 769 % <k

(2) =% (dandelion) : 1052 L B F 4L

“Sm

(3) s (rose) : 784 %M@ F A
(4) & p 3% (sunflower) : 734 £ Bl F#
(5) W44 (tulip) : 984 % @ HFH

2. Flower Recognition CNN Keras :

(1) **colab ¥ » F# &

[ 1 from goosle.colab import driwve
drive. mount (" fcontent/drive’ )

Mounted at fcontent/drive

o from =zipfile dimport ZipFile
file name = ' drive/MyDrive/flower=. zip’
with ZipFile(file name, 'zr’') a=z =zip:
zip. extractall ()

print(’ Done’ )

Done



(2) §*»¢@#* 3enx # Importing Various Modules

% data wisualisation and manipulation
import mu=py 85 np

import pandas as pd

import metplotlib pyplot as plt

from matplotlib import style

import Seaborn as Ens

Hfconfigure

% sets matplotlib to inline and displays graphs below the corressponding| cell.
kmatplotlib inlime

style use( fivethirtyeight )

sn=. set (style= whitegrid . color_codes=Trus)

Smodel selection

from sklearn model_selection import traim_test_split

from sklearn model seleection import EFold

from sklearn metries import sccuraey_score, precision_score, recall score, confusion matrix, roc_curve, roc_suc score
from sklearn model selection import GridSearchCV

from sklearn. preprocessing import LabelBEncoder

Spreprocess.
from keras. preprocessing. image import ImageDataGensrator

#d]l libraraies

from keras import backend as K

from keras.models import Sequential

from keras. layers import Dense

from keras. optimizers import Adam, SGD. Adagrsd, Adadelts, FMSprop
from keras.utils import to_categorical

= EFEC‘ifiI’_‘E].l:-' :"Dr cnn
from keras. layers import Dropout. Flatten, Activation

from keras. lavers import ConvZD, MaxPoolingZD, Batch¥Normalization

impc:t TEﬂSOrf:ﬂF as T

import random as

% specifically for manipulating =zipped images and petting mumpy arrays of pixzel wvalues of images.
import ecwv2

import mumpy as np

from tgdm import todm

import os

from random import shuffle

from zipfile import ZipFile

from PIL import Image

(3) EXYFHRE > RERPELTE TR

X=[]

2=[]

ING_SIZE=1E50

FLOWER_DAISY DIR="../content/flowers/daisy’
FLOWER_SUNFLOWER_DIR=".. /content/flowers/sunflower’
FLOWER_TULIP_DIR="../content/flowers/tulip’
FLOWER_DANDI_DIR=".. /content/flowers/dandelion’
FLOWER_ROSE_DIR=".. /content,/flowers/rose’


https://colab.research.google.com/drive/1qDfk0q9b08hOcg2Pj5yfhbklh5B9fhJi#content1
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(4) #_% make_train_data ;% @ 3 » 4

R

<+ 150x150) °

def assign label(inmg, flower_type):
return  flower_type

def make_train_data(flower_type, DIR):
for img in tqdm{os.listdir(DIR)):
label=assign_label (img, flower_type)
path = o0s. path. join(DIF, img)

Z_ [l e T A FER] ek o] (R

img = cv2. imread(path, cv2. INREAD_COLOR) #iff A F/@ 08 F

img = cv2.resize(img, (ING_SIZE, ING_SIZE))

X. append (np. array(img))
Z. append (str (label))

(5) # 7t gt

make_train_data( Daisy’, FLOWER_DAISY_DIR)
print (len (X))

1o0% | MNEEEEEENE | 760/760 [00:01€00:00, 489, 09it/s]1769

make_train_data( Sunflower’ , FLOWER_SUNFLOWER_DIR)
print (len(X))

100 | HINNNREEREN | 734/734 [00:01<00:00, 369, 73it/s]1503

make_train_data( Tulip’, FLOVER_TULIP_DIR)
print (1en (X))

o0y | INNNREEREN | 984/984 [00:02400:00, 418, 60it/s]3471

make_train_data( Dandelion’, FLOWER_DANDI_DIR)
print (len(X))

1o0% | MNEEEEEEN | 1052/1052 [00:02€00:00, 428, 24it/s]452

make_train_data( Rose', FLOWER_ROSE_DIR)
print (len(X))

100 | HINNNREEREN | 784/784 [00:01<00:00, 501, 24it/s]1553

HEERR A RT



(6) MARFE L ER

fig, ax=plt. subplots (5, 2)
fig. set_size_inches (15, 15)
for i in range(d):
for j in range (2):
1=rn. randint (0, len(Z))
ax[i, jl. imshow (X[1])
axli, jl. set_title(’ Flower: '+Z[1])

plt. tight_lavout ()

e

Flower: Dandelion Flower: Tulip
0

(7) #- labels i&{7 one-hot encoding
(i.e. Daisy —> 0, Rose —> 1, Tulip —> 2, etc)

le=LabelEncoder ()

Y=le. fit_transform(Z)

Y=to_categorical(Y,5) #i#§ labels I1EfT one-hot encoding
Y=np. array (X)

X=X/255 #H$SREABEES;R55, BRHES—I, FRETER (02551 HHE [o-1).
(8) #FALA S BB forlza S ¢ @ ¥ 0.75/0.25 A B MFERT L5 5 on
Bl opl 32 03] 0 30 4B R B & PR AL -

x_train, x_test, y_train, y_test=train_test_split(X, Y, test_size=0. 25, random_state=42)
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1. #EHA @& * 2 #5735 Sequential ; % - & Layer ¢ filters

% - &k Layer e filters % 64; % =%k Layer e filters % 96

¥
-

Layer 1 filters = 96 - @ activation ¥ 3% % relu-

modellin CNN.

starts

model = Sequential()

model. add(Conv2D(filters = 32, kernel_size = (5,5),padding = ’Same’,activation = relu’
model. add (MaxPooling2D (pool_size=(2, 2)))

model. add(ConvZD(filters = 64, kernel_size = (3,3),padding = ’Same’,activation = relu’))
model. add (MaxPooling2D (pool_size=(2,2), strides=(2,2)))

model. add(Conv2D (filters =96, kernel_size = (3,3),padding = ’Same’,activation = relu'))
model. add (MaxPooling2D(pool_size=(2,2), strides=(2,2)))

model. add(Conv2D(filters = 96, kernel _size = (3,3),padding = ’Same’,activation ="relu’))
model. add (MaxPooling2D (pool_size=(2,2), strides=(2,2)))

model. add (Flatten())

model. add (Dense (512) )

model. add(Activation(’ relu’))

model. add(Dense (3, activation = “softmax”))

2. F1* LR Annealer

[16] batch_size=128

epochs=50

from Kkeras.callbacks import ReducelLROnPlateau

red lr=

b S E 7 R LR =

datagen

ImageDataGenerator (

input_shape

ReduceLROnPlateau (monitor="val acc’, patience=3, verbose=

I

32

N

(150, 150, 3))

1, factor=0. 1)

featurewise_center=False, # set input mean to O over the dataset
samplewise_center=False, # set each sample mean to 0
featurewise_std_normalization=False, # divide inputs by std of the dataset
samplewise_std normalization=False, # divide each input by its std
zca_whitening=False, # apply ZCA whitening
rotation_range=10, # randomly rotate images in the range (degrees, 0 to 180)
zoom_range = 0.1, # Randomly zoom image
width_shift_range=0. 2, # randomly shift images horizontally (fraction of total width)
height_shift_range=0. 2, # randomly shift images vertically (fraction of total height)
horizontal flip=True, # randomly flip images
vertical_flip=False) # randomly flip images
datagen. fit(x_train)
4, X THA SBc #* g optimizer 7 Adam B Y F 5 0.2% -

model. compile (optimizer=Adam(1r=0. 002), loss=

"categorical crossentropy’ ,metrics=[ accuracy’])



5. WA
model. summary ()

Model: “sequential”

Laver (tvpe) Qutput Shape Param =
conv2d (ConvZD) (None, 130, 130, 32) 2432
max_pooling2d (MaxPooling2D) (None, 73, 73, 32) 0
conv2d_1 (Conv2D) (None, 73, 73, 64) 18496
max_pooling2d_1 (MaxPooling2 (None, 37, 37, 64) 0
conv2d_2 (Conv2D) (None, 37, 37, 96) 55392
max_pooling2d_2 (MaxPooling2? (None, 18, 18, 96) 0
conv2d_3 (Conv2D) (None, 18, 18, 96) 83040
max_pooling2d_3 (MaxPooling2 (None, 9, 9, 96) 0
flatten (Flatten) (None, 7776) 0

dense (Dense) (None, 512) 3981824
activation (Activation) (None, 312) 0
dense_1 (Densze) (None, 3) 2363

Total params: 4,143, 749
Trainable params: 4, 143, 749
Non-trainable params: 0

6. BB E MYy T SRR Ty

° Hiztory = model.fit_generator (datagen. flow(x_train,v_train, batch_size=batch_size),

epochs = epochs, walidation data = (x_test,v_test),

verbose = 1, stepz_per_epoch=x_train. shape[0] // batch_size)

# model.fit(x_train, ¥_train, epochs=epochs, batch_size=batch_size, validation_data = (x_test,v_test))

Epoch 1/50
25/25 [ ] - 13s 537ms/step — loss: 1.5753 - accuracy: 0.3160 — val_loss: 1.2150 - val_accuracy: 0.4958
Epoch 2/50
25/25 [ ] - 13s 523ms/step — loss: 1.2060 — accuracy: 0.4888 — val_loss: 1.16468 — val_accuracy: 0.5199
Epoch 3/50
25/25 [ ] - 13s 523ms/step — loss: 1.1360 - accuracy: 0.5315 — val_loss: 1.1619 - val_accuracy: 0.5254
Epoch 4/50
25/25 [ ] - 13s 523ms/step — loss: 1.1182 - accuracy: 0.5446 — val_loss: 1.0387 - val_accuracy: 0.5846
Epoch 5/50
25/25 [ ] - 13s 529ms/step — loss: 1.0413 - accuracy: 0.5784 — val_loss: 1.0379 - val_accuracy: 0.5930
Epoch 6/50
25/25 [ ] - 13s 526ms/step — loss: 0.9868 - accuracy: 0.6137 — val_loss: 0.9723 - val_accuracy: 0.6309
Epoch 7/50
25/25 [ ] - 13s 525ms/step — loss: 0.9478 - accuracy: 0.6240 — val_loss: 0.9532 - val_accuracy: 0.6207
Epoch 8/50
25/25 [ ] - 13s 524ms/step — loss: 0.9053 - accuracy: 0.6355 — val_loss: 0.9864 - val_accuracy: 0.6272
Epoch 9/50
25/25 [ ] - 13s 532ms/step — loss: 0.8848 - accuracy: 0.6490 — val_loss: 0.9257 - val_accuracy: 0.6549
Epoch 10/50
25/25 [ ] — 13s 531ms/step — loss: 0.8767 — accuracy: 0.6557 — val_loss: 0.8883 — val_accuracy: 0.6448
Epoch 11/50
25/25 [ ] — 13s 527ms/step — loss: 0.8373 — accuracy: 0.6779 — val_loss: 0.9264 - val_accuracy: 0.6383
Epoch 12/50
25/25 [ ] — 13s 538ms/step — loss: 0.8288 — accuracy: 0.6808 — val_loss: 0.8802 - val_accuracy: 0.6735
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(1) P~@EpREERT > test accuracy 7 T8% 4o B #77F :

8} train loss, train acc = model.evaluate(x train, v_train, batch size=batch size)
test_loss, test_acc = model.evaluate(x_test, v_test, batch_size=batch_size)
print ( Train accuracy:’, train_acc)

print ( Test accuracy:’, test_acc)

C» 26/26 [ ] - 1s 25ms/step — loss: 0.2692 — accuracy: 0.8924

9/9 [ 1 - 0s 2Ims/step — loss: 0.7017 — accuracy: 0.7798

Train accuracy: 0.8923503756523132
Test accuracy: 0.7798334956169128

(2) % w4 ® Loss ~ Accuracy £ Epochs 2- B % )

° plt. plot (History. history[ loss’])
plt. plot (History. history[ val_loss’])
plt.title( Model Loss’)
plt. ylabel ( Loss’
plt. xlabel ( Epochs’
plt. legend ([  train’, ’test’])
plt. show()

—

(B Model Loss

08

06

04

Epochs

[23] plt.plot(History. history[ accuracy’ 1)
plt. plot (History. history[ val accuracy ])
plt. title("Model Accuracy )
plt. ylabel (" Accuracy’)
plt. xlabel (" Epochs’)
plt. legend ([’ train’, ’test’])
plt. show()

08
07

06

Accuracy

05

04

03

Epochs

10
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[24] # getting predictions on val set.
pred=model. predict (x_test)
pred_digits=np. argmax (pred, axis=1)

[25] # now storing some properly as well as misclassified indexes’ .
i=0
prop_class=[]
mis_class=[]

for i in range(len(y_test)):
if (np. argmax (y_test[i])==pred_digits[il):
prop_class. append (i)
if (len{(prop_class)==8):
break

i=0
for i in range(len(y_test)):
if(not np.argmax(y_test[il)==pred_digits[i]):
mis_class. append (i)
if(len{mis_class)==8) :
break

(1) TR 2T RE A

° warnings. filterwarnings ( always’)
warnings. filterwarnings (' ignore’)

count=0
fig, ax=plt. subplots(4, 2)
fig. set_size_inches (15, 15)
for i in range (4):
for j in range (2):
ax[i, j]

imshow (x_test [prop_class[count]])
.set_title("Predicted Flower :“+str(le.inverse_transform([pred_digits[prop_class[count]]]))
+"\n"+"Actual Flower : “+str(le.inverse_transform([np.argmax (y_test[prop_class[count]])])))

plt. tight_layout ()
count+=1

Predicted Flower :['Sunflower'] Predicted Flower :['Daisy’] Predicted Flower :['Sunflower']
Actual Flower : ['Daisy’]

Predicted Flower :['Sunflower]
Actual Flower : ['Sunflower']

Actual Flower : ['Sunflower’] Actual Flower : ['Sunflower']

0
20 20
40 40
60 60
80 80
100 100
120 120
140 140

0 2% 50 75 100 125

o 25 50 75 100 125 0 25 50 75 100 125

Predicted Flower -['Dandelion’]
Actual Flower : ['Dandelion’]

Predicted Flower -[Tulip’]
Actual Flower : ['Tulip’]
-

Predicted Flower :['Dandelion’]
Actual Flower : ['Dandelion’]

20 20
40 40
60 60
80 80
100 100
120 120
140 140

11



(2) FRBEEFEEED R

[27] warnings. filterwarnings (" always’)
warnings. filterwarnings(’ ignore’)

count=0
fig, ax=plt. subplots (4, 2)
fig. set_size_inches (15, 15)
for i in range (4):
for j in range (2):
imshow(x_test[mis_class[count]])
_set_title("Predicted Flower :”+str(le.inverse_transform([pred_digits[mis_class[count]]]))

+"\n"+"Actual Flower : “+str(le.inverse_transform([np. argmax(y_test[mis_class[count]])]1)))
plt. tight_layout ()
count+=1
Predicted Flower :[Tulip'] Predicted Flower :["Tulip'] Predicted Flower :[Tulip') Predicted Flower :["Tulip']
Actual Flower ['Sunﬂcwer']_ " #Aictua\ Flower - ['Rose'] Actual Flower : ['Rose'] Actual Flower : ['Rose’]
20 20
40 40
60
80
100 100
120 120
140 140
0 25 50 75 100 125 0 25 5 75 100 125 0 25 50 75 100 125
Predicted Flower :['Daisy’] Predicted Flower :[Tulip'] Predicted Flower :['Tulip') Predicted Flower :['Daisy’]
. Actual Flower - [Tulip'] Actual Flower - ['Dandelion’] o Actual Flower [‘Da»sy‘ Actual Flower : ['Dandelion’]
20 20 20
40 40
60 60 60
80 | Lol 80 80
100 .“ 100 100
120 120 120 120
- HELiw . m .
0 25 5 75 100 125 0 25 5 75 100 125

0 25 50 75 100 125

12



I wE* test accuracy g 2

R AR S A mEE3 B Activation ~ Filters - Learning Rate »

#i o

@A K Activation %-dk > ¥ & %|B~{¥ Sigmoid ~ Relu ~ Tanh 2 test

i
i

\\\?{r

accuracy e

(1) #-Activation % » Sigmoid » i P~{¥ Sigmoid 2. test accuracy 4 3
21% -

° # # modelling starts using a CNN.

model = Sequential ()
model. add (Conv2D(filters = 32, kernel size = (5,5),padding = ’Same’,activation = sigmoid’, input_shape = (150,150,3)))
model. add (MaxPooling2D (pool_size=(2,2)))

model. add (Conv2D(filters = 64, kernel size = (3,3),padding = ’Same’,activation = sigmoid’))
model. add (MaxPooling2D (pool_size=(2,2), strides=(2,2)))

model. add (Conv2D(filters =96, kernel_size = (3,3),padding = ’Same’,activation = sigmoid’))
model. add (MaxPooling2D (pool_size=(2,2), strides=(2,2)))

model. add (Conv2D(filters = 96, kernel size = (3,3),padding = ’Same’,activation = sigmoid’))
model. add (MaxPooling2D (pool_size=(2,2), strides=(2,2)))

model. add (Flatten())
model. add (Dense (512))
model. add (Activation(’ sigmoid’))

model. add (Dense (5, activation = “softmax”))
° train_loss, train_acc = model.evaluate(x_train, v_train, batch_size=batch_size)
test_loss, test_acc = model.evaluate(x_test, y_test, batch_size=batch_size)
print (' Train accuracy:’, train_acc)

print ( Test accuracy:’, test acc)

26/26 [ ] - 1s 28ms/step — loss: 1.5981 - accuracy: 0.2535
9/9 [ ] — 0s 33ms/step — loss: 1.6151 - accuracy: 0.2128
Train accuracy: 0.25354719161987305

Test accuracy: 0.21276596188545227

Y

(2) #-Activation % % Relu -’ ¥ B~%¥ Relu 2 test accuracy ¥ 5 78% °

# # modelli

model = Sequential()
model. add(Conv2D(filters = 32, kernel size = (5,5),padding = ’Same’,activation ="relu’, input_shape =

model. add (MaxPooling2D(pool_size=(2,2)))

model. add (Conv2D(filters = 64, kernel size = = ’Same’,activation = relu’))

model. add (MaxPooling2D(pool_size=(2,2), strides=(2,2)))

model. add (Conv2D(filters =96, kernel_size = ’Same’, activation =

model. add (MaxPooling?D(pool_size=(2,2), strides=
model. add (Conv2D (filters = 96, kernel size = = ’Same’,activation = relu’))
model. add (MaxPooling2D(pool_size=(2,2), strides=

model. add (Flatten())
model. add (Dense (5
model. add (Activation(’ relu’))

model. add (Dense (5, activation =
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train_loss, train_acc = model.evaluate(x_train, y_train, batch_size=batch_size)
test_loss, test_acc = model.evaluate(x_test, y_test, batch_size=batch_size)
print ( Train accuracy:’, train acc)

print ( Test accuracy:’ , test acc)

> 26/26 [ -

9/9 | | - 0s 2lms/step — loss: 0.7017 - accuracy: 0

Train accuracy: 0.8923503756523132
Test accuracy: 0.7798334956169128

25ms/step — loss: 0.2692 - accuracy: 0.8924
7798

(3) #-Activation % % Tanh - I B~%¥ Tanh 2. test accuracy ¥ 5 21% °

[36] # # modelling starts using a CNN.

model = Sequential ()
model. add(Conv2D (filters = 32, kernel size = (5,5),padding = ’Same’,activation = tanh’, input_shape = (150, 150,3)))
model. add (MaxPooling2D (pool_size=(2,2)))

model. add(Conv2D (filters = 64, kernel size = (3,3),padding = ’Same’,activation = tanh’))
model. add (MaxPooling2D (pool_size=(2,2), strides=(2,2)))

model. add(Conv2D (filters =96, kernel size = (3,3),padding = ’Same’,activation = tanh’))
model. add (MaxPooling2D (pool_size=(2,2), strides=(2,2)))

model. add(Conv2D (filters = 96, kernel size = (3,3),padding = ’Same’,activation = tanh'))
model. add (MaxPooling2D (pool_size=(2,2), strides=(2,2)))

model. add (Flatten())

model. add (Dense (512))

model. add(Activation(’ tanh’))

model. add(Dense (5, activation = “softmax”))

° train_loss, train_acc = model.evaluate(x_train, y_train, batch_size=batch_size)
test_loss, test_acc = model.evaluate(x_test, v_test, batch_size=bhatch_size)
print ( Train accuracy:’, train acc)
print (' Test accuracy: , test acc)

26/26 [ ] — 1s 30ms/step — loss: 1.7168 — accuracy: 0.25335
9/9 [ - 0s 26ms/step — loss: 1.7725 - accuracy: 0.2128

Train accuracy: 0.25354?191619873057
Test accuracy: 0.21276596188545227

A Filters %% & » W P~{7 & Filters 2 test accuracy °

o

1) #Filters® & 8 ¥ B H test accuracy 4 & To% e
( & y 5

° # # modelling starts using a CNN.

model = Sequential()
model. add (Conv2D(filters = 8, kernel size = (5,5),padding = ’Same’,activation = relu’, input_shape = (150,150,3)))
model. add (MaxPooling2D (pool_size=(2,2)))

model. add (Conv2D (filters = 64, kernel_size = (3,3),padding = Same’,activation = relu’))
model. add (MaxPooling2D (pool_size=(2,2), strides=(2,2)))

model. add (Conv2D (filters =96, kernel _size = (3,3),padding = ’Same’,activation ='relu’))
model. add (MaxPooling2D (pool_size=(2,2), strides=(2,2)))

model. add (Conv2D(filters = 96, kernel size = (3,3),padding = ’Same’,activation = relu’))
model. add (MaxPooling2D (pool_size=(2,2), strides=(2,2)))

model. add (Flatten())

model. add (Dense (512) )

model. add (Activation( relu’))

model. add (Dense (5, activation = “softmax”))
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[21] train_loss, train_acc = model.evaluate(x_train, y_train, batch_size=batch_size)

test_loss, test_acc = model.evaluate(x_test, v_test, batch_size=batch_size)

print ( Train accuracy:’, train_acc)

print (" Test accuracy:’, test_acc)

26/26 [ ] - 1s 22ms/step — loss: 0.2884 - accuracy: 0.8942
9/9 [ ] — 0s 2bms/step — loss: 0.7857 — accuracy: 0.7549

Train accuracy: 0.8942010998725891
Test accuracy: 0. 7548565864562988

(2) #-Filtersi* 5 16> ¥ 2 2 test accuracy £ 5 76% °
° # # modelling starts using a CNN.

model = Sequential ()
model. add(Conv2D(filters = 16, kernel size = (5,5),padding = ’Same’,activation = relu’, input_shape = (150, 150,3)))
model. add (MaxPooling2D (pool_size=(2, 2)))

model. add(Conv2D(filters = 64, kernel size = (3,3),padding = ’Same’.activation = relu’))
model. add (MaxPooling2D (pool_size=(2,2), strides=(2,2)))

model. add(Conv2D(filters =96, kernel size = (3,3),padding = Same’,activation = relu’))
model. add (MaxPooling2D (pool_size=(2,2), strides=(2,2)))

model. add(Conv2D(filters = 96, kernel size = (3,3),padding = ’Same’,activation = relu’))
model. add (MaxPooling2D (pool_size=(2,2), strides=(2,2)))

model. add(Flatten())
model. add (Dense (512))
model. add(Activation (" relu’))

model. add(Dense (5, activation = “softmax”))

° train_loss, train_acc = model.evaluate(x_train, y_train, batch_size=batch_size)
test loss, test acc = model.evaluate(x test, v test, batch size=batch size)
print ( Train accuracy:’, train acc)
print( Test accuracy:’, test_acc)

26/26 [ ] - 1s 23ms/step — loss: 0.2531 — accuracy: 0.9078
9/9 [ ] - 0s 25ms/step — loss: 0.8014 — accuracy: 0. 7567

Train accuracy: 0.907772958278656
Test accuracy: 0. 7367067742347717

(3) #-Filtersi*% % 32 ¥ P# H test accuracy £ 5 78% e

# # modelling starts using a CNN.

model = Sequential()
model. add(Conv2D(filters = 32, kernel size = (5,5),padding = Same’,activation = relu’, input_shape = (150,150,3))
model. add (MaxPooling2D(pool_size=(2, 2)))

model. add(Conv2D(filters = 64, kernel_size = (3,3),padding = ’Same’,activation = relu’))
model. add (MaxPooling2D(pool_size=(2,2), strides=(2,2)))

model. add(Conv2D(filters =96, kernel size = (3,3),padding = ’Same’,activation = relu’))
model. add (MaxPooling2D(pool_size=(2,2), strides=(2,2)))

model. add(Conv2D(filters = 096, kernel_size = (3,3),padding = 'Same’,activation = relu’))
model. add (MaxPooling2D(pool_size=(2,2), strides=(2,2)))

model. add(Flatten())
model. add(Dense (512))
model. add(Activation(’ relu’))

model. add(Dense (5, activation = “softmax”))

) train_loss, train_acc = model.evaluate(x_train, v_train, batch_size=batch_size)
test_loss, test_acc = model.evaluate(x_test, v_test, batch_size=batch_size)
print( Train accuracy:’, train_acc)
print ( Test accuracy:’, test_acc)

> 26/26 [ ] - 1s 25ms/step — loss: 0.2692 — accuracy: 0.8924
9/9 [ ] - 0s 21ms/step — loss: 0.7017 - accuracy: 0.7798

Train accuracy: 0.8923503756523132
Test accuracy: 0.7798334956169128
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# B Learning Rate %-#c > I & wW|/B~{F 2 Learning Rate 2. test
accuracy °

(1) #-Learning Rate 3k % 0.5% > ¥ P~ H test accuracy £ 5 64% °

° model. compile (optimizer=Adam(1r=0. 005), loss= categorical crossentropy ,metrics=[ accuracy ])

[21] train_loss, train_acc = model.evaluate(x_train, v_train, batch_size=batch_size)
test loss, test acc = model.evaluate(x test, v _test, batch size=batch size)
print(’ Train accuracy:’, train_ acc)

print ( Test accuracy:’, test acc)

26/26 [ ] - 1s 25ms/step — loss: 0.7723 - accuracy: 0.7051
9/9 [ 1 - 0s 3lms/step — loss: 0.9539 — accuracy: 0.6420
Train accuracy: 0.705120325088501

Test accuracy: 0.6419981718063354

(2) #-Learning Rate % % 0.2% > & B~{F H test accuracy . 5 78% °

model. compile (optimizer=Adam(1r=0.002), loss=" categorical_crossentropy ,metrics=[ accuracy ])

train_loss, train_acc = model.evaluate(x_train, v_train, batch_size=batch_size)
test_loss, test_acc = model.evaluate(x_test, y_test, batch_size=batch_size)
print ( Train accuracy:’, train acc)
print (' Test accuracy:’, test_acc)

> 26/26 [ 1s 2oms/step — loss: 0.2692 - accuracy: 0.8924

9/9 [ A - 0s 21ms/step — loss: 0.7017 - accuracy: 0.7798
Train accuracy: 0.8923503756523132

Test accuracy: 0.7798334956169128

(3) #-Learning Rate 3% % 0.05% » # B~{¥ H test accuracy . 5 75% °

° model. compile (optimizer=Adam(1r=0. 0005), loss= categorical_crossentropy ,metrics=[" accuracy 1)

° train_loss, train_acc = model.evaluate(x_train, v_train, batch_size=batch_size)
test_loss, test_acc = model.evaluate(x_test, v _test, batch_size=batch_size)
print ( Train accuracy:’, train acc)

print ( Test accuracy:’, test acc)

> 26/26 [
9/9 [
Train accuracy: 0.8966687321662903
Test accuracy: 0.7530064582824707

- 1s 25ms/step — loss: 0.2774 - accuracy: 0.8967
Os 22ms/step - loss: 0.7834 - accuracy: 0.7530
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At R ERE ST A T

4 ¥ 4> Activation ## * Relu #

test accuracy #% > Filters #4 * 32 # test accuracy # & ° Learning

Rate =+ * 0.2%H test accuracy # 3 ; &&= #Fx* 11} test accuracy # 3

2 S o

Activation Filters Learning Rate
Test Test Test

¥k ¥k ¥k

accuracy accuracy accuracy

Sigmoid 21% 8 5% 0. 5% 64%
Relu 78% 16 76% 0. 2% 78%
Tanh 21% 32 8% 0. 05% 5%
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https://medium. com/@kartikeya. lakhanpal/implementing-cnn-for-image-

classification—-problems-on-google-colab-a70344b5bd10
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