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1.% f# 538 (Convolutional Neural Network - CNN)
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[1] from google.colab import drive
drive. mount (" fcontent/drive’ )

Mounted at fcontent/drive

[1 # inmport all required libraries for reading, analysing and wisuwalizing  data
import numpy  a2s  np
import matplotlib.pyplot as plt
imponrt seaborn as  sns

from temsorflow dimport keras

import os

import random

import ovd

from tgdm import tgdm

import matplotlib.pyplot a= plt
import PIL

import tensorflow as tf
import numpy  a2s  np

import os

from tensorflow. keras.models import Model, Sequential

from tensorflow.keras.lavers import Dense, Flatten, Dropout

from temsorflow. keras. applications import VGG1E

from tensorflow. keras.applications.vggl import preprocess_input, decode_predictions
from tensorflow. keras.preprocessing. image import ImageDataGenerator

from temsorflow. keras. optimizers import Adam, FEMSprop
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O 1:1-=-10

for img im T:
1. appendilabels[ing]}

ans. countplot (1) ;

8 fusr/local/lib/python3.7/dist-packages/seaborn/_decorators.py:4:

FutureWarning

1000

400

200

dandelion sunflower

© ¢ =v 10 ramdom insges
fir, ax = plt.subplots(s, 2)
)

fig. set_size_inchea(l5,
for i in rangs(3):
for j in
1 =
axli,
az[i,

randen. randint (0, Ten G0
3. taghow (X[1)}
jl.zes_title('Flowar: 7 + labelz[Y[11])

Flower: dandefion

@ 75 10
Flower: sunflower

tulip

Flower: dandelion

1]

8 3 5

I’ S0 75 100
Flower. dandefion




AL ASTIA o RS AR R Y 0 RBY A LT 0255 ) 3

0~1; » 3K 3-427% i one-hotencoding » ™ i+ 214 Fd o fRIE L B P 2 425575 2 [
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[ 1 # normalize the data
¥ o= K/ 255 #EEE, [0-2551FEE -1

reshape the data

¥.reshape (-1, IMG_SIZE, IMG SIZE, 3)

¥.reshape (-1, 1)

keras.utils. to_categorical (Y, 5) #E#{f, one—hot encoding
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=~ #3E 4 CNN

-

CNN #7312 #1384 » K3 epochs 5 8 = ~ 1t B 5 adam » & BA S ag 12 T

] #7

[12] from keras.models import Sequential
from keras. layers import ConviZD, MaxPoolZD, Dropout, Flatten

from keras. layers import Dense



[13] model = Sequentiall
[
Conv2D(filters = 92, kernel_size = (3, 3,
MaxPool2D(pool_size = (2, 2}, strides = (2,
CorvdD (filters = 64, kernel size = (3, 3),
MaxPoollD(pool_size = (2, 2), strides = (2,
Conv2D(filters = 128, kernel_size = (3, 3),
MaxPool2D(pool_size = (2, 2), strides = (2,
Conv2D(filters = 256, kernsl size = (3, 3},
MaxPoolZD(pool_size = (2, 2], strides = (2,
Corv2D (filters = 51Z, kernel_size = (3, 3),
MaxPoolZD(pool_size = (2, 2}, strides = (2,
Flatten(),
Dense (1024, activation = ’‘relu’),
Dropout (0. 5),
Dense(5, activation = softmax’
]
)
[15] model.compilefoptimizer = “adan’, loss
[17] history = model.fit(¥_train, Y_train, epochz = &,
Epoch 1/8
68 [ 1 — 109z ls/=step —
Epoch 2/8
68 [ 1 — 107z la/=step —
Epoch 3/8
T8/ [ 1 — 107s 1s/step —
Epoch 4/8
T8,/ [ ] - 111z lz/step -
Epoch 5/2
76,/ [ ] - 1102 lz/step —
Epaoch 6/8
T8,/ [ ] - 1122 lz/step —
Epoch T/8
76/ [ ] - 1102 lz/step —
Epoch B/8
T6/T8 [ 1 - 110s ls/step -
H

N

= relw’,

padding = ’same’, activation

2,

padding = '=ame’, activation =
2],

padding = 'same’, activation =
210,

padding = 'same’, activation =
2),

padding = 'same’, activation =

2,

= Trelu'),

_ s g )
= categorical crossentropy ,

validation_split = 0.
loss: 1.4510 — accuracy:
loss: 1.2146 — accuracy:
loss: 1.123% - accuracy:
loss: 1.03328 — accuracy:
lozz: 0.9540 — accuracy:
losz: 0.B708 — accuracy:
lozz: 0.8154 — accuracy:
loss: 0, 7352 — acouracy:

3320

4945

5215

9774

G250

LTI

L6912

Ta2T

= g;ﬂ‘ggz N ;p]gﬁ N 55;,;»;—;:7\ ig,;g{j, " OBl

val_lozs:
val_lozs:
wal_loss:
wal_loss:
wal_loss:
wal_loss:
wal_loss:

wal_loss:

—

—

—

=1

=1

=1

=1

=3

3124

. 1697

L0780

L9947

L9455

L8757

8312

L8044

input_shape =
Trelw’ ),
relw’),
Treluw' ),
metrics

(IMG_SIZE,

ING_3IZE,

N,

= [’accuracy’])

val_accuracy:
val_accuracy:
wal_accuracy:
wal_accuracy:
wal_acouracy:
wal_accuracy:
wal_acouracy:

wal_acouracy:

. 3785

. 4760

- 5190

- G000

L6231

G628

G35

L6793



Model accuracy

070

065
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055

Accuracy

050+

045 1

040 +

035

Epoch

[28] # find the accuracy on test =et
test_loss, test_acc = model.evaluate(¥_test, T_test)
print(“hcouracy on test =zet 1z BT %i{tezt_acc * 100) +  HT)

41/41 [ ] — 180z 4=/ztep — losz: 0.8159 — accuracy: 0.8210
Leouracy on test set 1z B2, 098764%
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[25] model.compile(optimizer

[26] hiztory

Epoch
6/ T6
Epoch
6/ T6
Epoch
TE/ T
Epoch
TE/ T
Epoch
TE/ T
Epoch
TE/ T
Epoch
TE/TA
Epoch
TE/ T

nd

N

I~ #3E#_VGG16

= "adan’, loss

= model.fit(¥_train, Y_train,
1/8
[ 1 -
2/8
[ 1 -
3/8
[ ] -
4/8
[ ] -
5/8
[ ] -
8/8
[ ] -
/8
[ ] -
B/8
[ ] -

201 %

= ‘::)’l“;ﬁ ~

Accuracy

100

095

090

085

0.80

075

070

065

_ s : s
S categorical crossentropy ,

epochs =

4695 fz/step
461z fAz/step
407z fAz/step
41z Gz/step
472z fBz/step
408z fAz/step
458z fB=/step

468z Az/step

g,

netrics
validation_split = 0.2}
losz: 0.9684 — accuracy: O
losz: 0.5328 — accuracy: O
lozz: 0.3877 — accuracy: O
lozz: 0, 2090 — accuracy: O
lozz: 10,1870 — accuracy: O
lozz: 10,1180 — accuracy: O
loss: 0.0724 - accuracy: 0
lozz: 0.0838 — accuracy: O

Y

L6279

. 8055

. 8547

L9019

. 9363

L9619

L9735

. 9043

I~ B2 RS LT FST

Model accuracy

['accuracy’ ]}

— wal_loss:
— wal_loss:
— val_losz:
— val_losz:
— val_losz:

— val_losz:

wal_loss:

— val_losz:

L G630

Bt

. 5596

LGTTE

. 7518

. 8933

L3523

L9173

wal_acouracy:
wal_acouracy:
wal_accuracy:
wal_accuracy:
wal_accuracy:
wal_accuracy:
wal_accuracy :

wal_accuracy:

— Train

al

Epoch

&3t epochs & 8 =% ~ iR

=3

=3

=2

=2

2

1

- ®

LTT1S

L7835

LTa01

. T18h

=

=2

=3

=2

e

. 8099

T4

L8132



[29] # find the acouracy on  test set
test_losz, test_acc = model.evaluate (¥_test, T_test)
print(“hccuracy on  test set 1z %ET %itest_acc *  100) + KT

41741 [ ] - 180z 4z/step — loszs: 0.B199 — accuracy: 0.8210
boouracy on test set i1z B2, 028704%

M ES AR Z TR F IR 0 - B CNN B3] 2 o' rr 5 &r VGG16
A2 RE RS 5 82% 7 AP W AR S8R T > VGG16 & CNN ¢
et B REALER

CNN ~ VGGI16 2_ loss B ™4 ™ Bl #7o1 » &3 #3412 loss B+ & ¥ ¥ % A fic
A% 3 overfitting 2 k% > ¥ VGG16 2 overfitting 2 kR { & g o A 732
RERFFEF M - FAFTHRS HAZ SFEGREAR AR R R HE
FHBc ¥ *F R & 0] overfitting 20 KR = 5 3 #573] 2 epochs 2o K #iey 5 8 S AY

¥ 3 &0 F i epochs =t i 3F overfitting 2 kil € T *F o

Model loss

= Train
14 4 val

13 1
12 4

11 1

Loss

10 1

0.9 1

0.8 1

0.7

Epoch



VGGleé -

Loss

Model loss

10

0.3 1

0.6 1

0.4 1

0.2 -

= Train




