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2. Who: - % %~ FiRw fcASLE i
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4. Where : 5 {i ~ FihwjcH

5. When :@ &7 £ B A w0

6. How : i@ * Python &2 CNN 7 {f2& = iR v JTfE8f yH i3
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dir_path =
img_list =

g

2t

» 2

glob.glob(os.path.join(dir_pat

len(img list)

2008

img_list

VEE LS

'C:/Users/fr318/data_garbage_@1/Garbage classification/Garbage classification’

h, “*/*.jpg"))

I & * Matplotlib

pre

B

B E A2 FHE -

[

lfAafdAdfdadAdanAanAdnanAa

plt.
sns.
sns.

/Users/fr318/data_garbage_01/Garbage
fUsers/fr318/data_garbage 81/Garbage
/Users/fr318/data_garbage_01/Garbage
fUsers/fr318/data_garbage 81/Garbage
/Users/fr318/data_garbage_01/Garbage
fUsers/fr318/data_garbage 81/Garbage
/Users/fr318/data_garbage_01/Garbage
fUsers/fr318/data_garbage 81/Garbage
/Users/fr318/data_garbage_01/Garbage
fUsers/fr318/data_garbage 81/Garbage
/Users/fr318/data_garbage_01/Garbage
fUsers/fr318/data_garbage 81/Garbage
/Users/fr318/data_garbage_01/Garbage
fUsers/fr318/data_garbage 81/Garbage
/Users/fr318/data_garbage_01/Garbage
fUsers/fr318/data_garbage 81/Garbage
/Users/fr318/data_garbage_01/Garbage
fUsers/fr318/data_garbage 81/Garbage
/Users/fr318/data_garbage_01/Garbage

figure(figsize=(18,18))
set_style("darkgrid”)
countplot(x=a)

classification/Garbage
classification/Garbage
classification/Garbage
classification/Garbage
classification/Garbage
classification/Garbage
classification/Garbage
classification/Garbage
classification/Garbage
classification/Garbage
classification/Garbage
classification/Garbage
classification/Garbage
classification/Garbage
classification/Garbage
classification/Garbage
classification/Garbage
classification/Garbage
classification/Garbage

<matplotlib.axes._subplots.AxesSubplot at 6x2@63fled3de>

count

-~ —

ko

import matplotlib.pyplot as plt
import matplotlib.image as mpimg

folder =

for

i in range(5):

for j in range(2):
j4=1
plt.figure(figsize =
folder =
img = mpimg.imread(folder)
imgplot = plt.imshow(img)
plt.show()

(3, 3))

350
300
250
200
150
100
=0
0
0 1 2 3 4

¢ * Matplotlib #-f] *

& python _}

classification\‘\cardboard\\cardboardl.jpg’,
classification\\cardboard\\cardboardie.jpg’,

classification\\cardboard\\cardboardiea.
classification\\cardboard\\cardboardlel.
classification\\cardboard\\cardboardie2.
classification\\cardboard\\cardboardle2.
classification\\cardboard\\cardboardies.
classification\\cardboard\\cardboardles.
classification\\cardboard\\cardboardies.
classification\\cardboard\\cardboardle?.
classification\\cardboard\\cardboardies.
classification\\cardboard\\cardboardled.

jre’s
jeg’,
jre’s
jeg’,
jre’s
jeg’,
jre’s
jeg’,
jre’s
jpg’,

classification\\cardboard\\cardboardil.jpg",

classification\\cardboard\\cardboardile.jpg’,
classification\\cardboard\\cardboard11l.jpg"',
classification\\cardboard\\cardboardi12.jpg",
classification\\cardboard\\cardboard113.jpg",
classification\\cardboard\\cardboardild.jpg’,

)

) LR

B~

os.path.join(str(dir_path+'/ '+labels[i]+'/ " +labels[i]+str(j)+ .ipg"))

0s.1listdir('C:/Users/fr3l8/data_garbage_01/Garbage classification/Garbage classification”)
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#Data Augmentation

ERE AR

Bt w7 s
BTGl TR TR

train=ImageDataGenerator(horizontal_flip=True,
vertical_flip=True,
validation_split=0.1,
rescale=1./255,

test=ImageDataGenarator(

shear_range =
_range =
width_shift_range =

Zoom

.1,
8.1,
8.1,

height_shift_range = @.1,)

validation_split=e.1,

rescale=1/255)

train_generator=train.flow_from_directory(dir path,

target_size=(300,388),
batch_size=32,
class_mode="categorical’,
subset="training")

test_generator=test.flow_from_directory(dir_path,

';]‘_&_“)ll

#J_t’ ’

413 > 2

41 CNN #3141 %

AR IFREY ¢ 9 CNN i3
(Convolutional Layer) % j» it & (Pooling Layer) -

T8 S M4 o 2 FFI* 284 & (Fully Connected Layer) #-2

SN

TG 2

5 1,800 £33
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target_size=(390,300),
batch size=32,
class_mode="categorical’,
subset="validation")
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T —FT NN
=S 64x7x7 _I/%’IA\\\\\_. /A\. 9
28 x 28 L 32x14x14 64 x 14 x 14 .,.I‘A.
32x28x28 O IS

Convolution Convolution 3136 x 128

padding =1, padding = 1, Max pooling

kernel = 3x3, Max pooling kemel = 3x3, Kernel = 2x2,  Fjatten

stride = 1 Kernel = 2x2, e Stride = 2
+ ide =
RalU Stride =2 RelU

4.2 CNN #icq)2& =
MR B AR AT L
* Convolution Layer (# of neuron=32)
* Max-pooling Layer
* Convolution Layer (# of neuron=64)
* Max-pooling Layer
* Convolution Layer (# of neuron=32)
*  Max-pooling
» Flatten
* Dense (# of neuron=64)
*  Dropout=0.2
* Dense (# of neuron=32)
*  Dropout=0.2
*  Output Layer
» Activation function : ReLU, Softmax (in output layer)

* Loss function : :categorical crossentrophy



model .add (Conv2D(32, (3,3), padding='same’,input_shape=(3@8,388,3),activation="relu'))
model. add(MaxP ing2D(pool_size=2))
#model . add(Spati opout20(8.5)) # No accuracy

model.add(Conv2D(64,(3,3), padding="same’,activation="relu’))
model. add(MaxPooling2D(pool_size=2))

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

#Classification Layers

model.add(Flatten())

model. add(Densa(
#model . add(Spati
model . add(Dropout (8.2))

sactivation="relu"))
ut20(8.5))

model.add(Dense(32, activation="relu’))
model.add(Dropout(@.2))

model.add(Dense(5, activation="softmax"}))
filepath="trained_model22.h5"
checkpointl = ModelCheckpoint(filepath, monitor='val_acc', verbose=1, save best_only=True, mode='max')

callbacks_list = [checkpointl]

model . summary ()

Model: “"sequential 1"

Layer (type) Output Shape Param #
conv2d_3 (ConvaD) (None, 388, 308, 32) 896
max_pooling2d_3 (MaxPooling2 (Mone, 158, 158, 32) )
conv2d_4 (ConvaD) (None, 158, 158, 64) 18496
max_pooling2d 4 (MaxPooling2 (Mone, 75, 75, 64) @
conv2d_5 (Conv2D) (None, 75, 75, 32) 18464
max_pooling2d 5 (MaxPooling2 (Mone, 37, 37, 32) )
flatten_1 (Flatten) (None, 43808) )
dense_3 (Dense) (None, 64) 2803776
dropout_2 (Dropout) (None, £4) )
dense_4 (Dense) (None, 32) 2088
dropout_3 (Dropout) (None, 32) @
dense_5 (Dense) (None, 5) 165

Total params: 2,843,877
Trainable params: 2,843,877
Non-trainable params: @

FEE B E Fr R (Test Accuracy) © 76.5%

543D K
A4t bR iR (T AR S e B 0 T 454 optimizer, batch size, dropout rate 1

% % F & #ic2. convolution, max-pooling and dense k & {733 % o

5.1 4% optimizer i& 7} &
# FF optimizer> »F B # 8 7 fe 2. optimizer » adam v adagrad o ¥
MRS K Bk ApEEH < > optimizer # * adam hPE i H0F] & bk o F

MOEFH Sk o T 4 4 optimizer 3R A o

Convolution | Max-pooling | Dense | droupout rate | activation function loss function optimizer| metrics | epochs | batch size | accuracy
3 3 3 02 reln categorical crossentropy | adam | acc | 100 | 32 | 76.50%
3 3 3 02 rehn categorical crossentropy | adagrad | acc | 100 | 32 %%




5.2 4% batch size i 73 &
$& F 4 #F batchsize > & % ' .= & batchsize » 32~ 50 ~ 100 # 14 {7 4w
+ batchsize % 32 epFiE 7 & b4 Fpt (RF H S8k 7o F 4 3 batch

size 3EiE v L o

Comvolution | Max-pooling | Dense | droupout rate | activation function loss function optimizer | mefrics | epochs | batch size| accuracy
4 4 3 02 relu categorical crossentropy| adam | acc | 100 | 32 80%
4 4 3 0.2 relu categorical crossentropy| adam | acc | 100 50 | 73.50%
4 4 3 02 relu categorical crossentropy| adam | acc | 100 | 100 | 77.50%

5.3 i * 7 [ & #2 convolution, max-pooling and dense i& {73} §

DEHA 0k B @ * 7 & Btz convolution, max-pooling and dense &

¥

FAE s d T AV LAy convolution layer 3 4 ~ max-pooling layer 3
4 ~dense 5 3 OPFIFHAAREA > FILFEFTH SR L TR L ARA

Bz vtk oo

Convolution| Max-pooling| Dense | droupout rate | activation function loss function optimizer | metrics| epochs| batch size | accuracy
2 1 3 0.2 rel categorical crossentropy| adam | acc | 100 | 32 1%
3 3 3 0.2 telu categorical crossentropy| adam | ace | 100 | 32 | 76.50%
4 4 3 0.2 relu cafegorical crossentropy| adam | acc | 100 | 32 80%
5 5 3 0.2 rel categorical crossentropy| adam | acc | 100 | 32 73%
5 5 4 0.2 telu categorical_crossentropy| adam | ace | 100 | 32 7%

5.4 4% dropout rate & 73} &
# ¥ 3} dropout rate © & F %' .7 {8 dropout rate > 0.01 ~ 0.1~ 0.2 ~

03~0.5> 7 @5 ¢ dropoutrate % 0.2 ehpFiE {3 £ 43 » FIpt g H

S BK o T & 5 dropout rate 3% 1t ek o

Comvolution | Max-pooling | Dense [droupout rate activation function loss fnction optimizer | mefrics | epochs | batch size| accuracy
4 4 3 0.01 relu categorical crossentropy| adam | ace | 100 2 74%
4 4 3 0.1 relu categorical crossenfropy| adam | acc | 100 32| 7850%
4 4 3 0.2 relu categorical crossenfropy| adam | ace | 100 | 32 80%
4 4 3 0.3 relu cateporical crossentropy| adam | acc | 100 | 32 | 7750%
4 4 3 0.5 relu categorical crossenfropy| adam | ace | 100 32 | 6850%
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