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datagen = ImageDataGenerator (
rotation :
width_shift_range
height_shift_range
horizontal flip =
vertical flip =
shear range
)

for meat in range(l):
fnames = [os.path. join(fresh_valid dir, fname) for fname in os.listdir(fresh_valid_dir)]

in fnames:
img_path
load i path, target_size = (240, 240))
img to_a
x. reshape ((1, ) x. shape)

batch in datagen. flow(x, batch_size = 1):
plt. figure (i)
implot = plt. imshow(image.array_to_img(batch[0]))
implot = plt
plt. savefig(
k += 1
+=
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B R F @ Z 8 colab:

from google.colab import drive
drive. mount { fcontent//drive’ )

Mounted at fcontent/drive
EARNE )
# import section for the notebook

import o=

import pathlib

import tensorflow az  tf

import rumpy  as  np

import pandas a=s pd

import ©vd

import seaborn as  sns

import matplotlib. pyplot 2= plt

from tensorflow keras. optimizers dimport EMSprop, SGD, Adam, Adagrad

from sklearn import metrics
from sklearn.model_selection import train test split

# uze notebook’s built in display
Ymatplotlibk  inline
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# create image path

image dir = “/content/drive /MyDrive/meat”
path lizt = o=z listdir(image_dizr)

clasgzes = []

file paths = []

labelz = []

_k?Av\’é)ll:@ﬁg% N ‘5@;»3_;& N 5?']?4’59%1
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# 5plit data imto training, walidation, and test datasets
train_split = .8 # B0% data for training
train dataframe , rem dataframe = train test splitimeat dataframs, train size = train split,

# 5plit remaining 20% evenly between test and wvalidation
test_dataframe, +wal dataframe = +train test split(rem dataframe, train size = .5, shuffle =

shuffle = True,

True,

random_state

random_state

16)

16)
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i# * ImageDataGenerator % g train - validation ~ test e1if 2 & % [0-255]
R %52 [0-1]>class_mode X & categorical~ ] * = -] target size X & (224,224)
shuffle 3% T H_F 4= §* #icdy » batch_size K & 96 -

A2 % % & IR train £ 7 7584 & - validation £ 7 948 4 -~ test & 7 948
A 5 % 1@ classes °

[

batch_size = 96
# Scaling function for an image, scales to O-1
def  szealar(x):

return x/255.0

# Training Generator: Vertical and Horizontal Flips, using scalar function

tgen = tf.keras.preprocessing. image. ImageDataCenerator (preprocessing function=scalar,
horizontal flip = True,
wertical flip = True)
train_gen = tgen.flow from_dataframe(train dataframe, x_col="file paths’, ¥_col="label’,
target_size = (224, 224), class_mode = 'categorical’,
batch_size=hatch_size, subset = 'training’, shuffle = True)

# Validation Generator: Vertical and Horizontal Flips, wusing scalar function

wgen = tf.lkeras.preprocessing. image. ImageDataCenerator (preproceszing function=scalar,
horizontal flip = True,
wvertical_flip = True)
val_gen = wgen.flow from_dataframe(val dataframe, x_col = “file paths’, ¥ ool = 'lakel’,
target_size = (224, 224), class_mode = ’categorical’,
batch_size = batch_size, shuffle = Falze)

# Test Generator: WVertical and Horizontal Flips, wusing scalar function

tzgen = tf.kerasz.preprocessing. image. ImageDataCenerator (preprocessing function=scalar,
horizontal _flip = True,
|ve:rticaliflip = True)

test_gen = tsgen.flow from_dataframe(test_dataframe, =x_col = ’file paths’, y_col = ’label’,

target_size = (224, 224), class_mode = ’rcategorical’,
batch size = batch size, shuffle = Falze)

2-2-6. AEMERE WP 2 AESTHER

# show a sample of the images from the provided generator
def zhow senerated sample(zenerator) :

clazs_dict = generator.class_indices

label dict = {}

# reverse walue and Lkeyz: d.e. from “Fresh':0 to 0: Fresh’
for kev, walue in clasz dict.items():
label_dict[valuel=key

# get a =zample batch of imagesz and labels
imgs, labz = next(generator)

plt. figurelfigeize = (10, 103} # create plot figwe of =ize (10, 10)
length = lenf(labels)
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1. ¥# & Convolution Layer
#-Fa 4] 5 ¥ 4F € o0 Feature Detector(filter) % £ i& &

2. i & Pooling Layer
2 & * Max pooling » Max pooling 74F e _§ BB F T4 5 B
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3. > £ A Fully Connected Layer
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Densenet -7 2 1‘5& :

Layers Output Size DenseNet-121 | DenseNet-169 |  DenseNet-201 |  DenseNet-264
Convolution 112 x 112 7 x 7 conv, stride 2
Pooling 56 x 56 3 x 3 max pool, stride 2
Dense Block 1 % 1 conv 1 x 1 conv [ 1% 1conv ] [ 1 1conv ]|
(1) 56 x 56 3 x 3 conv x 6 3 x 3 conv x6 3 x 3 conv *x6 3 x 3 conv x5
Transition Layer 56 x 56 1 x 1 conv
) 28 x28 2 x 2 average pool, stride 2
Dense Block 1 x 1 conv 1 x 1 conv 1 x 1 conv 1 x 1 conv
28 x 28 12 12 12 12
(2) " 3x3conv |~ 3 x 3 conv " 3x3conv | 3x3conv |
Transition Layer 28 x 28 1 x 1 conv
(2) 14 x 14 2 x 2 average pool, stride 2
Dense Block 1 x 1 conv 1 x 1 conv 1 x 1 conv 1 x 1 conv
3 e 3x3conv | * 2| | 3x3conv | *32 || 3x3cowv | **®| | 3x3conv | *®
Transition Layer 14 x 14 1 x 1 conv
3) Tx7 2 x 2 average pool, stride 2
Dense Block 1 x 1 conv 1 x 1 conv 1% 1conv | [ 1x1conv ]
Tx7 16 32 32 48
“4) ” 3 x 3 conv " 3 x 3 conv 8 3 x 3 conv - 3 x 3 conv -
Classification 1x1 7 = 7 global average pool
Layer 1000D fully-connected, softmax
=
SasE e

Densenet (i 8he 7 S fEH- R ) 4 P 3L ~ So @3 ~ < RS &
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(3) 2 = ¥ 4 & (filter = 64)

(4) =2 K

(5) == £ # k (filter = 64)

(6) =2 i K

(7) & = £ # k (filter = 64)

(8) E=# itk

(9) &7 flatten 2.8 & 1-D *& 7

# Hyperparameters for the Neural Networks

kernel_size = 3
pool_zize = 2
latent dim = 16
filters = 64

layer_filters = [32, @4]
dropout = 0,40

Epochs = 20
img_shape = np.shapeiimgs) [1:4]
claszifier = tf.keras.models. Sequential ()
# First Layer
claszifier. add(tf. keras. layers. ConvZD (filters = filters, kernel_size=kernsl_size,
activation = “tanh’, input_shape = img shape))

claszifier. add(tf.keras. layers. NaxPooling 20 (pool_sizel)
# Second Layer

clazsifier. add (tf. keras. layers. ConviD (filterz = filters, kernel szize = kernel size,
activation = "tanh’))

clazzifier. add (tf. keras. layers. NaxPooling 20 (pool_=zize))

# Jrd Layver

classifier. add (tf. keras. layers. ConviD (filterz = filters, kernel =zize = kernel size,
activation = "tanh’))

claszifier. add(tf.keras. layers. NaxPooling 20 (pool_size))

# dth Layer

claszifier. add(tf.keras. layers. ConvED (filtexrs = filters, Lkernel_size = kernel size,
activation = " tanh’))

claszifier. add(tf.keras. layers. NaxPooling 20 (pool_sizel)

clazsifier. add (tf. keras. layers. Flatten())
classifier. add(tf.keras. layers. Dropout (dropout))

clagsifier. add(tf. keras. layers. Denze (300))
classifier. add (tf. keras. layers. Den=e (2])
claszifier. add(tf.keras. layers. dctivation(’ softmax’))
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pretrained model? = tf.keras. applications. DenseNet201(input_shape={100, 100, 2}, include_top=False, welghts="imagenet’  pooling="avg' )
pretrained model 3. trainable = False

inputs3d = pretrained model3. input

%3 = tf.keras. layers. Dense(128, activation= relu’ ) (pretrained_model3. output)
outputs? = tf.keras. layers.Dense(?, activation=' softmax’ ) (x3)

model = tf.keras. Model (inputs=inputs3, outputs=outputsd)

model. compile(optimizer=" adam’, loss= categorical_crossentropy ,metrics=[ accuracy’ 1)
model. summary ()

M4 # * Densenet 201 % ’f]é‘: & 74 é] 71 Dense Block 2 3 ﬁ] )
Transition Layer » ¥ ] * relu 2 softmax % 3 jgis 0 #c > % Fps A pm A

FER SATE ST -



r ~ SR
4-1. B3 3

12 3-2-1 e CNN $3] > 8 3# A 88 epoch =20 % 'p: PR 5

w1 — Thain_uss — Tan_sccuracy
| Vididatian_loss 1 Wl aton_deoeracy _
I L R
| s
| A\
ne s I| | |r
| ’ llllll
|I
[ [
0o s | |
| |
| oo
| : |
II |
| |I |
[ | |
| |
1
\ al ||
Al |
\ |
II 1!
2 \ |
|
| N |
|
\\'\ 0e |
N - |
o 4
no ik 540 3 wo 5 h L] 17 oo Lo s 100 nL 5.0 T5

d Bl % T UF IR > fepoch=20 P¥ > validation 7 loss {r train <7 loss 7
ET AL 0 FI AT B e FRAR A AL SR > f8K-epoch K 5 20 %
’é)"flﬁ o

12 3-2-2 &1 Densenet 201 2 ﬁé » — $& 12 epoch=20 * 'F:] RS

—— Train_loss 100
03 Validation_loss
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Factor \ Level Level 1 Level 2 Level 3
Dropout 0.2 0.3 0.4
Optimizer Adam SGD Adagrad

Activate function relu Tanh sigmoid

T B = Densenet 201 #-3] #7% g 0%+ % R

Factor \ Level Level 1 Level 2 Level 3

Learning rate 0.001 0.0005 0.0001

Optimizer Adam SGD Adagrad
Activate function relu Tanh sigmoid
4-3. FBHBL B %
FAF LR 3 FF R oK% Fph 9_@&%%@:@&2@&%“&11&
Pio FEs A AR R e PR G Sk S .
4-3-1. CNN #2738 % 4
Dropout | Optimizer Activate train acc | test acc
function
0.2 adam relu 0.9842 0.9789
2 0.2 SGD tanh 0.9565 0.9474
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3 0.2 Adagrad sigmoid 0.498 0.5737
4 0.3 adam relu 0.9835 0.9842
5 0.3 SGD tanh 0.9532 0.9521
6 0.3 Adagrad sigmoid 0.5053 0.4263
7 0.4 adam relu 0.9822 0.9737
8 0.4 SGD tanh 0.9842 0.9737
9 0.4 Adagrad sigmoid 0.5251 0.5737
WE &g s ¥ g Ndcd oA S 0314 Hdcid S dice & 5 Dropout =

0.3 ~ Optimizer = adam ~ Activate function = relu ~ Train accuracy = 0.9835 ~ Test
accuracy = (0.9842 -
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PIREFT S 5 0.9835 ~ BlFE BT 5 09737 > BRI R E S foRA] 4 - R
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Learning . Activate )
Optimizer _ train acc test acc
rate function
1 0.001 Adam relu 0.9894 0.9789
2 0.001 SGD tanh 0.9697 0.9562
3 0.001 Adagrad sigmoid 0.9683 0.9789
4 0.0005 Adam relu 0.9921 0.9895
5 0.0005 SGD tanh 0.9631 0.9579
6 0.0005 Adagrad sigmoid 0.965 0.9526
7 0.0001 Adam relu 0.9835 0.9789
8 0.0001 SGD tanh 0.8391 0.8263
9 0.0001 Adagrad sigmoid 0.6016 0.5474
HE R ADGET A A S WA 40 B Sdkce & L Learning

rate = 0.0005 ~ Optimizer = adam ~ Activate function = relu ~ Train accuracy =
0.9921 ~ Test accuracy = 0.9895
T B A fI* CNN #3485 4 chmodel 4 % %
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