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# filter folders

~ 2
3 -
P = T
A) l —
~—

with GT (Ground Truth) at the end

df = df[df["Labels’].apply(lambda 1: 1[-2:]1 I= *GT')]
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# stratisfied train and test (104%) datasets

¥_train, ¥ _test = train_test_split(df, test_size=0.1,
print (' Shape of Train Data: ', E_train. chape)
print (" Shape of Test Data: ', ¥_test.shape)

#i stratisfied train and wval (208) datasets

¥_train, ¥_val = train_test_split(¥_train, test_size=(.3Z,
print( Shape of Train Data: ', X_train.shape)
print (' Shape of ¥al Data: ', ¥_val.shape)

# ordered count of rows per migue label

¥_train['Labels’]. value_counts(ascending=True)

Shape of Test Data: (900, 2)
Shape of Train Data: (6480, 2)
Shape of Val Data: nlmu 2)
a Bass

Shrimp

ted Sea Bream
Trout

Black Sea Sprat
Hourse Mackerel
Gilt-Head Bream
Striped Red Mullet
Red Mullet T2
Nanme: Labels, dtype: intf4

#-9000 3%
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g

stratify=df [’ Labels’ ]}

}Il ‘l‘

»

P&

stratify=¥_train[ Labels'])
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# mmber of sanples/images per iteration
BATCH_SIZE = 32

# input image size

ING_SIZE = (234, 23d)

# image preprocessing
img_data_gen = ImageDataCenerator (preprocessing_fumction=preprocess_input)

F_train = img_data_gen.flow_from_dataframe (dataframe=§_train,
x_col=’ FilePaths’,
7o Labels”,
target_size=ING_SIZE,
color_mods="rzh’,
class_mode= categorical’,
batch_size=BATCH_SIZE,
seed=42)

Xval = ing data_gen flow_from_dataframe(datafrane=y_val,
=" FilePaths’,
¥_col=" Labels’,
target_size=ING_SIZE,
color_mode="zeb’,

class_mode=' categorical’,
batch_size=BATCH_STZE,
seed=42)

X test = img_data_gen.flow_fron_dataframe (datafrans=i_test,
x_col=" FilePaths’,
¥_col="Labels’,
target_size=ING_SIZE,
color_mode=" rgh’,
class_nmode= categorical’,
batch_size=BATCH_SIZE,
seed=12)

Found 6480 validated inage filenames belonging to 9 rlasses.
Found 1620 validated inage filenames belonging to 9 rlasses.
Found 900 validated inage filenames belonging to 9 classes.

648055 162055 > 90065
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fit, ax = plt.subplotzinrows=Z, ncols=3, figsize=(13,7))

[0.0.0.0.0.1.0.0.0] [1.0.0.0.0.0.0.0.0.]

for 1, a in enumerate(ax.flat):
img, label = ¥ train. next()
a. imshow (img [0], )
a. zet_title(label[0])

plt. tight layout()
plt. show ()

0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
[0.0.0.0.0.0.0.0.11] . [0.0.0. 0.0. 1. 0.0.0] . [0.0.0.0.0.0.0.1.0]
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model = Seguential (3
H =cale imaze= waluas=s= to [ N

model. addi{tf. kexras. layexrs. experimental. preprocessing. Rescaldng (1. S2Z552 2

# 0 1. ConwED lavex

model. add (Conw2ZD (filtex===S2Z, kexrnel size=1(3, 31, paddine=" sam=", imput_shape=({zZz4, z=z4,
model. add lactivation(  x=1w" 11

model. add (MaxFoolins2D (pool_si=ze=1(2, 2), stride==32, paddine="walid’ 1)
# = ConwED laser

model. add (Conw2D (£il ter==54, kernel sime=1(3, 33, padding=" ==am=> 12
model. add (activation(® =1 30

model. add (MaxPooline2D (pool_=si=e=0(2, 21, stride==2, padding=" w=alid® 32
# 3. ConwE=D laser

model. add (Conw2D (£il ter=—125, kexnel sizme=1(3, 33, paddine=" sam=> 22
model. add (activation(® ==l 30

model. add (MaxPoolins2D (pool_si=e=>0(2, 23, stride==2, paddine="walid® 32
# =eale to 01 dimemnsicmal dinpuat for W

model. add(Flatten (3]

#  hidden Fulls commected lasrer
model. add(Dense [(Z55) 1
model. add (activation(® =1 30

#  dmhibit owerfittins
model. add (Dropoat (0. 230

# ottt Faal = commnected 1 a~r=x
model. add (Dense (531
model. add(Activation(’ softm=ax” 312

# compile  model
model. compile (optimizer="adam™ . loss="catesorical_crossentrops . metrics=["accuracs~ 12

eI ]
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¢ * EarlyStopping > # #5257 € 1§ 1

ch = tf.keras.callbacks.EarlyStopping (monitor=" accuracy’, patience=i)

# train model
h=t = model.fit(¥ train, walidation dats=¥ wal, epochs=10, callbacksz=ch)

iiz - :5: J?? :Eég
Epoch =10, Dropout =0.2, Batch size = 32

print(f' Train ALccuracy: fhet.history[Taccuracy™] [-1:1[0] * 100: 2f}%)
print (' ¥al Accuracy: [het.history["val acouracy™] [-1:]1[0] # 100:, 2£}7)
print(f’ Test Acouracy: {res[1] =* 100: 2f}1")

Train Lccuracy: 98,67
Val fLccuracy: 95. 74
ITest boouracy: 96, 44 |

HIE ZEE R 4E96.44%




Accuracy : Training vs. Validation Loss : Training vs. Validation

= Taining Loss
= Validation Loss

= Taining Accuracy
= Validation Accuracy
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epochs=10, Dropout = 0.5, Batch size =32

Epoch 1,10

2037203 [
Epoch 2/10
2037203 [

Epach 3/10
2037203 [

Epoch 4/10

w303 [
Epoch 5/10
W33 [

Epoch 6,10

037203 [

Epoch T/10
2037203 [

Epoch /10

2037203 [
Epoch 9/10
2037203 [

Epach 10/10
2037203 [

3818= 19s/step — lozs: 1. 2670 — acouracy: 0.5454 — wal_loss: 03709 — val_accuracy: 0.8301

120=

115z

114=

114=

113s

113=

112z

113=

112z

590ms /= tep
SAfims /step
B6Zms/step
BA0ms /step
55%ms /step
559ms /= tep
Hfidms /step
555ms /= tep

B81lms/step

loz=

loza:

loas:

loza:

loz=:

loz=:

loza:

lozz:

loza:

HR(R

0.

3302

1331

L1024

L0616

L0757

.0485

L0513

L0461

L0296

ACCUT ACK !

AcCUracy

ACCUT Acy !

ACCUT Acy :

ACCUTAacy .

ACCUT ACK !

AcCUracy

ACCUT ACK !

0.

0.

8806

350
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L9TTR

LATaE

L9843

L9336

. 9350

ACCUT Acy @

L9912

val_loss

val_lozz:
val_loza:
val_lozz:
val_lozz:
val_lozs=:
val_lozz:
val_lozs:

val_lozz:

HR(R

0.

1787

1087

0533

0404

0526

0358

06E3

L0260

0231

wval_acocuracy:
val_acouracy:
val_acouracy:
wval_accuracy:
val_acouracy:
wval_acocuracy:
val_acouracy:
wal _acocuracy:

val_acouracy:

a.

0.

9531

9630

L9833

. 9833

. 9852

. 9883

. 9802

L9320

L9920



Accuracy : Training vs. Validation Loss : Training vs. Validation

—— Taining Loss
~— Validation Loss

—— Taining Accuracy
~ Validation Accuracy

{hzt.histo
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https://zh.wikipedia.org/wiki/%E5%8D%B 7% E7%A7%AFYET%ASYIEYET%
BB%8F%E7/%BD%91%E 7/%BB%9C

https://ithelp.ithome.com.tw/articles/10192028

https://www.kaqgle.com/arminfuchs/a-large-scale-fish-dataset-with-cnn-99-
accuracy/notebook

https://www.kaqggle.com/crowww/a-large-scale-fish-dataset



https://zh.wikipedia.org/wiki/%E5%8D%B7%E7%A7%AF%E7%A5%9E%E7%BB%8F%E7%BD%91%E7%BB%9C
https://ithelp.ithome.com.tw/articles/10192028
https://www.kaggle.com/arminfuchs/a-large-scale-fish-dataset-with-cnn-99-accuracy/notebook
https://www.kaggle.com/crowww/a-large-scale-fish-dataset
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