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Lampiran 1. Nilai accuracy dan loss
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1.1 Tabel fixed train split pada dataset cat vs dog

loss | accuracy | val_loss val_accuracy

0 0,66137 | 0,65722 | 0,584772229 | 0,670000017
1 0,52662 | 0,73692 | 0,642776012 | 0,662599981
2 0,48017 | 0,77118 | 0,459575593 | 0,782800019

3 0,44698 | 0,79153 | 0,531146705 | 0,74180001
47 0,22322 | 0,90894 | 0,276646227 | 0,882200003
48 0,21858 | 0,91159 | 0,315599293 | 0,867799997
49 0,21577 | 0,91204 | 0,269466192 | 0,890799999

1.2 Tabel fixed test split pada dataset cat vs dog
loss | accuracy | val_loss val_accuracy
0 0,68168 0,66 | 1,065539837 | 0,553421378
1 0,53032 | 0,73875 | 0,664121091 | 0,654661894
2 0,48853 0,7676 | 0,495774716 | 0,750700295
3 0,46312 | 0,78425 | 0,490249604 | 0,771708667
47 0,22964 0,9062 | 0,323599815 | 0,87134856
48 0,22794 | 0,90745 | 0,599612653 | 0,785314143
49 0,22838 | 0,90785 | 0,274866551 | 0,889155686
1.3 Tabel Stratified split pada dataset cat vs dog

loss | accuracy val_loss val_accuracy

0 0,69388 | 0,63951 | 1,056181908 | 0,66900003
1 0,54568 | 0,72102 | 0,624192119 | 0,683000028

2 0,50576 | 0,75493 | 0,590150654 0,7148

3 0,46817 | 0,78093 | 0,71091795 | 0,653599977

47 0,23006 | 0,90844 | 0,34079507 | 0,86619997
48 0,21844 | 0,91234 | 0,309376925 | 0,868799984
49 0,22091 | 0,90889 | 0,292835236 | 0,880200028
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1.4 Tabel random split pada dataset cat vs dog

loss accuracy val_loss val_accuracy

0 0,70005 | 0,64296 | 0,670125127 | 0,680400014
1 0,53304 | 0,73362 | 0,815359771 | 0,73180002
2 0,49505 | 0,76313 | 0,513954222 | 0,74940002
3 0,5111 | 0,74977 | 0,485611022 | 0,763199985
47 0,24423 | 0,90009 | 0,326115608 | 0,869000018

48 0,23536 | 0,90329 | 0,33070004 | 0,860000014
49 0,24152 | 0,89994 | 0,271350414 | 0,889599979

2.1 Tabel fixed train split pada dataset Painting vs Photograph

loss

accuracy

val_loss

val_accuracy

0,873933434

0,632352948

1,997821331

0,093110502

0,692783058

0,666360319

1,632417321

0,103001364

0,635482252

0,684283078

2,621854544

0,182469308

WIN|F—|[O

0,590648711

0,713235319

3,836266279

0,207708046

0,205103368

0,921415448

0,273673326

0,890518427

48

0,198930085

0,91911763

0,495615304

0,824010909

49

0,18874079

0,921415448

0,336341619

0,870736718

2.2 Tabel fixed test pada dataset Painting vs Photograph

loss

accuracy

val_loss

val_accuracy

0,828881681

0,651621401

1,601964116

0,5

0,571439028

0,745836973

0,890355766

0,525735319

0,525375545

0,762708127

1,253126621

0,641544104

WINF— O

0,483405977

0,788562655

1,061233521

0,586397052

0,177317783

0,926818609

0,862436891

0,680147052

48

0,183942869

0,923312902

0,76217109

0,753676474

49

0,169183403

0,935582817

0,752110422

0,711397052
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2.3 Tabel stratified split pada dataset Painting vs Photograph
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loss accuracy val_loss val_accuracy

0 0,75825 | 0,65835 | 0,589217484 | 0,733855188

1 0,57963 | 0,73054 | 0,686037064 | 0,733855188

2 0,51025 0,7604 | 1,138163567 | 0,733855188

3 0,46019 | 0,78928 | 0,840580344 | 0,736790597

47 10,18203 | 0,93196 | 0,453159899 | 0,824853241
48 0,16709 | 0,93392 | 0,54261601 | 0,813111544
49 0,17108 | 0,93221 | 0,39492777 | 0,858121336

2.4 Tabel random split pada pada dataset Painting vs Photograph

loss accuracy val_loss val_accuracy
0 | 0,738489509 | 0,658100843 | 0,613190174 | 0,752446175
1 | 0,545398653 | 0,757219791 | 0,636588156 | 0,752446175
2 | 0,492432296 | 0,772882998 | 0,562906861 | 0,752446175
3 | 0,447943062 | 0,789035738 | 0,440199018 | 0,793542087
471 0,164655417 | 0,934654891 | 0,466278702 | 0,837573409
48 | 0,183611006 | 0,929760158 | 0,406892568 | 0,851271987
49 1 0,177580148 | 0,929025948 | 0,416088521 | 0,848336577
4.1 Tabel fixed train split pada dataset African Wildlife
loss accuracy val_loss val_accuracy
0 |1,496997833 | 0,439999998 | 1,430609345 | 0,249169439
1 11099972367 | 0,545833349 | 1,488867521 | 0,255813956
2 |0,975638449 | 0,589999974 | 2,758868456 | 0,249169439
3 10,924028397 | 0,615833342 | 2,134821892 | 0,289036542
47 | 0,257100761 | 0,905833304 | 0,734202921 | 0,744186044
48 | 0,265044212 | 0,894999981 | 0,792421997 | 0,734219253
49 | 0,287622184 | 0,891666651 | 0,833153307 | 0,700996697

67



Universitas Hasanuddin

4.2 Tabel fixed test split pada dataset African Wildlife

loss accuracy val_loss val_accuracy
0 1,684277177 | 0,408298761 | 1,990359902 0,25
1 1,161947012 | 0,538589239 | 3,003729343 0,25
2 1,061225533 | 0,598340273 | 3,197986126 0,25
3 0,960762143 | 0,61161828 | 3,156968355 0,25
47 0,275833338 | 0,902074695 | 0,824530959 | 0,719594598
48 0,291755646 | 0,899585068 | 1,039990902 | 0,685810804
49 0,241675943 | 0,913692951 | 0,891602397 | 0,716216207
4.3 Tabel stratified split pada dataset African Wildlife
loss accuracy val_loss val_accuracy
0 1,695767045 | 0,435000002 | 2,050577641 | 0,249169439
1 1,177826285 | 0,549166679 | 2,728016853 | 0,249169439
2 1,109531879 | 0,567499995 | 3,814962387 | 0,249169439
3 1,052703619 | 0,585833311 | 4,946063995 | 0,249169439
47 0,285449177 | 0,892499983 | 0,862028301 | 0,720930219
48 0,259020627 | 0,902499974 | 1,09299612 | 0,697674394
49 0,259025335 | 0,910000026 | 0,686236858 | 0,770764112
4.4 Tabel random split pada dataset African Wildlife
loss accuracy val_loss val_accuracy
0 |1,500582933 | 0,425000012 | 2,443752289 | 0,209302321
1 ]1,146197557 | 0,548333347 | 4,617281437 | 0,209302321
2 |0,999339402 | 0,604166687 | 5,42296505 | 0,209302321
3 10,911415696 0,625 | 6,344032764 | 0,209302321
47 | 0,315860301 | 0,873333335 | 0,687461197 | 0,744186044
48 | 0,270033419 | 0,905833304 | 0,753139555 | 0,737541556
49 |0,299471796 | 0,894166648 | 0,912916005 | 0,707641184
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4.1 Tabel fixed train split pada dataset Garbage Image

loss

accuracy

val_loss

val_accuracy

2,193687677

0,317697585

3,381405592

0,029912326

1,69995451

0,4402062

2,090660334

0,363383174

1,591856956

0,471477658

1,288739562

0,610727191

WIN|F~L|O

1,471355557

0,511683822

1,492215872

0,609902024

0,652878702

0,778178692

0,801365018

0,748736441

48

0,650097013

0,785395205

0,705697119

0,780814826

49

0,65779835

0,784536064

0,677461922

0,785147011

4.2 Tabel fixed test split pada dataset Garbage Image

loss

accuracy

val_loss

val_accuracy

1,688934088

0,479485184

3,306986094

0,230027542

1,231419325

0,610396087

2,0776968

0,32093665

1,100151181

0,650287986

2,008189201

0,455922872

WIN|FP|O

1,036838651

0,666002989

1,219545245

0,584022045

0,546169877

0,821375251

0,773471773

0,741735518

48

0,542220592

0,819597542

1,108047485

0,654958665

49

0,538104653

0,82613951

0,882106066

0,712121189

4.3 Tabel stratified split pada dataset Garbage Image

loss

accuracy

val_loss

val_accuracy

1,792546868

0,448920399

2,160317183

0,400902361

1,303060055

0,58644861

1,114617705

0,660006464

1,157832503

0,630921662

1,080228925

0,65549469

WIN|F—|[O

1,08524704

0,654125035

1,003098965

0,677086711

0,565224111

0,81429261

0,758109212

0,776023209

48

0,544164181

0,822107613

1,125985503

0,663229108

49

0,555044949

0,818079293

0,715137064

0,77086693
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4.4 Tabel random split pada dataset Garbage Image

loss accuracy val_loss val_accuracy

0 1,774552107 | 0,455929756 | 1,763111353 | 0,457943916

1 1,312815189 | 0,576861084 | 1,130032539 | 0,635514021

2 1,152364492 | 0,631807923 | 1,042406082 | 0,670319021

3 1,078507185 | 0,65879792 | 1,004992485 | 0,670641303

47 0,54648304 | 0,825249732 | 0,645776331 | 0,804705143
48 0,535652578 | 0,820979714 | 0,598041058 | 0,805994213
49 0,541912258 | 0,825169206 | 0,720084369 | 0,778601348

094

Lampiran 2. Barplot dari masing-masing dataset
Barplot presicion untuk dataset cat vs dog

Precision of each split of Cat vs Dog dataset

0.932
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Barplot presicion untuk dataset Painting vs photograph

Precision of each split of Painting vs Photograph dataset
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Barplot presicion untuk dataset Garbage Classification

Precision of each split of Garbage Classification dataset
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»  Barplot recall untuk dataset Painting vs Photograph

Recall of each split of Painting vs Photograph dataset
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Barplot recall untuk dataset Garbage Classification

Recall of each split of Garbage Classification dataset
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Barplot f1-score untuk dataset Painting vs photograph

Fl-score of each split of Painting vs Photograph dataset
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Barplot f1-score untuk dataset Garbage Classification

F1-score of each split of Garbage Classification dataset
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Lampiran 3. Source Code

Berikut merupakan Source Code yang digunakan pada pengimplementasian

arsitektur CNN dalam mengklasifikasikan 4 dataset yakni :
Code.ipynb
In[1]:

numpy np
pandas pd
matplotlib.pyplot plt
tensorflow tf
random
os
seaborn sns
pathlib Path
sklearn.model_selection train_test_split
sklearn metrics
tensorflow. keras.layers Dense, Flatten, Input, GlobalA
veragePooling2D, Dropout, Conv2D, BatchNormalization, MaxPooling2D
tensorflow. keras.models Model, Sequential
tensorflow. keras.callbacks EarlyStopping, ModelCheckpo
int
tensorflow.keras.preprocessing.image ImageDataGenerato

r

In[2]:

(tf. )
(tf.config.list_physical devices( ))

In[3]:

seed

np.random.seed(seed)
tf.random.set_seed(seed)
random.seed(seed)

os.environ][ ] (seed)

In[4]:

EPOCHS
BATCH_SIZE
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In[5]:
def (

P dpg):
Returns paths and labels of images in the “dataset path’

If the argument “extension’ isn't passed in, the default '.jpg
is used.

Parameters
dataset path : str
The path to the dataset
extension : str, optional
The extension of the file, this can be with or without the
dot ~.  (default is '.jpg')

extension "."rextension if extension[?] "." else extensio
n
paths - []
labels []
for root, dirs, files in os.walk(dataset path):
if not dirs:
path "/".join(root.split(os.sep))
for in files:
if .endswith(extension):
if os.path.getsize(path: '/’ )
labels path.split('/")[ 1:]
paths [path "/’ ]
else:
(f'{path"/" } is corrupt or empt
)
return paths, labels
def ( , ):

Labels each bar in BarContainer "rects’

If the argument “extension’ isn't passed in, the default '.jpg
is used.

Parameters

rects : BarContainer
BarContainer object to label

n decimals : int, optional
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The number of decimals/precision in the label

for rect in rects:
height - float(rect.get _height())

ax.text(rect.get_x() rect.get_width() 2., height ©.015,
£'{height:.{n_decimals}f}"',

'center', "bottom')
def ( > Ilabell) Itr\ainlJ EERE
False, o)
"""Evenly splits dataframe labels to a fixed number for the mo
de set
Parameters

df : DataFrame
Pandas dataframe with column "label” to split
label : str, optional
The column name of the label in “df° (default is 'label')
mode : 'train' or 'test', optional
The set where the dataframe labels is split evenly (defaul
t is 'train')
train_ratio : float, optional
The ratio of the minority classes to split evenly (default
is 9.8)
return_val : boolean, optional
Whether to return validation set or not (default is False)

If True, the validation set and the test set is split even
ly in ((1-train_ratio)/2)
random_state : int, optional
Random state (default is 9)

Returns
DataFrame, DataFrame
Returns 2 dataframes (train_df, test df) if “return_val® i
s False
DataFrame, DataFrame, DataFrame

Returns 3 dataframes (train_df, val df, test df) if “retur
n_val® is True

it mode "train':
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TRAIN_COUNT (train_ratio = np.min(df[label].value_cou
nts()))

mode :

TEST_COUNT ((

train_ratio) = np.min(df[label].value counts()))

# raise error

fixed_train_split_train - pd.DataFrame()
fixed_train_split_val - pd.DataFrame()
fixed train_split _test - pd.DataFrame()

label name df[label].unique():

samples - df.loc[df[label] label name]

mode :
train - samples.sample(TRAIN_COUNT, rando
m_state)
non_train - samples[ samples.index.isin(train.index)]

non_train samples.sample(TEST_COUNT, ra
ndom_state)

train - samples[ samples.index.isin(non_train.index)]

return_val

val - non_train.sample( s random_s
tate)

test - non_train[ non_train.index.isin(val.index)]

fixed_train_split _val - pd.concat([fixed train_split v
al, vall])

test -~ non_train

fixed_train_split _train - pd.concat([fixed_train_split_tra
in, train])

fixed_train_split test - pd.concat([fixed_train_split_test
, test])

return_val

fixed_train_split_train, fixed_train_split_val, fix

ed_train_split_test

fixed_train_split_train, fixed_train_split_test

(1):
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( )

(1))

In[6]:

dataset_paths

]

dataset_names

[

[

]

NUM_DATASET (dataset_paths)
dfs [1]
In[7]:

split_names

]
NUM_SPLIT (split_names)
In[8]:
i, dataset_path (dataset_paths):
paths, labels - get_paths_and_labels( dataset_pa
th, )
dfs [pd.DataFrame({ :paths, :labels})]
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In[9]:

‘train_ratio

In[10]:

# contains 4(df) x 4(splits) data
train_ df - []
test_df  []

i, df (dfs):

#fixed train split
trainl, testl = fixed split(df, ,
train_ratio, False,

#fixed test split
train2, test2 - fixed_split(df, s
train_ratio, False,

# stratified split
train3, test3 ~ train_test split(df,
df[ 1, seed)

# random split
traing4, test4 - train_test split(df,
seed)

train_df [[trainl, train2, train3, train4]]
test _df [[testl, test2, test3, test4]]

seed)

seed)

train_ratio,

train_ratio,

In[11]:

img_size
target_size - (img_size, img_size)
input_shape - (img_size, img_size, 3)

gen ImageDataGenerator(

)

In[12]:

train_data []
test_data []

train_df_, test_df_ (train_df, test_df):
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train_data_ - []
test_data_ - []

train, test (train_df_, test_df ):
trainl - gen.flow_from_dataframe(train, s
, target_size, seed, True)

testl - gen.flow_from _dataframe(test, R
) target_size, seed, False)
train_data_ [traini]
test_data_ [testl]

train_data [train_data_]

test_data [test _data ]

In[13]:
def ( s (Z2a,200,0)):
inputs - Input( input_shape)
X - Conv2D(16, 2, s )(input
s)
x -~ BatchNormalization( ) (x)
X — MaxPooling2D(>)(x)
x - Dropout( )(x)
x - Conv2D(>2, 2, s )(x)
X - BatchNormalization( ) (x)
X = MaxPooling2D(”)(x)
x — Dropout( ) (x)
x ~ Conv2D(:7, -, s ) (x)
x - BatchNormalization( ) (x)
X - MaxPooling2D(”)(x)
X - Dropout( ) (x)

# Fully Connected
#x = GlobalAveragePooling2D()(x)

x — Flatten()(x)

x - Dense(>2, ) (x)

x - BatchNormalization()(x)

X - Dropout( ) (x)

output - Dense(num_classes, )(x)
model - Model( inputs, output)
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model.compile(

P [ 1)
model
In[14]:
models []
checkpoints []
i (NUM_DATASET) :
num_classes (dfs[i][ ].unique())

models - []
checkpoints_

J
checkpoint

model - bu
nput_shape)

[]

(NUM_SPLIT):
ModelCheckpoint( i
; )

ild_model( num_classes,

models [model]
checkpoints_ [checkpoint]
models [models ]
checkpoints [checkpoints ]
In[15]:
i (NUM_DATASET) :
(models[i][1].summary())
In[16]:
histories []
i (NUM_DATASET) :
histories_ - []
j (NUM_SPLIT):
i [9,7,7] J
history - models[i][j].fit(train_data[i]l[j],

test_data[i][j]
checkpoints[i][j
histories_

, EPOCHS,
1)

BATCH_SIZE,

[history]
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# create dir if not exists

dir_name i dataset_names[i]

Path(dir_name).mkdir( , )

pd.DataFrame(history.history).to _excel(f'{dir_name}{j
split _names[j] )

histories [histories ]

visualization.ipynb

import library
In[1]:

numpy np
pandas pd
matplotlib.pyplot plt
tensorflow tf
random
0s
seaborn sns
pathlib Path
sklearn.model selection train_test split
sklearn metrics
tensorflow. keras.layers Dense, Flatten, Input, GlobalA
veragePooling2D, Dropout, Conv2D, BatchNormalization, MaxPooling2D
tensorflow. keras.models Model, Sequential
tensorflow.keras.callbacks EarlyStopping, ModelCheckpo
int
tensorflow.keras.preprocessing.image ImageDataGenerato

menampilkan device yang digunakan
In[2]:

(tf. )
(tf.config.list physical devices( ))

Menginisialisasi nilai acak untuk prediksi
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In[3]:

seed

np.random.seed(seed)
tf.random.set_seed(seed)
random.seed(seed)

os.environ[ ] (seed)

Menentukan epoch dan batch size yang digunakan
In[4]:

EPOCHS
BATCH_SIZE

Fungsi untuk melatih model yang digunakan

In[5]:
( > )
extension extension extension[©] extensio
n
paths []
labels []
root, dirs, files os.walk(dataset_path):
dirs:
path .join(root.split(os.sep))
files:
.endswith(extension):
os.path.getsize(path )
labels path.split( Yo1:]
paths [path ]
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(f'{path:"/" } is corrupt or empt
V)
return paths, labels

def ( , 3, 0.015):

"""Labels each bar in BarContainer "rects’

If the argument “extension’ isn't passed in, the default '.jpg
' is used.

Parameters
rects : BarContainer
BarContainer object to label
n_decimals : int, optional
The number of decimals/precision in the label
for i, rect in (rects):
height - float(rect.get _height())
ax.text(rect.get_x() rect.get_width() 2., height label_h
eight, f'{height:.{n_decimals}f}",

'center', "bottom")
def () 'label’, "train’, P
False, 0):
"""Evenly splits dataframe labels to a fixed number for the mo
de set
Parameters

df : DataFrame
Pandas dataframe with column "“label™ to split
label : str, optional
The column name of the label in “df° (default is 'label')
mode : 'train' or 'test', optional
The set where the dataframe labels is split evenly (defaul
t is 'train')
train_ratio : float, optional
The ratio of the minority classes to split evenly (default
is 0.8)
return_val : boolean, optional
Whether to return validation set or not (default is False)

If True, the validation set and the test set is split even
ly in ((1-train_ratio)/2)
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mode :
TRAIN_COUNT (train_ratio = np.min(df[label].value_cou
nts()))
mode :
TEST_COUNT ((

train_ratio) = np.min(df[label].value_counts()))

# raise error

fixed_train_split_train - pd.DataFrame()
fixed_train_split val - pd.DataFrame()
fixed_train_split_test - pd.DataFrame()

label_name df[label].unique():

samples - df.loc[df[label] label name]

mode :
train samples.sample(TRAIN_ COUNT, rando
m_state)
non_train - samples[ samples.index.isin(train.index)]

non_train - samples.sample(TEST_COUNT, ra
ndom_state)

train - samples[ samples.index.isin(non_train.index)]

return_val

val - non_train.sample( s random_s
tate)

test - non_train[ non_train.index.isin(val.index)]

fixed_train_split_val - pd.concat([fixed_train_split_v
al, val])

test  non_train
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fixed train_split train - pd.concat([fixed train_split tra
in, train])
fixed_train_split test - pd.concat([fixed_train_split_test
, test])
return_val
fixed_train_split_train, fixed_train_split_val, fix
ed_train_split test

fixed_train_split_train, fixed_train_split_test

(1)

(map(list, (1))

(s ):
{x: d[x]

X
Q.
X

keys}

In[6]:

dataset paths [

]

dataset_names [

]
NUM_DATASET (dataset_paths)
dfs ~ []
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Universitas Hasanuddin

split_names [

]

J

metric_names no_acc

J

NUM_SPLIT (split_names)

metric_names_with acc [

[

]
In[8]:

i, dataset path (dataset _paths):

paths, labels - get paths_and labels( dataset pa
th, )

dfs [pd.DataFrame({ :paths, :labels})]

Menentukan rasio train yang digunakan

In[9]:

\train_ratio
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In[10]:

# contains 4(df) x 4(splits) data
train_df  []
test df []

i, df (dfs):

#fixed train split
trainl, testl - fixed_ split(df, R R
train_ratio, False, seed)

#fixed test split
train2, test2 - fixed_split(df, , ,
train_ratio, False, seed)

# stratified split
train3, test3 - train_test_split(df, train_ratio,

df[ 1, seed)

# random split

train4, test4 - train_test_split(df, train_ratio,
seed)
train_df [[trainl, train2, train3, train4]]

test df [[testl, test2, test3, test4]]

Load Data

In[11]:

img_size
target_size - (img_size, img_size)
input_shape - (img_size, img _size, 2)

gen ImageDataGenerator(

)

In[12]:

train_data = []
test_data [1]

train df , test df (train df, test df):
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train_data_ - []

test_data_ - []
train, test (train_df_, test_df ):
trainl - gen.flow _from_dataframe(train, s

, target_size, seed, )

testl - gen.flow_from_dataframe(test, ,
R target_size, seed, )
train_data_ [traini]
test_data_ [testl]

train_data [train_data_]

test data [test data ]

In[13]:
dfs_count []
i (NUM_DATASET) :
class _names - np.unique(dfs[i][ 1
num_classes (class_names)
dfl - pd.DataFrame( [ s ] class_name
s.tolist() [ D
num_list _all - np.unique(dfs[i][ 1, )
].tolist()
dfl.loc[?] [ , ] num_list all [np.sum(num_list
all)]
j (NUM_SPLIT):
num_list train - np.unique(train_df[i][j][ 1,
Y[1].tolist()
num_list test - np.unique(test df[i][j]I[ 1,
)[1].tolist()
dfl.loc[(3) ] [split_names[]j], ] num_list_t
rain [np.sum(num_list train)]
dfl.loc[(3) 1 [split_names[j], 1+ num_1list test
[np.sum(num_list test)]
dfs_count [df1]
dfl.to_excel( i dataset _names[i] dataset nam
es[i] )
In[14]:
| ( , (220,200, )): |
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inputs - Input( input _shape)
X - Conv2D(16, 2, , )(input
s)
x — BatchNormalization( ) (x)
MaxPooling2D( ) (x)
Dropout ( ) (x)
x - Conv2D(>2, 2, s ) (x)
X - BatchNormalization( )(x)
X - MaxPooling2D(”)(x)
X — Dropout( ) (%)
x — Conv2D(:>2, 3, , )(x)
x - BatchNormalization( ) (x)
X - MaxPooling2D(”)(x)
X -~ Dropout( ) (x)
# Fully Connected
#x = GlobalAveragePooling2D()(x)
x - Flatten()(x)
x - Dense(:2, )(x)
x - BatchNormalization()(x)
X -~ Dropout( ) (x)
output - Dense(num_classes, ) (x)
model - Model( inputs, output)
model.compile( ,
, [ D
model
Load model
In[15]:
models []
i (NUM_DATASET):
num_classes (dfs[i][ 1.unique())

models - []

93



Universitas Hasanuddin

j (NUM_SPLIT):

model - build_model( num_classes, 1
nput_shape)

model.load weights( i Jj )

models [model]
models [models ]

Predictions

In[16]:

predictions [1]
i (NUM_DATASET) :
predictions_ - []

j (NUM_SPLIT):
y_pred_proba - models[i][j].predict(test_data[i][]j])
y pred - np.argmax(y_pred_proba, )

predictions_ [y_pred]
predictions [predictions ]

In[17]:

accuracy []
precision [1]
recall []
fscore []
i (NUM_DATASET) :
accuracy_ - []
precision_ - []
recall - []
fscore_ - []
j (NUM_SPLIT):
accuracy _ — metrics.accuracy_score(test _data[i][j].classe
s, predictions[i][j])
precision_, recall , fscore_, ~ metrics.precision_rec
all fscore_support(test_data[i][j].classes, predictions[i][j])

accuracy_ [accuracy__]
precision_ [precision__]

94



Universitas Hasanuddin

recall [recall ]
fscore_ [fscore__]
accuracy [accuracy_]
precision [precision_]
recall [recall_]
fscore [fscore ]
Visualization

In[18]:

acc_transposed - transpose_list(accuracy)
pre_transposed [1

rec_transposed []

fscore_transposed []

i (NUM_SPLIT):
pre_transposed [[np.average(x) X transpose_list(prec
ision)[i]]]
rec_transposed [[np.average(x) X transpose_list(reca
1D)[i11]
fscore_transposed [ [np.average(x) X transpose_list(fsc
ore)[i]]]
In[19]:
i (NUM_DATASET) :

losses []
accs []

fig, ax - plt.subplots( (12,2))

ax
ax

ax
ax
ax
ax

j (NUM_SPLIT):

dir_name i dataset_names[i]

p pd.read_excel(f'{dir_name}{j split _names[j]
) )
losses [p[ 1]

accs  [p[ 1

.plot(transpose_list(accs), [ D
.set_title( dataset_names[i]

.grid()
.legend(split_names)
.set_xlabel( )
.set_ylabel( )
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fig, ax - plt.subplots( (12,2))
ax.plot(transpose_list(losses))
ax.set_title( dataset_names[i] )
ax.grid()
ax.legend(split_names)
ax.set_xlabel( )
ax.set_ylabel( )

In[20]:

total bars - NUM SPLIT

total_x (metric_names_with_acc)

width

X - np.arange(total x)

i (NUM_DATASET) :
fig, ax - plt.subplots( (14,10))
total_bars : # even

offset width (total_bars )

offset width (total_bars )

j (NUM_SPLIT):

rects - ax.bar(x offset, [accuracy[i][j], np.average(preci
sion[i][j]), np.average(recall[i][j]), np.average(fscore[i][j])],

width, split_names[j])
offset width
autolabel(rects)
ax.set_title( dataset_names[i]}")

ax.set_xticks(x)

ax.set xticklabels(metric_names_with acc);
ax.set xlabel( )

ax.set_ylabel( )

ax.legend( )

In[21]:

metrics_averaged - transpose_list([np.average(acc_transposed,

)s

np.average(pre_transposed, ),
np.average(rec_transposed, ),
np.average(fscore_transposed, )1)
In[22]:

| total bars  NUM_SPLIT |
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total x (metric_names_with_acc)
width

X - np.arange(total x)

i (NUM_DATASET):

min_value

max_value

fig, ax ~ plt.subplots( (14,19))
total_bars : # even

offset width (total_bars )

offset width (total_bars )
j (NUM_SPLIT):
np.min([accuracy[i][j],np.average(precision[i][j]),n
p.average(recall[i][j]),np.average(fscore[i][j])])
np.max([accuracy[i][j],np.average(precision[i][j]),n
p.average(recall[i][j]),np.average(fscore[i][j])])
min_value:
min_value
max_value:
max_value
rects - ax.bar(x offset, [accuracy[i][j], np.average(preci
sion[i][j]), np.average(recall[i][j]), np.average(fscore[i][j])],

width, split_names[j])
offset width
autolabel(rects, ( ) 200)
ax.set_title( dataset_names[i]} ')

ax.set xticks(x)
ax.set xticklabels(metric_names with _acc);

ax.set_xlabel( )
ax.set_ylabel( )
ax.set_ylim(min_value (max_value
min_value) .,max_value (max_value min_value) J)
ax.legend( )
In[24]:

metrics_averaged - transpose list([np.average(acc_transposed,

)s

np.average(pre_transposed, ),
np.average(rec_transposed, ),
np.average(fscore_transposed, 1)
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In[25]:

total_bars -~ NUM_SPLIT

total x (metric_names_with_acc)

width

fig, ax ~ plt.subplots( (14,10))
total bars : # even

offset width (total bars )

offset width (total bars )

X - np.arange(total_x)
min_value
max_value

i (NUM_SPLIT):

np.min(metrics_averaged[i])
np.max(metrics_averaged[i])
min_value:
min_value
max_value:
max_value
rects - ax.bar(x offset, metrics_averaged[i], width, spl
it_names[i])
offset width
autolabel(rects, ( ) 2)

np.min(metrics_averaged[i])
np.max(metrics_averaged[i])
ax.set_title(
)
ax.set_xticks(x)
ax.set xticklabels(metric_names with acc);

ax.legend( )
ax.set_ylim(min_value (max_value
min_value) .,max_value (max_value min_value) J)
ax.set_xlabel( )
ax.set_ylabel( )
In[26]:
exclude [ s s ]
i (NUM_DATASET):
total_bars
total x (np.unique(dfs[i][ 1)
width
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fig, ax -~ plt.subplots( (14,19))

total_bars : # even
offset width (total_bars )

offset width (total _bars )

X_axis - np.arange(total x)
min_value
max_value
j (NUM_SPLIT):
res - metrics.classification_report(test_data[i][j].classe
s, predictions[i][j], np.unique(dfs[i][ D>,
True)
res - {x: res[x] X res x not in exclude}

#print([res[cls]['precision'] for cls in res])
#ax.bar(j,[res[cls][ 'precision'] for cls in res])
np.min([res[cls][ ] cls res])
np.max([res[cls][ ] cls res])
min_value:
min_value
max_value:
max_value
rects - ax.bar(x_axis offset, [res[cls]| ] C
1s res], width, split_names[j])

autolabel(rects, ( ) )

offset width
ax.set_title(f {dataset_names[i]}

)
ax.set_xticks(x_axis)
ax.set_xticklabels(np.unique(dfs[i][ 1))
ax.legend( )
ax.set_ylim(min_value (max_value

min_value) .,max_value (max_value min_value) J)

ax.set_xlabel( )
ax.set_ylabel( )

In[27]:

exclude [ s s ]
i (NUM_DATASET):
total bars
total x (np.unique(dfs[i][ 1)
width
fig, ax - plt.subplots( (14,12))
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S,

min

_value) .,max_value (max_value min_value) J)

total bars : # even
offset width (total_bars )

offset width (total_bars )
X_axis - np.arange(total x)
min_value
max_value

3 (NUM_SPLIT):

res - metrics.classification_report(test_data[i][j].classe

predictions[i][j], np.unique(dfs[i][ DR
True)
res - {x: res[x] X res x not in exclude}
#print([res[cls]['precision’'] for cls in res])
#ax.bar(j,[res[cls][ 'precision'] for cls in res])

np.min([res[cls][ ] cls res])
np.max([res[cls][ ] cls res])
min_value:
min_value
max_value:
max_value

rects - ax.bar(x_axis offset, [res[cls]| ] cls

res], width, split_names[j])
autolabel(rects, ( ) )
offset width

ax.set_title(f {dataset_names[i]}

)

ax.set_xticks(x_axis)

ax.set_xticklabels(np.unique(dfs[i][ D)

ax.legend( )

ax.set_ylim(min_value (max_value

ax.set_xlabel( )
ax.set _ylabel( )

In[27]:

exc

lude [ s s ]
i (NUM_DATASET):

total bars

total x (np.unique(dfs[i][ 1)
width

fig, ax - plt.subplots( (14,12))

total_bars : # even
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offset width (total bars 2)

offset width (total_bars )

X_axis - np.arange(total x)
min_value
max_value
j (NUM_SPLIT):
res - metrics.classification_report(test_data[i][j].classe
s, predictions[i][j], np.unique(dfs[i][ DR
True)
res - {x: res[x] X res x not in exclude}

#print([res[cls]['precision’'] for cls in res])
#ax.bar(j,[res[cls][ 'precision'] for cls in res])
np.min([res[cls][ ] cls res])
np.max([res[cls][ ] cls res])
min_value:
min_value
max_value:
max_value
rects - ax.bar(x_axis offset, [res[cls][
] cls res], width, split_names[j])
autolabel(rects, ( ) )
offset width
ax.set_title(f

{dataset_names[i]} )
ax.set_xticks(x_axis)
ax.set_xticklabels(np.unique(dfs[i][ 1)
ax.legend( )
ax.set_ylim(min_value (max_value

min_value) .,max_value (max_value min_value) 2)
ax.set_xlabel( )
ax.set_ylabel( )
In[28]:
my_dict -~ {}
orig labels - np.arange( (np.unique(dfs[i]] D))
to_labels - np.unique(dfs[i][ 1, False)
a,b (orig_labels, to_labels):
my dict[a] b
In[29]:
i (NUM_DATASET):
my dict ~ {}
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orig labels - np.arange( (np.unique(dfs[i][ DN
to_labels - np.unique(dfs[i][ 1, False)
a,b (orig_labels, to_labels):
my dict[a] b
j (NUM_SPLIT):

#np.vectorize(my dict.get)(test _data[i][j].classes)

#np.array(map(f, x))

tru_label - np.vectorize(my_dict.get)(test_data[i][j].clas
ses)

pred_label - np.vectorize(my_dict.get)(predictions[i][j])

unique_label - np.unique(tru_label)

cm - metrics.confusion_matrix(tru_label, pred_label,
np.unique(tru_label))

fig, ax ~ plt.subplots( (2,2))
sns.heatmap(cm, True, s ax);
# labels, title and ticks
ax.set_xlabel( )s;ax.set_ylabel(
)
ax.set_title( );
ax.xaxis.set ticklabels(unique_ label);
ax.yaxis.set_ticklabels(unique_label);
df_cm - pd.DataFrame(cm, unique_label, unique_
label)
df_cm.index - pd.MultiIndex.from_arrays([[ ]

(unique_label), (df_cm.index)])
df_cm.columns - pd.MultiIndex.from_arrays([[
] (unique_label), (df_cm.columns)])
#df cm.to_excel('aaaa.xlsx')

df cm.to_excel(f {i 1} ({dataset_names[i]})/{]j '}
{split_names[j]} )

In[29]:

i (NUM_DATASET):

class_names - np.unique(dfs[i][ D

pd.DataFrame(precision[i], split_names, class_na
mes).T.to_excel(f {i+1} ({dataset_names[i]})/{dataset_name
s[i]} )

pd.DataFrame(recall[i], split_names, class_names
).T.to_excel(f {i1} ({dataset_names[i]})/{dataset_names[i
1} )

pd.DataFrame(fscore[i], split_names, class_names
).T.to_excel(f {i+1} ({dataset_names[i]})/{dataset_names[i
1} )
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