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LAMPIRAN 
 

Lampiran Source Code 

inception_v4.py  

from tensorflow.keras.layers import Input, concatenate, Dropout, Dense, Flatt

en, Activation 

from tensorflow.keras.layers import MaxPool2D, Conv2D, AveragePooling2D 

from tensorflow.keras.layers import BatchNormalization 

from tensorflow.keras.models import Model 

 

from tensorflow.keras import backend as K 

from tensorflow.keras.utils import get_file 

 

""" 

Implementation of Inception Network v4 [Inception Network v4 Paper](http://ar

xiv.org/pdf/1602.07261v1.pdf) in Keras. 

""" 

 

URL = "https://github.com/titu1994/Inception-

v4/releases/download/v1.2/inception_v4_weights_tf_dim_ordering_tf_kernels.h5" 

 

def conv_block(x, nb_filter, kernel_size, padding='same', strides=(1, 1), use

_bias=False): 

    x = Conv2D(nb_filter, kernel_size, strides=strides, padding=padding, use_

bias=use_bias)(x) 

    x = BatchNormalization()(x) 

    x = Activation('relu')(x) 

    return x 

 

def inception_stem(input): 

 

    # Input Shape is 299 x 299 x 3 (tf) or 3 x 299 x 299 (th) 

    x = conv_block(input, 32, (3, 3), strides=(2, 2), padding='valid') 

    x = conv_block(x, 32, (3, 3), padding='valid') 

    x = conv_block(x, 64, (3, 3)) 

 

    x1 = MaxPool2D((3, 3), strides=(2, 2), padding='valid')(x) 

    x2 = conv_block(x, 96, (3, 3), strides=(2, 2), padding='valid') 

 

    x = concatenate([x1, x2]) 

 

    x1 = conv_block(x, 64, (1, 1)) 
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    x1 = conv_block(x1, 96, (3, 3), padding='valid') 

 

    x2 = conv_block(x, 64, (1, 1)) 

    x2 = conv_block(x2, 64, (1, 7)) 

    x2 = conv_block(x2, 64, (7, 1)) 

    x2 = conv_block(x2, 96, (3, 3), padding='valid') 

 

    x = concatenate([x1, x2]) 

 

    x1 = conv_block(x, 192, (3, 3), strides=(2, 2), padding='valid') 

    x2 = MaxPool2D((3, 3), strides=(2, 2), padding='valid')(x) 

 

    x = concatenate([x1, x2]) 

    return x 

 

def inception_A(input): 

 

    a1 = conv_block(input, 96, (1, 1)) 

 

    a2 = conv_block(input, 64, (1, 1)) 

    a2 = conv_block(a2, 96, (3, 3)) 

 

    a3 = conv_block(input, 64, (1, 1)) 

    a3 = conv_block(a3, 96, (3, 3)) 

    a3 = conv_block(a3, 96, (3, 3)) 

 

    a4 = AveragePooling2D((3, 3), strides=(1, 1), padding='same')(input) 

    a4 = conv_block(a4, 96, (1, 1)) 

 

    m = concatenate([a1, a2, a3, a4]) 

    return m 

 

def inception_B(input): 

    b1 = conv_block(input, 384, (1, 1)) 

 

    b2 = conv_block(input, 192, (1, 1)) 

    b2 = conv_block(b2, 224, (1, 7)) 

    b2 = conv_block(b2, 256, (7, 1)) 

 

    b3 = conv_block(input, 192, (1, 1)) 

    b3 = conv_block(b3, 192, (7, 1)) 

    b3 = conv_block(b3, 224, (1, 7)) 

    b3 = conv_block(b3, 224, (7, 1)) 

    b3 = conv_block(b3, 256, (1, 7)) 
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    b4 = AveragePooling2D((3, 3), strides=(1, 1), padding='same')(input) 

    b4 = conv_block(b4, 128, (1, 1)) 

 

    m = concatenate([b1, b2, b3, b4]) 

    return m 

 

def inception_C(input): 

    c1 = conv_block(input, 256, (1, 1)) 

 

    c2 = conv_block(input, 384, (1, 1)) 

    c2_1 = conv_block(c2, 256, (1, 3)) 

    c2_2 = conv_block(c2, 256, (3, 1)) 

    c2 = concatenate([c2_1, c2_2]) 

 

    c3 = conv_block(input, 384, (1, 1)) 

    c3 = conv_block(c3, 448, (3, 1)) 

    c3 = conv_block(c3, 512, (1, 3)) 

    c3_1 = conv_block(c3, 256, (1, 3)) 

    c3_2 = conv_block(c3, 256, (3, 1)) 

    c3 = concatenate([c3_1, c3_2]) 

 

    c4 = AveragePooling2D((3, 3), strides=(1, 1), padding='same')(input) 

    c4 = conv_block(c4, 256, (1, 1)) 

 

    m = concatenate([c1, c2, c3, c4]) 

    return m 

 

def reduction_A(input): 

    r1 = conv_block(input, 384, (3, 3), strides=(2, 2), padding='valid') 

 

    r2 = conv_block(input, 192, (1, 1)) 

    r2 = conv_block(r2, 224, (3, 3)) 

    r2 = conv_block(r2, 256, (3, 3), strides=(2, 2), padding='valid') 

 

    r3 = MaxPool2D((3, 3), strides=(2, 2), padding='valid')(input) 

 

    m = concatenate([r1, r2, r3]) 

    return m 

 

def reduction_B(input): 

    if K.image_data_format() == "th": 

        channel_axis = 1 
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    else: 

        channel_axis = -1 

 

    r1 = conv_block(input, 192, (1, 1)) 

    r1 = conv_block(r1, 192, (3, 3), strides=(2, 2), padding='valid') 

 

    r2 = conv_block(input, 256, (1, 1)) 

    r2 = conv_block(r2, 256, (1, 7)) 

    r2 = conv_block(r2, 320, (7, 1)) 

    r2 = conv_block(r2, 320, (3, 3), strides=(2, 2), padding='valid') 

 

    r3 = MaxPool2D((3, 3), strides=(2, 2), padding='valid')(input) 

 

    m = concatenate([r1, r2, r3]) 

    return m 

 

def create_inception_v4(nb_classes=1001, load_weights=True): 

    ''' 

    Creates a inception v4 network 

 

    :param nb_classes: number of classes.txt 

    :return: Keras Model with 1 input and 1 output 

    ''' 

 

    init = Input((299, 299, 3)) 

 

    # Input Shape is 299 x 299 x 3 (tf) or 3 x 299 x 299 (th) 

    x = inception_stem(init) 

 

    # 4 x Inception A 

    for i in range(4): 

        x = inception_A(x) 

 

    # Reduction A 

    x = reduction_A(x) 

 

    # 7 x Inception B 

    for i in range(7): 

        x = inception_B(x) 

 

    # Reduction B 

    x = reduction_B(x) 

 

    # 3 x Inception C 

    for i in range(3): 
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        x = inception_C(x) 

 

    # Average Pooling 

    x = AveragePooling2D((8, 8))(x) 

 

    # Dropout 

    x = Dropout(0.2)(x) 

    x = Flatten()(x) 

 

    ## Output 

    out = Dense(units=nb_classes, activation='softmax')(x) 

     

    model = Model(init, out, name='Inception-v4') 

 

    if load_weights: 

        weights = get_file('inception_v4_weights_tf_dim_ordering_tf_kernels.h

5', URL, cache_subdir='models2') 

 

        #model.load_weights(weights) 

        print("Model weights loaded.") 

 

    return model 

 

if __name__ == "__main__": 

    inception_v4 = create_inception_v4(load_weights=True) 

 

 

main.ipynb  

In [1]: 

import tensorflow as tf 

import sys 

import numpy as np 

import pandas as pd  

from matplotlib import pyplot as plt 

import os 

import openpyxl 

from tensorflow.keras.preprocessing import image 

from tensorflow.keras.models import Model 

from tensorflow.keras.layers import Dense, GlobalAveragePooling2D, Dropout, I

nput 

from tensorflow.keras.preprocessing.image import ImageDataGenerator 

from tensorflow.keras.optimizers import RMSprop, SGD, Adam 
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from PIL import Image 

sys.modules['Image'] = Image 

 

from inception_v4 import create_inception_v4 

 

 

In [2]: 

BATCH_SIZE=64 

 

datagen = ImageDataGenerator(rescale = 1./255., 

    #featurewise_center=True, 

    #featurewise_std_normalization=True, 

    rotation_range=20, 

    width_shift_range=0.1, 

    height_shift_range=0.1, 

    shear_range=0.1, 

    zoom_range=0.2, 

    #vertical_flip=True, 

    horizontal_flip=True, 

    #preprocessing_function=preprocess_input, 

validation_split=0.3) 

 

#testgen = ImageDataGenerator(rescale = 1./255., validation_split=0.3) 

 

train_it = datagen.flow_from_directory(directory='flower_photos/', shuffle=Tr

ue, class_mode="categorical", batch_size=BATCH_SIZE, target_size=(299, 299), 

subset='training') 

val_it = datagen.flow_from_directory(directory='flower_photos/', shuffle=True

, class_mode="categorical", batch_size=BATCH_SIZE, target_size=(299, 299), su

bset='validation') 
 

 

Out [2]: 

Found 2917 images belonging to 5 classes. 
Found 1247 images belonging to 5 classes. 

 

In [3]: 

base_model = create_inception_v4() 

base_model.summary() 
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Out [3]: 

Output was trimmed for performance reasons. 
To see the full output set the setting "python.dataScience.textOutputLimit" 
to 0. 
... 

_____________ 

concatenate_23 (Concatenate)    (None, 8, 8, 512)    0           
activation_146[0][0]              
                                                                 
activation_147[0][0]              
_____________________________________________________________________________
_____________________ 
activation_148 (Activation)     (None, 8, 8, 256)    0           
batch_normalization_148[0][0]     
_____________________________________________________________________________
_____________________ 
concatenate_24 (Concatenate)    (None, 8, 8, 1536)   0           
activation_139[0][0]              
                                                                 
concatenate_22[0][0]              
                                                                 
concatenate_23[0][0]              
                                                                 
activation_148[0][0]              
_____________________________________________________________________________
_____________________ 
average_pooling2d_14 (AveragePo (None, 1, 1, 1536)   0           
concatenate_24[0][0]              
_____________________________________________________________________________
_____________________ 
dropout (Dropout)               (None, 1, 1, 1536)   0           
average_pooling2d_14[0][0]        
_____________________________________________________________________________
_____________________ 
flatten (Flatten)               (None, 1536)         0           
dropout[0][0]                     
_____________________________________________________________________________
_____________________ 
dense (Dense)                   (None, 1001)         1538537     
flatten[0][0]                     
=============================================================================
===================== 
Total params: 42,744,521 
Trainable params: 42,681,353 
Non-trainable params: 63,168 
_____________________________________________________________________________
_____________________ 

 

In [4]: 

# Remove top layer 

model = Model(base_model.input, base_model.layers[-2].output) 

model.summary() 
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Out [4]: 

Output was trimmed for performance reasons. To see the full output set the 
setting "python.dataScience.textOutputLimit" to 0. ... 

 
concatenate_23 (Concatenate)    (None, 8, 8, 512)    0           
activation_146[0][0]              
                                                                 
activation_147[0][0]              
_____________________________________________________________________________
_____________________ 
activation_148 (Activation)     (None, 8, 8, 256)    0           
batch_normalization_148[0][0]     
_____________________________________________________________________________
_____________________ 
concatenate_24 (Concatenate)    (None, 8, 8, 1536)   0           
activation_139[0][0]              
                                                                 
concatenate_22[0][0]              
                                                                 
concatenate_23[0][0]              
                                                                 
activation_148[0][0]              
_____________________________________________________________________________
_____________________ 
average_pooling2d_14 (AveragePo (None, 1, 1, 1536)   0           
concatenate_24[0][0]              
_____________________________________________________________________________
_____________________ 
dropout (Dropout)               (None, 1, 1, 1536)   0           
average_pooling2d_14[0][0]        
_____________________________________________________________________________
_____________________ 
flatten (Flatten)               (None, 1536)         0           
dropout[0][0]                     
=============================================================================
===================== 
Total params: 41,205,984 
Trainable params: 41,142,816 
Non-trainable params: 63,168 
_____________________________________________________________________________
_____________________ 

 

In [5]: 

model.load_weights('someweight') 

 

Out [5]: 

<tensorflow.python.training.tracking.util.CheckpointLoadStatus at 
0x2276c53fd48> 

 

In [6]: 

for layer in model.layers: 

    layer.trainable = False 
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In [7]: 

x = model.output 

x = Dense(256, activation='relu')(x) 

x = Dropout(0.5)(x) 

#x = Dense(128, activation='relu')(x) 

#x = Dropout(0.4)(x) 

x = Dense(64, activation='relu')(x) 

x = Dropout(0.2)(x) 

#x = Dropout(0.5)(x) 

predictions = Dense(5, activation='softmax')(x) 

 

model = Model(inputs=model.input, outputs=predictions) 

 

In [8]: 

model.compile(optimizer=Adam(learning_rate=0.001), loss='categorical_crossent

ropy', metrics=['accuracy']) 

 

In [9]: 

checkpoint_path = "checkpoints/cp" 

checkpoint_dir = os.path.dirname(checkpoint_path) 

 

# callback 

cp_callback = tf.keras.callbacks.ModelCheckpoint(filepath=checkpoint_path,   

                                                 save_weights_only=True,     

                                                 save_best_only=True, 

                                                 verbose=1) 

 

In [10]: 

EPOCHS = 10 

# fit model 

history1 = model.fit(train_it, steps_per_epoch=train_it.samples//BATCH_SIZE, 

validation_data=val_it, validation_steps=val_it.samples//BATCH_SIZE, epochs=E

POCHS, callbacks=[cp_callback]) 

 

Out [10]: 

Output was trimmed for performance reasons. To see the full output set the 
setting "python.dataScience.textOutputLimit" to 0. ... 

 
Epoch 5/10 
44/45 [============================>.] - ETA: 1s - loss: 0.5062 - accuracy: 
0.8172 
Epoch 00005: val_loss improved from 0.50099 to 0.45399, saving model to 
checkpoints/cp 
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45/45 [==============================] - 84s 2s/step - loss: 0.5026 - 
accuracy: 0.8181 - val_loss: 0.4540 - val_accuracy: 0.8438 
Epoch 6/10 
44/45 [============================>.] - ETA: 1s - loss: 0.4764 - accuracy: 
0.8269 
Epoch 00006: val_loss did not improve from 0.45399 
45/45 [==============================] - 82s 2s/step - loss: 0.4773 - 
accuracy: 0.8276 - val_loss: 0.4699 - val_accuracy: 0.8207 
Epoch 7/10 
44/45 [============================>.] - ETA: 1s - loss: 0.4680 - accuracy: 
0.8305 
Epoch 00007: val_loss improved from 0.45399 to 0.44528, saving model to 
checkpoints/cp 
45/45 [==============================] - 84s 2s/step - loss: 0.4685 - 
accuracy: 0.8290 - val_loss: 0.4453 - val_accuracy: 0.8322 
Epoch 8/10 
44/45 [============================>.] - ETA: 1s - loss: 0.4411 - accuracy: 
0.8427 
Epoch 00008: val_loss improved from 0.44528 to 0.43607, saving model to 
checkpoints/cp 
45/45 [==============================] - 84s 2s/step - loss: 0.4425 - 
accuracy: 0.8423 - val_loss: 0.4361 - val_accuracy: 0.8388 
Epoch 9/10 
44/45 [============================>.] - ETA: 1s - loss: 0.4375 - accuracy: 
0.8391 
Epoch 00009: val_loss improved from 0.43607 to 0.41541, saving model to 
checkpoints/cp 
45/45 [==============================] - 83s 2s/step - loss: 0.4372 - 
accuracy: 0.8399 - val_loss: 0.4154 - val_accuracy: 0.8495 
Epoch 10/10 
44/45 [============================>.] - ETA: 1s - loss: 0.4426 - accuracy: 
0.8412 
Epoch 00010: val_loss did not improve from 0.41541 
45/45 [==============================] - 81s 2s/step - loss: 0.4445 - 
accuracy: 0.8406 - val_loss: 0.4479 - val_accuracy: 0.8380 

 

In [11]: 

history = pd.read_excel('not_fine_tuning.xlsx') 

history 

 

Out [11]: 

Unnamed: 0  training accuracy   training loss   validation accuracy validation loss 

0        0       0.561668          1.086226         0.783717            0.621401 

1        1       0.729502          0.710563         0.795230            0.538456 

2        2       0.788718          0.584898         0.812500            0.500990 

3        3       0.793273          0.555414         0.817434            0.507207 

4        4       0.818150          0.500701         0.843750            0.453990 

5        5       0.827610          0.475961         0.820724            0.469853 

6        6       0.829012          0.469172         0.832237            0.445283 

7        7       0.842327          0.443061         0.838816            0.436067 

8        8       0.839874          0.437100         0.849507            0.415413 

9        9       0.840575          0.443652         0.837993            0.447904 
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In [12]: 

# accuracy plot 

plt.plot(range(1, EPOCHS+1), history['training accuracy']) 

plt.plot(range(1, EPOCHS+1), history['validation accuracy']) 

 

plt.title('model accuracy (not fine tuning)') 

plt.ylabel('accuracy') 

plt.xlabel('epoch', labelpad=2) 

plt.xticks(np.arange(1, EPOCHS+1)) 

plt.legend(['train', 'val'], loc='upper left') 

plt.grid(True) 

plt.show() 

 

Out [12]: 

 

main.ipynb (7 dari 15 halaman) 

In [13]: 

#loss plot 

plt.plot(range(1, EPOCHS+1), history['training loss']) 

plt.plot(range(1, EPOCHS+1), history['validation loss']) 

plt.title('model loss (not fine tuning)') 

plt.ylabel('loss') 

plt.xlabel('epoch') 

plt.xticks(np.arange(1, EPOCHS+1)) 

plt.legend(['train', 'val'], loc='upper left') 

plt.grid(True) 

plt.show() 
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Out [13]: 

 

In [14]: 

for i, layer in enumerate(model.layers): 

    print(i, layer.name) 

 

main.ipynb (8 dari 15 halaman) 

Out [14]: 

457 conv2d_143 
458 batch_normalization_143 
459 activation_143 
460 conv2d_144 
461 batch_normalization_144 
462 activation_144 
463 conv2d_140 
464 conv2d_145 
465 batch_normalization_140 
466 batch_normalization_145 
467 activation_140 
468 activation_145 
469 conv2d_141 
470 conv2d_142 
471 conv2d_146 
472 conv2d_147 
473 average_pooling2d_13 
474 conv2d_139 
475 batch_normalization_141 
476 batch_normalization_142 
477 batch_normalization_146 
478 batch_normalization_147 
479 conv2d_148 
480 batch_normalization_139 
481 activation_141 
482 activation_142 
483 activation_146 
484 activation_147 
485 batch_normalization_148 
486 activation_139 
487 concatenate_22 
488 concatenate_23 
489 activation_148 
490 concatenate_24 
491 average_pooling2d_14 
492 dropout 
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493 flatten 
494 dense_1 
495 dropout_1 
496 dense_2 
497 dropout_2 
498 dense_3 

 

In [15]: 

# unfreeze layer 457-498 (3 Inception C + Fully Connected Layer) 

for layer in model.layers[:457]: 

   layer.trainable = False 

for layer in model.layers[457:]: 

   layer.trainable = True 

 

In [16]: 

model.compile(optimizer=Adam(learning_rate=0.00147), loss='categorical_crosse

ntropy', metrics=['accuracy']) 

 

In [17]: 

model.summary() 

 

main.ipynb (10 dari 15 halaman) 

Out [17]: 

Output was trimmed for performance reasons. To see the full output set the 
setting "python.dataScience.textOutputLimit" to 0. ... 
 
concatenate_23 (Concatenate)    (None, 8, 8, 512)    0           
activation_146[0][0]              
                                                                 
activation_147[0][0]              
_____________________________________________________________________________
_____________________ 
activation_148 (Activation)     (None, 8, 8, 256)    0           
batch_normalization_148[0][0]     
_____________________________________________________________________________
_____________________ 
concatenate_24 (Concatenate)    (None, 8, 8, 1536)   0           
activation_139[0][0]              
                                                                 
concatenate_22[0][0]              
                                                                 
concatenate_23[0][0]              
                                                                 
activation_148[0][0]              
_____________________________________________________________________________
_____________________ 
average_pooling2d_14 (AveragePo (None, 1, 1, 1536)   0           
concatenate_24[0][0]              
_____________________________________________________________________________
_____________________ 
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dropout (Dropout)               (None, 1, 1, 1536)   0           
average_pooling2d_14[0][0]        
_____________________________________________________________________________
_____________________ 
flatten (Flatten)               (None, 1536)         0           
dropout[0][0]                     
_____________________________________________________________________________
_____________________ 
dense_1 (Dense)                 (None, 256)          393472      
flatten[0][0]                     
_____________________________________________________________________________
_____________________ 
dropout_1 (Dropout)             (None, 256)          0           
dense_1[0][0]                     
_____________________________________________________________________________
_____________________ 
dense_2 (Dense)                 (None, 64)           16448       
dropout_1[0][0]                   
_____________________________________________________________________________
_____________________ 
dropout_2 (Dropout)             (None, 64)           0           
dense_2[0][0]                     
_____________________________________________________________________________
_____________________ 
dense_3 (Dense)                 (None, 5)            325         
dropout_2[0][0]                   
=============================================================================
===================== 
Total params: 41,616,229 
Trainable params: 4,963,333 
Non-trainable params: 36,652,896 
_____________________________________________________________________________ 

 

In [18]: 

model.load_weights('checkpoints/cp') 

 

Out [18]: 

<tensorflow.python.training.tracking.util.CheckpointLoadStatus at 0x1b770bb80

48> 

 

In [19]: 

EPOCHS=20 

# fit model AGAIN 

history2 = model.fit(train_it, steps_per_epoch=train_it.samples//BATCH_SIZE, 

validation_data=val_it, validation_steps=val_it.samples//BATCH_SIZE, epochs=E

POCHS, callbacks=[cp_callback]) 
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Out [19]: 

Output was trimmed for performance reasons. To see the full output set the 
setting "python.dataScience.textOutputLimit" to 0. ... 
 
Epoch 15/20 
44/45 [============================>.] - ETA: 1s - loss: 0.0416 - accuracy: 
0.9867 
Epoch 00015: val_loss did not improve from 0.41541 
45/45 [==============================] - 83s 2s/step - loss: 0.0423 - 
accuracy: 0.9863 - val_loss: 0.5802 - val_accuracy: 0.8816 
Epoch 16/20 
44/45 [============================>.] - ETA: 1s - loss: 0.0411 - accuracy: 
0.9882 
Epoch 00016: val_loss did not improve from 0.41541 
45/45 [==============================] - 83s 2s/step - loss: 0.0412 - 
accuracy: 0.9877 - val_loss: 0.5506 - val_accuracy: 0.8816 
Epoch 17/20 
44/45 [============================>.] - ETA: 1s - loss: 0.0435 - accuracy: 
0.9846 
Epoch 00017: val_loss did not improve from 0.41541 
45/45 [==============================] - 83s 2s/step - loss: 0.0449 - 
accuracy: 0.9846 - val_loss: 0.5991 - val_accuracy: 0.8775 
Epoch 18/20 
44/45 [============================>.] - ETA: 1s - loss: 0.0437 - accuracy: 
0.9853 
Epoch 00018: val_loss did not improve from 0.41541 
45/45 [==============================] - 82s 2s/step - loss: 0.0445 - 
accuracy: 0.9853 - val_loss: 0.6229 - val_accuracy: 0.8676 
Epoch 19/20 
44/45 [============================>.] - ETA: 1s - loss: 0.0368 - accuracy: 
0.9885 
Epoch 00019: val_loss did not improve from 0.41541 
45/45 [==============================] - 81s 2s/step - loss: 0.0361 - 
accuracy: 0.9888 - val_loss: 0.6348 - val_accuracy: 0.8750 
Epoch 20/20 
44/45 [============================>.] - ETA: 1s - loss: 0.0324 - accuracy: 
0.9907 
Epoch 00020: val_loss did not improve from 0.41541 
45/45 [==============================] - 82s 2s/step - loss: 0.0324 - 
accuracy: 0.9905 - val_loss: 0.6703 - val_accuracy: 0.8676 

 

In [20]: 

history2 = pd.read_excel('fine_tuning.xlsx') 

history2 
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Out [20]: 

Unnamed: 0  training accuracy   training loss   validation accuracy validation loss 

0        0      0.816398           0.549879             0.641447        2.323072 

1        1      0.891731           0.320113             0.836349        0.538896 

2        2      0.924317           0.230961             0.847039        0.547969 

3        3      0.942887           0.175494             0.885691        0.471739 

4        4      0.948493           0.162466             0.864309        0.482623 

5        5      0.958304           0.136492             0.871711        0.434055 

6        6      0.958304           0.126732             0.875822        0.461649 

7        7      0.965662           0.100432             0.856908        0.564352 

8        8      0.967414           0.107437             0.879112        0.443001 

9        9      0.976524           0.074279             0.859375        0.567514 

10      10      0.981430           0.060471             0.885691        0.496638 

11      11      0.981430           0.057241             0.855263        0.621717 

12      12      0.977225           0.068291             0.865954        0.603964 

13      13      0.978977           0.066183             0.875000        0.502842 

14      14      0.986335           0.042391             0.881579        0.580151 

15      15      0.987737           0.041421             0.881579        0.550600 

16      16      0.984583           0.045319             0.877467        0.599068 

17      17      0.985284           0.044807             0.867599        0.622883 

18      18      0.988788           0.036025             0.875000        0.634792 

19      19      0.990540           0.032682             0.867599        0.670286 

 

In [21]: 

# accuracy plot 

plt.plot(range(1, EPOCHS+1), history2['training accuracy']) 

plt.plot(range(1, EPOCHS+1), history2['validation accuracy']) 

 

plt.title('model accuracy (fine tuning)') 

plt.ylabel('accuracy') 

plt.xlabel('epoch', labelpad=2) 

plt.xticks(np.arange(1, EPOCHS+1)) 

plt.legend(['train', 'val'], loc='upper left') 

plt.grid(True) 

plt.show() 
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Out [21]: 

 

In [22]: 

#loss plot 

plt.plot(range(1, EPOCHS+1), history2['training loss']) 

plt.plot(range(1, EPOCHS+1), history2['validation loss']) 

plt.title('model loss (fine tuning)') 

plt.ylabel('loss') 

plt.xlabel('epoch') 

plt.xticks(np.arange(1, EPOCHS+1)) 

plt.legend(['train', 'val'], loc='upper left') 

plt.grid(True) 

plt.show() 

 

Out [22]: 

 

In [23]: 

model.save_weights('./checkpoints/finetune') 
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In [24]: 

pd.DataFrame(np.array([history1.history['accuracy'], history1.history['loss']

, history1.history['val_accuracy'], history1.history['val_loss']]).T , column

s=['training accuracy', 'training loss', 'validation accuracy', 'validation l

oss']).to_excel('not_fine_tuning.xlsx') 

 

In [25]: 

pd.DataFrame(np.array([history2.history['accuracy'], history2.history['loss']

, history2.history['val_accuracy'], history2.history['val_loss']]).T , column

s=['training accuracy', 'training loss', 'validation accuracy', 'validation l

oss']).to_excel('fine_tuning.xlsx') 

 

Android  

https://github.com/ainunmardiyach/skripsi 

 


