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LAMPIRAN 

 

Source Code 

Berikut Source Code yang digunakan pada implementasi arsitektur Inception 

ResNet-V2 dalam mendiagnosis penyakit parkinson. 

In [1]: 

 

In [2]: 

 

In [3]: 

 

Out [3]: 

 

In [4]: 

import numpy as np 

import tensorflow as tf 

import pandas as pd 

import random 

import matplotlib.pyplot as plt 

import seaborn as sns 

 

from tensorflow.keras.layers import Dense, Flatten, Input, GlobalAveragePooling2D, 

Dropout 

from tensorflow.keras.models import Model 

from tensorflow.keras.preprocessing.image import ImageDataGenerator 

from tensorflow.keras.applications.inception_resnet_v2 import InceptionResNetV2 

from tensorflow.keras.applications.inception_resnet_v2 import preprocess_input 

 

from tensorflow.keras.callbacks import EarlyStopping, ModelCheckpoint 

 

from sklearn.metrics import confusion_matrix, classification_report, 

precision_recall_fscore_support, accuracy_score, roc_curve, auc 

from tflite_support.metadata_writers import image_classifier 

from tflite_support.metadata_writers import writer_utils 

from tflite_support import metadata 

print(tf.__version__) 

print(tf.config.list_physical_devices('GPU')) 

 

2.6.0 

[PhysicalDevice(name='/physical_device:GPU:0', device_type='GPU')] 
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In [5]: 

 

In [5]: 

 

In [6]: 

 

Out [6]: 

 

In [7]: 

seed = 101 

np.random.seed(seed) 

tf.random.set_seed(seed) 

random.seed(seed) 

os.environ['PYTHONHASHSEED'] = str(seed) 

orig_path = 'D:\parkinson' 

 

paths = [] 

labels = [] 

shapes = [] 

split = [] 

 

for root, dirs, files in os.walk(orig_path): 

    path = root.split(os.sep) 

    for file in files: 

        current_path = '/'.join(path)+'/'+file 

        paths += [current_path] 

        labels += [current_path.split('/')[-2]] 

        split += [current_path.split('/')[-3]] 

        shapes += [current_path.split('/')[-4]] 

list_combined = map(list, zip(*[paths, shapes, labels, split])) 

df = pd.DataFrame(list_combined,columns=['path', 'shape', 'label', 'split']) 

df 

path shape label split 
0 parkinson/spiral/testing/healthy/V01HE01.png spiral healthy testing 

1 parkinson/spiral/testing/healthy/V02HE01.png spiral healthy testing 

2 parkinson/spiral/testing/healthy/V03HE1.png spiral healthy testing 

3 parkinson/spiral/testing/healthy/V04HE01.png spiral healthy testing 

4 parkinson/spiral/testing/healthy/V05HE01.png spiral healthy testing 

... ... ... ... ... 

199 parkinson/wave/training/parkinson/V13PO03.png wave parkinson training 

200 parkinson/wave/training/parkinson/V14PO02.png wave parkinson training 

201 parkinson/wave/training/parkinson/V15PO01.png wave parkinson training 

202 parkinson/wave/training/parkinson/V15PO02.png wave parkinson training 

203 parkinson/wave/training/parkinson/V15PO03.png wave parkinson training 

204 rows × 4 columns 
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In [8]: 

 

Out [8]: 

 

 

 

 

 

In [9]: 

 

Out [9]: 

 

In [10]: 

 

df_train = df[df['split']=='training'].drop(columns='split').sample(frac=1, 

random_state=seed).reset_index(drop=True) 

df_test = df[df['split']=='testing'].drop(columns='split').sample(frac=1, 

random_state=seed).reset_index(drop=True) 

df_train.head() 

df_test.head() 

path shape label 

0 parkinson/wave/testing/parkinson/V01PO01.png wave parkinson 

1 parkinson/wave/testing/parkinson/V11PO01.png wave parkinson 

2 parkinson/wave/testing/parkinson/V08PO01.png wave parkinson 

3 parkinson/spiral/testing/parkinson/V02PE01.png spiral parkinson 

4 parkinson/spiral/testing/parkinson/V10PE03.png spiral parkinson 

IMG_SIZE = 299 

gen = ImageDataGenerator( 

    #rescale=1.0 / 255, 

    #rotation_range=15, 

    #width_shift_range=0.15, 

    #height_shift_range=0.15, 

    #shear_range=0.5, 

    zoom_range=0.2, 

    #vertical_flip=True, 

    #horizontal_flip=True, 

    preprocessing_function=preprocess_input, 

    fill_mode='nearest', 

    validation_split=0.20 

) 

 

path shape label 
0 parkinson/spiral/training/parkinson/V12PE03.png spiral parkinson 

1 parkinson/wave/training/parkinson/V14PO02.png wave parkinson 

2 parkinson/spiral/training/healthy/V09HE02.png spiral healthy 

3 parkinson/spiral/training/parkinson/V13PE02.png spiral parkinson 

4 parkinson/wave/training/parkinson/V03PO03.png wave parkinson 
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Out [10]: 

 

In [11]: 

 

 

train_gen = gen.flow_from_dataframe( 

    df_train, x_col='path', y_col='label', subset="training", shuffle=False, 

target_size=(IMG_SIZE, IMG_SIZE), 

    class_mode="categorical", seed=seed 

) 

gen = ImageDataGenerator( 

    #rescale=1.0 / 255, 

    validation_split=0.20, 

    fill_mode='nearest', 

    preprocessing_function=preprocess_input 

) 

val_gen = gen.flow_from_dataframe( 

    df_train, x_col='path', y_col='label', subset="validation", shuffle=False, 

target_size=(IMG_SIZE, IMG_SIZE), 

    class_mode="categorical", seed=seed 

) 

gen = ImageDataGenerator( 

    #rescale=1.0 / 255, 

    preprocessing_function=preprocess_input 

) 

test_gen = gen.flow_from_dataframe( 

    df_test, x_col='path', y_col='label', shuffle=False, target_size=(IMG_SIZE, 

IMG_SIZE), 

    class_mode="categorical", seed=seed 

) 

 

Found 116 validated image filenames belonging to 2 classes.  

Found 28 validated image filenames belonging to 2 classes.  

Found 60 validated image filenames belonging to 2 classes. 

classes = list(train_gen.class_indices.keys()) 

_, train_counts = np.unique(train_gen.classes, return_counts=True) 

_, val_counts = np.unique(val_gen.classes, return_counts=True) 

print('number of classes in each set:') 

counts = pd.DataFrame([train_counts, val_counts], columns=classes, index=['train 

count', 'val count']).T 

counts['total'] = counts['train count'] + counts['val count'] 

print('total training data:', np.sum(counts['train count'])) 

print('total validation data:', np.sum(counts['val count'])) 

counts 
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Out [11]: 

 

In [12]: 

 

In [13]: 

 

In [14]: 

 

In [15]: 

 

In [16]: 

 

Out [16]: 

number of classes in each set: 

total training data: 116 

total validation data: 28 

train count val count total 

healthy 60 12 72 

parkinson 56 16 72 

 

model = InceptionResNetV2(weights='imagenet', include_top=False, 

input_shape=(IMG_SIZE, IMG_SIZE, 3)) 

model.trainable = False 

#model.summary() 

x = model.output 

x = GlobalAveragePooling2D()(x) 

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

x = Dropout(0.2)(x) 

predictions = Dense(2, activation='softmax')(x) 

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

model.compile(optimizer='adam', loss='categorical_crossentropy', 

metrics=['accuracy']) 

#model.summary() 

 

EPOCHS = 50 

BATCH_SIZE = 8 

 

early_stopping = EarlyStopping(monitor='val_loss', patience=15) 

checkpoint = ModelCheckpoint('checkpoint/check', monitor='val_loss', verbose=1, 

save_best_only=True, save_weights_only=True, save_freq='epoch') 

 

history = model.fit(train_gen, validation_data=val_gen, epochs=EPOCHS, 

callbacks=[early_stopping, checkpoint]) 
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In [17]: 

 

Out [17]: 

 

In [18]: 

Output exceeds the size limit. Open the full output data in a text editor 

Epoch 1/50 

4/4 [==============================] - ETA: 0s - loss: 0.9529 - accuracy: 0.4655  

Epoch 1: val_loss improved from inf to 0.68898, saving model to checkpoint\check 

4/4 [==============================] - 114s 22s/step - loss: 0.9529 - accuracy: 0.4655 - 

val_loss: 0.6890 - val_accuracy: 0.5714 

Epoch 2/50 

4/4 [==============================] - ETA: 0s - loss: 0.7171 - accuracy: 0.5431  

Epoch 2: val_loss improved from 0.68898 to 0.57865, saving model to checkpoint\check 

4/4 [==============================] - 69s 18s/step - loss: 0.7171 - accuracy: 0.5431 - val_loss: 

0.5787 - val_accuracy: 0.6429 

Epoch 3/50 

4/4 [==============================] - ETA: 0s - loss: 0.5941 - accuracy: 0.6724  

Epoch 3: val_loss improved from 0.57865 to 0.54977, saving model to checkpoint\check 

4/4 [==============================] - 71s 20s/step - loss: 0.5941 - accuracy: 0.6724 - val_loss: 

0.5498 - val_accuracy: 0.7500 

Epoch 4/50 

4/4 [==============================] - ETA: 0s - loss: 0.5247 - accuracy: 0.7500  

Epoch 4: val_loss improved from 0.54977 to 0.49322, saving model to checkpoint\check 

4/4 [==============================] - 71s 20s/step - loss: 0.5247 - accuracy: 0.7500 - val_loss: 

0.4932 - val_accuracy: 0.8571 

Epoch 5/50 

4/4 [==============================] - ETA: 0s - loss: 0.5487 - accuracy: 0.7241  

Epoch 5: val_loss improved from 0.49322 to 0.46605, saving model to checkpoint\check 

4/4 [==============================] - 74s 19s/step - loss: 0.5487 - accuracy: 0.7241 - val_loss: 

0.4661 - val_accuracy: 0.7857 

Epoch 6/50 

4/4 [==============================] - ETA: 0s - loss: 0.5868 - accuracy: 0.6724  

Epoch 6: val_loss improved from 0.46605 to 0.45027, saving model to checkpoint\check 

4/4 [==============================] - 65s 18s/step - loss: 0.5868 - accuracy: 0.6724 - val_loss: 

0.4503 - val_accuracy: 0.7857 

Epoch 7/50 

... 

Epoch 50/50 

4/4 [==============================] - ETA: 0s - loss: 0.3293 - accuracy: 0.8707  

Epoch 50: val_loss did not improve from 0.20714 

4/4 [==============================] - 75s 19s/step - loss: 0.3293 - accuracy: 0.8707 - val_loss: 

0.2184 - val_accuracy: 0.9286 

 

model.load_weights('checkpoint/check') 

 

<tensorflow.python.checkpoint.checkpoint.CheckpointLoadStatus at 0x21eda69e3b0> 
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Out [18]: 

 

epoch_result = pd.DataFrame([history.history['accuracy'], 

history.history['val_accuracy'], history.history['loss'], history.history['val_loss'], ], 

columns=np.arange(1,EPOCHS+1,step=1), index=['accuracy', 'val_accuracy', 'loss', 

'val_loss']).T 

epoch_result.index.name='epoch' 

for col in epoch_result: 

    if col == 'loss' or col == 'val_loss': 

        continue 

    epoch_result[col] = epoch_result[col] * 100 

epoch_result = epoch_result.round(2) 

epoch_result 

 

        accuracy        val_accuracy   loss val_loss 

epoch     

1 46.55 57.14 0.95 0.69 

2 54.31 64.29 0.72 0.58 

3 67.24 75.00 0.59 0.55 

4 75.00 85.71 0.52 0.49 

5 72.41 78.57 0.55 0.47 

6 67.24 78.57 0.59 0.45 

7 73.28 85.71 0.50 0.45 

8 69.83 78.57 0.51 0.42 

9 71.55 92.86 0.53 0.38 

10 79.31 89.29 0.44 0.37 

11 77.59 82.14 0.45 0.36 

12 75.86 85.71 0.46 0.34 

13 75.86 92.86 0.46 0.34 

14 81.03 82.14 0.41 0.35 

15 77.59 85.71 0.45 0.32 

16 81.03 85.71 0.38 0.33 

17 82.76 89.29 0.39 0.30 

18 81.03 92.86 0.38 0.30 

19 81.03 92.86 0.37 0.29 

20 82.76 92.86 0.36 0.28 

21 75.86 92.86 0.42 0.28 

22 78.45 85.71 0.45 0.28 

23 81.90 92.86 0.37 0.27 

24 79.31 85.71 0.38 0.30 

25 82.76 92.86 0.37 0.27 

26 85.34 92.86 0.37 0.27 

27 79.31 92.86 0.42 0.26 

28 82.76 92.86 0.41 0.26 

29 82.76 92.86 0.36 0.26 

30 84.48 92.86 0.34 0.26 

31 87.93 92.86 0.32 0.24 

32 87.93 92.86 0.32 0.23 

33 84.48 92.86 0.33 0.25 

34 88.79 92.86 0.30 0.23 

35 83.62 92.86 0.35 0.23 
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In [19]: 

 

Out [19]: 

 

In [20]: 

        accuracy        val_accuracy   loss val_loss 

epoch  

36 85.34 92.86 0.32 0.22 

37 87.93 92.86 0.34 0.23 

38 91.38 92.86 0.30 0.24 

39 87.07 92.86 0.29 0.22 

40 81.90 92.86 0.32 0.21 

41 85.34 92.86 0.29 0.21 

42 82.76 92.86 0.32 0.22 

43 87.07 92.86 0.32 0.23 

44 84.48 92.86 0.33 0.22 

45 84.48 92.86 0.32 0.24 

46 86.21 89.29 0.34 0.22 

47 88.79 92.86 0.29 0.23 

48 89.66 92.86 0.29 0.21 

49 88.79 92.86 0.29 0.21 

50 87.07 92.86 0.33 0.22 

 

plt.figure(figsize=(12,8)) 

plt.plot(epoch_result['accuracy'],'-o', label='training', color='#e895a1') 

plt.plot(epoch_result['val_accuracy'], '-o', label='validation', color='#7070ff') 

plt.title('inception resnet-v2 accuracy') 

plt.ylim(80,100.5) 

plt.xlabel('epoch') 

plt.ylabel('accuracy') 

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

plt.grid() 

plt.legend() 
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Out [20]: 

 In [21]: 

 

In [22]: 

 

Out [22]: 

 

In [23]: 

plt.figure(figsize=(12,8)) 

plt.plot(epoch_result['loss'], '-o', label='training', color='#e895a1') 

plt.plot(epoch_result['val_loss'], '-o', label='validation', color='#7070ff') 

plt.title('inception resnet-v2 loss') 

plt.xlabel('epoch') 

plt.ylabel('loss') 

#plt.xticks(np.arange(1, EPOCHS+1, step=1)) 

plt.grid() 

plt.legend() 

 

 

y_pred_test = np.argmax(model.predict(test_gen),axis=1) 

 

accuracy = accuracy_score(test_gen.classes, y_pred_test) 

test_result = pd.DataFrame(precision_recall_fscore_support(test_gen.classes, 

y_pred_test), columns=classes, index=['precision', 'recall', 'f1 score', 

'support']).T.drop('support', axis=1) 

#test_scores = [accuracy, np.average(test_result['precision']), 

np.average(test_result['recall']), np.average(test_result['f1 score'])] 

test_result 

 

                  precision    recall f1 score 

healthy 0.812500 0.866667 0.838710 

parkinson 0.857143 0.800000 0.827586 
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In [24]: 

 

Out [24]: 

 

In [25]: 

 

Out [25]: 

multiindex_pred = pd.MultiIndex.from_tuples(list(zip(*[['prediction']*26, classes]))) 

multiindex_actual = pd.MultiIndex.from_tuples(list(zip(*[['actual']*26, classes]))) 

 

test_cm = pd.DataFrame(confusion_matrix(test_gen.classes, y_pred_test)) 

test_cm.columns = multiindex_pred 

test_cm.index = multiindex_actual 

test_cm.index.name = 'actual' 

test_cm 

 

 prediction 

                              healthy parkinson 

actual healthy 26       4 

             parkinson  6      24 
 

y_true = test_gen.classes 

y_pred = y_pred_test 

cm = confusion_matrix(y_true, y_pred) 

title = 'Kurva ROC' 

lw = 2 

fpr, tpr, thresholds = roc_curve(y_true, y_pred) 

f, (ax1, ax2) = plt.subplots(1, 2, figsize=(15,6)) 

ax1.plot(fpr, tpr, color='darkorange', label='ROC curve (area = %0.2f)' % auc(fpr, 

tpr)) 

ax1.plot([0, 1], [0, 1], color='navy', lw=lw, linestyle='--') 

ax1.set_xlim([0.0, 1.0]);ax1.set_ylim([0.0, 1.05]); 

ax1.set_xlabel('False Positive Rate');ax1.set_ylabel('True Positive Rate'); 

ax1.set_title(title) 

ax1.legend(loc="lower right") 

 

sns.heatmap(cm, annot=True, ax = ax2, fmt='d'); 

ax2.set_xlabel('Predicted labels'); ax2.set_ylabel('True labels');  

ax2.set_title('Confusion Matrix');  

ax2.xaxis.set_ticklabels(['0', '1']); ax2.yaxis.set_ticklabels(['0', '1']); 
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In [26]: 

 

In [27]: 

 

Out [27]: 

 
 

def autolabel(rects): 

    # attach some text labels 

    for rect in rects: 

        height = rect.get_height() 

        ax.text(rect.get_x() + rect.get_width()/2., height+0.015, f'{height:.3f}', 

                ha='center', va='bottom') 

 

labels = ['precision', 'recall', 'f1 score'] 

x = np.arange(len(labels))  # the label locations 

width = 0.35  # the width of the bars 

fig, ax = plt.subplots(figsize=(12,8)) 

rects1 = ax.bar(x - 0.02 - width/2, test_result.loc['healthy'].tolist(), width, 

label='Healthy', color='#FFB6C1', edgecolor='#e895a1') 

rects2 = ax.bar(x + 0.02 + width/2, test_result.loc['parkinson'].tolist(), width, 

label='Parkinson', color='#E6E6FA', edgecolor='#c3c3eb') 

 

ax.set_ylabel('Score') 

ax.set_title(f'Inception ResNet-V2 Test Scores') 

ax.set_xticks(x) 

ax.set_xticklabels(labels) 

ax.legend(loc='lower right') 

 

autolabel(rects1) 

autolabel(rects2) 
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In [28]: 

 

In [29]: 

 

In [30]: 

 

In [31]: 

 

In [32]: 

 

def f(seq): 

    seen = set() 

    seen_add = seen.add 

    return [x for x in seq if not (x in seen or seen_add(x))] 

 

class_indices = dict((y,x) for x,y in train_gen.class_indices.items())  

classes1 = 

pd.DataFrame(f(train_gen.classes),columns=['a']).replace({'a':class_indices}) 

np.savetxt(r'labels.txt', classes1.values, fmt='%s') 

 

saved_model_dir = 'D:/SKRIPSI/model.h5' 

model.save(saved_model_dir) 

 

model = tf.keras.models.load_model(saved_model_dir) 
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In [33]: 

 

 

Out[33]: 

converter = tf.lite.TFLiteConverter.from_keras_model(model) 

converter.optimizations = [tf.lite.Optimize.DEFAULT] 

tflite_model = converter.convert() 

 

# Save the model. 

with open(saved_model_dir + '/alwa_new_quant.tflite', 'wb') as f: 

  f.write(tflite_model) 
 

ImageClassifierWriter = image_classifier.MetadataWriter 

_MODEL_PATH = "D:/SKRIPSI/alwa_new_quant.tflite" 

# Task Library expects label files that are in the same format as the one below. 

_LABEL_FILE = "labels.txt" 

_SAVE_TO_PATH = "D:/SKRIPSI/alwa_new_quant_metadata.tflite" 

# Normalization parameters is required when reprocessing the image. It is 

# optional if the image pixel values are in range of [0, 255] and the input 

# tensor is quantized to uint8. See the introduction for normalization and 

# quantization parameters below for more details. 

# 

https://www.tensorflow.org/lite/convert/metadata#normalization_and_quantization_p

arameters) 

_INPUT_NORM_MEAN = 127.5 

_INPUT_NORM_STD = 127.5 
 

# Create the metadata writer. 

writer = ImageClassifierWriter.create_for_inference( 

    writer_utils.load_file(_MODEL_PATH), [_INPUT_NORM_MEAN], 

[_INPUT_NORM_STD], 

    [_LABEL_FILE]) 

 

# Verify the metadata generated by metadata writer. 

print(writer.get_metadata_json()) 

 

# Populate the metadata into the model. 

writer_utils.save_file(writer.populate(), _SAVE_TO_PATH) 
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Aplikasi android 

 

 

    

Output exceeds the size limit. Open the full output data in a text editor 

{ 

  "name": "ImageClassifier", 

  "description": "Identify the most prominent object in the image from a known set of 

categories.", 

  "subgraph_metadata": [ 

    { 

      "input_tensor_metadata": [ 

        { 

          "name": "image", 

          "description": "Input image to be classified.", 

          "content": { 

            "content_properties_type": "ImageProperties", 

            "content_properties": { 

              "color_space": "RGB" 

            } 

          }, 

          "process_units": [ 

            { 

              "options_type": "NormalizationOptions", 

              "options": { 

                "mean": [ 

                  127.5 

                ], 

                "std": [ 

                  127.5 

                ] 

... 

    } 

  ] 

} 

 

https://github.com/alwa889/Skripsi_H071181007 


