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LAMPIRAN

# Load data

import os

main_path="d:/tika/Makanan Khas Sulsel/’
food=o0s.1listdir(main_path)

print(food)

import cv2

import numpy as np

from tqdm import tqdm

IMG_SIZE=256

X_img-[]

Z_label=[]

def assign_label(img,food_type):
return food_type

def make_train_data(food_type,DIR):
for img in tgqdm(os.listdir(DIR)):
label=assign_label(img,food type)
path = os.path.join(DIR,img)
img = cv2.imread(path,cv2.IMREAD_COLOR)
img=cv2.cvtColor(img, cv2.COLOR_BGR2RGB)
img = cv2.resize(img, (IMG_SIZE,IMG_SIZE))

X_img.append(np.array(img))
Z_label.append(str({label))

# Labelling & normalisasi piksel

from sklearn.preprocessing import LabelEncoder
from keras.utils import to_categorical
le=LabelEncoder()

Y=le.fit_transform(Z_label)
Y=to_categorical(Y,len(food))
X_img=np.array(X_img)

X_img=X_img/255

#pembagiaon data Latih, data uji dan data validasi

from sklearn.model_selection import train_test_split
x_latih,x_uji,y_latih,y_uji-train_test_split(X_img,¥,test_size-0.18,random_state=7, stratify-¥Y)
x_latih,x_val,y_latih,y_val-=train_test_split(x_latih,y_latih,test_size-8.15,random_state=7, stratify-y_latih)

# plot distribusi data
import pandas as pd
import matplotlib.pyplot as plt
import random as rn
train_counts = np.sum(y_latih, axis=@)
val_counts = np.sum{y_val, axis=8)
test_counts = np.sum(y_uji, axis=@)
food_chart=pd.DataFrame({'train’': train_counts, 'val’: val_counts, "test': test_counts}, index=food)
x = np.arange(len(food)) # the label Locations
width = 8.25 # the width of the bars
multiplier = @
plt.fipure(figsize=(15, 5))
for attribute, measurement in food_chart.items():
offset = width * multiplier
rects = plt.bar(x + offset, measurement, width, label=attribute)
plt.bar_label(rects, padding=3)
multiplier += 1
plt.xticks(x + width, food)
plt.xlabel( Kelas")
plt.ylabel('Jumlah Sampel®)
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plt.title('Distribusi Kelas pada Data Validasi')
plt.legend(loc="upper right")

plt.ylim(e, 85)

plt.show()

# model arsitektur CNN

from keras.models import Sequential

from keras.layers import Dropout, Flatten, Activation, Dense

from keras.layers import Conv2D, MaxPooling2D, BatchNormalization, AveragePooling2D, Input
from keras.optimizers import Adam,SGD

models = Sequential()

models.add(Input(shape = (IMG_SIZE,IMG_SIZE,3)))

models.add(Conv2D(filters = 8, kernel_size = (3,3),padding = 'Same’,activation ='relu’))
models.add(MaxPooling2D(pool_size=(2,2), strides=(2,2)))

models.add(Conv2D(filters =16, kernel_size = (3,3),padding = 'Same’,activation ='relu’))
models.add(MaxPooling2D(pool_size=(2,2), strides=(2,2)))

models.add(Conv2D(filters =32, kernel_size = (3,3),padding = 'Same’,activation ='relu'))
models.add(MaxPooling2D(pool_size=(2,2), strides=(2,2)))

models.add(Conv2D(filters =64, kernel_size = (3,3),padding = 'Same’,activation ='relu'))
models.add(MaxPooling2D(pool_size=(2,2), strides=(2,2)))

models.add(Flatten())

models.add(Dense(128, activation ="relu’))
models.add(Dropout(©.25))
models.add(Dense(len(food), activation = "softmax”))

# augmentasi data

from tensorflow.keras.preprocessing.image import ImageDataGenerator

datagen - ImageDataGenerator(
rotation_range=25, # randomly rotate images in the range (degrees, @ to 188)
zoom_range = @.25, # Randomly zoom image
width_shift_range=0.25, # randomly shift images horizontally (fraction of total width)
height_shift_range=6.25, # randomly shift images vertically (fraction of total height)
horizontal_flip=True, +# randomly flip images
vertical_flip=True) # randomly flip images

datagen.fit(x_latih)

# konfigurasi parameter
models.compile(optimizer-Adam(learning_rate-8.881),loss="categorical_crossentropy’,metrics=["accuracy'])

# ringkasan model
models . summary( )

# trainingb data
batch_size=32
epochs=288
History = models.fit(datagen.flow(x_latih,y_latih, batch_size=batch_size),
epochs = epochs, validation_data = (x_val,y_val),
verbose = 1, steps_per_epoch=x_latih.shape[@] // batch_size)

# evaluasi validasi
model_eval-models.evaluate(x_val, y_val, return_dict=True)

# plot grefik akurasi dan loss
plt.plot(History.history["loss'])
plt.plot(History.history["val loss'])
plt.title( 'Model Loss')
plt.ylabel('Loss')
plt.xlabel('Epochs’')
plt.legend(['train’, 'val'])
plt.show()

plt.plot(History.history[ "accuracy'])
plt.plot(History.history[ "val_accuracy’])
plt.title( 'Model Accuracy”)
plt.ylabel('Accuracy')
plt.xlabel('Epochs’)

plt.legend(['train’, 'val'])

plt.show()

# Loaok at confusion matrix
import itertools
import matplotlib.pyplot as plt
from sklearn.metrics import accuracy_score,precision_score,recall_score,confusion_matrix,roc_curve,roc_auc_score
def plot_confusion_matrix(cm, classes,
normalize=False,
title="Confusion matrix’,
cmap=plt.cm.Blues):

This function prints and plots the confusion matrix.
Normalization can be applied by setting “normalize=True™.

plt.imshow(cm, interpolation="nearest', cmap=cmap)



plt.title(title)

plt.colorbar()

tick_marks = np.arange(len(classes))
plt.xticks(tick_marks, classes, rotation=45)
plt.yticks(tick_marks, classes)

if normalize:
cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]

thresh = cm.max() / 2.
for i, j in itertools.product(range(cm.shape[8]), range(cm.shape[1])}):
plt.text(j, i, em[i, j],
horizentalalignment="center",
color="white" if em[i, j] > thresh else "black")

plt.tight_layout()
plt.ylabel( 'True label’)
plt.xlabel( 'Predicted label®}

# Predict the values from the testing dataset
Y_pred_ = models.predict(x_uji)
# Convert predictions classes to one hot vectors

¥_pred_classes_ = np.argmax(Y_pred_,axis = 1)
# Convert testing observations to one hot vectors
Y_true_ = np.argmax(y_uji,axis = 1)

# compute the confusion matrix

confusion_mtx_ = confusion_matrix(¥Y_true_, Y_pred_classes_)
# plot the confusion matrix
plot_confusion_matrix({confusion_mtx_, classes = (food))

# Metrik evaluasi

correct_ = np.nonzero(¥_pred_classes_==Y_true_)[8]

incorrect_ = np.nonzero(Y_pred_classes_!=Y_true_)[&]

from sklearn.metrics import classification_report

target_names = ["Class {}".format(i) for i in range(len(food))]

print(classification_report(Y_true_, Y_pred_classes_, target_names=target_names))

from sklearn.preprocessing import label binarize
n_classes = len(food)
y_true_bin = label binarize(Y_true_, classes-range(n_classes))

# Hitung ROC dan AUC untuk setiap kelas

fpr
tpr

roc_

for

= dict()
= dict()
auc = dict()

i in range(n_classes):
fpr[i], tpr[i]l. _ = roc_curve(y_true_bin[:, i], Y_pred_[:, i])
roc_auc[i] = roc_auc_score(y_true_bin[:, i], Y_pred_[:, i])

# Plot ROC curve untuk setiap kelas

plt.

figure(figsize=(12, 8))

colors = plt.cm.jet(np.linspace(8, 1, n_classes))

for

plt.
plt.
plt.
plt.
plt.
plt.

plt

plt.
plt.

i, color in zip(range(n_classes), colors):
plt.plot(fpr[i], tpr[i], coler=color, lw=2,
label=f'ROC curve of class {i} (area = {roc_auc[i]:.2f})")

plot([e, 11, [0, 1], 'k--*, lu-2)
xlim([0.0, 1.8])

ylim([8.8, 1.85])

xlabel( False Positive Rate’)
ylabel( 'True Positive Rate')

title('Receiver Operating Characteristic (ROC) fer Multiclass')
.legend(loc="lower right', bbox_to_anchor=(1.85, @))

grid(True)

show()
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