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LAMPIRAN 

CNN.ipynb 

!pip install tensorflow-addons 

# Import package 

import os 

import zipfile 

from google.colab import drive 

drive.mount('/content/drive') 

 

# Extract the dataset from zip to '/content/dataset' 

zip_path = '/content/drive/MyDrive/Feb24/CornDisease.zip' 

extract_path = '/content/dataset' 

with zipfile.ZipFile(zip_path, 'r') as zip_ref: 

    zip_ref.extractall(extract_path) 

 

# Set base path for dataset 

base_path = '/content/dataset/CornDisease' 

 

import matplotlib.pyplot as plt 

import matplotlib.image as mpimg 

from keras.preprocessing.image import load_img, img_to_array 

 

# Visualisasi citra asli 

directory = "/content/dataset/CornDisease/Blight/Blight(78).JPG" 

img = mpimg.imread(directory) 

imgplot = plt.imshow(img) 
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plt.show() 

#Visualisasi citra yang diresize 

img_resize = load_img(directory, grayscale=False, color_mode='rgb', 

target_size=(224,224)) 

plt.figure(figsize=(3,3)) 

imgplot = plt.imshow(img_resize) 

 

# Mengubah gambar menjadi array 

img_arr = img_to_array(img_resize) 

# Menampilkan array 

img_arr 

 

# Melakukan normalisasi 

img_norm = img_arr/255.0 

# Menampilkan array hasil normalisasi 

img_norm 

 

import pathlib 

import numpy as np 

from tensorflow.keras.preprocessing.image import load_img,img_to_array 

from tensorflow.keras.utils import to_categorical 

from tensorflow.keras.preprocessing.image import ImageDataGenerator 

import tensorflow_hub as hub 

import tensorflow as tf 

import keras 

import tensorflow_addons as tfa 

from PIL import Image 

import matplotlib.pyplot as plt 
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import matplotlib.image as mpimg 

import seaborn as sns 

from scipy import interp 

from itertools import cycle 

from sklearn.model_selection import train_test_split 

from sklearn.metrics import classification_report 

from sklearn.metrics import confusion_matrix 

from sklearn.metrics import roc_curve, auc, roc_auc_score 

 

# Direktori dataset 

dir = '/content/dataset/CornDisease' 

# Nama-nama kelas pada dataset 

File=[] 

for file in os.listdir(dir): 

 File+=[file] 

print(File) 

 

# Visualisasi citra asli 

directory = "/content/dataset/CornDisease/Blight/Blight(70).JPG" 

img = mpimg.imread(directory) 

imgplot = plt.imshow(img) 

plt.show() 

 

#Visualisasi citra yang diresize 

img_resize = load_img(directory, grayscale=False, 

color_mode='rgb',target_size=(224,224)) 

plt.figure(figsize=(3,3)) 

imgplot = plt.imshow(img_resize) 

# Mengubah gambar menjadi array 
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img_arr = img_to_array(img_resize) 

# Menampilkan array 

img_arr 

# Melakukan normalisasi 

img_norm = img_arr/255.0 

# Menampilkan array hasil normalisasi 

img_norm 

 

# Direktori masing-masing kelas 

# Directory with our Bacterial Leaf Blight pictures 

train_Blight_dir = os.path.join('/content/dataset/CornDisease/Blight') 

 

# Directory with our Brown Spot pictures 

train_Rust_dir = os.path.join('/content/dataset/CornDisease/Common_Rust') 

 

# Directory with our Leaf Smut pictures 

train_Leaf_dir = os.path.join('/content/dataset/CornDisease/Gray_Leaf_Spot') 

 

# Mengambil nama file masing-masing kelas 

train_Blight_names = os.listdir(train_Blight_dir) 

print("File names in Bacterial Leaf Blight directory:") 

print(train_Blight_names[:10]) 

train_Rust_names = os.listdir(train_Rust_dir) 

print("\nFile names in Brown Spot directory:") 

print(train_Rust_names[:10]) 

train_Leaf_names = os.listdir(train_Leaf_dir) 

print("\nFile names in Leaf Smut directory:") 

print(train_Leaf_names[:10]) 
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# Menampilkan jumlah citra pada masing-masing kelas 

print('total Blight images:', len(os.listdir(train_Blight_dir))) 

print('total Rust images:', len(os.listdir(train_Rust_dir))) 

print('total Leaf Spot images:', len(os.listdir(train_Leaf_dir))) 

%matplotlib inline 

 

# Parameters for our graph; we'll output images in a 3x3 configuration 

nrows = 3 

ncols = 3 

# Index for iterating over images 

pic_index = 0 

# Menampilkan 9 sampel citra kelas Blight 

# Set up matplotlib fig, and size it to fit 3x3 pics 

fig = plt.gcf() 

fig.set_size_inches(16, 8) 

pic_index += 9 

next_Blight_pix = [os.path.join(train_Blight_dir, fname) for fname in 

train_Blight_names[pic_index-9:pic_index]] 

for i, img_path in enumerate(next_Blight_pix): 

 # Set up subplot; subplot indices start at 1 

 sp = plt.subplot(nrows, ncols, i + 1) 

 sp.axis('Off') # Don't show axes (or gridlines) 

 img = mpimg.imread(img_path) 

 plt.imshow(img) 

 if (i + 1 == 2): 

  plt.title("Blight disease", pad = 40, fontsize =20) 

plt.show() 

pic_index = 0 
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# Menampilkan 9 sampel citra kelas Common Rust 

# Set up matplotlib fig, and size it to fit 3x3 pics 

fig = plt.gcf() 

fig.set_size_inches(16, 8) 

pic_index += 9 

next_Rust_pix = [os.path.join(train_Rust_dir, fname) for fname in 

train_Rust_names[pic_index-9:pic_index]] 

for i, img_path in enumerate(next_Rust_pix): 

 

 # Set up subplot; subplot indices start at 1 

 sp = plt.subplot(nrows, ncols, i+1) 

 sp.axis('Off') # Don't show axes (or gridlines) 

 img = mpimg.imread(img_path) 

 plt.imshow(img) 

 if (i + 1 == 2): 

  plt.title("Common Rust disease", pad = 40, fontsize = 20) 

plt.show() 

pic_index = 0 

 

# Menampilkan 9 sampel citra kelas Gray Leaf Spot 

# Set up matplotlib fig, and size it to fit 3x3 pics 

fig = plt.gcf() 

fig.set_size_inches(16, 8) 

pic_index += 9 

next_Leaf_pix = [os.path.join(train_Leaf_dir, fname) for fname in 

train_Leaf_names[pic_index-9:pic_index]] 

for i, img_path in enumerate(next_Leaf_pix): 
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# Set up subplot; subplot indices start at 1 

 sp = plt.subplot(nrows, ncols, i+1) 

 sp.axis('Off') # Don't show axes (or gridlines) 

 img = mpimg.imread(img_path) 

 plt.imshow(img) 

 if (i + 1 == 2): 

  plt.title("Leaf Smut disease", pad = 40, fontsize = 20) 

plt.show() 

 

# Preprocessing data citra 

dataset = [] 

mapping = {'Bacterial_Leaf_Blight':0, 'Brown_Spot':1, 'Leaf_Smut':2} 

count = 0 

for file in os.listdir(dir): 

 path = os.path.join(dir,file) 

 for im in os.listdir(path): 

  image = load_img(os.path.join(path,im), grayscale=False,color_mode='rgb', 

target_size=(224,224)) 

  image = img_to_array(image) 

  image = image/255.0 

  dataset.append([image,count]) 

 count=count+1 

# Mengubah data menjadi array 

data,labels0=zip(*dataset) 

labels1=to_categorical(labels0) 

data=np.array(data) 

labels=np.array(labels1) 

print(data.shape) 

print(labels.shape) 
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# Pembagian data training dan testing 

train_x,test_x,train_y,test_y=train_test_split(data,labels,test_size=0.2,random_state=13

) 

# Menampilkan bentuk dimensi data training dan testing 

print(train_x.shape) 

print(test_x.shape) 

print(train_y.shape) 

print(test_y.shape) 

 

# Augmentasi data 

datagen = ImageDataGenerator( 

 horizontal_flip=True, 

 vertical_flip=True, 

 rotation_range=20, 

 zoom_range=0.2, 

 width_shift_range=0.2, 

 height_shift_range=0.2, 

 shear_range=0.1, 

 fill_mode="nearest") 

 

# Mengambil model MobileNetV3 dari TensorFlow Hub 

module_selection = ("mobilenet_v3", 224, 1280) #@param["(\"mobilenet_v3\", 224, 

1280)", "(\"inception_v3\", 299, 2048)"]{type:"raw", allow-input: true} 

handle_base, pixels, FV_SIZE = module_selection 

# MODULE_HANDLE ="https://tfhub.dev/google/tf2-

preview/{}/feature_vector/4".format(handle_base) 

 

# IMAGE_SIZE = (pixels, pixels) 

MODULE_HANDLE = 

"https://tfhub.dev/google/imagenet/mobilenet_v3_large_100_224/feature_vector/5" 
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IMAGE_SIZE = (224, 224) 

print("Using {} with input size {} and output dimension{}".format(MODULE_HANDLE, 

IMAGE_SIZE, FV_SIZE)) 

do_fine_tuning = False #@param {type:"boolean"} 

 

# Membuat lapisan untuk MobileNetV3 

feature_extractor = hub.KerasLayer(MODULE_HANDLE, 

 input_shape=IMAGE_SIZE + (3,), 

 output_shape=[FV_SIZE], 

 trainable=do_fine_tuning, 

 name="MobileNetV3",) 

 

# Membangun model akhir 

print("Building model with", MODULE_HANDLE) 

model = tf.keras.Sequential([feature_extractor, 

 tf.keras.layers.Dense(256, activation='relu', name='Fully_Connected_Layer'), 

 tf.keras.layers.Dropout(0.5, name='Dropout_Layer'), 

 tf.keras.layers.Dense(3, activation='softmax', name='Output_Layer')]) 

model.summary() 

 

# Membekukan lapisan agar bobot tidak berubah 

NUM_LAYERS = 10 #@param {type:"slider", min:1, max:50, step:1} 

if do_fine_tuning: 

 feature_extractor.trainable = True 

 for layer in model.layers[-NUM_LAYERS:]: 

  layer.trainable = True 

else: 

 feature_extractor.trainable = False 
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# Compile model 

METRICS = [ 

 'accuracy', 

 keras.metrics.Precision(name='precision'), 

 keras.metrics.Recall(name='recall'), 

 tfa.metrics.F1Score(num_classes=3)] 

if do_fine_tuning: 

 model.compile(optimizer=tf.keras.optimizers.SGD(lr=0.002, 

  momentum=0.9), 

loss=tf.keras.losses.SparseCategoricalCrossentropy(), 

 metrics=METRICS) 

else: 

 model.compile(optimizer='adam', 

  loss='categorical_crossentropy', 

  metrics=METRICS) 

 

# plot the model including the sizes of the model 

tf.keras.utils.plot_model(model, show_shapes=True) 

# Train the model. 

history = model.fit( 

 datagen.flow(train_x, train_y, batch_size=8), 

 validation_data = (test_x, test_y), 

 epochs = 50) 

# Menampilkan nilai presisi, recall, dan F1-score 

pred = model.predict(test_x, verbose=2) 

model_predicted = np.argmax(pred, axis = 1) 

print(classification_report(test_y.argmax(axis=1), model_predicted, target_names=File)) 

colors = plt.rcParams['axes.prop_cycle'].by_key()['color'] 
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# Menampilkan kurva akurasi 

acc = history.history['accuracy'] 

val_acc = history.history['val_accuracy'] 

epochs = range(len(acc)) 

 

plt.plot(epochs, acc, color=colors[0], label='Train') 

plt.plot(epochs, val_acc, color=colors[0], linestyle="--", label='Val') 

plt.xlabel('Epoch') 

plt.ylabel('Accuracy') 

plt.title('Training and validation accuracy') 

plt.legend() 

plt.figure() 

plt.show() 

 

# Menampilkan kurva F1-score untuk masing-masing kelas 

f1_score = history.history['f1_score'] 

val_f1_score = history.history['val_f1_score'] 

f1_numpy = np.array(f1_score) 

val_f1_numpy = np.array(val_f1_score) 

epochs = range(len(f1_score)) 

 

n_classes = 3 

colors = cycle(['orange', 'green', 'blue']) 

for i, color in zip(range(n_classes), colors): 

 plt.plot(epochs, f1_numpy[:, i], color=color,label='Train F1-score of class {0}'.format(i)) 

for i, color in zip(range(n_classes), colors): 

 plt.plot(epochs, val_f1_numpy[:, i], color=color, linestyle="--", label='Val F1-score of 

class {0}'.format(i)) 

plt.xlabel('Epoch') 



58 
 

plt.ylabel('F1-score') 

plt.title('Training and validation f1-score') 

plt.legend(loc=0) 

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

plt.show() 

 

# Menampilkan Confusion Matrix 

disease_types = ["Blight", "Common Rust", "Gray Leaf Spot"] 

Y_pred = model.predict(test_x) 

Y_pred = np.argmax(Y_pred, axis=1) 

Y_true = np.argmax(test_y, axis=1) 

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

cm = confusion_matrix(Y_true, Y_pred) 

 

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

ax = sns.heatmap(cm, cmap=plt.cm.Blues, annot=True, square=True, 

xticklabels=disease_types, yticklabels=disease_types, ax=ax) 

ax.set_ylabel('Actual', fontsize=15) 

ax.set_xlabel('Predicted', fontsize=15) 

ax.set_title('Confusion Matrix', fontsize=20, pad=40) 
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RandomForest.ipynb 

import os 

import numpy as np 

import matplotlib.pyplot as plt 

from sklearn.model_selection import train_test_split 

from sklearn.ensemble import RandomForestClassifier 

from sklearn.metrics import accuracy_score, classification_report 

from PIL import Image 

import zipfile 

from google.colab import drive 

 

# Mount Google Drive 

drive.mount('/content/drive') 

 

# Extract the dataset from zip to '/content/dataset' 

zip_path = '/content/drive/MyDrive/Feb24/CornDisease.zip' 

extract_path = '/content/dataset' 

with zipfile.ZipFile(zip_path, 'r') as zip_ref: 

    zip_ref.extractall(extract_path) 

 

# Set base path for dataset 

base_path = '/content/dataset/CornDisease' 

 

# Load dataset with color histogram feature 

def load_dataset_with_histogram(base_path): 

    X = [] 

    y = [] 

    # labels = os.listdir(base_path) 
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    labels = ['Blight', 'Common_Rust', 'Gray_Leaf_Spot']  # Urutan label yang diinginkan 

    label_to_id = {label: idx for idx, label in enumerate(labels)}  # Mapping from label 

name to label id 

    for label in labels: 

        label_path = os.path.join(base_path, label) 

        for image_file in os.listdir(label_path): 

            image_path = os.path.join(label_path, image_file) 

            image = Image.open(image_path) 

            image = image.resize((224, 224))  # Resize images if necessary 

 

# Calculate color histogram 

            hist = np.array(image.histogram()).reshape(3, 256)  # Red, Green, Blue 

channels 

            hist = hist / hist.sum()  # Normalize histogram 

            hist = hist.flatten() 

            X.append(np.hstack([np.array(image).flatten(), hist]))  # Combine pixel values 

and histogram 

            y.append(label_to_id[label])  # Use label id instead of label name 

    return np.array(X), np.array(y), label_to_id 

X, y, label_to_id = load_dataset_with_histogram(base_path) 

 

# Split dataset into train and validation sets 

X_train, X_val, y_train, y_val = train_test_split(X, y, test_size=0.2, random_state=42) 

 

# Initialize lists to store accuracy values 

train_accuracy = [] 

val_accuracy = [] 
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# Train Random Forest Classifier with varying number of trees 

num_trees_range = range(1, 101)  # Vary the number of trees from 1 to 100 

for num_trees in num_trees_range: 

    clf = RandomForestClassifier(n_estimators=num_trees, random_state=42) 

    clf.fit(X_train, y_train) 

 

    # Predictions 

    train_predictions = clf.predict(X_train) 

    val_predictions = clf.predict(X_val) 

 

    # Accuracy 

    train_accuracy.append(accuracy_score(y_train, train_predictions)) 

    val_accuracy.append(accuracy_score(y_val, val_predictions)) 

 

    print(f"Number of trees: {num_trees}, Training Accuracy Random Forest: 

{train_accuracy[-1]*100:.4f}%, Validation Accuracy Random Forest: {val_accuracy[-

1]*100:.4f}%") 

 

# Train Random Forest Classifier with final number of trees 

final_num_trees = num_trees_range[np.argmax(val_accuracy)] 

final_clf = RandomForestClassifier(n_estimators=final_num_trees, random_state=42) 

final_clf.fit(X_train, y_train) 

 

# Evaluate on training set 

train_predictions = final_clf.predict(X_train) 

train_accuracy_final = accuracy_score(y_train, train_predictions) 

# Evaluate on validation set 

val_predictions = final_clf.predict(X_val) 

val_accuracy_final = accuracy_score(y_val, val_predictions) 
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# Convert accuracies to percentage and print 

train_accuracy_percentage = train_accuracy_final * 100 

val_accuracy_percentage = val_accuracy_final * 100 

 

print(f"Final Training Accuracy Random Forest: {train_accuracy_percentage:.4f}%") 

print(f"Final Validation Accuracy Random Forest: {val_accuracy_percentage:.4f}%") 
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Support Vector Machine 

!pip install Augmentor 

from google.colab import drive 

drive.mount('/content/drive') 

 

import os 

import cv2 

import numpy as np 

from sklearn.model_selection import train_test_split, GridSearchCV 

from sklearn.preprocessing import LabelEncoder, StandardScaler 

from sklearn.decomposition import PCA 

from sklearn.svm import SVC 

from sklearn.metrics import classification_report, accuracy_score 

from skimage.feature import local_binary_pattern 

import zipfile 

import Augmentor 

from sklearn.utils import shuffle 

 

# Extract the dataset from zip to '/content/dataset' 

zip_path = '/content/drive/MyDrive/Skripsi/CornDisease.zip' 

extract_path = '/content/dataset' 

with zipfile.ZipFile(zip_path, 'r') as zip_ref: 

    zip_ref.extractall(extract_path) 

 

# Set base path for dataset 

base_path = '/content/dataset/CornDisease' 
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# Function to extract LBP features 

def extract_lbp_features(image, num_points=24, radius=8): 

    gray = cv2.cvtColor(image, cv2.COLOR_BGR2GRAY) 

    lbp = local_binary_pattern(gray, num_points, radius, method='uniform') 

    (hist, _) = np.histogram(lbp.ravel(), bins=np.arange(0, num_points + 3), range=(0, 

num_points + 2)) 

    hist = hist.astype("float") 

    hist /= (hist.sum() + 1e-7) 

    return hist 

 

# Function to perform data augmentation 

def augment_data(image_path, output_path, num_images): 

    p = Augmentor.Pipeline(image_path, output_directory=output_path) 

    p.rotate(probability=0.7, max_left_rotation=10, max_right_rotation=10) 

    p.flip_left_right(probability=0.5) 

    p.flip_top_bottom(probability=0.5) 

    p.zoom_random(probability=0.5, percentage_area=0.8) 

    p.sample(num_images) 

 

# Define paths for augmented data 

augmented_path = '/content/augmented_data' 

os.makedirs(augmented_path, exist_ok=True) 

# Perform data augmentation 

num_augmented_images = 3000  # Increased number of augmented images 

for class_folder in os.listdir(base_path): 

    class_path = os.path.join(base_path, class_folder) 

    if os.path.isdir(class_path): 

        augment_data(class_path, os.path.join(augmented_path, class_folder), 

num_augmented_images) 



65 
 

# Load images and labels 

data = [] 

labels = [] 

 

for folder in os.listdir(base_path): 

    folder_path = os.path.join(base_path, folder) 

    if os.path.isdir(folder_path): 

        for file_name in os.listdir(folder_path): 

            image_path = os.path.join(folder_path, file_name) 

            image = cv2.imread(image_path) 

            lbp_features = extract_lbp_features(image) 

            data.append(lbp_features) 

            labels.append(folder) 

 

# Load augmented data 

augmented_data = [] 

augmented_labels = [] 

 

for folder in os.listdir(augmented_path): 

    folder_path = os.path.join(augmented_path, folder) 

    if os.path.isdir(folder_path): 

        for file_name in os.listdir(folder_path): 

            image_path = os.path.join(folder_path, file_name) 

            image = cv2.imread(image_path) 

            lbp_features = extract_lbp_features(image) 

            augmented_data.append(lbp_features) 

            augmented_labels.append(folder) 
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# Convert data and labels to numpy arrays 

data = np.array(data) 

labels = np.array(labels) 

augmented_data = np.array(augmented_data) 

augmented_labels = np.array(augmented_labels) 

 

# Combine augmented data with original data 

X_combined = np.concatenate((data, augmented_data), axis=0) 

y_combined = np.concatenate((labels, augmented_labels), axis=0) 

# Split combined dataset into train and validation sets 

X_train, X_val, y_train, y_val = train_test_split(X_combined, y_combined, 

test_size=0.2, random_state=42) 

 

# Shuffle data 

X_train, y_train = shuffle(X_train, y_train, random_state=42) 

X_val, y_val = shuffle(X_val, y_val, random_state=42) 

 

# Normalize combined data 

scaler = StandardScaler() 

X_train_scaled = scaler.fit_transform(X_train) 

X_val_scaled = scaler.transform(X_val) 

 

# Perform PCA for feature selection 

pca = PCA(n_components=0.95, whiten=True) 

X_train_pca = pca.fit_transform(X_train_scaled) 

X_val_pca = pca.transform(X_val_scaled) 

 

# Define parameter grid for grid search 

param_grid = {'C': [0.1, 1, 10, 100], 'gamma': [0.001, 0.01, 0.1, 1], 'kernel': ['linear', 'rbf']} 
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# Initialize SVM classifier 

svm = SVC() 

 

# Perform grid search 

grid_search = GridSearchCV(svm, param_grid, cv=5) 

grid_search.fit(X_train_pca, y_train) 

# Get best parameters 

best_params = grid_search.best_params_ 

 

# Train SVM classifier with best parameters 

svm_best = SVC(**best_params) 

svm_best.fit(X_train_pca, y_train) 

 

# Predict on training set 

y_train_pred = svm_best.predict(X_train_pca) 

print("Training Classification Report:") 

print(classification_report(y_train, y_train_pred)) 

 

# Predict on validation set 

y_val_pred = svm_best.predict(X_val_pca) 

print("Validation Classification Report:") 

print(classification_report(y_val, y_val_pred)) 

# Check accuracy 

accuracy_train = accuracy_score(y_train, y_train_pred) 

accuracy_val = accuracy_score(y_val, y_val_pred) 

print("Training Accuracy:", accuracy_train) 

print("Validation Accuracy:", accuracy_val) 
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import matplotlib.pyplot as plt 

from sklearn.model_selection import learning_curve 

 

# Function to plot learning curve 

def plot_learning_curve(estimator, title, X_train, y_train, X_val, y_val, ylim=None, 

cv=None, 

                        n_jobs=None, train_sizes=np.linspace(.1, 1.0, 5)): 

    plt.figure() 

    plt.title(title) 

    if ylim is not None: 

        plt.ylim(*ylim) 

    plt.xlabel("Training examples") 

    plt.ylabel("Accuracy") 

    train_sizes, train_scores, test_scores = learning_curve( 

        estimator, X_train, y_train, cv=cv, n_jobs=n_jobs, train_sizes=train_sizes) 

    train_scores_mean = np.mean(train_scores, axis=1) 

    test_scores_mean = np.mean(test_scores, axis=1) 

    plt.grid() 

    # plt.plot(train_sizes, train_scores_mean, 'o-', color="blue", 

    #          label=f"Training accuracy : {train_scores_mean[-1]:.2f}") 

    # plt.plot(train_sizes, test_scores_mean, 'o-', color="orange", 

    #          label=f"Validation accuracy : {test_scores_mean[-1]:.2f}") 

    plt.plot(train_sizes, train_scores_mean, 'o-', color="blue", 

             label=f"Training accuracy") 

    plt.plot(train_sizes, test_scores_mean, 'o-', color="orange", 

             label=f"Validation accuracy") 

    plt.legend(loc="best") 

    return plt 
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# Plot learning curve 

title = "Training and Validation Accuracy SVM" 

plot_learning_curve(svm_best, title, X_train_pca, y_train, X_val_pca, y_val, ylim=(0.7, 

1.01), cv=5, n_jobs=-1) 

plt.show() 

 

from sklearn.metrics import confusion_matrix 

import seaborn as sns 

import matplotlib.pyplot as plt 

# Confusion matrix for training set 

train_cm = confusion_matrix(y_train, y_train_pred, normalize='true') 

plt.figure(figsize=(10, 8)) 

sns.heatmap(train_cm, annot=True, fmt=".2%", cmap="Blues", 

xticklabels=grid_search.classes_, yticklabels=grid_search.classes_) 

plt.title("Training Confusion Matrix") 

plt.xlabel("Predicted Label") 

plt.ylabel("True Label") 

plt.show() 

 

# Confusion matrix for validation set 

val_cm = confusion_matrix(y_val, y_val_pred, normalize='true') 

plt.figure(figsize=(10, 8)) 

sns.heatmap(val_cm, annot=True, fmt=".2%", cmap="Blues", 

xticklabels=grid_search.classes_, yticklabels=grid_search.classes_) 

plt.title("Confusion Matrix SVM") 

plt.xlabel("Predicted Label") 

plt.ylabel("True Label") 

plt.show() 
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import matplotlib.pyplot as plt 

from sklearn.metrics import f1_score 

 

# Initialize lists to store F1-Scores 

train_f1_scores = {disease_class: [] for disease_class in np.unique(y_train)} 

val_f1_scores = {disease_class: [] for disease_class in np.unique(y_val)} 

num_examples = [] 

# Define a range of number of examples for plotting 

max_num_examples = 25000 

batch_size = 1000 

example_range = range(batch_size, max_num_examples+1, batch_size) 

 

# Calculate F1-Scores for different number of examples 

for num in example_range: 

    # Train SVM classifier with the same parameters but with a subset of training 

examples 

    svm_subset = SVC(**best_params) 

    svm_subset.fit(X_train_pca[:num], y_train[:num]) 

 

# Predict on training set 

    y_train_subset_pred = svm_subset.predict(X_train_pca[:num]) 

# Predict on validation set 

    y_val_pred = svm_subset.predict(X_val_pca) 

 

# Calculate F1-Scores for each class on training and validation sets 

    for disease_class in np.unique(y_train): 

        train_f1 = f1_score(y_train[:num], y_train_subset_pred, average=None, 

labels=[disease_class])[0] 
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        val_f1 = f1_score(y_val, y_val_pred, average=None, labels=[disease_class])[0] 

        train_f1_scores[disease_class].append(train_f1) 

        val_f1_scores[disease_class].append(val_f1) 

    num_examples.append(num) 

 

# Plot F1-Score curves for each class 

plt.figure(figsize=(10, 6)) 

for disease_class in np.unique(y_train): 

    plt.plot(num_examples, train_f1_scores[disease_class], label=f"Train F1-Score 

{disease_class}") 

    plt.plot(num_examples, val_f1_scores[disease_class], label=f"Validation F1-Score 

{disease_class}") 

 

plt.title('Training and Validation F1-Score for SVM') 

plt.xlabel('Training Examples') 

plt.ylabel('F1-Score') 

plt.legend() 

plt.grid(True) 

plt.show() 

 

import os 

import cv2 

import numpy as np 

from sklearn.model_selection import train_test_split, GridSearchCV 

from sklearn.preprocessing import LabelEncoder, StandardScaler 

from sklearn.decomposition import PCA 

from sklearn.svm import SVC 

from sklearn.metrics import classification_report, accuracy_score 

from skimage.feature import local_binary_pattern 
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import zipfile 

import Augmentor 

from sklearn.utils import shuffle 

 

# Extract the dataset from zip to '/content/dataset' 

zip_path = '/content/drive/MyDrive/Feb24/CornDisease.zip' 

extract_path = '/content/dataset' 

with zipfile.ZipFile(zip_path, 'r') as zip_ref: 

    zip_ref.extractall(extract_path) 

# Set base path for dataset 

base_path = '/content/dataset/CornDisease' 

 

# Function to extract LBP features 

def extract_lbp_features(image, num_points=24, radius=8): 

    gray = cv2.cvtColor(image, cv2.COLOR_BGR2GRAY) 

    lbp = local_binary_pattern(gray, num_points, radius, method='uniform') 

    (hist, _) = np.histogram(lbp.ravel(), bins=np.arange(0, num_points + 3), range=(0, 

num_points + 2)) 

    hist = hist.astype("float") 

    hist /= (hist.sum() + 1e-7) 

    return hist 

# Function to perform data augmentation 

def augment_data(image_path, output_path, num_images): 

    p = Augmentor.Pipeline(image_path, output_directory=output_path) 

    p.rotate(probability=0.7, max_left_rotation=10, max_right_rotation=10) 

    p.flip_left_right(probability=0.5) 

    p.flip_top_bottom(probability=0.5) 

    p.zoom_random(probability=0.5, percentage_area=0.8) 

    p.sample(num_images) 
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# Define paths for augmented data 

augmented_path = '/content/augmented_data' 

os.makedirs(augmented_path, exist_ok=True) 

 

# Perform data augmentation 

num_augmented_images = 2000  # Increased number of augmented images 

for class_folder in os.listdir(base_path): 

    class_path = os.path.join(base_path, class_folder) 

    if os.path.isdir(class_path): 

        augment_data(class_path, os.path.join(augmented_path, class_folder), 

num_augmented_images) 

 

# Load images and labels 

data = [] 

labels = [] 

 

for folder in os.listdir(base_path): 

    folder_path = os.path.join(base_path, folder) 

    if os.path.isdir(folder_path): 

        for file_name in os.listdir(folder_path): 

            image_path = os.path.join(folder_path, file_name) 

            image = cv2.imread(image_path) 

            lbp_features = extract_lbp_features(image) 

            data.append(lbp_features) 

            labels.append(folder) 

# Load augmented data 

augmented_data = [] 

augmented_labels = [] 
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for folder in os.listdir(augmented_path): 

    folder_path = os.path.join(augmented_path, folder) 

    if os.path.isdir(folder_path): 

        for file_name in os.listdir(folder_path): 

            image_path = os.path.join(folder_path, file_name) 

            image = cv2.imread(image_path) 

            lbp_features = extract_lbp_features(image) 

            augmented_data.append(lbp_features) 

            augmented_labels.append(folder) 

 

# Convert data and labels to numpy arrays 

data = np.array(data) 

labels = np.array(labels) 

augmented_data = np.array(augmented_data) 

augmented_labels = np.array(augmented_labels) 

 

# Combine augmented data with original data 

X_combined = np.concatenate((data, augmented_data), axis=0) 

y_combined = np.concatenate((labels, augmented_labels), axis=0) 

# Split combined dataset into train and validation sets 

X_train, X_val, y_train, y_val = train_test_split(X_combined, y_combined, 

test_size=0.2, random_state=42) 

 

# Shuffle data 

X_train, y_train = shuffle(X_train, y_train, random_state=42) 

X_val, y_val = shuffle(X_val, y_val, random_state=42) 

# Normalize combined data 

scaler = StandardScaler() 
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X_train_scaled = scaler.fit_transform(X_train) 

X_val_scaled = scaler.transform(X_val) 

# Perform PCA for feature selection 

pca = PCA(n_components=0.95, whiten=True) 

X_train_pca = pca.fit_transform(X_train_scaled) 

X_val_pca = pca.transform(X_val_scaled) 

 

# Define parameter grid for grid search 

param_grid = {'C': [0.1, 1, 10, 100], 'gamma': [0.001, 0.01, 0.1, 1], 'kernel': ['linear', 'rbf']} 

# Initialize SVM classifier 

svm = SVC() 

# Perform grid search 

grid_search = GridSearchCV(svm, param_grid, cv=5) 

grid_search.fit(X_train_pca, y_train) 

# Get best parameters 

best_params = grid_search.best_params_ 

# Train SVM classifier with best parameters 

svm_best = SVC(**best_params) 

svm_best.fit(X_train_pca, y_train) 

 

# Predict on training set 

y_train_pred = svm_best.predict(X_train_pca) 

print("Training Classification Report:") 

print(classification_report(y_train, y_train_pred)) 

# Predict on validation set 

y_val_pred = svm_best.predict(X_val_pca) 

print("Validation Classification Report:") 

print(classification_report(y_val, y_val_pred)) 
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# Check accuracy 

accuracy_train = accuracy_score(y_train, y_train_pred) 

accuracy_val = accuracy_score(y_val, y_val_pred) 

print("Training Accuracy:", accuracy_train) 

print("Validation Accuracy:", accuracy_val) 

 

import matplotlib.pyplot as plt 

from sklearn.metrics import f1_score 

 

# Initialize lists to store F1-Scores 

train_f1_scores = {disease_class: [] for disease_class in np.unique(y_train)} 

val_f1_scores = {disease_class: [] for disease_class in np.unique(y_val)} 

num_examples = [] 

 

# Define a range of number of examples for plotting 

max_num_examples = 7000 

batch_size = 1000 

example_range = range(batch_size, max_num_examples+1, batch_size) 

 

# Calculate F1-Scores for different number of examples 

for num in example_range: 

# Train SVM classifier with the same parameters but with a subset of training examples 

    svm_subset = SVC(**best_params) 

    svm_subset.fit(X_train_pca[:num], y_train[:num]) 

 

# Predict on training set 

    y_train_subset_pred = svm_subset.predict(X_train_pca[:num]) 
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# Predict on validation set 

    y_val_pred = svm_subset.predict(X_val_pca) 

 

# Calculate F1-Scores for each class on training and validation sets 

    for disease_class in np.unique(y_train): 

        train_f1 = f1_score(y_train[:num], y_train_subset_pred, average=None, 

labels=[disease_class])[0] 

        val_f1 = f1_score(y_val, y_val_pred, average=None, labels=[disease_class])[0] 

        train_f1_scores[disease_class].append(train_f1) 

        val_f1_scores[disease_class].append(val_f1) 

    num_examples.append(num) 

 

# Plot F1-Score curves for each class 

plt.figure(figsize=(10, 6)) 

for disease_class in np.unique(y_train): 

    plt.plot(num_examples, train_f1_scores[disease_class], label=f"Train F1-Score 

{disease_class}") 

    plt.plot(num_examples, val_f1_scores[disease_class], label=f"Validation F1-Score 

{disease_class}", linestyle='--') 

plt.title('Training and Validation F1-Score for SVM') 

plt.xlabel('Training Examples') 

plt.ylabel('F1-Score') 

plt.legend() 

plt.grid(True) 

plt.show() 

 

import os 

import cv2 

import numpy as np 



78 
 

from sklearn.model_selection import train_test_split, GridSearchCV 

from sklearn.preprocessing import LabelEncoder, StandardScaler 

from sklearn.decomposition import PCA 

from sklearn.svm import SVC 

from sklearn.metrics import classification_report, accuracy_score 

from skimage.feature import local_binary_pattern 

import zipfile 

import Augmentor 

from sklearn.utils import shuffle 

 

# Extract the dataset from zip to '/content/dataset' 

zip_path = '/content/drive/MyDrive/Feb24/CornDisease.zip' 

extract_path = '/content/dataset' 

with zipfile.ZipFile(zip_path, 'r') as zip_ref: 

    zip_ref.extractall(extract_path) 

 

# Set base path for dataset 

base_path = '/content/dataset/CornDisease' 

 

# Function to extract LBP features 

def extract_lbp_features(image, num_points=24, radius=8): 

    gray = cv2.cvtColor(image, cv2.COLOR_BGR2GRAY) 

    lbp = local_binary_pattern(gray, num_points, radius, method='uniform') 

    (hist, _) = np.histogram(lbp.ravel(), bins=np.arange(0, num_points + 3), range=(0, 

num_points + 2)) 

    hist = hist.astype("float") 

    hist /= (hist.sum() + 1e-7) 

    return hist 

 



79 
 

# Function to perform data augmentation 

def augment_data(image_path, output_path, num_images): 

    p = Augmentor.Pipeline(image_path, output_directory=output_path) 

    p.rotate(probability=0.7, max_left_rotation=10, max_right_rotation=10) 

    p.flip_left_right(probability=0.5) 

    p.flip_top_bottom(probability=0.5) 

    p.zoom_random(probability=0.5, percentage_area=0.8) 

    p.sample(num_images) 

 

# Define paths for augmented data 

augmented_path = '/content/augmented_data' 

os.makedirs(augmented_path, exist_ok=True) 

 

# Perform data augmentation 

num_augmented_images = 3000  # Increased number of augmented images 

for class_folder in os.listdir(base_path): 

    class_path = os.path.join(base_path, class_folder) 

    if os.path.isdir(class_path): 

        augment_data(class_path, os.path.join(augmented_path, class_folder), 

num_augmented_images) 

 

# Load images and labels 

data = [] 

labels = [] 

for folder in os.listdir(base_path): 

    folder_path = os.path.join(base_path, folder) 

    if os.path.isdir(folder_path): 

        for file_name in os.listdir(folder_path): 

            image_path = os.path.join(folder_path, file_name) 
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            image = cv2.imread(image_path) 

            lbp_features = extract_lbp_features(image) 

            data.append(lbp_features) 

            labels.append(folder) 

 

# Load augmented data 

augmented_data = [] 

augmented_labels = [] 

 

for folder in os.listdir(augmented_path): 

    folder_path = os.path.join(augmented_path, folder) 

    if os.path.isdir(folder_path): 

        for file_name in os.listdir(folder_path): 

            image_path = os.path.join(folder_path, file_name) 

            image = cv2.imread(image_path) 

            lbp_features = extract_lbp_features(image) 

            augmented_data.append(lbp_features) 

            augmented_labels.append(folder) 

 

# Convert data and labels to numpy arrays 

data = np.array(data) 

labels = np.array(labels) 

augmented_data = np.array(augmented_data) 

augmented_labels = np.array(augmented_labels) 

 

# Combine augmented data with original data 

X_combined = np.concatenate((data, augmented_data), axis=0) 

y_combined = np.concatenate((labels, augmented_labels), axis=0) 
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# Split combined dataset into train and validation sets 

X_train, X_val, y_train, y_val = train_test_split(X_combined, y_combined, 

test_size=0.2, random_state=42) 

 

# Shuffle data 

X_train, y_train = shuffle(X_train, y_train, random_state=42) 

X_val, y_val = shuffle(X_val, y_val, random_state=42) 

 

# Normalize combined data 

scaler = StandardScaler() 

X_train_scaled = scaler.fit_transform(X_train) 

X_val_scaled = scaler.transform(X_val) 

 

# Perform PCA for feature selection 

pca = PCA(n_components=0.95, whiten=True) 

X_train_pca = pca.fit_transform(X_train_scaled) 

X_val_pca = pca.transform(X_val_scaled) 

 

# Define parameter grid for grid search 

param_grid = {'C': [0.1, 1, 10, 100], 'gamma': [0.001, 0.01, 0.1, 1], 'kernel': ['linear', 'rbf']} 

# Initialize SVM classifier 

svm = SVC() 

 

# Perform grid search 

grid_search = GridSearchCV(svm, param_grid, cv=5) 

grid_search.fit(X_train_pca, y_train) 

# Get best parameters 

best_params = grid_search.best_params_ 
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# Train SVM classifier with best parameters 

svm_best = SVC(**best_params) 

svm_best.fit(X_train_pca, y_train) 

 

# Predict on training set 

y_train_pred = svm_best.predict(X_train_pca) 

print("Training Classification Report:") 

print(classification_report(y_train, y_train_pred)) 

 

# Predict on validation set 

y_val_pred = svm_best.predict(X_val_pca) 

print("Validation Classification Report:") 

print(classification_report(y_val, y_val_pred)) 

 

# Check accuracy 

accuracy_train = accuracy_score(y_train, y_train_pred) 

accuracy_val = accuracy_score(y_val, y_val_pred) 

print("Training Accuracy:", accuracy_train) 

print("Validation Accuracy:", accuracy_val) 

 

from sklearn.metrics import confusion_matrix 

import seaborn as sns 

import matplotlib.pyplot as plt 

 

# Confusion matrix for training set 

train_cm = confusion_matrix(y_train, y_train_pred, normalize='true') 

plt.figure(figsize=(10, 8)) 

sns.heatmap(train_cm, annot=True, fmt=".2%", cmap="Blues", 

xticklabels=grid_search.classes_, yticklabels=grid_search.classes_) 
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plt.title("Training Confusion Matrix") 

plt.xlabel("Predicted Label") 

plt.ylabel("True Label") 

plt.show() 

 

# Confusion matrix for validation set 

val_cm = confusion_matrix(y_val, y_val_pred, normalize='true') 

plt.figure(figsize=(10, 8)) 

sns.heatmap(val_cm, annot=True, fmt=".2%", cmap="Blues", 

xticklabels=grid_search.classes_, yticklabels=grid_search.classes_) 

plt.title("Confusion Matrix SVM") 

plt.xlabel("Predicted Label") 

plt.ylabel("True Label") 

plt.show() 

 


