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© Dataset

Flowers Recognition

This dataset contains labeled 4242 images-of flowers.

n Alexander Mamaev - updated a year ago (Version 2)

W- -~ Kaggle FARFLF AT 5 et

riowers

daisy dandelion rose sunflower
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B Code>

X=[]

I=[]

IMG_SIZE=158

FLOWER_DAISY DIR='/content/drive/My Drive/Colab Notebooks/flowers/flowers/daisy’
FLOWER_SUMFLOWER_DIR='/content/drive/My Drive/Colab MNotebooks/flowers/flowers/sunflower'
FLOWER_TULIP DIR='/content/drive/My Drive/Colab Notebooks/flowers/flowers/tulip’
FLOWER_DANDI_DIR='/content/drive/My Drive/Colab MNotebooks/flowers/flowers/dandelion’
FLOWER_ROSE_DIR='/content/drive/My Drive/Colab Notebooks/flowers/flowers/rose’

def assign label(img,flower type):
return flowsr_type

def make train_data(flower_type,DIR):
for img in tgqdm(os.listdir(DIR)):
label=assign_ label(img,flower_type)
path = os.path.join{DIR,img)
img = cv2.imread(path,cv2.IMREAD_COLOR)
img = cv2.resize(img, (IMG_SIZE,IMG_SIZE))

X.append(np.array(img))
Z.append(str({label))

B Output >

make_train_data('Daisy’,FLOWER_DAISY DIR)
print{len(X))

100 | INNNEINEENN| 750/760 [ee:escee:ee, 179.72it/s]769

make_train_data( Sunflower’,FLOWER_SUNFLOWER_DIR)
print(len(X))

10e% | NNNINEIN | 732/734 [ee:e4<@p:08, 157.44it/s]1583

make_train_data('Tulip',FLOWER_TULIP_DIR)
print{len(X))

100% | NNNINRRNN| css/9s8 [@e:es<ee:ee, 169.58it/s]2491

make_train_data( Dandelion’,FLOWER_DANDI_DIR)
print(len(X))

100% | INNNINEEIN| 1952/1052 [ee:es<ee:ee, 176.99it/s]3543

make_train_data('Rose',FLOWER_ROSE_DIR)
print{len(X))

100% | INNNINRINN | 732/734 [ee:eacee:ee, 177.97it/s]4327
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(2) Step2 : S8 EF AR L GE B {8 e B p*'}w' » 4T [B]
B Code>

fig,ax=plt.subplots(5,2)
fig.set size inches(15,15)
for 1 in range(5):
for j in range (2):
l=rn.randint(@,len(Z})}
ax[i,j]-imshow(X[1])
ax[i,j].set title( 'Flower: '+Z[1])

plt.tight layout()

B Output >

Flower: Sunflower

Flower: Daisy
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(3) Step3 * Hehpis 1 22 K
1. Label Encoding the Y array (i.e. Daisy->0, Rose->1 etc...) & then One
Hot Encoding. #-18 4+ &-fd ficdy (4 sl i 0 B 4 > v gt dgde > A rg
PR BCE 5 0~255 2 B o BT g D] O~1 2 B TR R R L

onehot-encoding A%

2. Splitting into Training and Validation Sets. #-F& * F#LA 5 2508 %
% IEI
B

3. Setting the Random Seeds.
B  Code>

le=LabelEncoder()
¥=le_fit_transform(Z)
¥=to_categorical(Y,5)
X=np.array(X)

X=X/255

x_train,x_test,y_train,y_test=train_test_split(X,Y,test_size=0.25,random_state=42)

np.random.sead(42)
rn.seed(42)
tf.set_random_seed(42)
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(1) #7)aE =
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Step 1 : filter % 32 » kernel size  (5,5), padding
5(2,2)

Step 2 : filter % 64 > kernel size : (3,3), padding * (same) > max pooling size
%(2,2) » # £ (Strides) % (2,2)

Step 3 : filter % 96 > kernel size % (3,3), padding * (same) » max pooling size
%(2,2), # & (Strides) 3 (2,2)

Step 4 : filter % 96 > kernel size % (3,3), padding * (same) > max pooling size
%(2,2), # & (Strides) 3 (2,2)

Step 5 = it

f

(same) > max pooling size

IS

# # modelling starts using a CHN.

model = Sequential()
model.add(Conv2D(filters = 32, kernel_size = (5,5),padding = 'Same’,activation ='relu’, input_shape = (158,158,3)))
model.add(MaxPooling2D(pool_size=(2,2)))

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

model.add(Conv2D(filters =96, kernel_size = (3,3),padding = 'Same’,activation ='relu’))
model.add(MaxPooling2D(pool_size=(2,2), strides=(2,2)))

model.add({Conv2D(filters = 96, kernel_size = (3,3),padding = 'Same’,activation ='relu’}))
model.add(MaxPooling2D(pool_size=(2,2), strides=(2,2)))

model . add (Flatten())

model.add(Dense(512))

model.add (Activation( 'relu’))

model .add(Dense(5, activation = "softmax™))

(2) Bt

Using a LR Annealer

batch_size=128
epochs=58@

from keras.callbacks import ReducelROnPlateau
red_lr= ReducelROnPlateau(monitor='val_acc’,patience=3,verbose=1,factor=0.1)



Data Augmentation to prevent Overfitting

datagen = ImageDataGenerator(
featurewise center=False, # set input mean to 8 over the dataset
samplewise_center=False, # set each sample mean to @
featurewise std_normalization=False, # divide inputs by std of the dataset
samplewise_std_normalization=False, # divide each input by its std
zca_whitening=False, # apply ZCA whitening
rotation_range=18, # randomly rotate images in the range (degrees, B to 188)
zoom_range = @.1, # Randomly zoom image
width_shift_range=0.2, # randomly shift images horizontally (fraction of total width)
height_shift_range=8.2, # randomly shift images wertically (fraction of total height)
horizontal flip=True, # randomly flip images
vertical flip=False) # randomly flip images

datagen.fit{x_train)

Compiling the Keras Model & Summary

model.compile{optimizer=Adam(1lr=8.8@81),loss="categorical crossentropy’,metrics=["accuracy’])

Model: "sequential 1"

Layer (type) Output Shape Param #
convad 1 (Com20)  (None, 150, 150, 32) 2432
max_pooling2d 1 (MaxPooling2 (MNone, 75, 75, 32) a
conv2d 2 (Conv2D) {Mone, 75, 75, 64) 18496
max_pooling2d 2 (MaxPooling2 (None, 37, 37, 64) e
conva2d 3 (Conwv2D) {None, 37, 37, 96) 55392
max_pooling2d 3 (MaxPooling2 (None, 18, 18, 96) a
conv2d 4 (Conv2D) {None, 18, 18, 96) 83848
max_pooling2d 4 (MaxPooling2 (None, 9, 9, 96) e
flatten_ 1 (Flatten) {None, 7778) a
dense_1 (Dense) {None, 512) 3981824
activation_ 1 (Activation) {None, 512) @
dense 2 (Dense) {None, 5) 2565

Total params: 4,143,749
Trainable params: 4,143,749
Mon-trainable params: 8
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AR AR Y 0 K T 07 fitting # 50 1% epoch o

History = model.fit_generator(datagen.flow(x_train,y_train, batch_size=batch_size),
epochs = epochs, validation_data = (x_test,y test),
verbose = 1, steps _per epoch=x_train.shape[8] // batch_size)

Epoch 12/5@

25/25 [ ] - 176s 7s/step - loss: 8.7386 - acc: ©.7229 - val_loss: @.7621 - val_acc: 8.7116
Epoch 13/58
25/25 [ ] - 1755 7s/step - loss: 8.7284 - acc: @.7199 - val_loss: @.7720 - val_acc: 8.7879
Epoch 14/58
25/25 [ ] - 172s 7s/step - loss: 8.6819 - acc: ©.7321 - val_loss: @.7753 - val_acc: 8.7237
Epoch 15/58
25/25 [ ] - 1785 7s/step - loss: 8.7488 - acc: 8.7162 - val_loss: @.7631 - val_acc: 8.7116

Epoch g/

25/25 [ ] - 178s 7s/step - loss: 8.3416 - acc: 0.8734 - val_loss: ©.6384 - val_acc: ©.38813
Epoch 48/58
25/25 [ ] - 1755 7s/step - loss: 08.3126 - acc: 0.8746 - val loss: ©.6493 - val acc: ©.8859
Epoch 58/58
25/25 [ ] - 1755 7s/step - loss: 8.3273 - acc: @.8796 - val_loss: ©.6182 - val acc: @.8244

v KAIRARERE
PR R B o

score, acc = model.evaluate(x test, y test,
batch_size=batch size)

scorel, accl = model.evaluate(x train, y_ train,
batch _size=batch size)

#print('Test score:’, score)

print{'Test accuracy:', acc)

print({‘'Train accuracy:’, accl)

WA A SRS o 4o B o R T 35T R B w5 iE 82% o
1082/1082 [==============================] - 155 14ms/step
3245/3245 [==============================] - 465 14ms/step

Test accuracy: @.8243002688775011
Train accuracy: 8.9334368555434263

4 @ Loss & Accuracy ¥+ Epochs B 7% 37 40 ]

plt.plot(History.history['loss']) plt.plot(History.history[ acc’])
plt.plot(History.history['val_loss']) plt.plot(History.history['val_acc'])
plt.title( 'Model Loss') plt.title( 'Model Accuracy')
plt.ylabel( Loss") plt.ylabel('Accuracy")

plt.xlabel( 'Epochs") plt.xlabel( 'Epochs")

plt.legend([ 'train’, 'test']) plt.legend([ 'train’', 'test'])
plt.show() plt.show()
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