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Goal of this lecture

% Understanding what is the transfer learning
» Transfer learning as refinement (Fine-tuning)
= How to implement the transfer learning using refinement (Fine-tuning)
= Actual practice
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Transfer Learning (1)

“ What is “Transfer Learning"?

= When a new object recognition or classification is required using the previously learned
(trained) object identification model.

EX) How to create an automated computer vision application that can distinguish
between “kinds of foods”. Which way is the best????
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Transfer Learning (2)

= Two ways:
1) New model generation (New training)
2) Utilize the pre-trained model to get some results

Traditional Machine Learning (ML) Transfer Learning
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Transfer Learning (3) — Fine-tuning : using Keras

“ Transfer Learning is composed of:

1) Taking a network pre-trained on a dataset.

 Utilize the robust, discriminative filters learned by state-of-the-art networks on challenging
datasets (such as ImageNet or COCO).

2) And utilizing it to recognize image/object categories it was not trained on.
 then apply these networks to recognize objects the model was never trained on.

OIVPL :



Transfer Learning (4) — Fine-tuning : using Keras

% Two types of transfer learning in the context of deep learning:
1) Transfer learning via feature extraction

2) Transter learning via fine-tuning In feature extraction, we treat the pre-trained network as
an arbitrary feature extractor, allowing the input image
to propagate forward, stopping at pre-specified layer,
and taking the outputs of that layer as your features.

A 4

Fine-tuning, on the other hand, requires that we update
the model architecture itself by removing the previous
fully-connected layer heads, providing new, freshly
initialized ones, and then training the new FC layers to

predict our input classes.
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Transfer Learning (5) — Fine-tuning : using Keras

< Refinement (Fine-tuning) Approach
» Fine-tuning requires that we not only update the CNN architecture but also re-train it to
learn new object classes.

% Fine-tuning Process:

1) Remove the fully connected nodes at the end of the network (i.e., where the actual class label
predictions are made).

2) Replace the fully connected nodes with freshly initialized ones.

3) Freeze earlier CONV layers earlier in the network (ensuring that any previous robust features
learned by the CNN are not destroyed).

4) Start training, but only train the FC layer heads.

5) Optionally unfreeze some/all of the CONV layers in the network and perform a second pass

of training.

CIIVPL 2



Transfer Learning (5) — Fine-tuning : using Keras

< Refinement (Fine-tuning) Approach

O IVPL
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1) Datasets

 The dataset consists of 16,643 images belonging to 11 major food categories:

(https://mmspg.epfl.ch/downloads/food-image-datasets/) curated by the Multimedia Signal Processing

Group (MSPG) of the Swiss Federal Institute of Technology.

(You can use FTP client program to download Food-11 dataset.)

Noodles & Pasta

DS
/ . 8 . & :Ji_;:.::_.§ |

Soup

Vegctablcs & Fruits
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. Bread (1724 images)

. Dairy product (721 images)
. Dessert (2 500 images)

. Egg (1,648 images)

. Fried food (1.461images)

- Meat (2 206 images)

- Noodles/pasta (734 images)
- Rice (472 images)

. Seafood (1,505 images)

- Soup (2,500 images)

. Vegetable/fruit (1,172 images)

[ the Food-11 dataset]


https://mmspg.epfl.ch/downloads/food-image-datasets/

Transfer Learning (6) — Fine-tuning : using Keras

= 2) Train the CNN, first..!!!

» Deep neural networks trained on large-scale datasets such as ImageNet and COCO have proven to
be excellent at the task of transfer learning.

« These networks learn a set of rich, discriminative features capable of recognizing 100s to 1,000s of object
classes — it only makes sense that these filters can be reused for tasks other than what the CNN was
originally trained on (VGG, ResNet, or Inception).
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Transfer Learning (7) — Fine-tuning : using Keras

= 3) We are going to perform network surgery and modify the actual architecture so that we can
re-train parts of the network.

« Remove the original fully connected (FC) networks.

« Build a new fully connected (FC) networks and place it on top of the original architecture (right of
the below figure).

Input Input Input
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| ¥ y
(CO:;(;E) == (COT;&;E}I == (Com) =
Removing the FC layers L _ - - o= T
from VGG16 and instead j— ' I —
H H [s":gs'ri}‘;; I l[Fc|='r?vnueu_;'£ [ch I?\:;;
of returning the final I | New rcl L% I
POOL layer-> Feature ‘¢ — === === Layers: 1 I e ro
eXtraCtO r Oulput Labels Oulput Fealures I Output Labels : Layers
[Feature extractor] [Refinement (Fine-tuning)]

CIIVPL )



Transfer Learning (8) — Fine-tuning : using Keras

= 4) By (ironically) "freezing” all layers in the body of the network as depicted in Figure (/ef?).

« Freezing Layers: retain the feature weights of convolution networks

— Training data is forward propagated through the network as we usually would; however, the backpropagation is
stopped after the FC layers, which allows these layers to start to learn patterns from the highly discriminative

CONV layers.
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Transfer Learning (9) — Fine-tuning : using Keras

= 4) By (ironically) "freezing” all layers in the body of the network as depicted in Figure (/ef?).

« In some cases, we may decide to never unfreeze the body of the network as our new FC head may
obtain sufficient accuracy.

« However, for some datasets it is often advantageous to allow the original CONV layers to be modified
during the fine-tuning process as well (Figure, right).

Input Inpat
(CONV *2) => (CONY * 2) =>
POOL POOL
(CONV * 2) => (CONV * 2) =>
POOL POOL
Freeze Early (CONV*3) => (CONV *3)=>
1 POOL POOL
LEYEIS ]J;n Unfreeze Early
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Transfer Learning (10) — Fine-tuning : using Keras

= 5) After the FC head has started to learn patterns in our dataset, we can pause training,
unfreeze the body, and continue training, but with a very small learning rate — we do not
want to alter our CONV filters dramatically.

« Training is then allowed to continue until sufficient accuracy is obtained.

Input Input
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Transfer Learning (11) - Fine-tuning : Actual Practice — Foods classification

% Project structure

§ tree --dirsfirst --filelimit 18

|— Food-11

evaluation [3347 entries]
training [2866 entries]

validation [3438 entries]
Food-11.zip

— dataset

— output

I: unfrozen.png
warmup . png
— pyimagesearch
_init___py
config.py
— build_dataset.py
— predict._py
— train.py

7 directories, 8 files

*pyimagesearch/config.py : Our custom configuration file will help us
manage our dataset, class names, and paths. It is written in Python
directly so that we can use os.path to build OS-specific formatted
file paths directly in the script.

*build_dataset.py : Using the configuration, this script will create an
organized dataset on disk, making it easy to extract features from to
dataset directory.

spredict.py : to make predictions on sample images using

our fine-tuned network.
strain.py : Our training script will perform fine-tuning.

dataset/ directory, while empty
now, will soon contain the Food-11
images in a more organized form.
output/ directory will house our
extracted features (stored in three
separate .csv files).

gent Vision Processing Lab




Transfer Learning (12) - Fine-tuning : Actual Practice — Foods classification (2)

= config.py
# import the necessary packages (continue)
import os # set the batch size when fine-tuning

# initialize the path to the *original* input directory of
images
ORIG_INPUT_DATASET = "Food-11"

# initialize the base path to the *new* directory that will
contain

# our images after computing the training and testing split
BASE_PATH = "dataset"

# define the names of the training, testing, and validation
# directories

TRAIN = "training"

TEST = "evaluation”

VAL = "validation"

# initialize the list of class label names

CLASSES = ["Bread", "Dairy product", "Dessert", "Egg",
"Fried food",

"Meat", "Noodles/Pasta", "Rice", "Seafood", "Soup",
"Vegetable/Fruit"]

# set the batch size when fine-tuning
BATCH_SIZE = 32

BATCH_SIZE = 32

# initialize the label encoder file path and the output directory
to

# where the extracted features (in CSV file format) will be stored
LE_PATH = os.path.sep.join(["output", "le.cpickle"])

BASE_CSV_PATH = "output"

# set the path to the serialized model after training
MODEL_PATH = os.path.sep.join(["output", "food11.model"])

# define the path to the output training history plots
UNFROZEN_PLOT_PATH = os.path.sep.join(["output", "unfrozen.png"])
WARMUP_PLOT_PATH = os.path.sep.join(["output", "warmup.png"])

©IVPL
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Transfer Learning (13) — Fine-tuning : Actual Practice — Foods classification (2)

= build dataset_py # import the necessary packages
- from pyimagesearch import config

from imutils import paths

import shutil

import os

# loop over the data splits

for split in (config.TRAIN, config.TEST, config.VAL):
# grab all image paths in the current split
print("[INFO] processing '{} split'...".format(split))
p = os.path.sep.join([config.ORIG_INPUT_DATASET, split])
imagePaths = |ist(paths.list_images(p))

# loop over the image paths
for imagePath in imagePaths:
# extract class label from the filename
filename = imagePath.split(os.path.sep)[-1]
label = config.CLASSES[ int(filename.split("_")[0])]

# construct the path to the output directory
dirPath = os.path.sep.join([config.BASE_PATH, split, label])

# if the output directory does not exist, create it
if not os.path.exists(dirPath):
os.makedirs(dirPath)

# construct the path to the output image file and copy it
p = os.path.sep.join([dirPath, filename])

r IVPL shutil.copy2( imagePath, p) \:0




Transfer Learning (14) - Fine-tuning : Actual Practice — Foods classification (3)

» build_dataset.py

ferlLearningtFine=Tuning

vicl » practices » cnn s TransferLearning # Fine-Tuning » dataset
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evaluation 2019-09-30 2=
training 2019-09-30 2=
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Transfer Learning (15) — Fine-tuning : Actual Practice — Foods classification (4)

= train.py(1)

CIIVPL

(continue)

# set the matplotlib backend so figures can be saved in the
\background

import matplotlib

Ematplotlib.use(”Agg”)

E# import the necessary packages

ifrom keras.preprocessing. image import ImageDataGenerator
Efrom keras.applications import VGG16

:from keras. layers.core import Dropout

:from keras. layers.core import Flatten

:from keras. layers.core import Dense

'from keras. layers import Input

'from keras.models import Model

'from keras.optimizers import SGD

ifrom sklearn.metrics import classification_report

rom imagesearch import confi
! pyimag P ¢ plt.legend(loc="lower left")

from imutils import paths | ;
1
vimport matplotlib.pyplot as plt :plt.savef|g(p|otPath)

Jimport numpy as np
limport pickle
import os

def plot_training(H, N, plotPath):

# construct a plot that plots and saves the training history
'plt.style.use("ggplot")
'plt.figure()
'‘plt.plot(np.arange(0, N), H.history["loss"],
'label="train_loss")
'plt.plot(np.arange(0, N), H.history["val_loss"],
'label="val_loss")
'plt.plot(np.arange(0, N), H.history["acc"],
label="train_acc")
plt.plot(np.arange(0, N), H.history["val_acc"],
' label="val_acc")
plt.title("Training Loss and Accuracy")
plt.xlabel ("Epoch #")
'plt.ylabel("Loss/Accuracy")



Transfer Learning (16) — Fine-tuning : Actual Practice — Foods classification (5)

= train.py (2)

i# derive the paths to the training, validation, and i# initialize the validation/testing data augmentation object
rtesting #(which we'll be adding mean subtraction to)

'# directories walAug = ImageDataGenerator()

‘trainPath = os.path.sep.join([config.BASE_PATH, |

'config.TRAIN]) '# define the ImageNet mean subtraction (in RGB order) and set
ivaIPath = 0s.path.sep.join([config.BASE_PATH, config.VAL]) ithe

'testPath = os.path.sep.join([config.BASE_PATH, # the mean subtraction value for each of the data
iconfig.TEST]) laugmentat ion

: # objects

'# determine the total number of image paths in training, ‘'mean = np.array([123.68, 116.779, 103.939], dtype="float32")
ivalidation, itrainAug.mean = mean

'# and testing directories 'valAug.mean = mean

'totalTrain = len(|ist(paths.list_images(trainPath))) !

itotalVal = len(list(paths.|ist_images(valPath))) # initialize the training generator

'totalTest = len(|ist(paths.|ist_images(testPath))) 'trainGen = trainAug.flow_from_directory(

I | trainPath,

E# initialize the training data augmentation object
'trainAug = ImageDataGenerator(

| rotation_range=30,

zoom_range=0.15,
width_shift_range=0.2,
height_shift_range=0.2,
shear_range=0.15,
horizontal_flip=True,

C IVPL fill_mode="nearest") \39

class_mode="categorical",
target_size=(224, 224),
color_mode="rgb",
shuffle=True,
batch_size=config.BATCH_SIZE)



Transfer Learning (17) — Fine-tuning : Actual Practice — Foods classification (6)

= train.py (3)

load the VGG16 network, ensuring the head FC layer sets are left
of f

baseMode! = VGG16(weights="imagenet", include_top=False,
input_tensor=Input(shape=(224, 224, 3)))

\# initialize the validation generator

valGen = valAug.flow_from_directory(
valPath,
class_mode="categorical",
target_size=(224, 224),
color_mode="rgb",

H

# construct the head of the model that will be placed on top of the

shuffle=False, # the base model
batch_size=config.BATCH_SIZE) headMode| = baseModel .output
headMode!l = Flatten(name="flatten")(headModel)
# initialize the testing generator headMode!| = Dense(512, activation="relu")(headModel)
testGen = valAug.flow_from_directory( headMode!l = Dropout(0.5)(headModel)
headMode!| = Dense( len(config.CLASSES), activation="softmax")(headModel)

class_mode="categorical",
target_size=(224, 224),
color_mode="rgb",
shuffle=False,
batch_size=config.BATCH_SIZE)

# place the head FC model on top of the base model (this will become
# the actual model we will train)
model = Model (inputs=baseModel . input, outputs=headModel)

# loop over all layers in the base model and freeze them so they will
# *not* be updated during the first training process
for layer in baseModel . layers:

layer .trainable = False

testPath, E
(continue) E

CIIVPL =)



Transfer Learning (18) — Fine-tuning : Actual Practice — Foods classification (7)

= train.py (4)

load the VGG16 network, ensuring the head FC layer sets are left
of f

baseMode! = VGG16(weights="imagenet", include_top=False,
input_tensor=Input(shape=(224, 224, 3)))

\# initialize the validation generator

valGen = valAug.flow_from_directory(
valPath,
class_mode="categorical",
target_size=(224, 224),
color_mode="rgb",

H

# construct the head of the model that will be placed on top of the

shuffle=False, # the base model
batch_size=config.BATCH_SIZE) headMode| = baseModel .output
headMode!l = Flatten(name="flatten")(headModel)
# initialize the testing generator headMode!| = Dense(512, activation="relu")(headModel)
testGen = valAug.flow_from_directory( headMode!l = Dropout(0.5)(headModel)
headMode!| = Dense( len(config.CLASSES), activation="softmax")(headModel)

class_mode="categorical",
target_size=(224, 224),
color_mode="rgb",
shuffle=False,
batch_size=config.BATCH_SIZE)

# place the head FC model on top of the base model (this will become
# the actual model we will train)
model = Model (inputs=baseModel . input, outputs=headModel)

# loop over all layers in the base model and freeze them so they will
# *not* be updated during the first training process
for layer in baseModel . layers:

layer .trainable = False

testPath, E
(continue) E

CIIVPL =)



Transfer Learning (19) - Fine-tuning : Actual Practice — Foods classification (8)

= train.py (5)

' # compile our model (this needs to be done after our setting i# reset the testing generator and evaluate the network

L our 1after

' # layers to being non-trainable \# fine-tuning just the network head

'print("[INFO] compiling model...") tprint("[INFO] evaluating after fine-tuning network head...")
 opt = SGD( Ir=1e-4, momentum=0.9)  testGen.reset()

' mode | .compi le( loss="categor ical_crossentropy", optimizer=opt, 'predldxs = model.predict_generator(testGen,
metrics=["accuracy"]) steps=(totalTest // config.BATCH_SIZE) + 1)

redldxs = np.argmax(predldxs, axis=1)
rint(classification_report(testGen.classes, predldxs,
target_names=testGen.class_indices.keys()))

T O

' # train the head of the network for a few epochs (all other

' layers o .

I . . lot_t H, 50, fig.WARMUP_PLOT_PATH

' # are frozen) —— this will allow the new FC layers to start plot_training( contig )

 to become | || ) '# reset our data generators

v # initialized with actual "learned” values versus pure ' trainGen.reset()

\ random EvaIGen.reset()

E print("[INFO] training head...") |

'H = model . fit_generator( '# now that the head FC layers have been trained/initialized,
| trainGen, lets

i steps_per_epoch=totalTrain // config.BATCH_SIZE, E# unfreeze the final set of CONV layers and make them trainable
! validation_data=valGen, for layer in baseModel.layers[15:]:

E validation_steps=totalVal // config.BATCH_SIZE, layer . trainable = True

! epochs=50)

-
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Transfer Learning (20) — Fine-tuning : Actual Practice — Foods classification (9)

= train.py (6)

 # reset the testing generator and then use our trained

# model to make predictions on the data

print("[INFO] evaluating after fine-tuning network...")

testGen.reset()

predldxs = model .predict_generator(testGen,
steps=(totalTest // config.BATCH_SIZE) + 1)

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

print(classification_report(testGen.classes, predldxs,
target_names=testGen.class_indices.keys()))

plot_training(H, 20, config.UNFROZEN_PLOT_PATH)

# loop over the layers in the model and show which ones are
trainable or not
for layer in baseModel . layers:

print("{}: {}".format(layer, layer.trainable))

 # for the changes to the model to take affect we need to
 #recompile the model, this time using SGD with a *veryx
v small learning rate

i print("[INFO] re-compiling model...")

' opt = SGD( Ir=1e-4, momentum=0.9)

. mode! .compile(loss="categorical_crossentropy", L .
| o . ' $ # serialize the model to disk

E opt imizer=opt.metrics=["accuracy" 1) print("[INFO] serializing network...")

mode| .save(config.MODEL_PATH)

# train the model again, this time fine—-tuning *both* the
#final set of CONV layers along with our set of FC layers
H = model.fit_generator(

trainGen,

steps_per_epoch=totalTrain // config.BATCH_SIZE,

val idation_data=valGen,

val idation_steps=totalVal // config.BATCH_SIZE,

epochs=20)

CIIVPL 20)



Transfer Learning (21) — Fine-tuning : Actual Practice — Foods classification (10)

= Execute result of “train.py”:

[INFOI training head. ..
1001 15:01:45.382193 8600 deprecation.py:323] From C:WProgramDataWAnaconda3ftenwsHBEK imW | ibis | te—packagesttensort lowlpythonffopsfimal
lipyi12501 add_dispatch_support <locals> wrapper (from tensorflow.python. ops.array_ops) is deprecated and will be removed in a futu
=0

Instructions for updating:

se tf where in 2.0, which has the same broadcast rule as np.where

poch 1/50

308/308/[ ] — 135s 438ms/step — loss: 10.8853 — acc: 0.2781 — wal_loss: 8.0759 - val_acc: 0.4501

poch 2/50

308/308 [ ] — 120s 390ms/step — loss: 8.1763 — acc: 0.4297 — wval_loss: 5.3619 — val_acc: ©.5389

Fpoch 3/50

128/308 [z==========>. ... ... .. ... ... ... ] — ETA: 58s - loss: B6.6144 - acc: ©,5042

<Keras. layers.pool Ing. Maxoo | INgZU ODJECT at UXUUUUUIE( [USAT IDU>: ralse
<keras. layers.convolutional.Conv2D object at OxO00001E771357DD8>: False
[<keras. layers.convolutional.ConveD object at OxQO0001E77137EIB0>: False
<keras. lavers.convolut ional.Conv2D object at OxQ00001ETTISTEBEC>: False
<keras. lavers.poal ing.MaxPool ing2D object at Ox000001E77139CEBO>: False
<teras‘}avers‘cmvo;upma}‘8%@8 Dgiecg a% 8%8888}5%%%38% Ealse 08/308 [ ] - 124s 402ms/step - loss: 0.3467 — acc: 0.8863 - wal_loss: 0.5892 - val_acc: 0.8805
<keras. lavers.convolut ional .ConveD object at Ox > False : r = ol :
Ceras |ayers. convo Ut jonal .Com2D chiect at OXOCOOOIET7ISBIEI0S False [INFO] evaluating after fine—tuning netwark. ..
<keras . layers.pooling MaxPoo|ing2D object at 0xO0000IEF713CFCI8>! False precision recal | fl-score support
<keras. lavers.convolutional .ConveD chject at OxO00001E7713CFDE8>: True
1
1
1

[<keras. layers.convolutional .Conv2D chject at OxO00001E7713E9860>: True
<keras. layers.convolutional .ConveD object at OxO000001E7713F5CC0>: True Bread (.88 0.66 0.76 368
?m;g]s izﬁgnswolijl\j?rxg‘;ﬂﬁongpoo‘ ing2D object at OxOO0001ET71400FD0>: True ai ry oroduct 0.81 074 0.77 148

Fooch 1/20 Dessert 0.78 0.84 0.81 500
i
gggéaog/g[o ] -~ 1245 402ms/step — loss: 0.8234 — acc: 0.7348 - val_loss: 0.7684 - val_acc: 0.7769 Egg 0.82 0.83 0.82 335
308/308/[ ] - 1225 3%ms/step — loss: 0.7774 — acc: 07487 — val_loss: 0.7372 — val_acc: 0.7872 Fried food 0.84 0.82 0.83 287
g2 Meat 0,86 0.92 0.89 432
308/308 [ ] - 121s 391ms/step — loss: 0.7284 — acc: 0.7603 - val_loss: 0.6731 — val_acc: 0.7999 R . .
Fpoch 4/20 Mood les 0.98 0.97 0.97 147
308/308/[ ] - 121s 392ms/step — loss: 0.6848 — acc: 0.7818 - val_loss: 0.6374 — val_acc: 0.8096 Rice O 88 O 96 O 92 96
Epoch 5/20 ! ' '
goe/aog/g[o ] - 124s 402ms/step - loss: 0.6377 - acc: 0.7940 - val_loss: 0.6581 - val_acc: 0.8161 Zeafood (.88 0.90 0.89 303
o Soup (.94 0.97 .96 500
308/308 [ ] - 123s 399ms/step — loss: 0.6131 — acc: 0.8004 — val_loss: 0.6345 - val_acc: 0.8184
ooch /20 Vegetable G.95 0.95 0.95 231
308/308 [ ] - 119s 386ms/step — loss: 0.5744 — acc: 0.8148 - val_loss! 0.6650 — val_acc: 0.8131
Fpoch 8/20
308/308/[ ] - 120s 389ms/sten — loss: 05534 - acc: 0.8221 - val_loss: 0.60B3 - val_acc: 0.8287 accuracy S 0.7 8%; ggﬂ
Fpoch 9/20 macro avd
308/308 [ ] - 123s 398ms/step - | 0.5307 - 0.8257 - val_| 0.5832 - val 0.8308 : ' ' '
Fooch 10/20 © IR/ s . — i welghted avg 0.87 0.87 0.86 3347
306/308 [ ] - 117s 380ms/step — loss: 0.5203 — acc: 0.8363 - val_loss: 0.6177 - val_acc: 0.8290
] - 1175 378ms/step — loss: 0.4820 — acc: 0.8415 - val_loss: 0.5734 - val_acc: 0.8446 [ INFO] serializing network. ..

s Silsr/stizw = loss: O At = zee! 0/845H = vall_lless| 0 570 = vz fEOREHS BGK im) Ci#Userstvicl#pract icestonniTransferlearning®ine—Tuning>
165 376me/step — loss: 0.4488 — acc: 0.8515 — val_loss: 0.6116 — val_acc: 0.8287 BGK im) Ci#Users#vicl#pract icestenniTransferLearning®ine—Tuningsg

20s 389ms/step - loss: 0.4289 - acc: 0.8571 - val_loss: 0.5761 - val_acc: 0.8402
46s 475ms/step — loss: 0.4180 - acc: 0.8615 - val_loss: 0.5785 - val_acc: 0.8502
19s 387ms/step - loss: 0.3956 - acc: 0.8708 - val_loss: 0.5864 - val_acc: 0.8464
17s 379ms/step — loss: 0.3992 - acc: 0.8708 - val_loss: 0.5585 - val_acc: 0.8514
18s 37Bms/step — loss: 0.3605 - acc: 0.8816 — val_loss: 0.6251 — val_acc: 0.8423
16s 378ms/step - loss: 0.3533 ~ acc: 0.8844 — val_loss: 0.5876 - val_acc: 0.8576

1
1
1
1
1
1
1
1

Fooch 20/20
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CIIVPL

Evaluation module (predict.py) (1)

'# import the necessary packages

1 from keras.models import load_model

1 from pyimagesearch import config

import numpy as np

L import argparse

vimport imutils

Eimport cv2

1

# construct the argument parser and parse the arguments
Eap = argparse.ArgumentParser()

:ap.add_argument(”—i”, "——image", type=str, required=True,
:help=”path to our input image")

rargs = vars(ap.parse_args())

1

i# load the input image and then clone it so we can draw on it
'later

'image = cv2.imread(args["image"])

'output = image.copy()

'output = imutils.resize(output, width=400)

# our model was trained on RGB ordered images but OpenCV
represents

# images in BGR order, so swap the channels, and then resize to
# 224x224 (the input dimensions for VGG16)

image = cv2.cvtColor(image, cv2.COLOR_BGR2RGB)

Eimage cv2.resize(image, (224, 224))

:# convert the image to a floating point data type and perform
' mean

'# subtraction

' image = image.astype("float32")

'mean = np.array([123.68, 116.779, 103.939][::1],
! dtype="float32")

| image —= mean
1
1

# load the trained model from disk
vprint("[INFO] loading model...")
imodel = load_model (config.MODEL_PATH)

 # pass the image through the network to obtain our
rpredictions

ipreds = model .predict(np.expand_dims(image, axis=0))[0]
i = np.argmax(preds)

label = config.CLASSES[ ]

# draw the prediction on the output image

text = "{}: {:.2f}%".format(label, preds[i] * 100)

cv2.putText(output, text, (3, 20), cv2.FONT_HERSHEY_SIMPLEX,
0.5,(0, 255, 0), 2)

i # show the output image
'cv2. imshow( "Output", output)
' cv2.wai tKey(0)



Transfer Learning (23) — Fine-tuning : Actual Practice — Foods classification (12)

= Let's run predict.py...!!!l And check on the verification results.....!!!!

(BGKim) C:H#tUsersWvicl#practicesWcnnWTransferLearningWFine-Tuning>python predict.py --image
datasetWevaluationWSeafoodW8_102.jpg

(BGKim) C:#lUserstvicltpracticesWenn®TransferlearningffFine—Tuning>python predict py —image datas

lUsing TensorFlow backend.

87 Output - O X

O IVPL 2)

Intelligent Vision Processing Lab



Homewrok#2 Performance Comparison of Two Transfer learning schemes

s Content:
= With the same dataset (one dataset), we want to compare the classification accuracy.

« From two datasets, you can select one dataset

« Implement same output classifier in each scheme.
 Just training two scheme with one dataset

 Just check on the accuracy.

% Submission:
= Your technical report with your source code (compressed file)
= Due: in a week from now.

OIVPL 28



Intelligent Vision Processing Lab

Thank you for your attention.!!!
QnA

http://ivpl.sookmyung.ac.kr
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