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(=) ~ Inception v3

Inception %2 F_CNN L BFEL F- BELEE P2 M - &
Inception 3Rz av » & WA R {7 CNN & F f= X & 3o fp (748 kA%
e AR AR 0 P E R g T D AR eniha o

Blde % - B @ 3R LM A5 AlexNet > v & B fik.é’\:}i%/{% LeNet 4%

B > gt - & ReLU ~ Dropout % $£77 - AlexNet 7 5 B4 & v 3
Bhxp it vP AR TABR2PRDASL > EA BAL A= B
ERH A I T ouAp T 24k 4 o 27 Inception 3% T ik A
%873 VGG-Net> v 4prt* AlexNet § { /| sh¥ F o Fenk B o

VGG-Net ez i H i 28 4F o F % 30 B (i doendd B p 54 B i35 4=
4 2% - VGG & =~ %{,i* Bt Sl ® 0 VGG-19 A 4+ § ik
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SN AR o 2- RAEY 4% - Skl Inception Bipih
GoogLeNet #7& BB i1 ch1> ¥ i2f 4ol VGG-Net 7045+ @ * 2%
%o Flpt fEcE 2T )

(h%mwn&+w%%#aﬁ*?Imwmnﬁ%’bmﬂm R
- R B R SRR THE D RS TR B
ﬁﬁ%ﬂﬁﬁ’3%WP%Jv%#ﬁp—@ S SRR AR o F1 5
I¥1~3%3 & 5*%5 27 chd g5 2 W (77 2OR 985~ B Geh7 e
A X FALGEE Y ST R R (Rl A

Inception v3

Inception v3 4%+ — X Inception v2 & {7 — U #TiE o

1. # & A iiehd G @ * fobottleneck g4 > » AR size T & E R
R R Bt R e R EFA R B

2. ¥ AR A EEE R INEIL éﬁ B 2o R B o

3. GRMERGE A VEFEZERL BT RS EmA LS bl
% > F]E featuremap } > TRiT R P R E L G RF ML ok
i e 75 BB E > 78R - feature map LA E M R R A
T & o RS 0 3 IR LR T A0 IR R o

4. THERLDTRACFER o H o BT R R R L O R R
iy Fet o LBk P REHATRIOER B R EH A o T A

LAt E TR T O BT FERELEDOTROFR

Inception V3 - B & & & ez §_ % f# » f2 (Factorization ) » #-7x7 %
fEafEaa - and e s (Ix7407x1) > 3x3 5 fFAfEA A B- A
A8 m (Ix34r3x1) AT 4@ 8 0 2 TR BLIFRE- HH
dvoo Hi e 0 ERanzbas - Hde— K —*mﬁ {7 ReLU o ¥ ¢ » p.w;;ﬁ%]

» €224x224 % & 299x299  H i 4 H4c 7 #f £4 A 4 B (BatchNorm) ~ 15 &t
L % - RMSProp i ¥ » Bl 1 5 Inceptionv3 e
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B 1 -~ Inception v3 (F# kiR : https://kknews.cc/code/zkoSeS5p.html)

(=) ~ ResNet-50

ResNet 7 2015 & #4% ) » % ImageNet +* % classification ix 7%} JE {¥
- Lo FAETCBHEER YT G 2812 ;‘é?;ﬂ iz = # ResNet50 E\Jﬁ
ResNetlO1 crgkdf b 2 & e Haip] » A 2 » 285 % 27 5
Alpha zero » # * 7 ResNet > #7124 ¥ &L ResNet £z § {345 * o

ResNet-50 528 %% 7 VGG19 it > B A# {77 B> £
WER A4 » TR ZH L o i3 B AL A ResNet 2 £ * stride=2

i"v;rs %% ¢ * ResNet >

LT Rk > ¥ ¥ * global average pool & ¥4 7 >:f &k o ResNet e1-
BE &K RAE: § feature map = -] "% i~ L ¥ > feature map ¥ E H
fe— B B iRAE T ORERE SRR o

FOALREACRRFR ST - AR €3 S PR D7 g R
Loss &7 " & 2 » F]pt #5% X 4§t 51:2 ResNet -3¢ - R A E Y T2 HFY
p R L FEREADR O T Aok ik R FY AT
R 130 A A HALNERANE 0 X %4 g AR o

stage 1 stage 2 stage 3 stage 4 stage 5

T
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layer name | output size S0-layer
convl 112112 Tx7, 64, stride 2
3x3 max pool, stride 2
. =1, 64
conva_x 5656 Ix3 64 | %3
1x1, 256
Ix1, 128
conv3_x 2Bx 28 Ix3, 128 | x4
1x1, 512
1x1, 256
convd_x 1414 Ix3, 256 | =6
1x1, 1024
11, 512
convi_x TxT ix3, 512 | %3
1x1, 2048

~ 8% & ¥ (Transfer learning)

2

B 8 Y (Transfer learning)2_= © 2" 34 cni- )] 2 8B # | #7104
KFTESATHCR R e 4 g B % 04 B & AR ALE AP M e A1l
WG AT R TP ST RS S kA AT

Bobe e B R B Y kg o A R SRR RINEAEEEY B H kR
%&:{% 3 Source Domain ¥ J& * % Target Domain } » % @& 2" 3 { 4c ik o
SourceIDomain
Z Ny
\\ ]
' Leaming Task
‘ -
% /E/
Transfer
Learning
7
Y
)i Learning Task £
\ /

|
Target Domain

AERBEY I AL R 32 A R LR kg THELE G A
A B4 * % Fine-tuning v Vi (7 BB E Y o



Transfer Learning - Overview

Source Data (not directly related to the task)

labelled unlabeled

- Self-taught learning

K Fine-tuning Rajat Raina , Alexis Battle , Honglak

o) Lee , Benjamin Packer, Andrew Y. Ng,
fu g Multitask Learning Self-taught learning: transfer learning
8 from unlabeled data, ICML, 2007
v Different from semi-
g 8 Domain-adversarial Supervised |earning
= T ini .

T | training Self-taught Clustering

© Wenyuan Dai, Qiang Yang,

S Zero-shot learning Gui-Rong Xue, Yong Yu, "Self-

taught clustering", ICML 2008

Fine Tuning
Fine Tuning = P %% & & ¥ (Deep Learmng)#‘ Reig* 3 T RY A
Bl sy @ o % 350 5@ * e g5z = hF 4 & (Source data) i® % F
& 7 4 (Target data)<7 pre-trained model > ¥ ¥ ¥ FHchA— AT o 4ok P
TR S ¥ o € H 3R overfitting (0R 480 24 P i * o9 3% % Layer Transfere
Layer Transfer — & £_i%:iF % * Source data "4+ efi-d] » & §_%
PREBHAFOGE L & L5 E Y BE Lo BRLG FPhddcd B
#EP R Target data K B~18 o i€ ¥ A3FF FEENEAR? > € transfer 03] B 12 B

Bendgdic FIAHTES GHRRAB A BARY ik § 2 0 78 0len

—Eﬁéfﬁ-&% - gy R FLA g “%1‘#‘““8 GRS U
fepgm Bk hp muﬁfq\ug—k&éﬁm@» PR AR A AR

Ao 2 ag Hal -

%A~ %427 >Source data 3 ImageNet> Target data = TSECC Tung Sound>
&% % 5N e o oh ImageNet B~ % A P HCA a2l g R 0 k@ 9 R
TSECC_Tung Sound enFALpF » it 3 {457 { Psfenlg % o



Layer Transfer

Source
data

Output layer

Copy some parameters

N

1>
} = ]

—ﬁ\- Target data

Input layer

1. Only train the rest layers (prevent
overfitting)

2. fine-tune the whole network (if
there is sufficient data)

https://hackmd.io/@allen108108/HIMFrVOWH



= BEFY

) THAE

k= LAEATR ¥ b dataset BT HEH - H Rt 10742 R E
Bl 5 2 3403 sEip)3E 5 B 2 HH(HMZ & A $ R label & AL(xt) > @ 3
TR RSB R IE 2 E R I g R TR
Nff=256 % 7 W PF » af — WiEF S12 BhiiE & = Wi o Ap AN B2y
<Ol G 192ms 0 B fS N B Al B 129%938 o @ label #5 ¢ F B K R
FLAeE e 0 s 7 B (CAS)» b P ¢ %A i med 288 1 4

T3 0F&TLG A - SRR TH
- sk EcA

i ¥ (& CAS) 3221
£ ¥ (3 CAS) 7521

B 2~ ¥ AR {47 2 )

(=) FHRAE

Step1:

g TR L AR PR P AT A L jpg 0 A B ] 5
RN AL R S jpg 1 3R BFRTF RS AR
nparray 97535 5 2 npy 4% > B 18 #4775 label dhitxt £ E £& 5 2 json £ 14

R4



|'import oS
path=inpnt ("' i
+HEHE H sk L-'“f:l s
f=o=.listdir (path)
n=>0
|for i in £:
BB S (R
ocldname=path+f [n]
ez S
newname=path+"train "+str(ntl)+'.JEG’
#HostEtH A rename 77 A ST 4H20E
0s.rename (oldname , newname )

print (oldname, ' AT A5 D newname)
n+=1

Bl 3 ~ tiff 45 3& = jpg 4

import numpy as np
import cvi

import os

import json

img = cv2.imread(r'C:\Users\rh\Desktop\VOICE\pre_process\1.JPG")
print (img.shape)

concat = np.reshape(img, (1, 129%, 934, 3))

print (concat.shape)

path = r"C:\Users\rh\Desktop\VOICE\test_pic_1"
files = os.listdir (path)
print(files)

|for file in files:
img_path = path +"\\"+ file
img = cv2.imread(img_path)

print (img_path)
img_re = np.reshape(img, (1, 129, 934, 3))
concat = np.concatenate ((concat, img_re], axis = 0)

print (concat.shaps)

|with open(r"C:\Users\rh'\Desktop\test_img.npy", "wb") as fpw:
np.save (fpw, concat)

|with open(r"C:\Users\rh\Desktop\test_img.npy", "rb") as fpr:

c = np.load(fpr)
print (c.shape)
img = cv2.imread(r'C:\Users\rh\Desktop\VOICE\pre_process\train_l1.JPG")
print (img.shape)

concat = np.reshape(img, (1, 12%, %34, 3))
print (concat.shape)

path = r"C:\Users\rh\Desktop\VOICE\train pic_1"
files = os.listdir (path)

10



print(files)

lfor file in files:
img _path = path +"\\"+ file
img = cv2.imresad(img_path)
print (img path)
img_re = np.reshape (img, (1, 1295, %34, 32))
- concat = np.concatenate((concat, img_re), axis = 0)

print (concat.shape)

Jwith open (r"C:\Users\rh\Desktop\

np.save (fpw, concat)

Jwith open(r"C:\Users\rh\Desktop\train img.npy", "rb") as fpr:

c = np.load(fpr)
print (c.shape)
B 4~ &-B " fH#E 5 nparray

import os
import json

OICE\train label™

files = os.listdir (path)

fprint(len(files))

lfor file in files:
fnams = os.path.splitext(file) [0]
] with open(path+"//"+ file, "r") as test:
content = test.readline()

a=content[Z]
s.append(a)

print(s)
print(len(s))
path2=r"C:\Users\rh\Desktc

lwith open (path2,"w") as f:
json.dump(s, £)

fprint (content)

Step2:

BFD R AR Y size(129X938) 5 7 4t B A0 r A ST 0 500 KR
B4 resize kTR R 7 G K ] 2 (64X%64) K& 4o B0 B {8 £ - label
41* one hot encoder e ;N ##5 i¢ H shape it 59 & Bl & B P 2 K 4o

—L‘Fg]o

11



50 50

20
1] 50 50
0
20
1] 50 50

Bl 6~ ¥ AR I 47 ¥ B

50

#0ne hot encoder

from keras.utils import np_utils
y_train_label=np_utils.to_categorical(y)
Y_test_label=np_utils.to_categorical(Y_test)

Using TensorFlow backend.

x.shape, y_train_label.shape, X_test.shape, Y_test_label.shape

(10742, 28, 28, 3), (16742, 2), (3403, 28, 28, 3), (34€3, 2))
Bl 7~ @Az 2 Bl Y 2 label ¢ shape

Step3:
BT EOR AR S R B E A 0D 1 2 RYREE B
{UPjea M MEEE R AN BeTH X" 50 @LYHERS DER
Overfitting ;%1% iF Data augmentation 37 ;83 4e 'R 2 S sk fic > H
4 ek #cg RE 7 F batchsize e% ] A& — B epoch @ § %t H 4 3%
Bk L2585 Ry train R sk AR LD #0714 batch size R #e
% Data augmentation #74 = ehsk#ic 0 B f2 N 4o o

# Normalize the data

# X train = np.resize(X train,(, 186,108,3))
# X train = np.resize(X train, (X train.shape))
X_train = x / 255.8

X _test = X _test / 255.8

print("x_train shape: ",X _train.shape)
print("X_test shape: ",X_test.shape)

¥_train shape: (18742, 28, 28, 3)
X_test shape: (3483, 28, 28, 3)

Bl 8~ # a4zt &2 95 1B ¥ 2 label 0 shpae

12



#data augmentation

datagen = ImageDataGenerator(
rotation_range=5, # randomly rotate images in the range 5 degrees
zoom_range = 9.1, # Randomly zoom image 18%
width_shift_range=0.1, # randomly shift images horizontally 18%
height_shift_range=0.1, # randomly shift images vertically 18%
horizontal flip=False, # randomly flip images
vertical flip=False) # randomly flip images

#datagen. fit(X _train)

B 9~ waAest 24 B 7 2 label 0 shpae

()~ ISz a3

BFHE: DNN KA 15 £ 82 2 4 1% 0 TR B iBin b
RAEFY > st RS EE 2 DNN Ak f F 8 % doie o L JEd B
PP Nk WA - B AGE A ATRRRET RS R R
PeEgy o A E T Bl B E SldeT Ao DR LAY 2R s b
R T MR BRI B B0 010 B RN A AT o

model = Sequential(

[
Flatten(),
Dense(16, activation = 'sigmoid'),
Dropout(8.5),
Dense(8, activation = ‘'sigmoid’),
Dropout(@.5),
Dense(2, activation='sigmoid")
]
)
B] 10 ~ DNN $=3)
o~ BB FER T
5 #iE
Epochs 10
Batch size 16
Learning rate 0.000001
Loss categorical crossentropy

seed = 7
np.random.seed(sead)
kfold = StratifiedKFold{n_splits = 18, shuffle = True, random_state = seed)

13



cvscores = []

is=
for

4

E ST

]
train, test in kfold.split(X train, y_train_label.argmax{1l)):
i+=1
if i == 5:

break
create model
print(1)
print(y_train_label[test].shape)
model=model
# Compile model
model.compile(loss="categorical_crossentropy’, optimizer=optimizers.Adam(9.00@001), metrics=[accuracy’])
# Fit the model
#print(X_train[train].shape)
#print(y_train_Label[train].shape)
datagen.fit(X_train[train])
history = model.fit(X_train[train], y_train_label[train],

datagen.flow(X_train[train], y_train_label[train], batch_size= batch_size), epochs=18,
Isteps_per‘_epcch:()(_tr‘ain[train].shape[@]‘?,f,‘].G)J verbose=2)

# evaluate the model

scores = model.evaluate(X_train[test], y_train_label[test], verbose=2)
print("%s: %.2f%%X" % (model.metrics_names[1l], scores[1]*16@))

cvscores.append(scores[1] * 10@)

print(“%.2f%% (+/- %.2f%%)" % (np.mean(cvscores), np.std(cvscores)))

(z)> S

Ao Ay U S

TR B 2 R £

B 11~ 3T RAR G

T EBACT Ao BE LR BB LR T

ji

ot

~ml
.)_

g T g RS 3

Kl

BAE S Sk

B] & Resize e+ -]

128,128

& i epoch F AL 55 3k #c

9661 3*

FHAH

10" 5 9:5% 2% 1)

LR Fva ot

4

Random seed

7

Epoch

10

Batch size

16

Activation function

Relu, Sigmoid

Optimizer

Adam

Loss

Categorical crossentropy

Dense neural

32-16-8-2

Dropout rate

0.4-0.5-0.5

Learning rate

0.000001
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1288/1208 - 409s - loss: 8.6304 - acc: @.6952
Epoch 3/1@
1288/1208 - 489s - loss: B.6297 - acc: 0.6956
Epoch 4/1@
1288/1208 - 410s - loss: 8.6288 - acc: ©.696@
Epoch 5/1@
1288/1208 - 488s - loss: B.6279 - acc: ©.6964
Epoch 6/1@
1288/1208 - 406s - loss: 8.6271 - acc: @.6967
Epoch 7/1@
1288/1208 - 4855 - loss: B.6264 - acc: ©.6970
Epoch 8/1@
1288/1208 - 403s - loss: 8.6255 - acc: @.6973
Epoch 9/1@
1288/1208 - 394s - loss: B.6247 - acc: 0.6976
Epoch 108/16
1288/1208 - 391s - loss: 8.6239 - acc: @.6978
1074/1874 - 8s - loss: B8.609@ - acc: 0.7802
acc: 70.82%
70.01% (+/- 0.083%)
Model accuracy Model loss
—— Valdntion 0631 | — Validation
0.6975
0.630
06970
0629
E 0.6965 . 0628
§ 06960 2 0627
06955 0.526
0625
06950
0624
0 H : 5 3 5 ; : : p

12 4= 3 5L %

model .evaluate(X_test, Y_test label)

3403/3403 [==============================] - @s 125us/sample - loss: @.6198 - acc: 8.6873
[@.61983940358608311, 8.6873347]
Bl 4.2 4= 2T HURIE B B %
BREEES - XS EA K d S8 S e ﬁgzﬁaﬁ:,ﬁu‘é s
Bl (128X 128) e § 45 % 4873 % » &7 1L H-F] & size 72 /] & (64X 64) 0+ # 4o
- R BB R RS LEEI L BE SR AT o
2w~ RHKTA 2

o RS S FUH KRR B HA Sk

Fi?] Resize 7= /| 64,64

9661 3%

10" 9:% 3 1)

4

Random seed

42

Epoch

20

Batch size

16

15




Activation function Relu, Sigmoid

Optimizer Adam

Loss Categorical crossentropy
Dense neural 32-16-8-2

Convolution layer 2,2

Pooling layer Max pooling(2,2)
Dropout rate 0.4-0.5-0.5

Learning rate 0.000001

EREEET 3
R LA

% k& kernel 2 4= 4 1t he normal
& & CNN z & it Batch Normalization
PRAEEY T ReduceLROnPlateau

i * kernel #7451 2 % ¥ CNN A& (74 i f2® > 474> S8 4815
EEoom A s A FIPRIEF & 4 e 0 @ Batch Normalization §_5 7 B 2k 4
BT B Slts 0 § B R S R PR AR BRI PR e ) Ak
7% > 1% 16 Batch Normalization » # MEE Y Sk Jeax@ (HF > n pAKLEY
FEAFEFA LR A ESBepochis @ SRPEZEEY » VpFZ RS

% learning rate » | A v S F T > B NN#ggEY o

model = Sequential(

Convw2D(filters=16, kernel size=(2, 2), padding='same’', activation='sigmoid’,kernel_initializer='random_normal'),
MaxPooling2D({pool_size=(2, 2)),
BatchNormalization(),

Flatten(),

Dense(32, activation = 'relu’),
Dropout(9.4),

Dense(16, activation = 'relu’),
Dropout(@.5),

Dense(8, activation = 'relu’),

Dropout(8.5),
Dense(2, activation='sigmoid')

Bl 13~ 4= A e

Model accuracy

oo Model loss
—— Validation —— Validation
0.66
066
065
> 065 0.64
g n
£ 8
5 L}
< 064 03
062
063
061
062 T T
e . . = w0 Bs 10 s 00 25 50 75 100 125 150 175
Epoch

Epoch

16



model.evaluate(X_train, y_train_label)

10742 /10742 [=====m=m=mm=mmmmmememeee e

[©.5845015384363165, 6.71810983]

Bl 14~ 4= S8 B S %

model.evaluate(X_test, Y_test_label)

3403/3403 [============================

[©.615792409508724, ©.6873347]

B 15~ 4o B B ISR B %

SR - R

e U R T T -

ey ERETEE TS

E3

SRR = e s B AT -2 S Sty

3 v SR TE 3
Y- XS TIE 3 A iE 3 Sl Sl
B & Resize 11+ - 64,64
% 1% epoch F L3 55 5% #c 9661 3&
TR A 103" 3R 9:5%: % 1)
R FEE K 4
Random seed 42
Epoch 30
Batch size 16
Activation function Relu, Sigmoid
Optimizer Adam
Loss Categorical crossentropy
Dense neural 16-2
Convolution layer(3) (3,3)-(2,2)-(2,2)
Pooling layer Max pooling(2,2)
Dropout rate 0.5
Learning rate 0.000001

17

] - 1s 137us/sample - loss: @.5849 -

] - 8s 142us/sample - loss: @.6158 - acc: 8.6873

1 0.7023 - test 77 ]oss »
d%% 0 &% A3 overfitting




model
[
#
#
#
#
]
)

= Sequential(

Conv2D(filters=16, kernel_size=(3, 3), padding='same’, activation='relu’,kernel_initializer='random_normal’),
MaxPooling2D(pool_size=(2, 2)),

BatchNormalization(),

Conv2D(filters=16, kernel_size=(2, 2), padding='same’, activation='sigmoid',kernel_initializer='random_normal'),
MaxPooling2D(pool_size=(2, 2)),

BatchNormalization(),

Conv2D(filters=32, kernel_size:(zL 2), padding='same’, activation='relu’,kernel_initializer='random_normal’),
MaxPooling2D(pool_size=(2, 2)),

BatchNormalization(),

#Dropout(8.5),

Flatten(),
Dense(32, activation = ‘relu’),
Dropout(8.4),
Dense(16, activation = 'relu’),
Dropout(®.5),
Dense(8, activation = 'sigmoid’),

Dropout(8.5),
Dense(2, activation="sigmoid’)

=
—_
(@)
ra
1
I
IR
A
ﬁ
il
&
o4
H\

R AoTE T —p I B IR BE IR over fitting chfFR > e A

. 9

T2 3 % k£ vvalidation £ training & B L5 £ 31X % 7 H_{ testing

)

Al S e B L B2 & > F 8 loss (& AT B dF e

cvscores = []

i

=e

for train, test in kfold.split(X_train, y_train_label.argmax(1)):

#
#

i+=1
if i ==
break
# create model
print(1)
print(y_train_label[test].shape)
model=model
# Compile model
model.compile(loss='categorical_crossentropy’, optimizer=optimizers.Adam(@.000801), metrics=['accuracy'])
# Fit the model
#print(X_train[train].shape)
#print(y_train_label[train].shape)
datagen.fit(X_train[train])
history = model.fit(X_train[train], y_train_label[train], datagen.flow(X_train[train], y_train_label[train], batch_size= bat«
# evaluate the model
scores = model.evaluate(X_train[test], y_train_label[test], verbose=2)
print("%s: %.2f%%" % (model.metrics_names[1], scores[1]*18@))
cvscores.append(scores[1] * 188@)

print("%.2f%% (+/- %.2f%%)" % (np.mean(cvscores), np.std(cvscores)))

1208/1208 - 647s - loss: ©.2833 - acc: 0.8668 -
Epoch 23/38@
1208/1208 - 644s - loss: ©.280@ - acc: ©.8637

Epoch 24/38

1208/1208 - 644s - loss:

=]

L2769 - acc: 0.87@3

Epoch 25/38

1208/1208 - f44s - loss:

@

L2736 - acc: 9.8721

Epoch 26/38

1208/1208 - 635s - loss:

=]

.2785 - acc: 0.8737

Epoch 27/38

1208/1208 - 635s - loss:

@

L2673 - acc: ©.8754

Epoch 28/38

1208/1208 - 635s - loss:

=]

L2642 - acc: 0.8771

Epoch 29/38

1208/1208 - 635s - loss:

@

L2612 - acc: ©.8786

Epoch 3@/38@

1288/1208 - 6355 - loss: 8.2582 - acc: ©.8802
1874/1874 - @s - loss: @.3758 - acc: ©.8212
acc: 82.12%

75.75% (+/- 4.62%)

Model accuracy Model loss
0.88 { — Train —— Train
036
087
034
0.86
.
8 0.32
8 085 8
o -
¥
084 030
083 028
0.82 0.26
v ! . , T T - . . .
0 5 10 15 0 b 0 0 5 10 15 0 . 30
Epoch

Epoch
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model.evaluate(X_test, Y _test_label)
3483/3483 [==============================] - 1s 158us/sample - loss: 8.6115 - acc: 0.6844

[0.6114518211373434, @.638439615]

B 18 ~ B it B R RIGE B 5 %

(T)> FEVR

g erid r R Ep e R 2 s AR S S MEFET
sr > AT 22 F 4 * Transfer learning e 38 & 22 24 e i gy endd % 38 (700 o
FEF NG T 0 B P eh G 7 e T gt o Transfer learning £7 3% i a2

> Model ¥ £ &84 7% > B ARF|T 4z S Biche epoch ~ learning rat % & 3

BB B B 1S eniE > AP EH Resnet50 #2 Google Inception V3 5 Transfer
learning 7 model > 4~ 41 £ @ * iz i Model % ImageNet } #73e4%T ke

R R

Epoch 00026: ReducelROnPlateau reducing learning rate to 4. 782969028838124e-07.
1209/1208 - 106s - loss: 0.6072 = accuracy: 0. T000

Epoch 27/30

1209/1208 — 106z — loss: 0.6083 — accuracy: 0. 7005

Epoch 28/30

1209/1208 — 107z — loss: 0.6083 — accuracy: 0. T004

Epoch 29/30

Epoch 00029: ReducelLROnPlateau reducing learning rate to 4. 3046T72074795235e-07.
1209/1208 — 106s — loss: 0.6078 — accuracy: 0. T000

Epoch 30/30

1209/1208 - 105s — loss: 0.6073 - accuracy: 0.7001

34/34 — 105 - loss: 0.5959 — accuracy: 0. 7002

accuracy: T0.02%

70.01% (+/- 0.04%)

Model accuracy Model loss
70100 { — AN — Tain
070075 D614 1
0.70050
0612 4
2 070025 "
g @
§ 070000 4 0510 4
069975
069950 0.608
069925
T T T T y . y 0606 + ; - - T T y
0 5 10 15 0 5 0 0 5 10 15 0 = 30
Epoch Epoch

B 19 ~ Inception V3 2" 3 %
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model. evaluate (_test, ¥_test_label)

107/107 [ 1 — 30s 280ms/ztep — loss:
[0.6170310974121094, 0.6873347163200378]

0.6170 — accuracy: 0.6873

Bl 20 ~ Inception V3 3" HUR:E & B &

Epoch 00028: EeducelROnPlateau reducing learning rate to 4. 304672074706235e-07.
1209,/1208 - 27z — loss: 006163 - accuracy: 0.7001

Epoch 29430

1208/1208 - 27z - lo==:
Epoch 30430

120871208 - 26z - laoszs:
34734 - 1z - lo=s:
accuracy: T0.02%
TO.01% (+/— 0.04%)

0.6184 - accuracy: 0. 7002

0.61%9] — accuracy: 0, 7001
0. 6109 - accuracy: 0. 7002

Model loss
Madel accuracy 0622
—— Tain
—— Tain \
0.70024 || * F 0621 \ |
| | : \ \
0.620 | A
070022 | | | | I\/ [ \
[ 0s19{ | [V ) ' /

= a | | I| ,\/’ \| /\ /

0.70020 g \ \ f
g \ ’ L II / \ \ I.f".l / /, A I|
o | | || \/\ { / |

070018 | | | 0617 |] \'i \.‘ !

| |
0.70016 || || | | | || 0.616 '|'|
] |_| | I 1 0615 :
070014 . . 0 5 0 15 0 = 10
0 5 10 5 0 = £} Epach
Epoch

Bl 21 ~ ResNet50 3" 3% %

model. evaluate ({_test. T_test_label)

1077107 [ 1 - 4= 3%m=/step - losa:
[0, B213282346726464. 0. GB73347163200378]

0. 6213 — accuracy: 0.6873

B 22 - ResNet50 2" HUpl:E & & %

.J:

B R E T

2REFHD

#1941 * Transfer Learning e % i1 v 8 ff? edF
4z
SRk T F HEA fE model B & i K T T EREA BRA ALY

e L o B2 AR loss F T MR AR o e Bk

jpiu)

F4eA g e iz 2 dhimodel > e ELH ¢ o5 F oA
éf7ﬂgﬁ%4§§4§£53:iz.? 2

BT 4 5= B3 F model H Ok i o BEAR PR B i pr L 3k 4p
244 ~

Ioepfiin o fe B8 loss i kg o+ ¥ g A A Reh model fAp e T

T A e e data R B IE o

Model Training Validation Test

Accuracy/Loss Accuracy/Loss Accuracy/Loss
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Proposed method | 0.8882/0.2582 0.8212/0.3750 0.6844/0.6115
Inception V3 0.7001/0.5959 0.7002/0.6073 0.6873/0.6170
ResNet50 0.7001/0.6109 0.7002/0.6205 0.6873/0.6213
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