i

(\.‘3

i
L EEE
£

e
BE
Y e
B

[}
i
#B
,:
- AR )

e
ka
*
3
R
4
A1
*
ﬁ

F
::L
- 10
90
34403
(T
k5 R

&
11
0
P



4.1
4.2
4.3
4.4
4.5

5.1

6.1

6.2

6.3

i - S 1
= I« R 2
ABEREAE . 3
e 4
One-hot Encoding ........c.uuiiiiin i, 5

AR - P 5

7 % (Image Augmentation) ...............oiiiiiiiia.... 5
CNN B T 5

BHEY (Transfer Learning) BIE .. ... 6
L i AR o 6

G B A o s 6
5. 1.1 F#4F % (Exploratory Data Analysis).................. 6
5.1.2 F## @ (Data Preprocessing)....................... 7
5.1.3 #31 % # (Model Construction)......................... 8
5.1.4 38 #3] (Transfer Learning) .........couueunenon... 10
5.2.1 F#4F % (Exploratory Data Analysis)................. 12
5.2.2 F##w d® (Data Preprocessing)...................... 13
5.2.3 #31 % # (Model Construction)........................ 13
5.2.4 3 # #3] (Transfer Learning) ..., .. 15
B vt e e e 17
B T B e e 17
6. 1.1 BEBE 75883 17
6.1.2 BB A RS PR 17
B 18
6.2.1 poEcd B Es B AL . 18
6.2.2 #2 % 2 A BRI 18
6.2.3 AIRTF B B o A 1T oo 19

A R T B e 19



W P &

Bl 1 As-Is vs. To-Be Ra B ... 1
Bl 2 BERAFIFEREAGAETLR . 2
B 3 ERAE RS RFEREAIART LR 2
Bl ASWIH A7 P e BBl ot e 3
B 5 State-Farm 3" REPREFTHMRL T LB ... 4
Bl 6 MRL Eye Dataset 3" R& RIZFFHAE T LW ...t 4
Bl 7T ONN GHE 2 ART LB o 6
Bl 8 F AR M A B oo e T
Bl 9 FHANEBAMBELTHELIETIR ... 7
B 10 One-hot Encoding #Z: &7 BBl ..ot 8
B Il FREMEXTANBTIR 8
12 A7 ONHERIZEH 9
B 13 #»#7% #73] Training vs. Testing Acc & Loss............... 10
Bl 14 VGGI6 B R a B . ..o 11
Bl 15 VGG-16 Training vs. Testing Acc & Loss................... 12
BlI6 FA A G B o e 13
Bl 17T B i B o 13
Bl I8 A4 CNNHCZIEHE o 14
B 19 ~# % CNN Training vs. Testing Accuracy & Loss........... 15
B 20 MobileNet ZEHET LB ... 16
B] 21 MobileNet Training vs. Testing Accuracy & Loss........... 16
B 22 B8 B R ¥yl e B o L g r LR . 18
Bl 23 pdfaddfer BB AAEHE TR L 18
Bl 24 RIFTA &3 - F 2T B ... 19
% P&
Z 1 Batch Size 35 v B L 9
% 2 Epoch Times i M B2 oot 10
4 3 Activation Function 3y d .. .. 10
% 4 VGG-16 Epoch Time *“ & ... .. ... i, 11
% 5 VGG-16 Batch Size *“# & ... .. .. ... 12
% 6 VGG-16 Activation Function *“# % ........................ 12
# T Activation Function *“# 2 ... ... ... ... ..... .. ... ... 14
% 8 Optimizer F“ 3 .. 14
Z 00 Epoch *f B o 14
o 10 BBAE A3 REB . 17
F 11 BRARFFFESEAVCERRB . 17



¥R

AFARFAT Sl i i ARRARFE S R Y R FTAKE D
PR AR KA T s A3 R AR P Rg s FXy 3 7K
B @ FWEE O AERIFA AP UANLT LA ERFTEY B
1 o 1245 Federal Communications Commission s7F = (i3t > £ R R R B %
% > F B OTRMS B4 T 0 F RALE 0%R b2 AL A
ﬁ@ﬁﬁﬁn%ww’Pu&%ﬁ ST LB 0 2018 & 0§ 2800 5 4 FA
Al LER20I8E 0 B3 40 F L AA S ERE S Y £
% o

P E RS ORARLGDS FEF ’éﬁlf'l)%ﬁ*‘uiﬁ.ﬁ PR & 2
LA E R Fpr ESprgREEn o B0 R F)E G UK B R g rr o
R R P A2 BT E o TS E ko Al e BB S Bl
et Tesla » BMW - Mercedes » Toyota % $5%7 #f 24§ % & bb o g2k o2 f %
GRT LR AR ERDAFOW T o R BRI R i AF &S
Bopads » TG PEER D FAE o FIPL AL HF F R - B A B

WS B ch )k AR AR o fRAE R R FIA K R TR B AR AL o

R

i~

@

BRABDL/E

‘ﬂ]]n
a

SEERS =
ﬁ 1L ,-"r 4-'?15
FHENREEEEED =

BEER

HRER

B 1 As-Is vs. To-Be %, 38



2. B3R

ARG RS CERKE D - B Ropkh e B R G SR ¥

lg
n\\-

EFREY 3 Fivi i, Y s @RRE Y i A % 5

BR B oo ieal 2 B R R SR Bl o 2 b F 2B

#ﬁﬁﬁ“’gfﬁii"’«ﬁ%é"'léﬁ 5"4‘\‘5;:%5 iﬁamf”ﬁk@m’%\

7 % FFA A S State Farm i rena B FP 2 2 FRE 7
% E—f—,}}w‘%’:;%\. ’ ,/‘Ei v g R Jé%%;?d “5‘_%}%—-‘&5‘_3, (CNN) %Eﬂ]r%‘-‘—'? i ij-l e v«ql] 7
FijadZer ONNJF & i 2 32 = o B o B R ¥ 5 s alnl € 1

MRL Eye Dataset & {7 P pi-B B crA $f /80 & Ty F R B ok 3 28 o

DL
= EHETA : |2 el
o Lirh b U :
m 4 HEEE ERE 1 i
£ 4 AT

Bl 2 KSR (5 e calinggs LW

‘ . |:> = =P RN |:> 0 5 L

PRl




BIERZRAEE
BIRE - EMERE

AERERSEREN
ReEEZE o0

BIFERS IS
BB (55 & 17

IR =
(REER - FSER)

FIFH CNN & Transfer
Learning B¥EESEA

IR E R EE okl STHMRR
LM ER=E 2R MHERETESA -
RENER A FRAER ST

\ FEiZRE

B 45WIH =% P &7 & B

SREREANR

A F B P~ State Farm FAl %232 MRLEye TH G FERA 75
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Data

Exploratory Data Analysis Erere Model
¥ ¥ ¥
| DataVsusizaion | [ DaaSping | [ CNNAhiectre |
¥ ¥ ¥
[ Data Cleaning ] [ Data Augmentation ] [ Hyperparameter Tuning ]
¥ ¥
[ Data Normalization ] [ Model Evaluation ]

B 6 F 5 % 1M

4.1 One-hot Encoding

4.2

4.3

4.4

dlcEd 10 F ™ FF - TR ez g nl RIS 1 F R
00 P end 5 0 B35 (categorical) & A < F (text) T flE A #F

MmN Ehd B2 EY o

One Hot encoding 1378 B48 5 #-4g w457 % B 7 (column) » & B 57

FARRE
g R R GRE EER A R hE B E 0255 Flt

- SERR LY A B fg.\-g %'} 255 11 ’fl]%f%‘w]~ g{%m&iﬁsg o

73 5% (Image Augmentation)

% 1§ Image Augmentation > ' TF“,%%'EJ gk~ 7 s H ek EE 0 L E
P B AR T e s o et - Kk ﬂiraifaﬁii%b‘géc T3F 5 enE
AL T Koo A R- BA SRR (XF 5 8] Overfitting ]k /e >
3 ﬁ%{*ﬁ Training Data 5>t % % e & > gL fr > F3E 4 OB 35 > +
it *% X Overfitting 0¥ it |4 o =X i * Keras 2. ImageDataGenerator % i*

(T T AL 5 e T E

CNN mr 32
FREY ¢ 7 CNN #i% %4 DNN 7 7 Convolutional (% #4) % # i

(Pooling) = & Layer » * 1z a4Fajk T 1 ¥ @F & Sodic= tgaf 4v o fde 2 gt
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ARG AR PR AT RA B F A K S e g - R
i Sk (FBLGDNN)> &£ # * Softmax activation function % iz !
LALF' 4L a‘ °

pooled Fully-connected 1

feature maps pooled  feature maps feature maps
feature maps

Outputs

Input

Convolutional Pooling 1 Convolutional
layer 1 layer 2

B 7CNN &2 in4zr & H
45 B#HEY (Transfer Learning) R Z

Pooling 2

BHE Y 1 FRMERFPE G T AR K A 0
Rlehd (s = K oA NSRS AT A BB R BT B N

A B S8 YT 2T e R R T R R TE R D S R T

L o BFP O CEE THGT R AT L AN SRR RS
Bk > MR A A R FRREDRFEY T BB E Y BN AT
%%ﬁ#“%PP&*jz%%gﬁ%¥ TH % AP BT VGG-

16, MobileNet %t flﬁ | #5 L ¥asE 2 e CNN ZE 00 8 (7 )38 1 o

5. B
51 E&R 75 P03
5.1.1 F#4F % (Exploratory Data Analysis)
KFRET g NFHREF T BE 1082 & > & 5 5 Safe
Driving, Talking to passenger, hair and makeup, reaching behind, dinking,

operating the radio, talking on the phone- left, talking on the phone — right,

6



texting — left, texting — right, talking on the phone — left - & & 10 + ¥ 1 [f] 44
Bl ¥ g di B ShF A talking to passenger fEF i 8.5% » &~ chF R A
safe driving & 11.1% o d p* ¥ 2 » TR E L3 B &7 THEFHR - F A

AR LR B R R L A BT AR AL o

Categories Distribution

2500
2000
Sample % per class
talking on the phone - right
.. 1500 texting - right
g texting - left
8

1000

safe driving
talking on the phone - left
500 talking to passenger

operating the radio

0 hair and makeup
d d a2 3 ddS o d B O drinking

h
dassname reaching behind

B8 FAHAALS T LM
BYRFE TR BT E TR S 2T A 80% BT A B 20% o

TR As RN B L TRE LT L BB 1 -

from sklearn.model selection import train_test split
x_train,x_test,y_train,y test = train_test split(X,y,test_size=0.2,random_state=

4 »

print(y_train.shape,y test.shape)

(17939, 1) (4485, 1)

Bl 9 Tl A HAENBELTREELET LR
5.1.2 F#L% &2 (Data Preprocessing)

d>RAPEL 0~24 2 i&'.@:tg\ﬁ"a TR > F)pt AP Bk #-iE 7 One-hot
Encoding #2 A #-p @ 4 & 0,1> 2 J| % (T £ B 12 5 One-hot Encoding

#2757 £ B > B 13 3 One-hot Encoding % % 7 % 8] °



from keras.utils import np utils

Y_train = np_utils.to categorical(y_train,num_classes=18)
Y_test = np utils.to categorical(y_test,num_classes=10)

Y train
ar\r‘aY([[a'J e 3 e bl 3 9') 9 2 e ]J
[Q'Je,l, JG'JBJG]J
[B'JG)G) Je')lJe]J
ceey
[Q'Je)a, Je')eJe']J
[@., 1., @., ..., ©., B., 0.],
[e., 8., 8., ..., 8., 1., 8.]], dtype=float32)

Bl 10 One-hot Encoding #%:% 75 7+ . ]

ETIAS
T

J

T L VR F R R R TR B E 0 2 Keras 2
ImageDataGenerator £ % $+35 3 R 34 B 8 (7 FRIM 52 e iF ¥ o 3 FFen
FEG R RO E R SRR R L R T B R R E X
o B 17 FEARREKTASNETLE-

train_datagen = ImageDataGenerator(rescale = 1.8/255,
shear _range = 0.2,
zoom range = 9.2,
horizontal flip = True,
validation split = 8.2)

1 TR R ST L

5.1.3 #:7) % ’fﬁ. (Model Construction)

— B 4~ 12 Trial and Error ¥ & CNN &2 i R UE S S Ek

N

Ea

—n

SE M hZE R o FE4c®] 10 o £ 2 loss function 1
categorical crossentropy ° optimizer & * i & * 3t [B]7;FE 0 adam

B3 3 dp s RS S L



Model: "sequential 5"

Layer (type) Output Shape Param #
conv2d_16 (Conv2D) (None, 238, 238, 128) 3584 )
max_pooling2d 13 (MaxPooling (Mone, 119, 119, 128) 5]
conv2d_17 (Conv2D) (None, 117, 117, 64) 73792
max_pooling2d 14 (MaxPooling (Mone, 58, 58, 64) 5]
conv2d_18 (Conv2D) (None, 56, 56, 32) 18464
max_pooling2d_15 (MaxPooling (None, 28, 28, 32) 4]
flatten 4 (Flatten) (Mone, 25888) 2]
dense_11 (Dense) (None, 1024) 25691136
dense 12 (Dense) (Mone, 256) 262400
dense_13 (Dense) (None, 1) 2570

Total params: 26,851,946
Trainable params: 26,851,946
Non-trainable params: @

B 12 A&7 @ % eh CNN R %4

- T 43 B Batch Size » F %%t $i 5 #8 Batch Size » 4 32, 64, 128,
256, 560 - ¥ 12 {7 5 Batch Size i 560 epF iz #-73) £ T B4F > FP RF

#

\\\?{r

#%k %o % 1 % Batch Size 2=/ 1t 4k o

% 1 Batch Size =% " & %

Batch Size Training Testing

32 70.08% 69.63%
64 86.52% 85.46%
128 88.13% 87.31%
256 90.67% 90.12%
560 92.54% 91.72%

# % Epoch eh=t #ic > 7 B #& = §8 Epoch sh=t #ic > 10~20~30 -
¥ 218 4e Epoch 5 30 ehpFiz 03] £ dodF, e § 244 %4 30 Epoch # &
F 5 F et FdE o 4om f Epoch B 10 BFe jcar 0 Flt LA A A
T A% Epoch * 10 eh% % > %7 H S¥ck o % 2 5 Epoch Times

> L -
SRS CE



+

4 2 Epoch Times 5 " fi %

Epoch Times Training Testing

10 92.54% 91.34%
20 92.78% 91.54%
30 92.80% 91.72%

BFEEALFHESARE 0§ AED FENA Activation Function -
~F B # = f& Activation Function > 4 softmax ~ ReLU ~ Sigmoid o #
12 {8 7w Activation Function 3 Sigmoid epF i #0734 k47 » F]p %7

H % #cK %o & 3 5 Activation Function 3= v* #ie & o

4% 3 Activation Function & +* $ &

Activation Function Training Testing

softmax 97.17% 94.79%
ReLU 80.56% 80.15%
Sigmoid 92.54% 91.34%

AL S B B ALY 7 P03 R S T AL R TR A

T192.54% 0 91.72% &= 2 97.1% > 94.79% » T & j&_

MTE xS & 'ﬁ 1 B3 I 0L 3 Overfitting s 38 0 F) Pt &% A = 503

= B A -

Model accuracy

accuracy

e o
~
el

0 2 H 6 8
epoch

Model loss

— ftrain

epoch

Bl 13 A% 7 #3] Training vs. Testing Acc & Loss

5.1.4 32 # #%3] (Transfer Learning)

10



Vggl6 # 2 2« A A @ 2 (Oxford Visual Geometry Group) 2014 &
M- BHECA . Vg #0316 @ L%, 2014 # 5 vggl6 £ % Imagenet

Large Scale Visual Recognition Challenge 2014 (ILSVRC2014) % 2 pECal S

FpEr VGGI6 E478a 0 ) chF B o SRR RS R LE 1 A
R R k9 e
Layer (type) Output Shape Param #
conv2d 1 (Conv2D) (No;;T-;;;. 224, 64) 1792 -
conv2d 2 (ConvZD) (None, 224, 224, 64) 36028
max_pooling2d_1 (MaxPooling2 (None, 112, 112, 64) 8
conv2d 3 (Conv2D) (None, 112, 112, 128) 73856
conv2d 4 (Conv2D) "~ (None, 112, 112, 128) 1475848
max_pooling2d 2 (MaxPooling2 (MNone, 56, 56, 128) 8
conv2d 5 (Conv2D) (None, 56, 56, 256) 295168
conv2d 6 (Conv2D) (None, 56, 56, 256) 596688
conv2d_7 (Conv2D) (Mone, 56, 56, 256) 596886
max_pooling2d 3 (MaxPooling2 (None, 28, 2B, 256) 8
conv2d 8 (Conv2D)  (None, 28, 28, 512) 1180168
conv2d 9 (Conv2D) {None, 28, 28, 512) 2359888
conv2d 18 (ConvZD) " {None, 28, 28, 512) 2359808
max_pooling2d 4 (MaxPooling2 (None, 14, 14, 512) e
conv2d 11 (Conv2D) ' {None, 14, 14, 512) 2359808
conv2d_12 (Conv2D) (None, 14, 14, 512) 2359868
Eunv?d_n (Conv2D) (None, 14, 14, 512) 2359808
max_pooling2d 5 (MaxPooling2 (Mone, 7, 7, 512) 8
flatten_1 (Flatten) {None, 25888) -]
dense_1 (Dense) {None, 4896) 102764544
dropout_1 (Dropout) (None, 4896) 8
dense_2 (Dense) (None, 4896) 16781312
dropout 2 (Dropout) (None, 4896) 8
dense_3 (Dense) {None, 2) 8104

Total params: 134,268,738
Trainable params: 134,268,738
Non-trainable params: @

Bl 14 VGGl16 B 7 BB
A ke TA2 S8R 1Y > £ ¥ 12 Epoch 5 25 > Batch Size 5 560

1 % Softmax ¥ 32 VGG16 s 48k o
% 4 VGG-16 Epoch Time +* #4
20 84.81% 83.79%

25 86.54% 85.34%
11




30

86.84%

85.47%

# 5 VGG-16 Batch Size '+ fix %

Batch Size Training Testing

140 82.14% 82.15%
280 85.41% 84.11%
560 86.54% 85.34%

% 6 VGG-16 Activation Function *“ # %

Activation Function Training Testing

softmax 91.70% 91.75%
ReLU 74.56% 74.15%
Sigmoid 86.54% 85.34%

KA Sl g A o

BT Bl x4 o BRI E LG Overfitting e0R 38 Flpt Fe X A =00

A & B E R -

Model accuracy

accuracy
(=]
-~

(=4
o

loss

,{Jﬁmﬁ:—m]m ,xléﬁF‘ ,}!

Model loss

175
150
125
100
0.75 1
0.50 1

025

0.00

I?Jpé‘F' ‘P‘}

£ 96.54% > 85.34% #® 2 1 91.70% > 91.75% » i *®

° 5 10 5 2 = 0 5 10 5 2 =
epoch epoch

Bl 15 VGG-16 Training vs. Testing Acc & Loss

5.2 E & Rk ¥R EFESECD
5.2.1 ¥# 4% % (Exploratory Data Analysis)
% 74 $E* MRLEYE Dataset, F 4L £ 4 77283 £ FL > £.0 &
= B E%‘-J! % B PR B o 3 15 04 80%*7 2] T4 = Training Data, 20% % 5
Testing Data o I * j& B] 16 » # 12 'é 4
Flt iy £ 2 R e

12



40000
35000
30000
25000
20000
15000
10000

5000

5.2.2 F#LE g2 (Data Preprocessing)
A F LA e dZiE * T backtorgb K- F ik = RGB L] > ¥ E
B % JE_86x86 I 244x244 - i i~ ¥ E 77 Normalization °
Resized, BacktoRGB

B E B X & 8 EEB g

5.2.3 #3] % # (Model Construction)

— B 4512 Trial and Error 2 = CNN &% 3 3 0 46 & Hio=x e ¥ 32 1
AR VR sk 1‘# ° ﬁia?l R 224x224x3 K3 ﬂi%l 4t & r2 1 &0 Fully Connected
Layer 3 3+ o I ¥ loss function ' binary crossentropy > optimizer & * if &

* PRI pER e adam o WA S dp iR 8RS G A o

13



Layer (type) Output Shape Param #

conv2d 8 (Conv2D) (None, 222, 222, 32) 896
max_pooling2d_8 (MaxPooling2 (None, 111, 111, 32) e
conv2d_2 (Conv2D) (None, 109, 189, 64) 18496
max_pooling2d 9 (MaxPooling2 (None, 54, 54, 64) a
conv2d_16@ (Conv2D) (None, 52, 52, 128) 738586
max_pooling2d_1@ (MaxPooling (None, 26, 26, 128) @
conv2d 11 (Conv2D) (None, 24, 24, 128) 147584
max_pooling2d 11 (MaxPooling (None, 12, 12, 128) e
flatten_2 (Flatten) (None, 18432) @
dense_4 (Dense) (None, 512) 9437696
dense_S (Dense) (None, 1) 512

Total params: 9,679,841
Trainable params: 9,679,841
Non-trainable params: @

B 18 A% ONN K2l % 4
YU GR T AR SR 0 39 3 B 4% 4 oh Testing Accuracy 1F 5 iE #

hip ¥ 10t E 3 sigmoid, optimizer i # RMSprop > Epoch Time ## 10

% 7 Activation Function * & %

Activation Function Training Testing
softmax 50.54% 53.45%

Sigmoid 96.86% 96.39%
4. 8 Optimizer " § 4
adam 96.86% 96.39%

RMSprop 96.81% 97.37%
# 9 Epoch ‘* fi £

Epoch Time Training Testing

5 96.86% 97.39%
10 97.85% 97.41%
20 98.29% 97.50%

FEAR S IE AR 0 O T e T A R T A AR
SHER AR T 96.86% 0 96.39% # A 1 98.29% 0 97.50% 0 I ® GE T R

14



< 7o M HERF G Overfitting 59R* 38 > Foh 422 A =0 H0A) & B HCE]

Training and Validation Accuracy Training and Validation Loss

. ————————— | —— Taining Loss
Validation Loss

=]
@

a
..-/

—
Cross Entropy
=) =
%) -

—— Taining Accuracy —
J} Walidation Accuracy 20 ——
00 25 50 75 100 125 150 175 00 25 50 15 0.0 125 150 175

B 19 ## % CNN Training vs. Testing Accuracy & Loss

5.2.4 1% # #-3] (Transfer Learning)

Mobilenet E_ k- fA/R R A HEH - v i ¥ o v AL ke
EE SRR SRR AP A BHE DD BA S oo bl
Birkt R 2 B ARG SLAZ SR AFHI L ~ ERBFEDGLA L
e * A2REREE AL AP AT RO REES 5 2570 RiLa
P T B, o BRI AR £ TR R anlay o AR
5 » MobileNet %A iZ ¥ fri¢ * Z 69 enf »xit » & 350 4R ~ ke

BB A B fe s AR R -

15



iE

*

Type / Stride Filter Shape Input Size
Conv /s2 I XIRIR3I2 224 x 224 x 3
Conv dw /sl 3x3x32dw 112 x 112 x 32
Conv /sl 1x1x32x64 112 x 112 x 32
Conv dw / s2 3x3 x64dw 112 x 112 x 64
Conv /sl 1x1x64x128 56 x 56 x 64
Conv dw /sl 3x3x128dw 56 x 56 x 128
Conv /sl 1x1x128 x 128 56 x 56 x 128
Conv dw / s2 3 x 3 x 128 dw 56 x 56 x 128
Conv /sl 1x1x128 x 256 28 x 28 x 128
Conv dw /sl 3 x 3 x 256 dw 28 x 28 x 256
Conv /sl 1 x1 x 256 x 256 28 x 28 x 256
Conv dw / s2 3 x 3 x 256 dw 28 x 28 x 256
Conv /sl 1x1x 256 x 512 14 x 14 x 256
5 Convdw /sl | 3 x3 x512dw 14 x 14 x 512
Conv /sl 1 %1 %.512 %512 14 x 14 x 512
Conv dw / s2 3 x3x512dw 14 x 14 x 512
Conv /sl 1 x1x512x1024 7x7x512
Conv dw / s2 3 x 3 x1024dw 7Tx7x1024
Conv /sl 1x1x1024 x 1024 | 7x 7 x 1024
Avg Pool / s1 Pool 7 x 7 Tx7x1024
FC /sl 1024 x 1000 1x1x1024
Softmax / sl Classifier 1 x 1 x 1000
W 20 MobileNet 2 77 % §

e

724 18 22 2 Input Layer ¥ Output Layer <77 MobileNet>

% Epoch % 5,Optimizer 5 adam, Loss % binary crossentroypy’ ¥ ¥ 98.79%

#1 Training Accuracy, 98.95 % ¢ Testing Accuracy » &% ¥ M3 E_Ap ¢ 0 F >

e PR R A RS © AT £ R AT RN AT T

* pretrain 7 model ¥ 11 1§ 48§ § e accuracy o ¥ T i£iEH 19 4 ¥ 14 ~F] 4

oA £ 2 % overfitting PR 3L > B % BEAR KB A Jcar R A SR S g

i B RS ER  B 2 R e AR

Training and Validation Accuracy Training and Validation Loss

—— Taining Loss
Validation Loss

Cross Entropy
o o o
&

—— Taining Accuracy

Validation Accuracy

0o 05 10 15 20 25 30 35 40 00 0s 10 15 20 25 30 35 40

Bl 21 MobileNet Training vs. Testing Accuracy & Loss
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6. %@
6.1 =T BE
6.1.1 X% F i7 5 #4573
CEEE TR0

v PGE I S i) o

|
Ay
Py
9
g
beiis
F
i
la;
gy
=i
}%-
=
3
/\ﬁ
14
=]
(S
&
¥

Training Accuracy 97.17% 91.70%
Testing Accuracy 94.79% 91.75%
Training Loss 0.1492 0.2710
Testing Loss 0.1405 0.2521

JE A F AN R VGG-16 7 5 ) A= FE 7 A D e B

puu)

B VGG-16 k843 » 3 T4 b TR B nF 4 > i34 37 R 40 F
AR A g ke

6.1.2 ¥ = B & ¥ reaci
# 11 BB B RS D A
*E 7 & DT MobileNet ‘

Training Accuracy 98.29% 98.79%
Testing Accuracy 97.50% 98.95%
Training Loss 0.0558 0.0348
Testing Loss 0.0823 0.0317
Computational Time 1617.4 %) 3856.8 #)

JE A =0 A B0 v i MobileNet &2 28 MobileNet 28 gr B vt $i
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