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B] 3. Data augmentation

train_datagen = ImageDataGenerator(rescale=1.8/255

horizontal +11p True,
zoom_range=~¢
shear_range

train_generator = train_datagen.flow_from derCtOlV(derctOlV train d1r
target size= (135
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ResNet 2 % 5 Deep Residual Neural Network » ® = & % T2 4 %
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l.convl : TxT ¥ f+2(£ 1 %)

2.conv2_x : d = f8 % F 4% (1x1, 3x3, 1x1) = - & block » & 3 =% - (£

9 &)

3.convd x : d = ¥+ (1x1, 3x3, Ix1) &=+ - B block > f4 =& - (£
12 %)

4.convd x : d = ¥ 5 (1x1, 3x3, 1x1) e = — & block > & 6 = - (%
18 k&)
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VGG 3 5 4

5. VGG % 4

ConvNet Configuration
A A-LEN B C D E
11 weight | 11 weight | 13 weight | 16 weight 16 weight | 19 weight
layers layers layers layers layers layers
mput (224 x 224 RGB image)

conv3-64 conv3-64 conv3-064 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-]28
conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | comv3-256 | conv3-256 | conv3-2306
conv3-256 | conv3-256 | conv3-236 | conv3-256 | comv3-256 | conv3-236
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-312 | conv3-512 | conv3-512 | conv3-512
conv3-312 | conv3-512 | conv3-512 | conv3-512 | comv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 conv3-512 | conv3i-512 | conv3i-512
conv3-512 | conv3-312 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max

Ax .
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l.conv % 7+ ¥ # &
2.FC #7128 424
3.convd &1 & & ¢ * 3x3 filters
4. conv3d-64 % 71 iF A& 64

5. maxpool # 77 B %
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(- ) ~ Resneth0

TR VIR B~ PIFZ 80 54 Data augmentation & A % &
10000 3& ~ 800 3& ~ 800 5& » § £ 103" fesk @ FALH IR A o

T~

MRB BV R A SRR L RS 2 0T b %
Al » H 7 _epochs & 20 = » LB wpaen ek £ 0 £ P H A %

:égj’é)”:‘:ﬁ o
#. 2. Resnetb( % &
.. Learning
Model Optimizers Loss

Rate

1 0.1 mean_squared_error

2 SGD 0.01 binary_crossentropy

3 0.001 categorical_crossentropy
0.1 binary_crossentropy

Adagrad 0.01 categorical_crossentropy

0.001 mean_squared_error

7 0.1 categorical_crossentropy

8 Adam 0.01 mean_squared_error

9 0.001 binary_crossentropy

¢ T R T ER  modeld ~ model ~ model %A fedf £ F 455

AqeT o d 3 BT w0

H ¥ modelb % A iE o
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B] 6. Resnetb( -3

SF

modell model2 model3
—— accuracy = accuracy = accuracy
> /loss — loss ~— loss
M V
5 10 15 5 10 15 20 5 10 15 20
epoch epoch epoch
model4 model5 model6
- @ccuracy - accuracy - @lcuracy
— loss ~ loss ~ loss
: V\l ¥ v s\, J
\/\/\/\,/ s OSSR
————
5 10 15 5 10 15 20 5 10 15 20
epoch epoch epoch
model7 model8 model9
—— accuracy =~ accuracy = accuracy
— 0SS ol |- ~—— loss WVZ
N/\s/\/\/—
5 0 55 2 5 10 15 20 5 20
epoch epoch epoch

¥t modelb £ ¥ i
72. 2% = 1) 82.4% -

£ {7 epoch & 100 = a3k » {74 e rr F 8 R £ e

B 7. Resneth0 = % 20 =

k = np.array(historys[6].history[ accuracy'])|
k

array([@0.53125 , ©.5078125 , ©.515625 , ©.58984375, 0.46484375,
©.484375 , @.5 , 8.6171875 , ©.5625 , 0.63671875,
8.625 , 0.6484375 , 0.69140625, 0.6796875 , ©.671875 ,
0.57421875, 0.63671875, ©.6953125 , 0.7421875 , ©.72265625])

11



Bl 8. Resnetb0 %+ 100 % & %

k = np.array(historys[6].history[ accuracy'])

k

array([e.4765625 , ©.51171875, ©.53515625, @.55859375, ©.50390625,
8.5783125 , 0.51171875, ©.72265625, 0.6171875 , @.6875 B
8.6796875 , 0.6953125 , 0.62109375, 0.62890625, 0.59375 B
2.6484375 , @0.625 » ©8.59375 s 9.73046875, ©.72265625,
8.59765625, 0.7578125 , ©.7578125 , 9.73828125, 0.62109375,
2.765625 , @.765625 , @.75 s 9.65234375, ©.73046875,
8.689375 , 0.72265625, 0.64453125, 0.74385558, 0.73046875,
@8.77734375, 0.62890625, 0.72265625, 9.76953125, 0.81640625,
8.8203125 , 0.83203125, ©.79296875, ©.796875 , 0.796875 ,
@8.80859375, 0.828125 , 0.8671875 , 0.81640625, 0.66796875,
2.84765625, ©.8046875 , ©.83984375, 0.80859375, @.78125 )
8.80078125, 0.78125 , 8.796875 , 0.8@859375, ©.828125 ,
@.7421875 , ©.796875 , ©.83984375, @.7890625 , ©.78515625,
8.828125 , 0.82421875, ©.84375 , 9.88671875, ©.8125 B
28.80078125, 0.796875 , 0.875 » 9.86328125, 0.78515625,
2.890625 , ©.8671875 , ©.84375 s ©.78515625, ©.796875 ,
8.83984375, 0.82421875, 0.84765625, 0.85546875, 0.8515625 ,
9.78515625, @.84375 , B8.79296875, ©.84765625, ©.81640625,
8.859375 , 0.875 , 8.859375 , 0.80078125, ©.87109375,
28.86328125, 0.875 , ©.83203125, ©.83203125, ©.82421875])

Bl 9. Resnetb0 Bl:E& &%

model.evaluate(test generator)

7/7 [= - 24s 3s/step - loss: @.1464 - accuracy: ©.8438
p Y

[0.14643320441246033, 0.84375]

2R AR A I AR TR BCU AR 5 84.3% -

(=)~ VG619

d Ftarig * chResnetb0 fieA] b & F Az Sodk(s TR E AT 90/om—$
FEF o ATrGEFAY 2 R RCE] 0 AR F D e e VG619 o

A KA AT G e e

A A s R s

WA A4 4

R WP Keras model & * Keras #& &2 CNN 3] (VGG19)
> A Flatten

# 1% Dense(2 > activation=" sigmoid” )

—

model. summary ()4 B :
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10 VGG19 H-3l %

Model: “sequential™

Layer (type)

vggl? (Functional)

flatten (Flatten)

Total params:
Trainable para
Mon-trainable para

FT

7 412 Resnetb( & {7 & Bt # 0 F)t Ik B % epochs 3 20 =
VGG19 #-3]3" RiE #2 40T Bl #7o7

s

Bl 11. VGG19 3l s

gocuracy:
accuracy:
accuracy:
accuracy:
accuracy:
accuracy:
accuracy:
accuracy:
accuracy:
aocuracy:
accuracy:
accuracy:
accuracy:
gocuracy:
accuracy:
accuracy:
accuracy:

accuracy:

accuracy:

accuracy:
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#A1 VGG19 210" JuB A S B 7 AR T £ 7 8 A X 2 dp 4 Sodefrid
= B WpE S B Ao T BT 0 AP T g B A VGG19 HoAl Sus A2
FiE A A o AP RS T AL Sk RS R o

Bl 12. VGG19 #AR ‘M 4p 4 sndie( =) ~ VAR  Baw S ()

10
09
(¥}
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07
5 10 15 20 o 5 10 15 20
epoch epoch
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# 3. VGG19 St &

Model | Optimizers Learning Loss Accuracy
Rate
0.1 98. 6%
1 SGD 0.01 mean_squared_error 98. 2%
0.001 98. 1%
0.1 98. 5%
2 SGD 0.01 binary_crossentropy 97. 7%
0.001 98%
0.1 96. 8%
3 SGD 0.01 categorical_crossentropy | 98. 3%
0.001 98. 3%
0.1 98. 8%
4 Adagrad 0.01 mean_squared_error 99. 2%
0.001 98. 2%
0.1 97. 8%
5} Adagrad 0.01 binary_crossentropy 98. 7%
0.001 98. 3%
0.1 98. 8%
6 Adagrad 0.01 categorical_crossentropy 99%
0.001 98. T
0.1 50%
7 Adam 0.01 mean_squared_error
0.001
0.1 98. 5%
8 Adam 0.01 binary_crossentropy 98. 8%
0.001 99. 3%
0.1 97. 2%
9 Adam 0.01 categorical_crossentropy | 98. 7%
0.001 99. %

15




v RGE TR BRI RE 15 D) 0 Bk R RS T AT 99, T

o dF % S 0,020 A7 AP T A1 P s ST e 7§ 5
=E]

Bl 13. VGG19 iz 5

100

120

0 20 40 6 80 100 120

array([[

16



R
(..

Bwma kY
)~ B3

F R fercH aF F s IP“";FKLF__T TR FATE A o A PALE R Aok A pE
FdFd 2R o R E A PREFMGE QST HA P 2IERT T B LA
PIREF G TR/ DTHIRETR Do 4ok < ggﬁ“'ﬁr‘iﬁiﬁﬁ‘ﬁﬁ
Behh & o PRERRT & 2B B S H LS

Ripge e A TFEE B Y kel 4 LT E A R 2
thgtﬁﬁé’E\+i%T$%t]%LF,wﬂL%LPE; R

p e

B 15, % (R3FAL 2 FEAE T 5

dECAT R ERT LR G T Y TR S fmima s HfRer
"MASK ;; A @i AR d fofm i o T fRsE "NO MASK j- - = & &

FRCEREI AN ERT O F o kAT SRS gL
ESF2Z 0 FRAFECEAHAP I Y i jEep R TER L
5 % 470 VG619 enfipl3d b ol mp 5 22 Resnetol wipls# B enibrg 5
AprtAe R BErr SR 15% 0 Flet ¥ L VGG19 &3 & TR hpki o § et !
F R o

17



rEAFRAINASES > FARBEEEN L AER IR
o G HE P AP RS SRS A Aok fpt A A4 FREN A R
RGE ~ S & i7ippi 4 > 7 00§ A FLok PR g S R4 pE gk
o LGRS A E S A B ROk
preb s SERGEEE S Ea ) TR G B AF AR
FERER LAMF AR EFFAFRELY A U D Aw
FAPFFRFAGART VRS FERFEL MR 1 e
%Wﬁﬁﬁﬁﬂﬁﬁi%‘?Ns“isﬁﬁﬁﬁ¢4-uegﬁﬁm@’ﬁ
B R LL P (AR AFEF - S5 o
‘%ﬁ%%ﬁwﬁh4ﬁﬁ’?ﬁgﬁﬁlmﬁ‘Qiﬁﬁ%
TERE A GRS rm@“#@iiiﬁ’éﬁjéﬂf%%ﬁﬁﬁﬁ@
Mo F S R E B AR A G R F T kB R L S
#M*%’Mr%%ﬁ@ %%?% SN B E A R IR
W EET ARG &$%?;ﬁlm%¥%ﬁ°
ii?%fl%ﬂf %T’ﬁﬁﬁ}%ﬂ4§

ki%4ﬁﬁm’ ?u¢ﬂ£@&mr§m§# » TR
PFER AT T e 2fFE 20 B AR F IR o

18



33 PR

https://docs. opencv. org/3. 4/db/d28/tutorial cascade_classifie

r.html

https://www. kaggle. com/nageshsingh/mask-and-social -

distancing-detection-using-vggl9

https://keras. 10/zh/preprocessing/image/

https://i1thelp. ithome. com. tw/articles/10192162
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