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Using the Factor Configuration of an Orthogonal Array to

Optimize a Recurrent Neural Network

Student: Yu-Kuen Guo Advisor: Hai-Wen Lu, Ph.D.

Department of Information Management, College of Science and Technology,
Nanhua University

ABSTRACT

Recognition systems have become an indispensable part of Contempora
ry society. As the technology advances rapidly from the initial developmen
t of artificial intelligence to deep learning becoming the mainstream techn
ology today, the complexity of deep learning computation has increased, a
nd with the increasing complexity, its recognition capacity has also improv
ed.

This study employed convolutional neural network (CNN) for feature
extraction and, in conjunction with long short-term memory (LSTM), for
predictions. The proposed model, which is a recurrent neural network, was
executed in Google Colaboratory, and a graphic processing unit accelerator was
used to accelerate the code execution. The Taguchi experimental design for
quality engineering was used to identify factors and levels that affected accuracy.
These factors were the activation function at the convolutional layer, the size of
the pooling layer, the activation function at the output layer, the loss function,
the optimizer function, and the accuracy evaluation metrics. This study used the

L,, orthogonal array for its experiment, calculated the signal-noise ratio of the

Vi



experimental result, and produced a response graph and table for the mean
signal-noise ratio. The aim was to optimize the parameter configuration.
According to the study results, the optimal parameter combination was as
follows: activation function at the convolutional layer is elu; pooling layer size is
3 x 3; activation function at the output layer is tanh; loss function is
binary crossentropy; optimizer function is Adam; and accuracy evaluation

metrics is accuracy.

Keywords: convolutional neural network, recurrent neural network,

Taguchi quality engineering, optimized parameters
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% 3-4Lp (2Y) 378 2 4

Y1 1 2 3 4 57 7 8 9 10 11

ain B C A D E F
1 1 1 1 1 1 1 1 1 1 1
2 1 1 1 1 2 2 2 2 2 2
3 1 1 2 2 3 1 1 2 2 2
4 1 2 1 2 3 2 2 1 1 2
5 1 2 2 1 4 1 2 1 2 1
6 1 2 2 2 2 2 1 2 1 1
7 2 1 2 2 1 2 2 1 2 1
8 2 1 2 1 4 2 1 1 1 2
9 2 1 1 2 4 1 2 2 1 1
10 2 2 2 1 1 1 2 2 1 2
11 2 2 1 2 2 1 1 1 2 2
2 2 1 1 3 2 1 2 2 1

3 4 https://www.gushiciku.cn/pl/2dUq/zh-tw e =k cnfg 35 58 5 ) o

A4 B %A o &2 CNN+LSTM 3] 2 F3p R » AR X9 % =
ARE R NAF TR LR RN o 2N AT
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_ +EB +MF
Q ° from random import random
{x} from random import randint

from numpy import array

O
from numpy import zeros
from keras.models import Sequential
from keras. layers import ConvZD,MaxPooling2D, LSTM, Dense, Flatten, TimeDistributed
# generate the next frame in the sequence
def next_frame(last_step, last_frame, column):
# define the scope of the next step
lower = max(0, last_step-1)
upper = min(last_frame. shape[0]-1, last_steptl)
# choose the row index for the next step
<> step = randint(lower, upper)
=] 4 copy the prior frame
[>_] frame = last_frame. copy()

[FEZ1E clientsé.google.com...

Bl 3-6 2 2 # B 7 b
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+ BB + XF

° # add the new step

Q ]
frame[step, column] = 1

{x} return frame, step

() # generate a sequence of frames of a dot moving across an 1image

def build frames(size):

frames = list()
# create the first frame
frame = zeros((size,size))
step = randint(0, size-1)
# decide if we are heading left or right
right = 1 if random() < 0.5 else 0
col = 0 if right else size-1
frame[step, coll = 1

< frames. append (frame)

= # create all remaining frames

EFEE(Z clientsé.google.com...

for i in range(l, size):

Bl 3-7 2 %4 A7) e b
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° col = 1 if right else size-1-i
frame, step = next_frame(step, frame, col)
frames. append (frame)

(] return frames, right

# generate multiple sequences of frames and reshape for network input

def generate_examples(size, n_patterns):

X, v = list(), list()
for _ in range(n patterns):
frames, right = build frames(size)

X. append (frames)

v. append (right)

# resize as [samples, timesteps, width, height,
X = array(X).reshape(n_patterns, size, size, size, 1)

<> X .
array (v).reshape(n_patterns, 1)

E

>_|
# ronfieure nrohlem
IEEZ1E clientsé.google.com...

return X, ¥y

WA

B 3-8 2 =Lf1s 8
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>

Q size = 30
# define the model
{x}
model = Sequentiall()
model. add(TimeDistributed(Conv2D(2, (2,2), activation= 'relu’), input_shape=(None, size, size, 1)))
model. add (TimeDistributed (MaxPooling2D (pool_size=(2, 2))))
model. add (TimeDistributed(Flatten()))
model. add (LSTM(50))
model. add (Dense (1, activation= sigmoid’))
model. compile (loss=" binary_crossentropy’, optimizer= adam’, metrics=[ accuracy
print (model. summary () )
# fit model
X, ¥ = generate_examples(size, 5000)
model. fit (X, y, batch_size=32, epochs=1)
<>
# evaluate model
=

X, ¥ = generate examples(size, 100)

IEFEE{E clientsb.google.com...

B 3-9 @& CNN 2 LSTM #-7]
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{x}

{x}

& UntitledO.ipynb
B FE REER AN AR I8
+ BB+ MF

B ERETEEE

° X, v = generate_examples(size, 100)

loss, acc = model.evaluate(X, v,

verbose=0)

print (" loss: %f, ace: %f % (loss, acec*100))

# prediction on new data

X, v = generate_examples(size, 1)

yvhat = model.predict_classes(X, verbose=0)
expected = “Right” if y[0]l=1 else “Left
predicted = “Right” if vhat[0]==1 else “Left”

print (" Expected: %s, Predicted: %<’

% (expected, predicted))

B 3-10 # = 100 & #7
HiFFEE4oT

& 1-1ipynb
1 fREE IMREM A BTEER TH AR
+ 2+ XF

° Model: "sequential”

SR ST B AR

=it 4H18H 8

Layer (type) output shape Param #

time_distributed (TimeDistr (None, Mone, 49, 49, 2) 1@

ibuted)

time_distributed_1 (TimeDis (None, Mone, 24, 24, 2) @
tributed)

time_distributed_2 (TimeDis (MNone, Mone, 1152) 5]
tributed)

Istm (LSTM) (None, 58) 240600
dense (Dense) (None, 1) 51

Total params: 240,661
Trainable params: 248,661
Non-trainable params: @

Hone
157/157 [
loss: ©.800000, acc: 47.000000

] - 155 19ms/step - loss: ©.€000e+@@ - accuracy: ©.5842

Bl 3-11 e 7%
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AT T
% 3-5 PEIRAL SR P % B
. IR 1 BE THE Loss 9 4 e Optimizer Metrics
<) bz 2Bk S 2 2k 3 Bt :E FHEFRFZ

1 2X2  sigmoid relu  categorical_crossentropy adam accuracy
2 2X2  sigmoid  tanh binary_crossentropy  adagrad binary_accuracy
3 2X2 tanh elu  categorical_crossentropy adam binary_accuracy
4 2X2  sigmoid elu binary_crossentropy  adagrad binary_accuracy
5 2X2 tanh selu  categorical_crossentropy adagrad accuracy
6 2X2 tanh tanh binary_crossentropy adam accuracy
7 3X3 tanh relu binary_crossentropy  adagrad accuracy
8 3X3 tanh selu binary_crossentropy adam binary_accuracy
9 3X3  sigmoid selu  categorical_crossentropy adagrad accuracy
10 3X3 tanh relu  categorical_crossentropy adagrad binary_accuracy
11 3X3 sigmoid  tanh  categorical_crossentropy adam binary_accuracy
12 3X3  sigmoid elu binary_crossentropy adam accuracy
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kypE 35 F R A 36 F7oF ¢

% 3-6 PHIRA

2

TR R E L id
14

BB |1)2(3 7 1011
B LEE TS E R

&% [B C D F

1 1 1 1 1 105042 0.5000 04994 05032 04978 04956 0.4880 0.5040 0.5064  0.4940
2 |1 1 2 2 205104 05182 05170 0.5184 0.5108 0.4968 0.5076 0.4908 0.4982 0.5150
3 11 2 1 2 20498 0480 04876 0.5028 0.5054 0.5158 0.4956 0.4972 0.5038  0.5026
4 (121 2 1 2]0522 05092 05230 04962 05220 05154 05016 04956 05042 0.4938
s 122 1 2 1]05038 05002 04996 04918 05036 04986 04970 04882 04996 0.5116
6 |122 2 1 1]08890 08874 0852 0.8688 08622 0.8558 09192 08656 07750 0.8604
7 212 2 2 105234 04982 05070 0498 05368 05116 05234 05200 05252 05340
8 1212 2 1 2]0872 08812 08712 08318 08616 08860 08574 08884 08250 0.8050
9 |2 11 1 1 1] 05082 05042 05068 05180 04954 05004 05114 04990 05062 05080
10 [222 1 1 2] 05030 04918 05000 05096 04935 04948 04994 05024 04958  0.5000
1 {221 1 2 2| 0482 04982 04966 05018 04954 04860 05008 04976 05064  0.5032
12 (221 2 2 1[09460 09230 09290 09342 09184 09360 08566 0.8826 09366 09322
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Yr® FHREFLH

R o % 08 B 1208 Bl e B ¥ 414 0 % EXCEL- £ =

e 3age (4o 4-1)

24-1 {RA GRRF RS LTIk

e |(1(2|3]4|5” |7]8]9[10[11
RPN EPREIHRLS T 3oig
%ERlB C A DE F
11111 1 1111 1[05042 05000 0.4994 0.5032 0.4978 0.4956 0.4880 0.5040 0.5064 0.4940|0.4993
2 (1111 2 2222 2|05104 05182 0.5170 0.5184 0.5108 0.4968 0.5076 0.4908 0.4982 0.5150|0.5083
3 (1122 3 1122 2|0.4986 0.4890 0.4876 0.5028 0.5054 0.5158 0.4956 0.4972 0.5038 0.5026 | 0.4998
4 (1212 3 2211 2|05222 05092 0.5230 0.4962 0.5220 0.5154 0.5016 0.4956 0.5042 0.4938|0.5083
5 (1221 4 1212 1[05038 0.5002 0.4996 0.4918 0.5036 0.4986 0.4970 0.4882 0.4996 0.5116|0.4994
6 (1222 2 2121 1]0.8890 0.8874 0.8520 0.8688 0.8622 0.8558 0.9192 0.8656 0.7750 0.8604|0.8635
7 2122 1 2212 1]05234 0.4982 0.5070 0.4968 0.5368 0.5116 0.5234 0.5200 0.5252 0.5340|0.5176
8 (2121 4 2111 2|0.8372 0.8812 0.8712 0.8318 0.8616 0.8860 0.8574 0.8884 0.8250 0.8050|0.8545
9 (2112 4 1221 1]05082 05042 0.5068 0.5180 0.4954 0.5004 0.5114 0.4990 0.5062 0.5080|0.5058
102221 1 1221 2[05030 0.4918 0.5000 0.5096 0.4935 0.4948 0.4994 0.5024 0.4958 0.5000|0.4990
112212 2 111 2 204852 0.4982 0.4966 0.5018 0.4954 0.4860 0.5008 0.4976 0.5064 0.5032|0.4971
12 12211 3 212 2 1[09460 0.9230 0.9290 0.9342 0.9184 0.9360 0.8566 0.8826 0.9366 0.9322|0.9195

AXRERD DL BHRA GCRERAE L RE R & T S AR AR
BEw I Y A B SRR RS R B S Bt (2

2) 2 E HSINW » B % hrdk 42957 o
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142 FETRA SRR F B SING

eBx(1]2|3]4[5” |7|8[9]10[11
BRAN SRBER RS = 3o S/N v
Gt C ADE F
1 11 1 1111 1(0.5042 0.5000 0.4994 0.5032 0.4978 0.4956 0.4880 0.5040 0.5064 0.4940| 0.4993 |-6.0350
2 11 2 2222 2(05104 0.5182 0.5170 0.5184 0.5108 0.4968 0.5076 0.4908 0.4982 0.5150(0.5083 |-5.8817
3 122 3 1122 2|0.4986 0.4890 0.4876 0.5028 0.5054 0.5158 0.4956 0.4972 0.5038 0.5026 | 0.4998 |-6.0266
4 212 3 2211 2]0.5222 0.5092 0.5230 0.4962 0.5220 0.5154 0.5016 0.4956 0.5042 0.4938]0.5083 |-5.8834
5 221 4 1212 1]0.5038 0.5002 0.4996 0.4918 0.5036 0.4986 0.4970 0.4882 0.4996 0.5116]0.4994 |-6.0330
6 22 2 2121 1(0.8890 0.8874 0.8520 0.8688 0.8622 0.8558 0.9192 0.8656 0.7750 0.8604|0.8635 |-1.2976
712122 1 2212 1(05234 0.4982 0.5070 0.4968 0.5368 0.5116 0.5234 0.5200 0.5252 0.5340|0.5176 [-5.7279
8 121 4 2111 2|0.8372 0.8812 0.8712 0.8318 0.8616 0.8860 0.8574 0.8884 0.8250 0.8050( 0.8545 |-1.3793
9 112 4 1221 105082 0.5042 0.5068 0.5180 0.4954 0.5004 0.5114 0.4990 0.5062 0.5080| 0.5058 |-5.9230
10 22 1 1221 2(0.5030 0.4918 0.5000 0.5096 0.4935 0.4948 0.4994 0.5024 0.4958 0.5000 | 0.4990 [-6.0387
11 21 2 1112 2(0.4852 0.4982 0.4966 0.5018 0.4954 0.4860 0.5008 0.4976 0.5064 0.5032|0.4971 |-6.0731
12 211 3 2122 1]0.9460 0.9230 0.9290 0.9342 0.9184 0.9360 0.8566 0.8826 0.9366 0.93220.9195 |-0.7409

it FF TEHER AR RRA SRR E

£ RSINV iR e & F]F RS D E R T A TRA SRR

E:

4-4> L 1 F et g WF R (4oRl4-1977 ) o

#4-3 BHA GRREEMTF)F THEF R
kB A B C D E F
1 0.5053 0.5631 0.5730 0.5001 0.6890 0.6217
2 0.6230  0.6322 0.6223 0.6953 0.5064 0.5736
3 0.6425

4 0.6199
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#4-4 PEIRA SR E I F]F SN R R A

k A B C D E F
1 -5.9339 -5.1929 -5.0895 -6.0216 -3.5921 -4.4262
2 -4.4175 -4.3138 -4.4172 -3.4851 -5.9146 -5.0805
3 -4.2170
4 -4.4451

TETRA S e B B TE 1L SN

D2,-3.4851

A3, -4.217 B2,-4.3138 | | C2,-4.4172 F1,-4.4262

o

E1,-3.592

Al A2 A3 A4 Bl B2 C1 C2 D1 D2 E1 E2 R F2
Bl4-1 PAoRAY Sl & it F]F SINV £ B
135 2 4-35]F L3595 54 % B4-15]3 SNV & B #F > A~B-C-D-~
BEFF I HEFRLE BRAGRREGEFRRY D SHE BB
goielu~ 4 i K o) 5 3x3 A JoB S i S tanh ~ Lossdp & ddic G

binary_crossentropy ~ Optimizer i it & #ic 5 adam ~ Metricsi™ s B x5 > % 5
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accuracy °

7 TR R G B enif 5 T ABICIDIEF % At & o 3 dicrelu
(Ar) ~# ik~ ] 52x2 (By) » @?J:Wé; ,,%riﬁv&,ﬁ;:; sigmoid (C;) ~ Loss
4F % I #c % categorical_crossentropy ( D1 ) ~ Optimizerigs it & #ic 5 adam (Ey) »
Metrics:™fz ##x 5 = ;2 % accuracy (F1) o
S/Ninitiar =7 + (M, =) + (Tgy =) + (g =) + (M, = 1) + (T, =) + (e, — 1)
=Tpq gy 0y Ty F 05y 0y =57

= —5.9339 — 5.1929 — 5.0895 — 6.0216 — 3.5920 — 4.4262 + 5 X 4.7533
= —6.4896 (db)
Hinitiar = U+ (ﬁAl - ﬁ) + (HBI ' ﬁ) + (ﬁc1 = ﬁ) + (ﬁm ’ ﬁ) + (HEI - l_‘) + (l_‘m - ﬁ)
= Hpq +Hgy +Hey T Hpy F gyt HE — S0
= 0.5053 + 0.5631 + 0.5730 + 0.5001 + 0.6890 + 0.6217 — 5 x 0.5977
= 0.4637
MoE i it efe B 5 D AgBoCoDoEsF 0 B R /;i‘@" Sl helu (Az) ~» i
B %l 5 3x3 (Bp) i K B ad s tanh (Co) ~ LossHf 4 ik 5
binary_crossentropy (D,) -~ Optimizeri i* 3% % adam (E;) ~ Metricsi ™= #

FE 3 3 % Gaccuracy (Fp) o

S/Noptimum =n+ (ﬁAg - ﬁ) + (ﬁBz - ﬁ) + (ﬁcz - ﬁ) + (ﬁDZ - ﬁ) + (ﬁEl - ﬁ)
+ (ﬁm - ﬁ)
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= Mg T Mgy + 1, + 05y + 75 — 51

= —4.2170 — 4.3138 — 4.4172 — 3.4851 — 3.5920 — 4.4262 + 5 X 4.7533

= —0.6848 (db)
Hoptimum = K + (ﬁAg, - ﬁ) + (HBZ - ﬁ) + (l_‘cz - H) + (HDZ - H) + (ﬁEl o ﬁ) + (HFl - 'E)
= lz T Hpy + Hep + Hpy + By + gy — SH

= 0.6425 + 0.6322 + 0.6223 + 0.6953 + 0.6890 + 0.6217 — 5 x 0.5977

= 0.9145

b G F I REERGFFIREEF R B3 E L —0.6848 —

( 6. 4896) = 5.8048 (db) > 2 de 7 AsBoCoDoEF & B iE T fed o 27

FE R R S h s o TR AT B Uk -
& 7105 AR E S s Bl B R e

#.4-5 LT R *

5”7 |718]9

)
5

LRRHRE S

10

358

S/N

0.8970 0.8778 0.8688 0.8780 0.8536 0.8548 0.9026 0.8766 0.8618 0.8766

0.8748

-1.1662

PR 2% ¥ w0 T35 0.8748 » SINW 5 -1.1662 » =3 %

Y
"

20 F > L 325091955 S/Nvt 5-0.7409 # 2t iz 2 & > T 5% -

e

#9204 4% e &

=F
o

4 i

7N F 7N
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%35 1) CNN+LSTM #-4lend 2 7l 2 el » kS5 rnhE it 248

Y
g

% e s binary_crossentropy ~ Optimizer & it & #c 5 adam ~ Metrics ;& %
FES 2 Loaccuracy e A m AFEIRF ST o ArF I e L ¥ A E B rr kbR

i g Bl AT LY L E RS R SRR RS R ARES

-33-



\\\?&
ok
q

J
_ ‘éév‘)}%

1. David Sheehan (2021)° - ¥ 5 & 26 f&A4! 545 s i (S Relu 31
Sinc) > 2022 # 5 * 1 p » P~p https://ppfocus.com/0/ed41c67¢f html

2. wEF@E (2019) £33 £ inF % CNNLSTM #-3) » ¥ B * %A Keras
(ARG ) 92022 # 3 7 15 p > B~p https://www.itread01.com/hkh
Kygxe.html

3. LAgR4 (2017) & * v v g it it Tc-99m & B & Fivic ¥ K24 42
$A5 e 0 E R E PG TMPE § AL T L

4, #2235 (2021)- insg B EHF Y (Machine Learning) » 7 S5 ¥ -
59r8 22022 & 4 % 20 p > B~p https://www.ecloudvalley.com/zh-hant/
machine-leaming/
5. # (2015) ¢ Jg* v v 1At F 230 3 # 5 LED BB SRE RS i
F2FE oW FRk PHRAFIPI R IALIRLE
6. HhE4r (2012)0 5 0 v S E et GEE L o 5 BB FAG
SFAL T o

7. tRie o~ BHE S FALE2019) c IFEARE Y EHAR AR C 5
BREFEL G AT mA 4 (1) 35-59 -

8. £4% (2019)0 rzm v 3 pee bt B g Y Bt 1R AT
T oRZBAEPH A F1EIRE R LHELHT o

9. F4r A ~ &3y (2018 > January) o AR @ e fhifw A GRPBIFR

)

=

-34-


https://www.ecloudvalley.com/zh-hant/

EY 2§47 % ZG3FR - InNCS2017 2 A4 # ¢ # (761-T66) -

10. 52 &4 ~ BB & (2006)° v v 32 " ARGy kit BR2 B
i o g T 21(3) 0 217-225 o

11,522 8 (2017)c B EFAE Y A HAR AT Bz o3
2 B Ma? P AFFAFE T LAY

12. UEAE (2015) 2 0 © 3 2 ¥ 3 b 4 8 T 85 7 5 B
2 bk SBRY R By - PE BT R T ITR L

o4

s

RS

13 F ~ 42 (2017) o 1 * v ¢ 2472 5t 5 BRGS0 ok iE it 8
Tkl @ A PE < FFFRGT NP E L FEL LG -

14, 4F 525 (2018) - BF L FR B Y 2 q,\/\ VB ARG P A B2 P L
AEPRERT IR L LR

15, A A (2010) e FH 14202022 F 47 5p » Bf
https://zh.m.wikipedia.org/zh-tw/%E5%93%81%E8%B3%AA%ES%B7%A
S%E7%A8%8B

16. ¥15-2 (2018)° 1% iF & & ¥ FiTitfpyt B =T RFFEUF RiR{e
FABK AR o W2 P AF RIS TR LG Y -

17. 8%~ A (2021) - Python % B & ¥ &2iF & & i #3151 (% =%) 711t

e € e Al A 2P EFHR - AE Tk o

18, #7402 (2019)c fu# v 0 3 2R AE B T EI SR BB 2T o

& = c‘_;;—"gw i? pthrL_;aggyfr;g_l B oo

-35-


https://zh.m.wikipedia.org/zh-tw/%E5%93%81%E8%B3%AA%E5%B7%25

S - }}%Je

. Brownlee, J. (2017). Long short-term memory networks with python: develop
sequence prediction models with deep learning. Machine Learning Mastery.

. Carlyle, W. M., Montgomery, D. C., & Runger, G. C. (2000). Optimization
problems and methods in quality control and improvement. Journal of
Quality Technology, 32(1), 1-17.

Evan Touger (2018). What’s the Difference Between Artificial Intelligence
(A1), Machine Learning, and Deep Learning? https:// WWW.prowesscorp.com
/whats-the-difference-between-artificial-intelligence-ai-machine-learning-an
d-deep-learning/

. Hochreiter, S., & Schmidhuber, J. (1997). Long short-term memory. Neural
computation, 9(8), 1735-1780.

. Kackar, R. N. (1985). Off-line quality control, parameter design, and the
Taguchi method. journal of Quality Technology, 17(4), 176-188.

. Maghsoodloo, S. (1990). The exact relation of Taguchi's signal-to-noise ratio
to his quality loss function. Journal of Quality Technology, 22(1), 57-67.

-36-


http://www.prowesscorp.com/

	封面-10869558.pdf
	10869558-1
	10869558-2

