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The injection molding process is a process in which thermoplastic resin is heated and made into a fluid state, injected under

pressure into the cavity of a mold, and then cooled in the mold to produce a product identical to the shape of the cavity of

the mold. It is a process that enables mass production and complex shapes, and various factors such as resin temperature, mold

temperature, injection speed, and pressure affect product quality. In the data collected at the manufacturing site, there is a lot

of data related to good products, but there is little data related to defective products, resulting in serious data imbalance. In

order to efficiently solve this data imbalance, undersampling, oversampling, and composite sampling are usally applied. In this

study, oversampling techniques such as random oversampling (ROS), minority class oversampling (SMOTE), ADASYN(Adaptive

Synthetic Sampling), etc., which amplify data of the minority class by the majority class, and complex sampling using both

undersampling and oversampling, are applied. For composite sampling, SMOTE+ENN and SMOTE+Tomek were used. Artificial

neural network techniques is used to predict product quality. Especially, MLP and RNN are applied as artificial neural network

techniques, and optimization of various parameters for MLP and RNN is required. In this study, we proposed an SA technique

that optimizes the choice of the sampling method, the ratio of minority classes for sampling method, the batch size and the

number of hidden layer units for parameters of MLP and RNN. The existing sampling methods and the proposed SA method

were compared using accuracy, precision, recall, and F1 Score to prove the superiority of the proposed method.
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<Table 1> Confusion Matrix

Predictive Values
Positive Negative

TP FN

Positi . .
ostve (True Positive) (False Negative)

Actual
Values FP N

Negative (False Positive) (True Negative)

Accuracy, Precision, Recall, F1 Scoret= o}2fj¢} 7t}

Accuracy = TP+ FN
Y T TP+ TN+ FP+FN
procteion — TP
recision = — 55
TP
Recall = T v
Recall X Precision
=92
F1 Score=2 Recall + Precision
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<Table 2> Parameters for MLP

Parameter Value
Activation Function ReLU
Optimizer Adam
Loss Function Binary Crossentropy
Learning Rate 0.001
Epochs for Training 100

<Table 3> Parameters for RNN

Parameter Value
Activation Function ReLU
Optimizer Adam
Loss Function Binary Crossentropy
Learning Rate 0.001
Epochs for Training 70
Ol FA AL Fol¥ o2 I =d|, Keras Package
o] Sequential =2S o] &8 F+=3F5ict
MLPE 471] &4 %o] Qe ByagFRE o3
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<Table 4> Considering Ranges for Combinations
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5>l FolA S

Considering Combinations Range {Table 5> Parameters for Simulated Annealing
Sampling Method 6 Methods
Minority Ratio (0.1, 0.2, 0.3, 0,4, 0.5) Parameter Value
Batch Size (20, 30,---,120) Maximum # of Iteration 200
# of Unis in Hidden Layer for MLP (nh) (10, 12, 14, -, 42) « 0.95
# of Units in Hidden Layer for RNN (25, 24, .., 2%) . 100
Tin 0.01
Y3 MR §Y 58 bl e 4% 0% g
Z3kol 7hedt, 1718 W= nhE ol &ate] 24939 # 70%2] Ho] €= Training& 2.2, Y %] 30%2] dlo]
W aE ARtk S, MLPE 4709 249502 7AY B Testd 02 ARG HSIE, 45, =3 % 242l dal
of Atk 1WA 29ZF] F39 AFE nhetr & wf, 7+ S v &R AEEA Ag i)
eYzel fule) A% B ol A4 2 AEY P 8 EFARS <Table 659 FolA 3
1A &Y% nh o AZH S A85kA &2 ddlo]E(Original) <} 67H«]
DA 29502 x nh AZHY e A25FYa HEe 0% ager,
3WA 2493 nh MLP+= ol £ (Epochs)=200, Wi %] Z7]=30< 243}
4R &Y= nh /2 RNN- ol 3 F(Epochs)=70, ¥} Z7]=30S 283} th
elolef e} 67 2] *‘E%—% “o“?j 3 Asd 5ol Alg
RNNO 2438 1709 LSTM 3} 1709 $hdd2% 5 i Fl Score% T Ao EEdEoIt.
(Fully Connected Layer)= AF&-3t =, 72t &4959] AQtet= SAZIH & 1/ 9] Ale)e] Az, o]uo] &F

el Aee o
LSTM: 2 x nh
AHAAAZ: nh

3 o] AAstitt

PEe A U}X]“L ol Fol4 <
MLP$ RNNS A8 ﬁT«]Accuracy, Precision,
Recall, F1 Scoret= <Table 7>3} <Table 8>°l Z}7z} G20 4]

0]
AR

thekal 23 = A5 F29 Fl Scores HUFsle A¢ksl= SA 7)ol A <Table 6>, <Table 7>, <Table 8>
% SAE A8k SAdl ALEE WIZNWSES <Table 9 AFE HolE ZFL2 <Table 9> Fo14 Utk
<Table 6> Confusion Matrix for MLP and RNN by Sampling Method
MLP RNN
Sampling Method Predictive Values Predictive Values
Positive Negative Positive Negative
. Actual Positive 359 0 Positive 346 13
Original - -
Values Negative 5 0 Negative 5 0
ROS Actual Positive 357 2 Positive 357 2
Values Negative 3 2 Negative 3 2
Positive 359 0 Positive 357 2
SMOTE Actual . .
Values Negative 3 2 Negative 3 2
Positive 350 9 Positive 359 0
Borderline-SMOTE Actual - ;
Values Negative 2 3 Negative 3 2
Positive 355 4 Positive 358 1
ADASYN Actual V V
Values Negative 3 2 Negative 3 2
SMOTE Actual Positive 355 4 Positive 357 2
+ENN Values Negative 3 2 Negative 3 2
SMOTE Actual Positive 350 9 Positive 358 1
+Tomek Values Negative 3 2 Negative 3 2
Positive 359 0 Positive 359 0
Proposed SA Actual - -
Values Negative 3 2 Negative 3 2
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<Table 7> Accuracy, Precision, Recall, and F1 Score for MLP

Accuracy Precision Recall F1 Score
Original 0.951 0.000 0.000 0
ROS 0.986 0.500 0.400 0.444
SMOTE 0.992 1.000 0.400 0.571
Borderline-SMOTE 0.970 0.250 0.600 0.353
ADASYN 0.981 0.333 0.400 0.364
SMOTE+ENN 0.981 0.333 0.400 0.364
SMOTE+Tomek 0.967 0.182 0.400 0.250
Proposed SA 0.992 1.000 0.400 0.571
<Table 8> Accuracy, Precision, Recall, and F1 Score for RNN
Accuracy Precision Recall F1 Score
Original 0.951 0.000 0.000 0
ROS 0.986 0.500 0.400 0.444
SMOTE 0.986 0.500 0.400 0.444
Borderline-SMOTE 0.992 1.000 0.400 0.571
ADASYN 0.989 0.667 0.400 0.500
SMOTE+ENN 0.986 0.500 0.400 0.444
SMOTE+Tomek 0.989 0.667 0.400 0.500
Proposed SA 0.992 1.000 0.400 0.571

<Table 9> Best Combinations for MLP and RNN

MLP RNN
Sampling Method SMOTE+Tomek | ADASYN
Minority Ratio 0.1 0.4
Batch Size 70 30
# of Units in Hidden Layer 38 128
AgAg Qokstd e 2t
« Julo]E&= MLP, RNN E5Fol|lA AAEHS A5 o
S5t gt ol AEHWHES Fato] tojE &
T8 TAE o= AL 4 a7t J5S onsh
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w], MLPell A= SMOTE7} 7H¢ E-2 A¥21 0.5719]
3L, RNNo| A+ Borderline-SMOTE7} 7H4 £& 2

kel 0.571 191k

« A|9F5}H= SAE MLP, RNN E5ol 4] FI Score=0.571
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