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Machine Learning Predictive Model for Automatic Calibration
Software in Plastic Raw Material Mixer
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Abstract

In the plastic injection molding process, raw material mixing is an important process that determines the quality of
the finished product and affects cost reduction. In particular, in order to precisely inject raw materials set according
to various conditions such as the size, shape, and weight of the raw materials, a technology that automatically
compensates for various variables and operating conditions such as residual amount, overfeeding, power, and motor in
the mixer is required. In this study, rather than implementing a program according to set conditions as before, we
used machine learning to analyze and design an artificial intelligence prediction model that analyzes the values of
various variables that affect the operation of the mixer to determine whether automatic correction is necessary.
Through experiments in a real factory environment, we were able to confirm an average accuracy of 98.3%, and in
terms of processing speed, we achieved an average processing speed of 0.093 seconds per data, showing sufficient

performance for actual process operation.
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Database containing all laboratory experiments to be

considered in the calibration

Differential Evolution
Particle Swarm Optimization

Estimate a set of parameters

For all experiments in the database

Simulate laboratory test
Compare to experiment
Quantify discrepancy

Evaluate overall error

Improve
estimate

Error small?

yes

1
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Fig. 1. Example of automatic calibration method
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Ao] AAZ Zro|zul AA $H& FEoM e Data Unit Description
glole A 93 A o] AT AE 3 id sequence | sequencial number of data
Ao S Ed A7t 520 wel AEHoz work_cnt count weekly working count
93} gro] BAFo] AR zho] A3 A4 At day_w_cnt count daily working count
2 Y2 5= 7o BExol. residual mg residual amount in mixer
entry_unit_g g input amount of 1 unit
; mix_cnt count number of mixed materials
31 7|= ol & ;
color_g g amount of color materials
material_shape | type(173) main material shape
712 HolEe EF Alojd AHHE 34 4 add g g extra add amount
Aogre 7IEer AR 54 Wes A micro_log bool micro adjustment status
o S 95 TRV] AF F Ael= gA 4 motor_log bool motor event occurrence
9] ASM-24 2d& 7|Zo 2 MAUT =4 HY= power_log bool power event occurrence
ANZ3 AL 717] vt} zpolrt S 42 9o} 5 material_type | type(0,1) type(O:new, 1:recycled)
A B B3l A o2 §do] 7}ttt adjust bool adjustment, 0: YES, 1: NO
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Fig. 2. Research process and good

id work_cnt  day_w_cnt residual  entry_unit_g mix_cnt color_g  material_shape add_g adjust  micro_log motor_log  power_log material_type
count 5000.000000 5000.000000 5000.000000 5000.000000 5000.000000 5000.000000 5000.000000 5000.000000 5000.000000 5000.000000 5000.000000 5000.00000 5000000000  5000.000000
mean 2500500000 45338400 20104600 73774200 03152503000  2.396400 1937913 1881000 56498800 0,096000 0104400 006040 0596800 0294000

std 1443520003 11463166 11467954 46033720 2121852197 1147663 1747666 0839869  101.713802 0.294621 0305809 023825 0490589 0.455637
min 1000000 23000000  -3000000  B8.000000 9307000000 1000000  (0.000000 1000000  0.000000 0000000 0.000000 000000 0000000 0000000
26% 1250750000 35000000  10.000000  39.000000 91971000000 1000000 0700000 1000000  0.000000 0000000 0.000000 000000 0000000 0000000
50% 2500500000 45000000  20.000000  64.000000 93437.000000 2,000000 1500000 2000000 0.000000 0.000000 0.000000 0.00000 1000000 0.000000
75% 3750250000 55000000  30.000000  98.000000 84608000000 2000000 2500000 3.000000  101.000000 0000000  0.000000 0.00000 1000000 1.000000
max 5000000000 67000000 43000000 224000000 96651000000 4000000  10.000000 3000000 635000000 1.000000 1.000000 1.00000 1000000 1.000000

J% 3 ololg 2= Zof
Fig. 3. Data distribution
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Table 2. KNN model configuration

knn = KNeighborsClassifier(algorithm="auto’,
leaf_size=30, metric="manhattan’,
metric_params=None,

g
micta_log

n_neighbors = 2, weights="distance’)
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Fig. 4. Data correlation analysis
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3.2.2 Logistic regression
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I 3. Logistic regression & A
Table 3. Logistic regression model configuration

Ir = LogisticRegression(C=0.4,
class_weight=None, dual=False,
fit_intercept=True, intercept_scaling=1,
penalty="11", solver="liblinear’)

3.2.3 Random forest

n estimators= HE ZE|2EdA AT Eg]
Ngroltt. A dloly #EE HA3} HAEE A
A 10002 AAP O max features= auto= 24

& 2710 WE 2AE Eol=5 ISl

E 4. Random forest Z& +4
Table 4. Random forest model configuration

rfic = RandomForestClassifier(n_estimators = 100,
max_depth = 5, criterion = "entropy”,
min_samples_split=2, min_samples_leaf=1,
min_weight_fraction_leaf=0.0,
max_features="auto,
bootstrap=True, oob_score=False,
n_jobs=None, random_state=None,
verbose=0, warm_start=False,
class_weight=None,ccp_alpha=0.0,
max_samples=None)

324 SVM

SVMellA AL 714 S5 shd Aot
FIE G2 AEES Foled ER¢] "o tiiE
Z 0 2 softmax, RBF7} $J+=4H RBF+= 7}§-A]9F #
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¥ 5 SW 22 #4
Table 5. SVM model configuration

svc = SVC(C=1.0, kemel="rbf', degree= 2,
gamma=1.0, random_state=None,
coef0=0.0, shrinking=True,
probability=True,tol=0.001,
cache_size=200, class_weight=None,

verbose=False,max_iter= —1)

3.2.5 XGBoost

F 6. XGBoost 2 T4
Table 6. XGBoost model configuration

xgc = XGBClassifier(base_score=0.5,
booster="gbtree’, colsample_bylevel=1,
colsample_bytree=1, gamma=0,
learning_rate=0.1, max_delta_step=0,
max_depth = 3, min_child_weight=1,
missing=None, n_estimators=100,
objective="binary:logistic’, random_state=0,
reg_alpha=0, reg_lambda=1,
scale_pos_weight=1, subsample=1)

booster = XGBoost 2| H2H 7|HE AAs}=
GgrER oot AE, JHUYUE BAE So
AoH dFeAtE 7|HoE MRS EFE TFA
71= JHYANE B2AE(Gbtree) S A &at¢Th

l‘l

111)4 of

A

33 ol g 7o

o H=
o &7 B

_[Qr
T3k T otk HolE
O

d=S o] &3 o=

A g Aust o 2l AR dFL $35)
3 ARE PERT Fe /A vt 2] A
o] st

1 1
-+ -t
g =

R 5
UQ

><

o

olN

=

o

v



Journal of KIIT. Vol. 21, No. 9, pp. 41-50, Sep. 30, 2023. pISSN 1598-8619, elSSN 2093-7571 47

- trainint y: % H |
- testing y: 7% Tl°o|H
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#el Hel e E 73 2o

E 7. &2 M2l QA==

Table 7. Pseudo code for prediction function

for each model:
algorithm fitting with trainint_x, training_y;
predictions = predict using testing_x;
get confusion matrix(testing_y, predictions);
calculate roc_auc_score(testing_y, predictions);
print result;

end for;

save top result model to reusable model file;
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Table 8. Experimental environment

Item Specification
Development Intel core i7, 16G ram,
workstation 1TB SSD
Cloud computing unit Goggle Colab, GPU

option
Language Python 3.10
L Scikitlearn 1.2.2,
Libraries

XGBClassifier 1.7.6

29 st 4% 34e wolzth A% B4 ©
o AL HAE HolE 2E > B4 o 4
A > o3 ZWd dZ A > 23 a%kex A
3 el

it

Request for prediction

B L1

Test data loading

Result

Pre-trained ML

pata# real prediction

933820 1 1
897295

0 1]

- 876393 0 1
Summarized result 992168 O 0
406842 0 0

Total: 1,000
Accuracy: 97.5%

g 5 Ay 1ty
Fig. 5. Experimental process
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Table 9. Result of each model
Model AUC
Logistic regression 0.8164644852354349
KNN 0.975073157754722
Random forest 0.9380952380952381
SVM 0.9666666666666667
XGBoost 0.9655493482309125

49 Ay P AgRrt 58 g RE
AUC 09755 2SI KNN Classifiero]™ dl& 23}
precisione Z+ZF 0.99, 0.98°]™ recall> 1.0, 0.95,
fl-score= 1.0, 097°]t}. ©]& 7]Hlo =g Ak=d
accuracyt= 0.990]8 AUCE 09752 TS Wy Ht
S AYEE BT A4 Y 29 grEE O

9 6 2

Prediction report:

precision recall fl-score support

/] 0.99 1.00 1.00 895

1 0.98 0.95 0.97 105

accuracy 0.99 1000
macro avg 9.99 .98 0.98 1000
weighted avg 09.99 09.99 9.99 1000

Area under the curve: @.975073157754722

% 6. KNN A&z st
Fig. 6. Result of KNN method
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Table 10. Confusion matrix of KNN model

TP(True Positive) FN(False Negative)
100 5

FP(False Positive) TN(True Negative)
2 893

ZA3= TP, FN ©] Z+Z} 100, 80 0.2 TH9| o
Zo| 937} AHgg HAFET glon o) so
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Fig. 7. Result of KNN method
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Table 11. Log data for KNN model accuracy test

>>>>> start time: 2023-06-18 13:58:35.028927
HHHHHHHHHHH AR
# Experiment Result #
HHHHHHHHHHH AR
= Total set: 10, sample data per set: 100,

* Total test data: 1000

[Set-1] Start —>
* 1/100 = prediction value: 0 , real value: O
residual 440

mix_cnt 40
color_g 0.8
material_shape 1.0
add_g 0.0
motor_log 0.0
adjust 00

Name: 872, dtype: floatt4

* total: 100, success: 98, fail: 2, success rate: 98.0%

= Total: 1000, Average success rate: 98.3%

>>>>> end time: 2023-06-18 14:00:24.661910

AdA7 F 1,000719] dHolEol sl H+ AF
E 983%2 A AY EZFEAQ 91%ES A3

A3 4g 5 A
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