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Study on predicting the commercial parts discontinuance using
unstructured data and artificial neural network
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Abstract Advances in technology have allowed the development and commercialization of various parts;
however this has shortened the discontinuation cycle of the components. This means that repair and
logistic support of weapon system which is applied to thousands of part components and operated over
the long-term is difficult, which is the one of main causes of the decrease in the availability of weapon
system. To improve this problem, the United States has created a special organization for this problem,
whereas in Korea, commercial tools are used to predict and manage DMSMS. However, there is rarely
a method to predict life cycle of parts that are not presented DMSMS information at the commercial
tools. In this study, the structured and unstructured data of parts of a commercial tool were gathered,
preprocessed, and embedded using neural network algorithm. Then, a method is suggested to predict the
life cycle risk (LC Risk) and year to end of life (YTEOL). In addition, to validate the prediction
performance of LC Risk and YTEOL, the prediction value is compared with descriptive statistics
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Step 1. Parts Data Collecting
(Unstructured Text Data , LC Risk, YTEOL)

® Using Web based Pprts Info. Provisioning Tool
® Using Self Developed Web Crawler to collect data
® Collecting 54,665 Plarts Data

Step 2. Data Pre Processing

® Unstructured Data[Embedding to learn
¢ Embedding Algorithm : fasttext applied

Step 3 Suggest Machine Learning & Prediction Model

® Fully Connected N¢ural Net applied

® TInput : Embedding|(Data, Output : Categorical or Numeric value

Step 4. Validate Learning Model Performance

® Validate Model Performance using Test Data
- Train Data: 40,998 (75%)
- TestData: 13,667 (25%)

Fig. 1. Research process
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Table 1. Data Collection Details
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Table 2. Collected Data Example

Details
Part Number 0402B561K500CT
Mfr Name Walsin
Category CAPACITOR,CHIP CERAMIC 1005
Ceramic Capacitor, Multilayer, Ceramic,
Description 50V, 10% +Tol, 10% -Tol, X7R, 15% TC,

0.00056uF, Surface Mount, 0402
MULTILAYER CERAMIC CAPACITOR

Manufacturer Part

Description

Manufacturer
Package Description CHIP
LC Risk LOW
Estimated YTEOL 7.82

2.3 HI0|Ef MX2|(Pre-Processing)
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Table 3. Library and Implementation

Description
Language Python 3.7.1
Library gensim.fasttext

Table 4. Fasttext Hyper Parameter

Category Details Param Description
Data Type Unstructured Text Data, Numeric Data & Dimensionality of the feature vectors
Num of Part Data 54,665 window The maximum distance between the current and

. Part Number predicted word within a sentence.
. Mfr Name min_ Ignores all words with total frequency lower than
- Category count this.

Contents - Description epochs | Number of iterations (epochs) over the corpus
- Manufacturer Part Description
- Manufacturer Package Description If > 0, negative sampling will be used, the int for
- LC Risk - negative specifies how many “noise words” should
- Estimated YTEOL 3 be drawn (usually between 5-20). If set to 0, no

negative sampling is used.
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alpha The initial learning rate.
min_ Learning rate will linearly drop to min_alpha as
alpha training progresses
If 1, hierarchical softmax will be used for model
hs training. If set to 0, and negative is non-zero,
negative sampling will be used.
s Training algorithm: skip-gram if sg=1, otherwise
E CBOW
word If 1, wuses enriches word vectors with
nerams subword(n-grams) information. If 0, this is
8 equivalent to Word2Vec.
aflaL Minimum length of char n-grams to be used for
- training word representations.
Max length of char ngrams to be used for training
max_n word representations. Set max_n to be lesser than
min_n to avoid char ngrams being used.
SkEAOIE o| SkA
2.4 SERH Mo I ekg
£ AdFolMe g5 BEE 36t flsto] Table 5

Table 5. Library and Implementation

Description
Language Python 3.7.1
Library keras.layers

shends 42d doly 2

@ Input data :
- Embedding Vector of Unstructured Part Data

@ Neural Network :
- Fully connected Layer

@ Output :
- LC Risk Or YTEOL(Year to End of Life)

Fig. 2. Learning Model for DMSMS Prediction.
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Table 6. LC Risk Descriptive Statistics

Count Ratio

Total Data 54,665 100%
LC Risk Low’ 23,089 422
LC Risk ‘Med 16,580 30.3
LC Risk ‘High’ 14,996 27.4

Table 7. YTEOL Descriptive Statistics

Count
Total Data 54,665
Mean 3.06

Std 351
Confidence Level (95%) +0.03
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Table 8. Learning Model Hyper Parameter

Neural Network Arguments
6 layers
256 units/layer
Dense Layer
relu
0.2
Output softmax
optimizer Adam
loss function C;f;:i?s:jéﬁy
batch_size 32
epochs 100
Input Value Embedding Value
Sty Vzluz (Cateé(iif;?kvalue)

Training and Test Accuracy
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—— Train_accuracy
® Test accuracy
—— LC Risk "Low" Ratio

Fig. 3. Training and Test Accuracy.

sk Hdof tfgt Validation Accuracy+ 0.85 ©]
W, Precision, Recall, f1 Score= Table 99} Zt}.
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Table 10. Learning Model Hyper Parameter

Neural Network

Arguments

Dense Layer

6 layers

256 units/layer

Output Value

relu
0.3
optimizer Adam
loss function mean square error
batch_size 32
epochs 200
Input Value Embedding Value
YTEOL

(Numerical value)

Training and Test Standard Deviation

—— Train_Std
®  Test Std
— YTEOL Std

T
75

T
100
Std

125 150 175

Fig. 4. Training and Test Accuracy.




A7 =54 41208 A10E, 2019

253
OFLOHH Aoret mdS o]gsto], LC Risket
YTEOL~ k5ol ol&3e A= Table 113 Zth
LC Risk9] Oﬂz e 85% M YTEOLY] & *:
WA= 1.77 22, 2 AFof|A] g5y g3} oj o ﬂ%
71222 AR 71e BARF 42%2F 3.51 Hrh £2 9
k. &, B mdg o] g3t

o 5 Sk

=1a ==
sty 2t 3

Table 11. Prediction Performance of Learning Model

Descriptive Statistics Model Performance

LC Risk 0.42 (Low" Ratio) 0.85 (Weighted_avg)

1.77 (Std. of
Real-Prediction)

YTEOL 3.51 (YTEOL std)
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