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A Study on Intermittent Demand Forecasting of Patriot Spare Parts
Using Data Mining
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Abstract By recognizing the importance of demand forecasting, the military is conducting many studies
to improve the prediction accuracy for repair parts. Demand forecasting for repair parts is becoming
a very important factor in budgeting and equipment availability. On the other hand, the demand for
intermittent repair parts that have not constant sizes and intervals with the time series model currently
used in the military is difficult to predict. This paper proposes a method to improve the prediction
accuracy for intermittent repair parts of the Patriot. The authors collected intermittent repair parts data
by classifying the demand types of 701 repair parts from 2013 to 2019. The temperature and operating
time identified as external factors that can affect the failure were selected as input variables. The
prediction accuracy was measured using both time series models and data mining models. As a result,
the prediction accuracy of the data mining models was higher than that of the time series models, and

the multilayer perceptron model showed the best performance.
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Fig. 1. Demand forecasting process in airforce
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Table 1. Relevant prior research

R Comparison with
Subject _I? ata | Techniqu the military method
ype es (Data period)
ATCMS,
H. T.Kim K-9, Not Data yes
[6] ATHUR-K | classified | Mining (6 years)
(Army)
J.D. Kim F-XX Not Data no
[71 (Ariforce) | classified | Mining (5 years)
J.S.Kim | B aircraft Not no
[8] (Airforce) | classified LSTM (6 years)
M. K. Park| KF-16C [Intermitten| yes
[11] (Airforce) |t demand SARIMA (5 years)
B.H.Oh | Vessels |Intermitten Deep no
[12] (Navy) |t demand | Learning (7 years)
T.G.Kim| E-737 |Intermitten] Data yes
[13] (Airforce) |t demand| Mining (4 years)
This Patriot [Intermitten| Data yes
paper | (Airforce) |t demand| Mining (7 years)
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Where, €; denotes the average demand in period,
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Table 2. Variable description

Variable Meaning
d; Quarterly number of demand
ti Quarterly average temperatures
ot; Quarterly average operating time
I Quarterly consumption rate
) Quarter : 131, 132, 133, -, 194
! (e.g. 131 means the first quarter of 2013)
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Table 3. Prediction results of time series models

. . MSE
Time Series Model ®d174 | @d184 | 3 d194 |Average
Weighted Moving | 19 150 | 1.3876 | 1.2504 | 6.8843
Average
BLAme.ar Weighed 5} 7416 | 37753 | 1.9922 | 9.1697
oving Average
Trend Analysis 17.5609 | 2.1058 | 1.3701 | 7.0123
Exponential Smoothing | 16.9350 | 1.3650 | 1.1147 | 6.4716
Linear Exponential | 15 154 | 17729 | 1.2280 | 6.7216
Smoothing
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Table 4. Operating environment in the case study

Category Value
CPU intel celeron b820 1.70GHz
MEMORY 6.00GB
(oY window 7 64bit
SW Weka 3.8.4
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Table 5. Prediction results of data mining models

- MSE
Data Mining Model ®d174 | @d184 | ®d194 | Average
Linear Regression 1.6241 | 1.3292 | 0.3350 | 1.0961
SVM 1.4354 | 0.4767 | 0.3576 | 0.7567
MLP 1.4280 0.3914 0.0992 0.6395
AYPslF] ROz 199 487719 £HNLE =T

Ho} A 2okt Fig. 63 2th o 239 /9
FEPES 2.2e-1602 K5t & 4 glom,
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Estimate Std. Error t value Pr(>|tl|)

(Intercept) 3.243e-01 2.275e-01 1.425 0.15454
tis1 -5.976e-01 1.889e-01 -3.163 0.00164 **
ti61 7.265e-01 2.435e-01  2.984 0.00296 **
otisi 4.516e-03 3.006e-03 1.503 0.13345
ot1s52 -2.115e-03 1.401e-03 -1.510 0.13162
ot153 2.866e-03 1.270e-03  2.257 0.02436 *
ot161 -8.643e-03 3.993e-03 -2.164 0.03082 =
ot171 3.154e-03 1.419e-03 2.223 0.02659 *
r173 -9.712e+01 2.994e+01 -3.244 0.00124 **
ris2 3.2949e+01 1.773e+01 1.830 0.06771 .
riss3 -8.707e+01 2.998e+01 -2.904 0.00381 *~
rio1 -4.520e+01 2.027e+01 -2.229 0.02616 =
r194 1.089e+03 2.207e+01 49.362 < 2e-16 ==~
d173 6.239e-02 2.891e-02 2.158 0.03130 *
diss 7.143e-02 3.85%9e-02 1.851 0.06465 .
Signif. codes: 0 ‘***’ 0.001 ‘**/ 0.01 ‘*’ 0.05 ‘.’ 0.1 * 7 1

Residual standard error: 0.4406 on 610 degrees of freedom
Multiple R-squared: 0.8049, Adjusted R-squared: 0.8004
F-statistic: 179.8 on 14 and 610 DF, p-value: < 2.2e-16

Fig. 6. Summary of linear regression results
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Table 6. Prediction results by hidden node(MLP

model)
Node MSE Node MSE Node MSE
(8,6) 0.1121 9,6) 0.1181 | (10,6) | 0.1184
87 0.1144 9,7 | 01028 | (10,7 | 0.1041
8.8 0.1068 (9.8 | 01135 | (10,8 | 0.1075
(8.9 0.1190 9.9 0.1102 | (10,9 | 0.0992
(8,10) 0.1037 | (9,100 | 0.1132 | (10,10) | 0.1104
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Fig. 8. Structure of MLP model
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