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Abstract

The demand for ship spare parts is often sudden and characterized by high value and significant
losses due to shortages. Accurate demand forecasting can help enterprises optimize inventory, re-
duce losses from downtime caused by shortages, and lower the high costs of emergency procure-
ment. Therefore, this paper proposes a deep learning enabled forecasting method that combines K-
Shape clustering with a two-stage LSTM model. First, the K-Shape algorithm is used to cluster his-
torical demand data for ship spare parts. Then, a two-stage LSTM model is constructed for spare
parts with intermittent demand characteristics to achieve better forecasting performance. Finally,
the proposed method is validated using Company W as a case study. The results show that the two-
stage LSTM model performs best in the intermittent demand category, with all evaluation metrics
significantly outperforming other categories. Compared to the single-stage LSTM, the optimization
rates for RMSE, MAE, RZ, and MASE are 10.99%, 15.39%, 9.24%, and 16.10%, respectively. Thus, the
proposed two-stage LSTM method is suitable for demand forecasting of intermittent spare parts
and offers superior forecasting performance.
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Figure 1. Spare parts forecasting framework
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Figure 2. Schematic of the two-stage LSTM model
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Figure 3. Demand trend chart by spare parts category
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Table 1. Baseline model comparison

1. ERRFUNAR LR

TR A A RMSE MAE R? MASE
LSTM 19.48 13.52 0.65 0.35
SVR 23.03 15.11 0.54 0.49
BEHLARAR 20.84 14.52 0.53 0.55
Croston 32.70 18.03 0.21 0.65

Table 2. Comparison of classification optimization

2. DRMAELE

2 S T 7% RMSE MAE R2 MASE
%1 BB LSTM 13.74 9.18 0.48 0.23
Fl B LSTM 13.09 8.71 0.51 0.22

Ak EL 4.77% 5.04% 6.00% 3.41%
1% 2 BB LSTM 20.98 13.59 0.57 0.36
P B LSTM 20.33 12.84 0.55 0.35

Akt 3.09% 5.50% 2.20% 4.05%
%3 H B LSTM 30.43 22.22 0.55 0.60
P B LSTM 29.94 21.28 0.55 0.58

kLt 1.63% 4.22% 0.71% 2.44%
% 4 FE B LSTM 11.01 5.48 0.84 0.30
PP LSTM 9.69 4.90 0.88 0.26

ALt 12.01% 10.65% 4.22% 13.20%
%5 FE B LSTM 24.21 17.24 0.68 0.29
PP LSTM 21.55 14.58 0.75 0.24

ALt 10.99% 15.39% 9.24% 16.10%
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