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Multivariate intermittent time series forecasting with fusion of structured
information and temporal evolution information
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Abstract: After-sale accessory demand of complex equipment manufacturing enterprises tends to occur irregularly and
fluctuates greatly, which leads to typical intermittent and small sample characteristics of demand data. When facing the
series with high intermittence and large sudden demand, the existing prediction models are difficult to accurately capture
the demand fluctuation rule and can not effectively predict the trend of parts demand. In order to improve the prediction
accuracy and stability of multi-group parts, this paper proposes a new multivariate intermittent time series forecasting
method by considering both structured information between sequences and time series evolution information. Firstly, a
tensor-based light gradient boosting machine model is proposed, the original demand data is reconstructed through
tensor decomposition to correct abnormal demand values in the sequences, and use the light gradient boosting machine
to jointly predict multiple sequences. Then, a new linear decay correction model is constructed, and a correction factor is
introduced into the linear decay exponential smoothing method to predict the demand and interval respectively for each
sequence. Finally, the two prediction models are weighted and fused to obtain the final prediction results. Experimental
validation is conducted on two complex equipment manufacturing enterprises’ aftermarket parts demand datasets
respectively, and the results show that, compared with several time series forecasting algorithms, the proposed method
can effectively predict the demand fluctuation trend and improve the prediction accuracy and numerical stability.
Keywords: intermittent demand; demand forecasting; time series forecasting; structured information; temporal
information; accessory management
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Syntetos-Babai) J7 2, 18 it 5 87 75 SR Ak R 19 7
Yeist i 75 3K Prestwich 251 #2 i T ESLD (exponential
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TR0 T 22 AR I () 41 N 1) A, Shi SR T
—Fh Z Ju B 8] /7 51 000 77 5 (block hanker tensor-
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PR A5 B R, 3R s TN RCR, A BN R R
Fe 5 vtk — AR BURFAE AR08, 5 EE U W 02, P
S HVRFE A SR a6 e SIRFIEAT 5K, 55 B T TE oK.

AS715 3 F Light GBM AE Il 2R A, 1245 7 e ok
BT FERE T 2017 SR TF K, o — Pt T o S 55
VI oA AR EE SR T HESE. LR A UAR R i K AR
55 [l R A 4 15 D i Bl U, i AP

k
i =y filw). (10)
t=1

Forb f 958 kA 55 81V B TRINAEL, g N5 i MREA
HOTIIIEL. A5 7R HAT VI ZRIR PR HERf 5 = 250
R RFAE TREAS 2 B (v, A B A 43 1)
i R AR Dyt Ll R 2 2% 7 B TRl S5 AL 15
B, RIS X 2 A 75 5K PP 1 HEAT 6 M.
22 LHMRBIEERE
FEARNY SR B A P IR R, 247 il FE AP T s 5 ik
AR, HL 75 SR HCRE it 7 I 8] HHERS 0 T B 5.0, IX AL
FGARNT RIL I, SRR D0 H I 2, [A e AE T

AR AT P LS,
AT B A E BT R —
1) Croston A8 & J5 3. 4 75 SRAS K A= 1, 48 F ESLD 1
Ao 3 ek o> TO0 75 SR B AT 58T, DAAL B I 55 3K
2T RN, 51N SBA HIME IE B 7 X 7% K S\ AT
T, LAk Tt s 2.
T 4, R T R SR LR B v (0 B 2% 7 4
ori = {90,0,...,0,%1,0,...,0,4;,0,...,0,y: },
yie{1,2,...,m}. (11)
Horpry, il 27 K& (y; > 0).
B b X 8] A2 AN FE 0 T 3K vy 5 ey 1B JE
HA%E, Wy, 5 ;o0 101 a A OfEL, DULAH I 14 1] B X 1] A
pr=a+1,i€{0,1,....n—1}.  (12)
FRE 13 7720 S5 A BHE 7 i SR 75 SR T 4y A
[] B X 18] 7 51 p, A5
y=Avo,y1,-- s}, p=A{p1, P2, 0} (13)
18— B 45 50T 38 (SES) 23 B} 75 5k 5 1 Al ]
B DX 18] 32 B3k A7 00, 45 30 ¢ + 1B 200 (1) 75 =K & Tl
AEL Geq-1 0 TE] B8 DX TR) S AEL 41, FEARSE T AT A&
159 21 g 2 T -
Fror = { (Ye1/Pes1)(1 — /2), y; > 0;
(Ge41/Drr1) (1 — ape/2Pe1) ™, ye = 0.
(14)
23 RS
A e 22 ALTC A (%) PO RS P A AR E M, AR LSRG
8T AR G B (my) BT 5 B S 7 EE
B (mg), ¥ 31X 2 MR AT IR R &, TR fbh B AN A5
AN, BT H1 A BEAR Tt 8 R U 1T s R
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B i AR R TN 45 2R 55 HL R AR AN B A 315 B i
T Es R, ks

—

y_final,, , = g/} x Weight,, + 71 x Weight, .
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