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Abstract This paper presented a DTW distance-based sampling framework to effectively improve the accuracy of cyclic
time series prediction in large-scale datasets. It addresses the problem of noisy identification for each given prediction
condition,and formalizes the impact of noise with the SVR-based predicting method. On top of the DTW-based similari-
ty measurement, this paper presented an end-to-end identification method to improve the quality of the training set. It al-
so introduced a regularized function in the kernel function of SVR,such that the generalization error can be minimized
based on the distances between each training instance and the prediction condition. The experiment conducts a series of
widely a dopted cyclic time series to evaluate the precision and stability of the proposed method. The results demon-
strate that in terms of high-quality training instances and the weighted regularization strategy.the proposed method re-

markably outperforms its competitors in most of the datasets.
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Fig. 3 Comparison results for 1-step forecast on sales data
MIE 3t LU B, DTW-LSSVR AR X T Hifh 7 i B A
WA . R I 20 2, 10 F 24 S W s b, H s %R 22
LSSVR-mean FJ/N— 2 LA b [F B, 76 K £ B0l 5 F e
NN,DTW-LSSVR #l LSSVR-mean FJ Fill 15 22 5 /) ,
4 SR HL CO, B Y 60 4~ 00 5 3 25 T 7 45 51 Y
45 51 55 A LI {E CActual) BT EL A, A AT LA 3, A
TR LSSVR #E# FI LSSVR-mean #& %1, 5 T 4 # A
YLk LSSVR B e B b 0 5 00 i i i 25, B R 2
CO. H ¥R B A W ] A% Ak 8 R 3 38 , T 3% 07 1% I D3 s i AR R AT
Y2, T B0 ¥k T D5 s ¥ Cn X Q5 BrR) . % 1 3
T 5 45 JE PR 7 A AR X T R SR S8 T ik X O AT
4 fi 15 DTW-LSSVR % LSSVR-mean [ FF 3 A 2 45 5]
B A E TR S %5 4 27 R E RS A —E R,
FEA3

370

—*— Actual
—+—LSSVM

365 % LSSVM-mean
—+—DTW-LSSVR

360

CO HM &

355

350

0 10 20 30 40 50 60
B 1A &

B4 SRHH CO Bt HEAT 3 4 B A LA 45

Fig. 4 Comparison results for 3-step forecast on CO; data

KA Laser B8 BUM R A 19 B 5 100 A4~ (A, I i 5
AT, He & NN ORI DTW-LSSVR W92 7 i, 45 A0 5 B
Re HFH B AR B I 8h R 5 e AR R TR R
2., i, A2 21 — 26 X LA B AR B, A X T NN,
DTW-LSSVR A% 25 5 B fin#23 B Sl X R 25 /h—2F DL B
[F) B, ZE T 45 5,12,13 [+, DTW-LSSVR 43 Ht NN 7 Tl 4
JE AR

FKH5

—=— Actual
200 #— Neural Network
—e— DTW-LSSVR

5 R Laser B4R #EAT 5 20 I Y L4 45
Fig.5 Comparison results for 5-step forecast on Laser data
4.2 EESEHMEHKIES S5
LS 24 46 %1% 2% (Mean Absolute Error, MAE) R ffif & 45
T o SR ] 8 Bl I [ 7 27 0 3 A4S AR HEAT LB X e,
kEH R 100 Fl 200, % DTW-LSSVR #Ef7REA L £, L 4%
gk 1 prg), Hp ARIMA A1 NN AE R %3 by 4 3Rk 56 4 fir



162

it B R

o 2019 4F

PEREAY (08 B, RARER 4 2 TR — e T R R /NiR 25 ik
o MG Al LZ J5 B A= 8l 56 19 2 8, DLy DTW-LSS-
VR B F 1455 ,PE 2N Porland Electronic B F 45 ) .

1 KFMAFIIHME MAE X L
Table I MAE comparison of long event sequence prediction
. MAE

ARIMA NN DL-100 DL-200
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1L72-9/3 0.1769 0.0596 0. 0555 0.0629
Laser 13.27 1.5019 1.0976 1.0816
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