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Abstract Derivative industries in the field of science and technology have accumulated a large amount of high-dimensional time
series data due to the general existence of strong time constraints. Severe data pressure makes traditional data modeling and pre-
diction methods limited by data scale and attribute dimensions. Services supporting high-quality put forward higher requirements
for big data intelligent prediction technology. How to improve the prediction performance at the data level is a main problem that
needs to be solved urgently at this stage. Combined with the above problems.a feature re-abstraction(FRA) algorithm for multi-
variate time series data is proposed. First, the RobustSTL decomposition algorithm is used to extract trend and seasonality fea-

tures (TSFs) ,realize the second-order abstraction of features of multivariate data,and replace the traditional extraction strategy of
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“labels are features” with “abstract is features”. Then, the correlation strength between the TSFs captured by the re-abstract

technology and the target parameters is evaluated by the calculation result of the Pearson correlation coefficient, which confirms

the data value of the TSF. On the basis of FRA algorithm,combined with deep learning model.a data-driven multivariate time se-

ries prediction algorithm is constructed,and the effectiveness of FRA algorithm is verified by the prediction effect. Experimental

results show that the introduction of TSFs as the training vector of the data-driven model can maintain the characteristics of data

dimensionality reduction,noise reduction and strong correlation,so as to avoid model overfitting and alleviate model underfitting,

and improve the accuracy and robustness of time series prediction algorithms.

Keywords

seasonality feature('TSF) ,Correlation assessment
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Input:Sample
Output:[ Trend, Seasonality , Remainder ]
Variables : Seasoniength
Reg (first-order regularization parameter)
Reg; (second-order regularization parameter)
K
H
Hbn; , Hbn;
Hbs; , Hbs:
1. Tnitialize parameters: Regi<10. 0,Regs<0. 5,K<2, <5, Hbs; <
50, Hbs; & Hbny & Hbny<1
2. while true do
3. Trial<1
4. denoisemple < Denoise(Sample, H, Hbn; , Hbny)
5.  detrendsmple s relativeendss < Trend _Extraction (denoisesmple » Sea-
SONength » Regy s Regz)
6.  seasonsid, < Seasonality _ Extraction (detrendsmple » Seasoniengih s
H,K,Hbs; ,Hbs)
7. trendsha » s€asonshy » remaindersy, <= Adjustment ( Sample, rela-
Ve rends » SCASONS ilda s S€ASONengih )
8. if Trial # 1 then
converge<Check_Converge_Criteria
(previous emainders s remaindersp,, )
if converge=false then return false
else return[input, trendspa s s€asonsyy » remindersyy |
end
9. Trial<-Trial+1
10. previouSremainders <" remaindersha
11. Sample<—trendsp,, + seasonsh, + reminderspa,
12. return[ input, trendsp » Seasonsp, s remindersp, |
YA 1 AT i R A R B B X A U3k AR T 8 B
AT 00 Ab B 3 o g /b v AR A O o L R T R IBOD BR R R
i L o By B SR A R0 U8 U (bilateral filtering) 4b ¥ i P £ A
(Sample) (3 4 17) . REWBa i & B S AL FNFRE 1Y @, , 3R
HSEHY TSF S2BETT i Bk . 20 B B $2 U2 25 18 21 3 fn 2=
oy R AL AL IR AR TE 22 S A (A 2D 4R TR SR 2 R 3
TSF M3 BT . &%) B ab BT 19 324007 51, i 348 0P 3R
i LAD #1203 8 53 B $ 43 R 5 47 1 e R &
TP 22 03 R AR R AR Z2 T M 40 Y 2 AR R TR S N A
LAD B2 50 i 22 3ok B — B f B 22 0 9 sjR e
B =35I AL B AR BR R AT B /MR R A TEWR BB — B 22 03
P14 ) i G 3 i A4 A7 1 52 78 X e DR B P Y B ) L I
J5 R HE R 328 S 4R T30 AR W 3k AR ke 35 i R T 40 A A X
HaHAE 55 R A1, 2T R IOD R A R i 21 e ad B 7k 4y
fiff ) 2= A3t (B 6 A7) 37 126 U Hh BB A 1 A R R A A
WEHEAT T AL A58 2 MO T 78 I ) 48 B2 1 1) 2R 28 J 44, [m) 1
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2 T B U B S TE R e A LR B AR SR B
T oy R RS S AR IR R D IR £ T AR U AR
1 A2 rp R SR Y Ay e (BB R R (B8 7 A7) .l kSR b R
7 EA 20 B T LU 4 Uik A 45 2R B9 il B, TR i e s =
B R I 3 TR 4 TSE 19 i 6 1 A0 4 1 (56 8 11D

4T RobustSTL 57k 43 fift 2 7T i [8] /7 3] 42 B B 9 TSF.,
PRI L] DL R B[R] P 50 000 Xk S50 B o e R A 1 DT A
B . B 08 3 Ao TR R A ) B 10 52 BT B 36 Ak B A A IR Bl AR
B JC W 2 20 E AR IR B M T Y [ A 4R v TN MR M. 5 R
F| TSF @ iy R = 0 20 2 44 £ 00 I ) 3 90 5 46 oy — 4 1)
o2 DR b R A | O MR AR A T B 25 S BT e M A HfE DA UE e
LB T 2% B0 L1 PR B R U5 1 0 PR Ut i T TSF HiE
B2 B0 A DG M TTA AR G DA B B 3 2t 32 B3R DG M it 4k
B9V & BEE R TSE 78 5 G 77 5 b 0 (8 5 1L, fif i TSF 2
T LA R R R R 2 R R SR DGR . AR SOR B R b AR
% Z2 B (Pearson correlation coefficient) 3z 5. TSF Fi i i H
B S 802 180 28 P A 06 (¥ O 1) SR BE o 58 89 B SR A 06 R Bk
& LA Pearson, AT H T .

DX, — XY, —Y)
i=1

4)

Pearson=

V@gx—?ﬂ PSS

For, X4 BIGRAE Ol R S PR AR R B I AR IEAE AL Y IR
N HARSHEA . RIAHAR Pearson, By X 1Y BiA4~78
B P 7 22 5 Hobn o 22 e ALY LA L RE S R R TSF &4 1 H
b 5 5058 B T 2H A0 T IS O TR A Rk 56 R o AR I JR b A
KRB 1B AR VPG 2 pearson € [0. 8, 1], BIHIE
S TSF ) B H AR 2502 1815 5% 4 5 A OGP L e % il
T A G B B VG T VR i 2 ) STk Y S A AR
2.2 ETHMEEMHS(FRA)NEBERFNE %

AR S Ao A B IR B i AT A SCR T 3 F FRA Y
B UK B RIS, BB A B XTI N A R S LR 2R KR A S A
22 JG I} 8] 7 20 B0 45 o 30 1 40 0 4 i ICEE R 5 3 o 7 1 g
I P A A 1 T RS S TR R LR 2 2] O kBT 2R A
BRI & B4 00 & Dy A8 R0 R AR 4, 1F T 5 A0 #E LA 30
B R i 20 0 R TR A 52 BN SR R S R
PR ER .

B IR Sh A PAT R 3R T S 45 B R AR L IR B A 7
T A AR Ak B DAY B B0 O SR R AT S5 . AR S A
flG FRA B2 BUR AL G5 9 BRAE 2k 2 ML L A H B 1R 1k AL
P RE 80 7 1) VR B 2 ) RS 7 4% B 50 A0 BIK B O W 1) 1 S
BALAL

BT Zouht )7 50 B0 R 2 B R e T T B
JEL 01 M 35 2 1 s AR OC R L 9 BOIE 4R 2 o AR 4 R B
R B 2 MR AR AT CTSF) L% SR 5 ) 75 78 A 30 0 3%
SRR A B TE 5 e O W s A AL AR SCBEF TSF )
T F £ 0 I R] 5 8 TR0 A AR B AR T L AR R Y R 4
22 ) 1 o St st 20 9 5 5 il 26 L Sl 2 o0 B Il e B0 T 4 B 5
AR SR AL T o i B B

AR SCHR A FRA $5958 1 S 8029 3 TSF ] it i $2 B At
JE 4 o A T iy A R A S 800 A O 5B L e K AR S B
M AEB . %5 3k 3 T RobustSTL i &) 43 fift 52 vk X £ o

A 18] 5 371 30647 Ja8 Pk R A« 3 3 Je A A 1) ML 2 A A L ot
2 JC B B 1 b B 67 A SR T VA A T R AL Y 3 LA
RobustSTL #9326 I 32 #2 v, 3 2 3% A% P AT B0 108 I A 4 it ke
22 ] 30 1Y B A S BRHE B, ORE T TSF (] 11 1Y 5 M {25
B dE A R AR S 4R MR TSF [ 0 82 I Al S B %
AR E A G B W $2 71 (B PRAIE TSE o) 5 i) AH 5C 58 JZ RE 4%
FVGJE 2 5] 132 57 o B M UC L L FRA 5535 40 B T M1 6 v EA
BRI — B, AR T R X RS H TSF M
A FRS 5Z A B A OC SR E R AL LLis B AR R L B
80 %6 K IFAli TSF [n] it RE TR 1F LR (1 5y Akt ) FRA B
PARICEI Y TSF [l 528 T 22 00 B0 1) = 2 B0 1Y B e L 7
R T I A ) [ B SR P 5090 e N R 52 1 35 4R A9 L TR 48 T+ T 4R AE
B RH DG 3R B L E B 2 T L BRI T IO Y o o R
AL PR LSTM W 28 15 S B34 A% 1 TR i 2 > BE A, %
S B R AL B TR Y £ O I 8] A TIOMAT: 45 . LA AR
SE RS B4R [ 24 R . XN F RNN R4 3 F & Gk
M HEA 3 H AR, LSTM X 4% 3 it 15 B i AT 1]
LT PO AN S Tees 7 o F = E R R N LY N 2
2R AH Y A A 25 09 2R G0 A R — A B A 25 1 2R GoR s i
P S AR S A T T A L 3 TR 1) 2 R B T — A ] 2B P AR
A XY 117 e ) 25 P9 RR A 1 TR R L 0] 32 R A P
REXRGORS TR, LSTM W 45 5 T I TR HLH 1 0 AL 1y
Jit {5 A A A A UL 6 P ] A0 A7 4% T L 3 G A E T K R
Hofs B2 T Wk ) B, A 0 2 T B T T T 4 o R

3 EWESN

7R ORI B R 0 A R HTE 23 B A e T R
B I, A 25 I 5 R e M Y R A B BN Y IR B R 2
B A 3% 2 P 10 70 H AR H L o 2 B ) R AR AR A W
80 1 51) e OE TR ] A A A 75 G 2R U RE A A D S B
HOREA R . ) A1 4 vl T O R RN I H R U0 AR G
A HCHRE R RS A 7 AR SR AR 2T LA T O 28 B aie
75301 Jeg M T 45 SRR 48 1 g I 7 35 T 00 S R 0 K 4
O B PP AG 98 B, b BBV S oMl T R AT AR B M B 0 2 S AR
S BT S A
3.1 HiEE

S B BOR 9 HE B 7 vl i AR A 2 i NASA Ames 1
Prognostics CoE $&4E, 334 5 28I 428 T3¢ 45 A AH 8] 19 D K 4L
PR, ARSCEETHE SR R 2 AR S AR e A E T
7 LB L A RO ) IR 2 3K B 50 000 - T 4R 4 4
= 1o,

F1 SR SCHE 4R

Table 1 Experiment related datasets

Dataset: Battery Data Set

Sets_Name Battery_id

BatteryAgingARC_FY08Q4 05,07,08
BatteryAging ARC_25-44 33,34
BatteryAgingARC_45_46_47_48 46,47

AR R G A 22 S R T RO SR AR S T B RO PR AR
A I 0 A ) T A . S G MY A% Bl AR L HRRAE A
2 5 AR R Sy sl S R 17 8 BCTR IR T D7 00 o 5 B B
Fi HE 2 5 6 O R DEAT Ay 44 A 4 ML Bid_discharge_soh.
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DL 5 R 05 (14 B85 4 18 Sy B 191, 8308 I & U b 6 0 dn
%2 A,

F 2 'S 05 B AR 09T A B R
Table 2 Detailed data of No. 05 dataset

Dataset:B05_discharge_soh. csv

Data_Type_Name Meaning and Calculation_Formula

Voltage_terminal Measured Voltage
Current_terminal Measured Current
Temperature Ambient Temperature(degree C)
Current_Charge Current measured at charger( Amps)

Voltage_Charge Voltage measured at charger(Volts)

time Date and Time of the start of the Cycle
Capacity Integrate the Current_Terminal

Cycle one “discharge-charge” is one Cycle

Soh The ratio of Measure Capacity to max Capacity

Kt £ 19 ik K30 L B B A e I (Capacity) T LUR 48
Ty B 2 4 e Y AR T B A B K R P AT O B R B L
FAE MRS (SOH) . 7 52 56 By BOK HL itk 4 4k 01 (Ca-
pacity) Fl B il il BOIR S BT (SOH) R 8 8 HAR S 4L
3.2 XHWHA

AR I EE T B0 B 3 i B B T B R SR 2 0T
R 8] 1 37 T9000 A 55 o A 455 A5 F 74t 5 11 T80 00 sl A6 T 4 G # 2
B o AT K BN 55 09 552 36 vl AR L B O 1 PR AT R L AR
P B A% X 4 BB A 1 TR

Pending data:
(Two-dimensional)

Raw data :
(Multi-dimensional)

| ) | I 1

=il [ ] ]

[l |_f| =il ] [
i o S T | -
HAEH H '8 HH '§&

<y SRS
H = s 1 2§
1 Q! S |
o e R s o AR T
| ] Tt
[X1, Xn] [Sn Tl
Extract data:
(Two-dimensional)

!

T

Forecast Result SEEEE

< ® ]

B . B

= 5 7 o i

= g

N IS 1

LT 1

[Sn, Tl

1 S ol i oR A

Fig. 1 Schematic diagram of data flow in experimental design

BBt 1R A S A TR A A 1% P Sl 450 R SN R R 22 i w0 U
B4 (Multidimensional Raw Data) , H 5 3% i % 8 19 77 571
TV AR TL-F- WA a5 1 AH 5 I FH S0 38 A 4 ) R, 1% 58 KK
PR T 1 e 5 BUHCHE 53 BT AT 5538 6 4 12 28 000 R 114 A 452 it
ELHAE Sy 100D AR R ) A ) ek B A 0 IR O A e v A
L1 IR 5 40 R R, %o B3R 43 A 45 AR 4 AR

Bt b AR A5 B B O B Be 2 R RRAE Al R B R
SIS 22 AER) I BN R AR BT RO I A A B A R A e IR
B At T AR 0 A TR, R B B R A 3 ]
Sy AL 55 (9 RobustSTL Bk AR FI T 01 A $5AT 17 4 21 . 73 ffk 74
B BT FRAE AN A IARAE . 20 4 B A 1) 4R RRAE 1] i (Two-
dimensional Extract data)# 1k (52 #2, AR U L 2% i T 3 4
Al

W BB 2 (9 R Ak A BEAS B AR L B AR ) {315 5 B
A [R) AT L2 A o A TR 11 5 R T 1 3 B2 A5 LLAR A AR 2o
2 5 W R R TIUINDORG B 1Y) T 58 % REAE 1] & A AR S 800 AH Xk
PR T IR SR . WY B 3 38 Ak X AR LAY AR AT ) S A
W Z B AT A L PE 2> BT (Correlation analysis) , F) Wi 45 4F [i) 18
T AR SRR R AR Y AR A

Tl 2 VR 8B Y = LA B R AR A i A R R S A
Je WY B ARAT BOUE 000 25 BR L % B Bk B A 5 B gk R RE 11
LSTM #i1 £ [ 4 4 Ay F9000 455 784, 50 3 F90000 445 5% % -3 52 4 R
MR
3.3 ZWHER

Bl 2 45 7RI RobustSTL 43 fif 550k #2 S i1 i 80KE
A AL HE R SR 75 W R AR R B 2 /0 R4 v i BB
— AN FE L ) (B AR 1 LA 400 F0HE JR U AR 46 ) P B 28 s L TR
B IT Ji e AE 52 I, 4 R 1 A s ik AT LA B B8R KCE D 400,
Al g Al i 1 5 R i R 5 e /0 0 22 1) 2 AR 40 AR5 A1 42 R
SR FEE R BB B () s R 1Y S [ AR B AT AR [ 1 ds B R
61 G A A 0 A A il £ 22 % R TR AR R ) 95 TR 1] B 11
P,

Pl 2 (a) 7R T BE A HICHE I 358 BT, 99 2% 504G it 2 Bk
AT A UEILHE FerE B B B R R R RE . I 2(b)
7R T 2T P BRI, 2 Y P A T W R Ak B0 SR AR DL B
AN AR K )R e (R A5 104 388 U9 A5 b A B0 A 1 R 300
Beah. B 200 /R TR B, X 26 & JE i RobusSTL 43
fifp 5 % 3 o R MR 5 S MO R A B0 L LU I R IR SR
B2 B B H A A SE 8 IR 3R A R

\”\w\\%

0 50 100 150 200 250 300 350 400

-100 |
-150 |

-200 |

(a)Sample and trend_extraction teature

.
|

T

| 1171 Ty "‘J]

0 50 100 150 200 250 300 350 400

(b) Seasonality_extraction teature

2|
ol wwr iy w*-'l.wwwm}w “}Jurwj,‘»\,
" i
0 50 100 150 200 250 300 350 400
(c)Residual_extraction teature
Bl 2 B BOHE i AT 42 HE
Fig. 2 Feature extraction diagram of sample data
F 3GV T A 7 2A v b B AR Y 2% v el V- T O A
WA AS i B SRR AE P 3 5 8 4l s 4 kY H AR S 81 (Ca-
pacity , SOHD FE 2y f IR b AH 56 2 B0t 58 2 Ay 4 A5 51 57 3k
15 B AH R MEITAN BRME
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Table 3 Correlation analysis of terminal current-voltage extraction

features
AL 26)
DataSets_Name Trend_val Seasonality_val
B05_discharge_soh 91.46 87.12
B07_discharge_soh 92. 14 89. 28
B08_discharge_soh 93.78 91.41
B33_discharge_soh 92.03 88.16
B34_discharge_soh 93.88 90. 59
B46_discharge_soh 89.63 88.37
B47_discharge_soh 90. 20 86.90

H1 3% 3 AT %0, Trend_val 1 (40 (A J A #R L B 90 % LA |,
e W ply 2% i R 3L - Hb TR OT R RIS MR AR AR N AR S B 2 )
L% A 3 1 A D& M L IE S H I T HR R 1Y AR Ak A T AT LA S e
b 14 f IR S ST 60 I 42 th R ST B T R IR S
T L — 3,

Seasonality_val 1| {#) 5U(E K /MAEE T B b2 80 % sh
R 910 O T 55 0 e B O R G R R B AR B R AR R
TE 90 Y6 LITR , I 2K 3K B AR 35 AH 5 M 09 3 4 A5 o, (A Bk A 5t 0
TR OGP Y TE A LB 7 S 5 A L TR B B i TA Sy il 2 A
S A5 AL AR A A S B o

FEGER X 7 AR AR AT FRA B35, 5T Init_f 51
CBEAL g AR B)IG FRAF 24  Ext_f 31 (5 A0 5y A Sy 52 IR fiF
4 Extl.Init_{ 51 ¥ s X BR , il F 4 J5 10 328 05 4o 28 R 4%
(LSTND AT BASE T A 25 SR A 5% 4 Fii 871

Fo4 KR I P2 N 45 (LSTMD T3 25 R
Table 4 Longshort-term recurrent neural network(LSTM)

prediction results

AT 26
Sets_id Init_f Ext_f Ext_Init_f
_05 86.35 89.88 88.25
_07 85.31 89.67 90.01
_08 84.76 87.92 88. 27
.33 86.67 89.71 87.35
34 84.29 88.68 88.12
_46 85.73 88.35 89.94
_47 82.99 86.17 85. 66

XF H Init_f 3R Ext_f Z1ECE o] WL, R R A A Bl HORE R
FRAG 1) 75715 e SRR 58 LB T AT 55 ZE R0 i T8 S8
P UK B T 5 s . 5 T RO M e A, 3R AT i A 4
R KBS R D Wb 508 48 10 4 B3R 31 9, 06 2 o 4k 5 4
HESE AR o, T RE HY LA LSTM F ) 4 250 A - RE . B 3k
I 8L ) L (A5 Inic_f S0 RCRASE A 2) B o I H it 52
JHAC R 1Y 0 A T BE A R T Ak B T vk i L I 1% A
B O ASE D T AR T R T T

F 4 1 Ext& Init_f 512K it B4 48 1 2¢ 0 i - H R
A T B SR A A S VR O A SRS B A T A5 R, X L
Init_f %), R IEAE I B AL T Init {5, IESE T Bl & K £
A TR 5 SRR BRAR A AR X EL Ext_f 31, & BUA(E 25 06 R
B, 7E 8 AR A 3 AR T Ext_{ 31, Ud B 225 ) i 5K
T 158 725 b ARk 3 28 Ak 1) s SRR AE BT LA SE A F 0 4R HHE L 1%
PG AT 35 TR AE 4 B B S I T M A

GETIE AT S I TSR AR T N a] i A 1 A B ) 5 Y A
P UM AT 55, 42 T 3% F4RAE BRIl 42 (FRAD (1) £ 0 it i) )5 3]
T 7 . DRI Oy vk R B T B4R IR B 1 A AT SR I, Gl 2

57 T sl 0L I0 HHE 1 0 50 2 4R AT e A sl B R R ok BHE
22TV TE Y W A5 S AR 5 MO M 9 B BOR T FRA B3R S8 R
50 ek A 2S5 Pk R (TSF) B9 Bl S 4R B, S Bl ih £
JC IS 8] 2 b 45 JA P R AIF [l ST RRAIE Ik 2 R G L RS
AR OGP PPl S M i TSF [a) 4 25 A0 T5U40) A B 2 B /9 G 1k
SR B TETE RS S AL L O B O A VA A A A A s i
R B A8 Bl I S 3003042 90 4% (LSTMD 58 )l 151 I AT 55 L IF < 48
PERESE VR ITH TSF B /7 41 SCHE 5 B BE 7. | IE T FRA
SR RE A8 G R A L Y R R A AR T R A T

ASCHE W T — 2 50 B ] FF 50 B 5 ik AR A —
P2 TR T e A SR T AN 1 BE UL B FRA B8k ek
i J3E TSR % 2 R AIE B B 5 IR 4R L B9 TSF 1] 4t 2, i 5 U
o 20 R0 RSB o TR ) ML) B B T TR B 2 T R AN s B L 1
D 38 A S PR ST A 5 0k o DR IR TSE i 4 RE A% SR A
A B 1) DG TR A R I A A R A B i) 1 2 S el 2D TR
S SRR B LA 1 O s A8 R IR 4R R T FRA Bk N
% T AR AE B2 I B B4 B B gl S0 U vk L G S FRA S
S AT FEZ 5 A S I e 00 105 B8 A R i A ek L PR 5 TR T
2 ) B R K I 12 59 BE 7 (R R TR0 A A P R S PR . AR
BT 7 H IR R VAT X SR, SRR T FRA R
2 JTI (] 51 B0 550k AT e ) TR S0 A R T [ 9
o5 2E J3E F) e 47 41 IR HG 00 4 R A 2 O o

G AR 2 AR HE 5 PR U AT 55 B 4E TSF 45 W 384 ik
FE 75 2 1R A 00 1 S A5 B 1 YN 2 1) 4 L R Ok VR T LA 4k
25 P 5 I SRR AIE T B Y B 37 5 B AR T
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