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A data-driven dynamic time series classification algorithm

ZHAO Shuxu, ZHANG Jiazhen, WANG Xiaolong, ZHANG Zhanping

(School of Electronic and Information Engineering, Lanzhou Jiaotong University,

Lanzhou 730070, P. R. China)

Abstract: Aiming at the problems of data redundancy and difficulty in capturing dynamic information in IoT time
series data, this paper proposes a data-driven dynamic time series classification algorithm. The dynamic
information in the time series collected by sensing devices is extracted by DiPCA (dynamic internal principal
component analysis) to realize the role of dimensionality reduction and refining dynamic information; the
parameters of the classification algorithm are optimized by using the sparrow search algorithm to enhance the
performance of the SVM algorithm and make it model the temporal features containing shapelet local features,
which finally constitutes a two-way evolutionary algorithm framework to realize the temporal classification
function. The performance of the algorithm is examined using UCR temporal data set and edge computing
simulation data, and the results show that the comprehensive performance of the algorithm is significantly
improved compared with the basic algorithm, and the effectiveness and superiority of the classification function of
the algorithm in the simulation environment is verified.
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1.1.1 DiPCA
PCA ME DL 2 B 5 {5 8 A0 T4k BT 4%, Bk 18] 3 51 5 s ] 56 28 % 1, HL 0 285 AR I 32 L R A1F BT 1k R e 4
A B 1) 77 AR B, DIPCA 5 [ LA AY 35 57 U 5 22 H AR s 0, e AR b 4R o s sl A i,
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B x, A o I 200 SR B SR IBCHY I 7 5080, w VS 4 PR 5 ) i, ST B A E 0T e,
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BT B 5 R AL TG B3 FE 00 5 IR B A JE ST TE] A B O 2558 B B KAk
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st/wl=1]m|=1. (5)
KPR B H A 71 800E S 8w om 5 r, Z I8 G RRANE
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A X 43 AN T) 2 03] 1 1 1) ) B 1 5 e U A )7 81, shapelet 8 28 580 0k 52 SR 3 HE 1 )5 91 5 B 41 1)
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SubseqDist(U, T )=min ( Dist(U,T, )). 9)
K. T.Q R 2 KB MTF N 5 ¢,.q, 5 5 R 1 e B ] 75 500 ) B A7 B i) P9 AT ) 8090 8 fi . ik A =8 (9) T aff a8 +
Fe 9 U 58k 70 T 8RB, W03 R B B0 S I W15 B0 Y T 246 4R , A ULE T shapelet Y VE LR .
1.2 SVM#ERSH KK
1.2.1  #RAEH & H % (SSA)
TR AN PRI KRB X O R L B ), JE T 3 SR RAT SRR AR, A R R I B B %%
Ho IR nl i @ Hos 17 I 3 R A

1) & B
X, exp(— - . ifR,<ST;
a - 1terations — max
X/, t= . (10)
' X, +OxL, ifR,=ST;
i<l,j<J,
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Xwors _Xi[' .
Q'exp( t.z '/), 1fi>l’l/2;
1

Xt= (11)

XI£+I+‘X[J_XI£+I
/N TR B Y 172, Ul B 25 IR PR A2 AL A T i = BE A B DLCIR S DR e I R 24 A B 25 PR X
5 G B AR PR TR B 215 ek b, PR BE DL A1 R B A2 T RE AL AR I 1) S B S A
3) g AL

x A"+ L, otherwise,

thest+ﬁ| X = Xoes | if fi>fs
Xi'= ik | X = X — (12)
N Gpore | TS

KH BN A MEIES M LK SEGK H -1, 189 R 5 0 A B REALEL . DURREE AL Y 38 N 1EL f, 42 =)
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EON NN I AN (1 2231 i N WA S5 2 W I
1.2.1 SSA-SVM K%

SVM 73 ZEH 4 45 B LU fh i 6 1 18 43 0 B £ %%&%%*Eﬁﬁﬁ%ﬁ*ﬁzﬁ SVM 5 2k AR 43
HR BT R ST A A R TR R S T T B . SSA BRI T Ao 1 L ) pR B IR DL R pR VB S B AR X
BRI AR . SYM B FH I (13)~(15) iR .

. 2 -
mlnEHwH +C;{[ ; (13)
y(i)(wa(t)+b)> 1-¢, (14)
{f>0;

K(xy): ’Z’HX’)’H: o (15)

Ao, C T R B IR 1 3 AR o OO AL w AR S AR R AR AR I . A (14) 9 X HAR R KT iy = wx +
b 1) ot AL R BB A 2 0 28 3 C1S) S ey A pR B008 3, T 1 0000 1 J e 4 R, i A A J 1P 2 T
) Y TR SR 2R 22 0 S HICE XE 2 A 4 [ R 200y D e A R R DR T AR L TR AR A L B
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2 HEXEZRNA

2.1 HEFHETALE

I B5CHE 2 20 5T S B, DL TR S A e KON, g 28 B i 1) e A B [ 45 400 43 kg A T) B i Js PR AR b, — 4
At JAT 5 AR R B ] 2 R 7 Ak o S [R) s 220 A IR ZS 8508 L 7 LA DIPCA S35 9 B 2 A i i 8 B0 46 & T BUH A7
SRR R A (K1), [ 2 BRMAE 5 1 W B 220, A (5] 0 20 [R] — B 220 SR S 258l L 16 o A B T M Al 0 %, 7
DA 2 T HL X5 B AR R T — i L T 8508 25 18 1 Oy =X, Z8 R A5 B, DLk 3] ] Ak Bl 1 O1 08 B A 205 B
B H W ZEETE RS Rl [ R H RS W R S A RRAE O R 09 B U(E H BCE 28 S R R A
B AN W 25 %) 5 A B A T R OIS SR S TR S 1R O ARG 50 4 A K T AR B 30 A T T RE A I AN B
T SR A E i AT 3R B AL 58 PCA BB 32 o0 v Bk % 09 R0 A, ) n] #E 55 2 W IR SRTE K

H v TSD (time series data) iy J& 45 B 57 4E | ?ﬁﬁﬁf‘ﬁiﬁﬁ H num_d A& [ 18105 75 72 B vk s, $2 HGR
43 JEL AR B A A3 I SR AR A Can 18 1 o ), B — U AR v AR OB 1Y T r,, 1 R 2RSS A I
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Table 1 The algorithm flow of DiPCA features extraction

Bk DiPCA 4 fif # HUH
A TSD
e ) AR g m, w, r.p, T, iter
LT Typw
Begin

T = zero — meannormalization (TSD ):w = random [ 0,1]

While i<num_d

While iter > ¢;

r=Tw,

T
m=[r1r2...rs] ro.,

— s T T
Whiew i = z,zlm,(Txﬂ r+ T, rs+l)

m = m/||m||;ite =

Wi ”

T =T -rp, ;p,=T"rir'r;

r—Tw,

end;
end;
End;

Tyew = {r1s"z’rs""’r;};

. 3
Turple 1 - 15D 13| —{TSD 1N ) NEW TSD
sl iR .

1 DiPCAHEERUTERE
Fig.1 DiPCA data conversion
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HA TGN by I PP AEL 5 A7 I A I T O s R AR

2.2 Shapelet 7 532 B

2R A% 7 Y I 8] 1 471 5% 1 shapelet 48 2 53 125 Sy 55 i (1) ) 91 42 41k ] 52 1 )5 91 46 4 721250 125 b R JH R
SRR B 2 A 20 18] 1 R B o 3 HIR T 9 o T DU B 91 1 2 35 JR) B 4 AIE /9 shapelet J52 51"

1 SGFR i shapelet iy 4 B2 70 Fl L 28 50 b i IR 3 S 2000 4 v e /N B8 1) 1 90 60 7 A R . W 3 1
TEVEE 19K B2 30 Bl A BRI 56 Th BT A 19 e 9 S, S5 80T I A e . UGS B 25 P8 45 o BLAR B 5O E
VTR e B Y 5T bR v BT B AR B 45 (E 89 7 91 B Ty shapelets, T {5 53 45 B R A9 JIE — > 8 2
shapelet,
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2 shapelet FFIIFHRELRE

Table 2 The algorithm flow of shapelet subsequence transformation

B2 shapelet F /3 5l % i 38 1
Ty
A min=min(shapelet_length);
max=max(shapelet_length);
r ] AR S. s. DS, quality, Ty.yshapelets
By Sews

quality (pre - gain threshold); Ty, shapelets <« &,

forall T, ;inT,, do
S<—shapelet candidates (T, ,,min, max) ;
for all subsequences s in S do

DS<«—calculate distances(s, T, )
quality<—evaluate shapelets (S, DS)

end for

T,., shapelets.add (S, quality )

end for
Syw D
forall T, ;in Ty, do
for all S/. in Ty, shapelets do
Sewtf = dist (T, ., S,)
end for
end for

return S, where S, is a 2D matrix

N3 HF SSA-SVM B AL B Il 452 2] 1153 shapelet 8 45 DL 5 J5 5 510 (%) B IR 2 4R S 80k 53 28 1 2 4 1) st
JPIR SN o i Saew N2 BIECE R kK B o 9 B ) S PR .
2.3 HIBEIEZNAYSSA-SVM S E— kLR 2 E

SSA-SVM #4554 DL ELAG i8] 37 51 435 F (0 5508 VF o0 22 4t J M 4 R 40 8 SF- 17 10 5, SSA - FR Bl & 24 A B s
BB SRR R oRER DR - R R BSOS A e RS I DI A A 2 5 A vh RS 8 3 R [l 25 19 8 RS-
PR BLH F 43850, 12 5 850k W 0 2R R0 4 [l S 2l i, () Bl 2% 08 4 Jm B VRS B Rt B AR |, I A R I 9 B B &
B, R SVM Bk i il B 1

Wb TR TR RR A A R BAE TS A Tl TP K S RO RE R 2R 90 R T A R TRE 28 R B T A
9K 3 1 BRSOk 5 1, T BEORG Bf AE 50 T AT R 0 A 43 A, i A IR AT P A ke TR 1% 2 B0 R R 1R
b BB R P K S SRR RRIE [, nT 3R R A0 R A48 R G T, TR Ah T8 S R B
FOEME A H B M T 58 5 17 3 A2 T A 38 48 R VB B R 323 A B 10 H AR sR B0 R (1 2) .
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Fig.2 Combination model optimization SSA-SVM classification integration framework diagram
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TEH 10 28 UCR B[] )55 51 43 IS B3040 42 90 UE S8 1 0L, b U0 3 5 sl R AE O 5 B0A 6 R 43 2R B0 X 1L, 36
TIE BT 80 2 A5 B30 1 A 80 N T 80 RE 5 R BB T P G R 3 T 2018~2020 4F PM, 25 A5 k7 7 45046, 5 56 iy
COR 2 BUE AR 2 Ak, DL RO R AR 800 o0 VR 22 4 R SR . Bt ot IR 55 A A LA R
LT FVECHE b AL R I 301 5% IR 554 B0HE o0 MG 0 B8, A7 i R AR TSR AE 2R 1) AR 5 T R
3.2 UCR K8 FF 51 £ 48 & 2 50 %t b

FE 4 UCR B4 43 25 4, 36 BURE X 3R )% 21 2800 19 )% 20 e 1iE , 1] 3~8 43 5] i 4% 48 Gun_Point, Coffee
MoteStrain i U5 F 5 F% LA K 45 552 $R A5 AR AE P 31
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i Ta]
3 Gun_Point IR

Fig.3 Gun_Point original time series
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Fig. 4 Gun_Point time subsequence
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Fig. 6 Coffee time subsequence

PLEC4E2E Gun_Point, Coffee 2% {71 15 W] , £ 45 48 5 i BRI ME L 2 BRITAR AR B 7] — I (] B W AR E 24
B P55 2% 1958 SUAF 5 a5 SO LUCER A T8 R 28 g M BUAEAE . shapelet AT A7 2000 HUR 3545 B, & S A
UECHE 1 B & 4, R8s B MoteStrain &5 43 B0HE W] 1 5 55 8 (A P 9 LA 3, T ol (AR R AR
P, R ] DIPCA AT LATE 58 1 K 4t TAE 1 6] i 38 2o 42 127 468 A 26 B S o 208 L 38 2008 Ve s 281815 2
H.

e 3 I By 2 Bk AR I A 1 6 PP RN B 1Y F 03 BN H g R H b ) T SR 2 A 45 SCHRR ] AL (support
vector machine, SVM) % it 4B 5 £ INN (1 nearest neighbor) . #hZ Dl - # (naive Bayes, NB) ., 25K # C4.5, X
e g i 7R B9 A B ML AR AR (weighted random forest, WRF) 15 37 U % i 2% > 23k CNN-LSTM ., i i 3% 3 5 ¥
ATRLE sk R 5 SVM AR LL , M 3 5 1 ] SRR A B b Tt . Coffee B 4 728 B B0, 703X L2 K
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B AR RO W PR B R A AT AR, PR B T 1.37% 5 £l £E FaceFour J& T K 41 £ 4l
shapelet Wi 5 SCHE 18] 77 75 19 Ja 3 22 5, 70 2 e 4 v A Ll R AIE , P (AR 9 T 2.9%
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i i)
7 MoteStrain R 15 7

Fig. 7 MoteStrain original time series
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Fig. 8 MoteStrain time subsequence
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Table 3 F, scores of different models
EISIEES AR SVM INN NB WRF C4.5 CNN-LSTM
Gun_Point 86.45 80.21 91.21 78.20 94.39 76.98 86.67
Coffee 98.20 96.83 75.00 67.76 85.33 56.89 93.01
MoteStrain 89.24 86.32 85.72 85.20 86.90 78.64 84.21
FaceFour 90.23 87.33 87.52 84.21 78.12 71.62 80.37
CBF 91.03 88.34 85.13 88.24 89.11 67.42 88.51
Trace 1.00 1.00 82.34 97.22 95.30 95.32 96.20

33 PM,.ZEERENE

VO B S 00 37 55, B 100 B JE  200 m 8 [l P BEBIL 34 55 43 A 4% St 35 a0, 50 30 IRk 55 45 341 5 53
A AE 8 A ) 1 AR Y DX MR % B R0 T8 35 MHz, , 15 S O B HE ALl 6.8 Mbps, [ E IR Ry
1 800 MW , 35 % 25 VIR 25 B L ) 285 200 MW, 01 2 A% SR 52 48 1 A B CPU 000 2 GHz. 43 ic B PG L &
B 1T 2018-2020 4F PM, KU A Sy 4% 8 m SR IR I Y B 5 SR T 8 A% i U7 X5 b ak A O O OB BN 1R
UESSUE & I a RN G s e O o TSV i

W 4R 1) B4 3 5 DiPCA-Shapelet 20 3, 42 HUR RRAE 225K B 58 55 1 A AR S 5008 40 [R) M 5T 1 b7 e R
BRB SRR, H I, HE LRI D EEHNE . @i DIPCA B 45 & STk 316 F 1Y 3 F 48 1146 15
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(QGEiT &, THETH LL S B BRI S AR ) 5 22 PM, (S 15 00 e A I 1] B, AR 4 250 5 2 =0 R O 7 32 o 5 2 28
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Fig.9 DiPCA anomaly detection
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Fig. 10 Dynamic local subsequence visualization
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SSA-SVM B HE AT 4325328 55, R A S A SR BRAR Ab 25 K S 500, SRR 28 B0 O 30, 05 ff B A b A R 3
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Table 4 Comparison of energy consumption and cost of different models

Rk fEFE/KW A /RMB
AR SCRE 1 647 430
SVM 1780 480
NB 1766 532
LSTM i 243 K 4% 1853 577

4 # it
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