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Abstract: In clustering tasks, the selection and the updating of the initial cluster center affect the accuracy of clustering
results. In view of the uncertainty of the selection of the initial cluster center of the existing DTW barycenter averaging
(DBA) algorithm, the difference between the cluster center update sequence and the high complexity and poor convergence
of the algorithm, a merging DTW barycenter averaging (MDBA) algorithm is proposed to fuse the initial cluster center
selection strategy and the cluster center update weight mechanism. Aiming at the uncertainty of the initial cluster center
selection in the DBA algorithm, the MDBA algorithm selects the time series with the least inertia as the initial cluster
center to eliminate its randomness. At the same time, a new weight mechanism is used to update the cluster center to
improve the differences in the sequence of the data set in the DBA algorithm when the cluster center is updated. The
numerical results show that compared with DBA algorithm, the final inertial value of the initial cluster center selection
strategy iteration is close to the random mean of the initial cluster center. Cluster center weight mechanism can improve
algorithm convergence, reduce algorithm iteration times, and thus reduce algorithm complexity. The MDBA algorithm
reduces algorithm complexity and improves cluster center quality.
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Fig. 6 Inertia changes of cluster centers in different categories of data sets
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Fig. 7 Comparison of inertia changes of MDBA algorithm in each data set
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Fig. 8 Inertia changes of cluster centers in different categories of data sets

25 _E Rk, MDBASE AR AL T BRAS AEATL ) 7 167
PSSR AR . Y55 T 7% RO BB AL
0 TR AR A BRI AR P, TR T AL
AT HIGE B0 B 22 OB, 27K 1 e e 2 TR
TSR OO R, HE5E TR A PRI R SR B PR U
SO, TR B Bl A I RUR, AR B A S 2R A
0 VEHMDBA VLR HE
5 4w

£ XS DBASLVEWI GG 5 A Co e 6 A B AT 1) 8, AR
SCHEH TR DI R R, EF X DBASRE AL A
SECHTE 7 B e ZE MR n) 8, e 1 g A O BE T S U L.
5 O T U 328 P8 SRS 1) e 28 A it v o B M B TR R
RGO BEN LB PR IAE,; RO T
UL B % sk A IS 2 s RIS S :, 7EIARIR
BB LT AR B % 0, MDBARLRE S
PR g OB o 1) R A s P P A s

HIRMDBA RV AE T ) ji A 52 4 FEAL T 5 57
15, B2 BRI ZIDTW I B 4 s, Ja Ak Bk
SOREI R, RS U R A K DTW Skt 47 ik, mr
PLHE FIMDBA SR AR ACE.

S5 Hk:

[1] DU Z, LAWRENCE W R, ZHANG W, et al. Interactions between
climate factors and air pollution on daily HFMD cases: A time series
study in Guangdong, China. Science of the Total Environment, 2019,
656: 1358 — 1364.

[2] QIN A, HU Q, LV Y, et al. Concurrent fault diagnosis based on
bayesian discriminating analysis and time series analysis with di-
mensionless parameters. [EEE Sensors Journal, 2019, 19(6): 2254
—2265.

[3] WU D, HUANG J B, ZHONG M R. Prediction and empirical study
of metal futures price volatility based on symbolic time series on high
frequency scale. The Chinese Journal of Nonferrous Metals (English
Edition), 2020, 30(6): 1707 — 1716.

[4] CHEN Haiyan, LIU Chenhui, SUN Bo. Summary of similarity mea-
sures for time series data mining. Control and Decision, 2017, 32(1):
1-11.

(RIEE, RRNE, P I 5] SR 200 AR B B il . stk
5k, 2017, 32(1): 1 -11.)

[5] BAIS, QI H D, XIU N. Constrained best Euclidean distance embed-
ding on a sphere: A matrix optimization approach. SIAM Journal on
Optimization, 2015, 25(1): 439 — 467.

[6] GORECKI T. Using derivatives in a longest common subsequence

dissimilarity measure for time series classification. Pattern Recogni-
tion Letters, 2014, 45(1): 99 — 105.

[71 BERNDT D J, CLIFFORD J. Using dynamic time warping to find
patterns in time series. Proceeding of Working Notes of the Knowl-
edge Discovery in Databases Workshop. Singapore: IEEE, 1994: 359
-370.

[8] LI Hailin, LIANG Ye, WANG Shaochun. A review of dynamic time
bending in time series data mining. Control and Decision, 2018,
33(8): 1345 — 1353.

(AR, Bemt, E/DFR. I 18] 7 5 B2 3 R BD S 18] 25 HF 7
LR, FEHIE IR, 2018, 33(8): 1345 - 1353.)

[9]1 PETITJEAN F, KETTERLIN A, GANCARSKI P. A global averag-
ing method for dynamic time warping, with applications to clustering.
Pattern Recognition, 2011, 44(3): 678 — 693.

[10] LI Hailin, LIANG Ye. Dimension reduction method of multivariate
time series based on key morphological features. Control and Deci-
sion, 2020, 35(3): 629 — 636.

(ZRHEAR, e Je TSR AL A 22 JTin (8] 7 91 R 4t 1. 251
5y, 2020, 35(3): 629 - 636.)

[11] HONGIJY, PARK S H, BAEK J G. SSDTW: Shape segment dynamic
time warping. Expert Systems With Applications, 2020, 150: 113291.

[12] JIANG Y H, QI Y K, WANG W L, et al. EventDTW: An improved
dynamic time warping algorithm for aligning biomedical signals of
nonuniform sampling frequencies. Sensors, 2020, 20(9): 2700.

[13] KRISHNA N S BEHARA, ASHISH BHASKAR, EDWARD
CHUNG. A novel approach for the structural comparison of origin-
destination matrices: Levenshtein distance. Transportation Research
Part C, 2020, 111: 513 — 530.

[14] BEERNAERTS J, DEBEVER E, LENOIR M, et al. A method based
on the Levenshtein distance metric for the comparison of multiple
movement patterns described by matrix sequences of different length.
Expert Systems with Applications, 2019, 115: 373 — 385.

[15] STASIAK B, SKIBA M, NIEDZIELSKI A. FlatDTW - dynamic time
warping optimization for piecewise constant templates. Digital Sig-
nal Processing, 2019, 85: 86 — 98.

[16] LI H, LIU J, YANG Z, et al. Adaptively constrained dynamic time
warping for time series classification and clustering. Information Sci-
ences, 2020, 534: 97 — 116.

e R A~
R W WLETICA, BHETRE T AR R AL B 5 T i,
E-mail: 710368479 @qq.com;
mEE L HuR, BRI R RS 577, E-mail:

gaoleifu@163.com;
REG  WULETFAE, BT AR 577, E-mail:
2335089819@qq.com;

e WP, BT R AR 5757, E-mail:
1353057644 @qq.com.



