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A dynamic density clustering algorithm for time series data
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Abstract: The traditional clustering algorithms are an analysis method for static data sets on a certain time slice, but
most of the data sets have a continuous dynamic evolution process on the time series. A high data correlation and cluster
structure succession between adjacent time slice are found by the analysis of the successional process on time series data
and its class structure. Consequently, based on the clustering results of the previous time slice, it is able to obtain the same
effect as the result of completely clustering data on the latter time slice through calculating part changed data and adjusting
partial cluster structure, meanwhile the whole computation will significantly decrease. Based on this idea, a dynamic
density clustering algorithm for time series data (DDCA/TSD) is proposed. In simulations, six kinds of data sets are used
to verify the proposed algorithm. The results show that DDCA/TSD has obvious time efficiency improvement compared
with the traditional clustering algorithm on the basis of the cluster accuracy. Moreover, it is effective to find the change of

data points’ attribute and the evolution of cluster structure.
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Fig. 4 The DBSCAN clustering results of ¢; and ¢; 1
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Fig. 6 The influence of surrounding elements in ED process
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b R, TRAZNEREANEZ G, TR FHZ O SR
RNIBTE S, JTCRERICER Z I s A48 A 05 . ARG
LR AL EAREZ 5, Aoz 1@t CL R %

ARAAL, B TCER ARTEHE R 5 A S5 A I B
M. B T8 I BORI 7nt o I I SRS H £ 2R TR,
DDCA/TSDHE ] LATE 2 (K B i W Z5 i B e
JETE AR SR AAL IR, X AR (i AR AL G0 2R
FELRFZIA .

k1 LFE AL L Fet;, 1 B R 69 £ 5]

Table 1 The category of the elements on ¢; and ¢4

VIV N

A D F F G H L M N R S U V Z

t; B Z 25 1 1 1 1 1
ti BZIZEH 2 1 1 1

1 1 1 1.1 1 1 1
-1

k2 TFE LR, ﬁ?fﬁ%éﬁnti_H %) 69 & 1

Table 2 The attribute of the element on ¢; and ¢;4; after element A disappear

L & A D E F G H L M N R S U V Z

t; B Z25 1 1 06 1.1 0 0 0 O 0 0 0 O
TEAMKEEME Nan 1 -1 1 0 0 0 O O 0 0 0 -1
ti1 BT ZI2E51 0 1 -1 0 1 0 O 0 O 0 0 0 0 -1

5 S

£ PC (2.2 GHzi3, 2 GB RAM, Windows 7) b1
FIMATLAB 20145 3 5 9% JF A ] 28 58 264X
2 B S AR 4 Seeds2H | R G K B B £
Mushroom? f1 Anuran Calls (% JH M /R #5i & {3] it
ZAHALEURFE, Mel-frequency cepstral coefficients,
MFCCs)[2?, SEQUO IA 2000 %% & B #E 47 ¥l k.
Seeds, Mushroom#ll Anuran Calls(MFCCs)%i# £ 15
K B LA ) UCHE 2 i s . Zdin S Seeds Hi
e 22 B2z B A ) BRATE 5T B 1) 2 1), o SR ARER
T3MAFRIZE R /N 22, Mushroom £ 5 52 10,4523
T s PR B o () R, A 8124 S A
25 5 F122/ J& M. Anuran Calls(MFCCs) % 4 4 M
Anuranf] & 5 H R BUR FE SERHE, 2 BUR EE S
AN 71954 S A2 A JE k. 63 bk Hi
L1 BARME B B ZESEQIOZ A FFIISEQUO 1A
200050 ¥5 1 — > T 4R, [ B & 2 MERE AR
[ ANTFV P A % DL S B B TR

k3 ARREEREE

Table 3 The information of real data set

Baide SN R JIEE S
Seeds 210 7 3 70-70-70
Mushroom 8124 22 2 4208-3916
Anuran Calls 7195 2 68-542-2165—-
(MFCCs) 4420

AN A SRR AR R AR AT 1 I PR
FUACAL TR, AP A R A Bt 4R 7 B P9 B A LIS

5 U A B R B 30% s, — LTS IR
XHEIIERAE, T RSN 8] Fr b2 2 1 B 18] 7 41
sk,
51 THiriEts

AR WERf R (accuracy, ACC). 41 (purity,
PR). # [8] # (recall, RE). == {# ¥& %} (adjusted rand
index, ARI)\ SBATHSA](T, S ms) IS 51T H AR
AN (numbers, NUM) L6 MNP Fa bRt BT #& Bkt
1T T BT, ACCERIA T AN A v R ERKIE
TR EeAg), PR BN TA] B R0l oy T A
H 2D, REZ R AN ] EREAS i 1R 451
A Z /D IR, ARTAH SR AT & B AN 1) Fr B
MR ARV SRR, TRIE T N8 5
VEIBAT I ], NUMZRIE T 2SI 8] 7710 5dE 5 T
AU — I [A] SR R b, S AR IR ] v SR 30
MEI%ECH. o ACC, PR, RE, ARI, TN HE I [A] B
R TR AR, TH R VP 5 28 1) A] 20 %, NUM
NS [E] 7 B E s sh A 240 FERVEAN THE T8,
TSR R Bl H i 4R 1Y 3 e R 4y, A ACC,
PR, RE, ARIFME LR, S RKE 1. W2 i, iX
ANPETARAE B OR, SRS ST, SR AL
NUM i KA N EHR A B, Tk Nt B 2R
R FE AR R, NUMGBE/D 3509 S8R0+ HIT a5 ). BL
T FRRPRIE X

1 k
ACC=—  max > ng,

o . (10)
N j1, j2, 5 €S j=1
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>

Forr: n B SR E IR KON BB EE RN B 4L b,
*ﬂcj/\%ﬂ EBZ‘*DC]‘ HOGE AN B Ni; = |Bz N C'j "
M %; AN IR 73 B 55 R PRI SN
5.2 HPEMEREHE
A3k FEPython B 2% 11 5 FE 1 [ sklearn s B (1)

DBSCANS V£ | e ik (1) 5 & B P 5 i (adaptive
and fast density-based spatial clustering of applications
with noise, AF-DBSCAN) 1 3Lk [24] #2 H 1 5
/2&1’5#37@45@ b, FK 45 5 5 DDCA/TSD ()45 ik

ATXFEC . A SO ek IR SRR 22 /)
%)”u T A Seeds FH RIS LR 1 245 4 Mushroom Al
Anuran Calls(MFCCs)#E AT 5256 73 #7, F XX SEQUO
TA 20005035 i Hh I ECHE RS A /N 31 K HEAT I 8] 203
(R8s

1()3(%

2

( ) ‘< )V@’

RS 3R A S R A R X TR
B[], 3 R0 2 Sl EAT IS [ B A TR R &5
BAAHFAEIR. 52 A [F, DDCA/TSDHE %) 26 o,
t B 1) A2 DBSCANS VA #E AT 5E A SRR M 45 1, 1
J& B4/ B Ta) Ay U FHDDCA/TSDA 2 HE AT 3h 25 T 2K
et AH OCHB R, E ¢4 B [H] Jr DDCA/TSD 5% 5 2
DBSCANJE IG5 A 45 5L, oI5 4/ B 18] F JU)
DDCA/TSDH 725 T W14 i %1 45 J 47 25 A0 18] B
IEhAS T, Frilt, ]y DDCA/TSD 5L A it

ITERL.

Bt X6 28 8L 1 /N K ABE E 48 B2 Seeds, b IR3F B VL
FESANIN A v b B S 25 RA l an R 4P, EEXRTROR
R #2 Mushroom A1All Anuran Calls (MECCs), 52
IR 4E R RS MR 6 TR,

* 4 S54RI R _ESeeds#c 3B £ 69 & AP H ik A5 4Rt L

Table 4 The comparison of various algorithm for Seeds data sets on 5 time slices

B A (=7 ACC PR RE ARI NUM T
DBSCAN 0.867 0.869 0.846 0832 210 218

t AF-DBSCAN  0.886 0.902 0894 0.880 210 8.0
CHk[24] 0.905 0916 0911 0.898 210 8.6
DBSCAN 0.871 0.875 0.869 0.858 210 215

. AF-DBSCAN  0.881 0.896 0.889 0.880 210 7.8
2 CHR[24] 0.920 0935 0927 0906 210 8.7
DDCA/TSD  0.871 0.875 0.869 0.858 68 7.2
DBSCAN 0.862 0.871 0859 0.875 210 216

. AF-DBSCAN  0.895 0.907 0899 0.881 210 7.9
3 CHR[24] 0.910 0911 0906 0897 210 8.8
DDCA/TSD  0.862 0.871 0.859 0.875 66 7.1
DBSCAN 0.881 0.894 0.887 0878 210 21.7

. AF-DBSCAN  0.890 0.906 0894 0.879 210 8.0
4 CHk[24] 0.900 0913 0905 0887 210 8.6
DDCA/TSD  0.881 0.894 0.887 0.878 71 7.4
DBSCAN 0.886 0902 0.894 0.880 210 21.6

. AF-DBSCAN  0.895 0.907 0899 0.881 210 7.9
° SCHR[24] 0.924 0933 0925 0914 210 8.5
DDCA/TSD  0.886 0.902 0.894 0.880 69 7.3
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Table 5 The comparison of various algorithm for Mushroom data sets on 5 time slices

gy Bk ACC PR RE ARl  NUM T
DBSCAN 0.923 0933 0926 0914 8124 5729.7
t1 AF-DBSCAN  0.935 0941 0938 0.928 8124 3264.2
SCHR[24] 0.948 0960 0.950 0.943 8124  3746.3
DBSCAN 0.922 0930 0925 0913 8124 5734.6
. AF-DBSCAN 0.934 0939 0937 0.927 8124 32668
2 Hik[24] 0.949 0966 0952 0944 8124 37458
DDCA/TSD  0.922 0930 0.925 0913 2451 1696.4
DBSCAN 0.923 0934 0926 0914 8124 5740.0
. AF-DBSCAN 0.935 0942 0938 0.928 8124 32685
3 SCRik[24] 0.949 0965 0952 0944 8124  3746.2
DDCA/TSD  0.923 0934 0926 0914 2513 1700.3
DBSCAN 0.922 0929 0925 0913 8124 5738.1
: AF-DBSCAN 0.936 0944 0940 0.929 8124  3265.3
* Hk[24] 0948 0964 0950 0943 8124 3747.6
DDCA/TSD  0.922 0929 0925 0913 2439 1695.7
DBSCAN 0.923 0933 0925 0913 8124 54715
; AF-DBSCAN  0.935 0942 0938 0.927 8124 32639
5 CiHR[24] 0.949 0964 0952 0943 8124 37452
DDCA/TSD  0.923 0933 0925 0913 2427 1694.8

% 6 fE5ANE ] A £ Anuran Calls(MFCCs) 44 4% & 9 &% 5 ik 35 4R AT kb

Table 6 The comparison of various algorithm for Anuran Calls (MFCCs) data sets on 5 time slices

Ry (S ACC PR RE ARI NUM T
DBSCAN 0.941 0952 0945 0937 7195 5578.6
t1 AF-DBSCAN  0.953 0965 0957 0946 7195 3178.4
SCHR[24] 0.968 0978 0970 0964 7195  3155.1
DBSCAN 0.940 0949 0944 0936 7195 5584.1
. AF-DBSCAN  0.954 0968 0958 0.947 7195 3175.6
2 CiR[24] 0.968 0980 0971 0966 7195 3154.9
DDCA/TSD  0.940 0.949 0944 0936 2113 15234
DBSCAN 0.941 0.953 0945 0.938 7195 55719
. AF-DBSCAN  0.953 0966 0957 0946 7195 3177.0
3 CHik[24] 0.969 0983 0972 0968 7195 3156.2
DDCA/TSD  0.941 0.953 0945 0.938 2254 1531.6
DBSCAN 0.941 0952 0945 0938 7195 5575.8
. AF-DBSCAN  0.953 0965 0.957 0945 7195 3180.3
4 SCHR[24] 0968 0979 0971 0967 7195 31579
DDCA/TSD 0941 0952 0945 0938 2135 1525.7
DBSCAN 0.940 0950 0944 0.937 7195 55745
. AF-DBSCAN  0.953 0965 0957 0.946 7195 3179.6
g CHiR[24] 0969 0982 0972 0968 7195 31564
DDCA/TSD  0.940 0950 0944 0.937 2179 15279
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T 26 %F t DBSCAN, AF-DBSCAN A1 3 ik [24]
HIERRE RI3REIEAE Z AT 8] B TSR 5E
S RBHIPERE 2 R KA-6H R FRACCH = 42 3
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R, B EHEIE, DDCA/TSDEEMTEFRT /s
1), J0 HAE R B (1) 2 35 EMushroom AIMFCC
b, RS SRS 8] 8505 B U Y AF-DBSCAN B
AR I 2%, X 1 BHDDCA/TSD 5% )12 B A
FCAENS B R i 8] 5 81 L sh S RS RE AL
2. [Ktk, DDCA/TSDHEFI R IBUR AN CHR[ 2411
HVEZ IR K, 1B, DDCA/TSDH 1% HiL J&) & 5
PG 2R R MBS R ARTER AR EATR
I T

i — 4 Ui BFIDDCA/TSDH. 725 4 X} DBSCAN
5%, AF-DBSCANZLIE A SR [24] 55035 s 1] 2%
FAR LRI, 52560 K FH SEQUO 1A 20004

Pa AT — 20580, B SR B3R AN 00 )
#2200, 500, 1000, 2000, 5000, 10000, 15000. 5Hi—
SO AN, FEEHE BTG FEl Y AR SR BE LTS 2 - 5038
PRI EF30% I 0 R, WSCE T = BEIKIR
60, 150, 300, 600, 1500, 3000, 4500. 525 % FH $&
b T KRG EIR 4 FEIRPIE ] ZCR, T 7&2SEQUO
IA 20005045 £E7ESAN I (8] B RO~F 2548, 785K
ISEE R
20 T T
18+ —+—DBSCAN
—=— DDCA/TSD

—— AF-DBSCAN
—o— HR[24]

16

IEATHFTE] /s
>
T

0 50I00 1 O(I)OO 15000
TCHEHE /s
K 7 SEQUO IA 2000%4k P i 7] 45
Fig. 7 The results for SEQUO IA 2000 database
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