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Abstract: Density-based spatial clustering of applications with noise (DBSCAN) can find clusters of
different densities and sizes, is also robust to noise, and is widely used in data mining tasks. DBSCAN
needs to adjust the parameters MinPts and Eps to achieve a better clustering effect, but it often affects the
performance of DBSCAN in the process of searching for the optimal parameters. This article optimizes
DBSCAN from two aspects. On one hand, a parameter-free method is proposed to optimize DBSCAN
global parameter selection. The parameter-free method uses the natural nearest neighbor to obtain the
natural feature value of the data set, and uses the natural feature value as MinPts. Then, the natural feature
set is calculated according to the natural feature value, and three strategies (i.e. statistics of minimum,
mean and maximum) are used to obtain the Eps values by using the data distribution characteristics of the

natural feature set. On the other hand, it uses the graphics processing unit (GPU) of the real-time
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acceleration platform for integrated data science (RAPIDS) platform to accelerate the convergence of
DBSCAN algorithm. The experimental results show that the proposed method can optimize DBSCAN
parameter selection while obtaining the comparable clustering results of density peaks clustering (DPC)
algorithm.

Key words: real-time acceleration platform for integrated data science (RAPID); graphics processing unit
(GPU); density -based spatial clustering of applications with noise (DBSCAN); natural nearest neighbor;

clustering
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Table 2 Information of datasets for effectiveness ex-

periment

LIEEE S A KL £ EPIESS
Aggregation 788 2 7
Compound 399 2 6
Flame 240 2 2
Jain 373 2 2
Pathbased 300 2 3
R15 600 2 15
Iris 150 4 3
Seeds 199 7 3
O_1 74 2 4
data_uc_cv_ n 127 2 3
data_uc n 192 2 3
x4 610 2 3
t4 8 000 2 6
Digits 3823 64 10

R3 MEXBHEEREER

Table 3 Information of datasets for efficiency exper-

iment
Avila 20 867 10
Worms 105 600 2
3D _spatial_network 434 874 3
Household _power_consumption 350 000 7

B R15 Bl o 2 1 40 A R 3 45 L AR /NI Eps il E T 2L 4B 3% 4 28 2> 41 & MinPis 4408 & B9 25K .
MARIFE b5 K F , BOHE 4 Jain BUAS T 5% & 19 0.91, 45 54 %088 4 19 ARI K T 45 T 0.81, B 48 4k Iris Al
Seeds (9 ART 3 5] & 0.67 F1 0.36 , 504 4 Digit i ART N 0.38. M NMIF5 45k F , Bdl 5 R15 M5
Femi iy 0.91,F 4B 45 /9 NMI 2 DB 1 0.82, 35 4 Jain 9 NMI K 0.79, $#5 4E Iris . Seeds Ml Dig-
it S T 0.71.,0.44 71 0.63, AN ARLHI NMI B BIEEF A 6 s 4 35 K F 5% F 0.835, e
} 0.885, K #s 4 Tris . Seeds il Digit i ¥I{E 4351 4 0.69 ,0.40 F10.51.
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Table 4 Experimental results of clustering effectiveness validation

433

G IS MinPts Eps
min(S,,, )=1.414 2 mean(S,,, )=2.516 9
01 supy=>5
NC=1 NC=4
min(S,,, )=0.232 7 mean(S,,, )=0.367 7
I
} ]
data_uc_cv_n sup,—6 \
min(S,,, )=0.199 2
data_uc_n sup=>5 &
NC =3 NC =4 NC =3
min(S,,, )=0.1351 max(S,,, )=0.588 4
x4 sup,—6
NC =2 NC =3
mean(S,,, )=4.924 0 max(S,,, )=13.832 3
t4 supy/=11
Compound supy—4
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Table 5 ARI and NMI results of clustering effectiveness validation

P AR
g T MinPts Eps BEHH ARI M1 e
min(S,,, )=0.474 3 NC=3 0.10 0.37 0.235
Aggregation sup;=>5 mean(S,,, )=0.918 4 NC=6 0.58 0.68 0.63
max(S,,, )=2.400 5 NC=7 0.81 0.87 0.84
min(S,,, )=0.570 1 NC=4 0.03 0.11 0.07
Compound sup, =4 mean(S,,, )=0.701 7 NC=6 0.87 0.87 0.87
max(S,,, )=0.813 9 NC=4 0.74 0.80 0.77
min(S,,, )=0.570 1 NC=3 0.07 0.21 0.14
Flame sup,—4 mean(S,,, )=0.7017 NC=6 0.23 0.41 0.32
max(S,,, )=0.813 9 NC=3 0.88 0.82 0.85
min(S,,, )=0.583 1 NC=6 — 0.10 —
Jain supy=>5 mean(S,,, )=0.820 4 NC=9 0.12 0.33 0.225
max(S,,, )=1.6125 NC=5 0.91 0.79 0.85
min(S,,, )=0.992 5 NC=3 0.45 0.56 0.505
Pathbased sup,=17 mean(S,,, )=1.3774 NC=3 0.84 0.83 0.835
max(S,,, )=1.520 7 NC=3 0.65 0.69 0.67
min(S,,, )=0.279 4 NC=16 0.86 0.91 0.885
R15 sup,—10 mean(S,,, )=0.243 5 NC=14 0.57 0.83 0.70
max(S,,, )=0.222 6 NC=13 0.34 0.74 0.54
min(S,,, )=0.2 NC=3 0.06 0.22 0.14
Iris sup,=>5 mean(S,,, )=0.3511 NC=3 0.67 0.71 0.69
max(S,,, )=0.346 4 NC=4 0.49 0.59 0.54
min(S,,, )=0.487 4 NC=5 0.18 0.38 0.28
Seeds sSupy=>5 mean(S,,, )=0.656 8 NC=4 0.30 0.42 0.36
max(S,,, )=0.756 6 NC=3 0.36 0.44 0.40
min(S,,,, )=21.91 NC=4 0.11 0.40 0.26
Digit sup,—19 mean(S,,, )=21.57 NC=4 0.11 0.40 0.26
max(S,,, )=20.81 NC=6 0.38 0.63 0.51

F 645 T A XH 5 K-means, DPC, DBSCAN il SC 5 3% ARI Al NMI #) % b 5256 25 5 . K-
means ,DPC . DBSCAN Fl1 SC #87E R15 B 48 I HUAS T e b 1 RIS 85 3, Iy R1S B4 4 il AR I &
W oA, Bt A B R, A RS S A0 . DPC I DBSCAN 78 Aggregation 3046 48 - BU/S T % i Y
ARIFI NMI, SC 7E Jain F1 Digit FHUS T fe 4 R BHOR . A 7L F DBSCAN 7E £ 4 5 Compound
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Table 6 ARI and NMI results of compared clustering algorithms

. K-means DPC DBSCAN SC AR
At ARI NMI ARI NMI ARI NMI ARI NMI ARI NMI
Aggregation 0.77 0.88 0.99 0.99 0.99 0.99 0.96 0.96 0.81 0.87
Compound 0.78 0.80 0.64 0.84 0.97 0.94 0.62 0.83 0.87 0.87
Flame 0.51 0.48 1.0 1.0 0.94 0.86 0.95 0.89 0.88 0.82
Jain 0.33 0.37 0.71 0.51 0.94 0.86 1.0 1.0 0.91 0.79
Pathbased 0.46 0.55 0.47 0.54 0.65 0.70 0.53 0.60 0.84 0.83
R15 0.99 0.99 0.99 0.99 0.97 0.98 0.99 0.99 0.86 0.91
Tris 0.73 0.75 0.76 0.81 0.73 0.70 0.88 0.87 0.67 0.71
Seeds 0.74 0.72 0.75 0.71 0.53 0.49 0.73 0.71 0.36 0.44
Digits 0.74 0.78 0.46 0.72 0.77 0.68 0.93 0.93 0.38 0.63
¥ 1E 0.67 0.70 0.75 0.79 0.83 0.80 0.84 0.86 0.73 0.77

Fl Pathbased [ U T e df SRS . JUBAR 250 19 ARTFI NMI{E K F , SC WU T e by (1 R 2L 45
R HSCH B W Jets & BEEH . DBSCAN R LR AUIK T SC,{H DBSCAN 5 2 A Wi i 2 2 8 Eps
N MinPts 7 RE & H AL B9 45 1 o AR XA EME T K-means, B8 T 5 DPC A 24 (9 B 2245 1 ART AT NMI
e DPC ¥R 0.02, A% SCEE Y D 34 /2 B 8% 76 X R B2 2 SRR AR w8 19 B s A i 3 s P A7 2 T[] Bsf
AE A% 35 BT 1 R B RO .
4.3 BEEMEIKRERSHSW

FE AN AR DA SCRVE HEAT T ERE S50 B /NI REAS BR 20 867, e K REAS By 434 874, %K
P e B /N2 24 e KR 102, B MR W RAENAH = FH#17, WE 1,4 B RAPIDS
FAE FH RAPIDS Jil i 5 F AR 355, 3303 ) M 8 52 5032 17 B H] (Wall time) 25 R 0136 7 T .

R7 EEMEIRIETHEER

Table 7 Runtime results of efficiency validation

iz 17t ] Wall time/s

AR JE RAPIDS it 4 RAPIDS fil i Tk
Avila 3.76 0.51 7.37
Worms 11.5 2.74 4.20
3D _spatial_network 37.2 53.7 0.69
Household _power_consumption 104.3 32.8 3.18

FER T B Avila 3845 T B BB e (G RAPIDS 32 171 8] /45 RAPIDS iz £7 8] ) 7.37 , %%
i £ Worms il Household _power_consumption 43 5l B 45 T 4.20 F1 3.18 {4 i & tb o 0 X F 2 4 4
3D _spatial_network B3 1/ T+ 1 09 fin 3 L, s 58 J2 36 R 1 RAPIDS HA R I RAPIDS 13z 17 I ] 22
%o B R O SRR, RGEAE CPU I GPU 2 [H] % 28 £ 45 46 28 3 2 W I a) o 3 b 38 A7 I 1] 43 7
H¥E 4 3D _spatial_network 2R F RAPIDS %) & G} [1] (System time ) JL-F- & A R H RAPIDS 4 5% , 1 &
TR AR B i (0 I R LT A AR A

RAPIDS *F & i A i 2 GPU T4, T GPU T35 2255 J& GPU N A7 Fa 56 P A8 b L 33X 7> 4
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br2x 52 CPU A1 GPU 2 [A] B $0H 1% 4 o 52 o 4 B0 4 ) 48 2 LA I, RAPIDS BE W% 35 44541 & 1) i
# (4 Avila #1 Household _power_consumption) , 4 £ 4fs 48 (9 4E B2 BRI, AR AS B A8 2 3 % R,
RAPIDS 1, 25 B AN #0938 L (40 Worms ) |, i Bifi % %5040 52 B AR 52 09 38 1, RAPIDS # i  M: gt 28
R F N L3/ T 10 3D _spatial_network) . AR E |, R 4E B LR R R BB 65 4E GPU S
MEZRIFATIH T, S BIAF I L

B TSk RE ST 56 Ah , X 3R 3 TR AR 4E 1T 115 DBSCAN 248 MinPrs fl Eps (7)1 g 5L 50, 5L 40
KA M S0 PRG3R 8 4 il T AT SR S B A g SR 5 R . AR 8 TN, X T B M 4R Avila, THEE S 8K
Eps 5% 14 s, %t F 54 4 3D _spatial_network, 118 S Eps 75 % 3 353 s. 3D _spatial _network £ i iz J&
Avila 1925 21 4% , W15 2 80 Eps 5 WA 29 240 £ o X T 4 D Es 48 H 58 S8 MinPrs 9t 75 W] [8) £ /)y
F1so MHAER pIIE 2RET, 75 BLAE 28 0 Z (0 B (0], e KA E0E 45 3D _spatial_network 75 22 1 486 s, fie /N
P Avila T % 15 s, BEARORE | & K0 = BB 00 15 S 80 Eps 75 B 0 Z (W I [A] .

®8 HHSYLBEITHELER

Table 8 Runtime results of computing adaptive parameters

Bl 4k T3 kd T AR 8] /s 8 MinPts i a] /s T8 Eps it lal /s
Avila 15 0.06 14
Worms 52 0.15 203
3D _spatial_network 1486 0.77 3353
Household power_consumption 1342 0.76 2092

5 ZRIE

AR T — 2 DBSCAN Hh MinPs Fl Eps 2 506 1 J5 2 , 3 H. R Hl RAPIDS - & % DB-
SCAN B HEAT I o A SCT7 R A AR B 3l SR AR A5 B0H 4R 19 B SR FRAE BV S MinPes. SR )5 AR5 A
SRFFAEME VT8 A SR FRAE 48, 3L T A SR FRME 42 11 55 Eps 8 ¥E {H | f /5 3£ F RAPIDS ¥ 5217 £ 2 DB-
SCAN B LR A SCI 45 S 2 I, R SCHE H 19 8 8 DBSCAN 3375 2 BB 1 Jr 5 02 4 8001 L R A ok iF —
AL DBSCAN B335 0 3 340 19 42 Jmy 19 Eps Z 8l #2400 46 J7 11, JF H >R HI RAPIDS RE % §2 71 DB~
SCANERE . F—2 TR 4R S2A 58 F SRR AR 56 1 R 1k SR BB 42 30 2 (0 il . 7 S0k M R Jr il
AL S BB PEE , I 8K RAPIDS B Dask HE 472 GPU s PEfig i1 .
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