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Abstract: Density peaks clustering (DPC) algorithm is an emerging algorithm in density-based clustering analysis which draws a decision-
graph based on the calculation of local-density and relative-distance to obtain the cluster centers fast. DPC is known as only one input
parameter without prior knowledge and no iteration. Since DPC was introduced in 2014, it has attracted great interests and developments
in recent years. This survey first analyzes the theory of DPC and the satisfactory behaviors of DPC by comparing it with classical
clustering algorithms. Secondly, DPC survey is described in terms of clustering accuracy and computational complexity, including local-
density optimization, allocation-strategy optimization, multi-density peaks optimization, and computational complexity optimization, to
provide a clear organization. The main representative algorithms of each category are presented simultaneously. Finally, it introduces the
related application research of DPC in different fields. This overview offers a comprehensive analysis for the advantages and disadvantages
of DPC, and gives a comprehensive description for the improvements and applications of DPC. It is also attempted to find out some
further challenges to promote DPC research.
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Rk, 241 DPC B8 AW R AR R A & . 158, AT DPC BT T #ie LIRS 30T, ik, AF5
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1) SRR B2 (AR A S5y Ay Je i AR AL ¥ DPC 5% . 3 BC SRS A AL () DPC 5k, 2 % FE A4k 1) DPC 2.
FLARAE: 15, R s 2 v S DPC IR DD IR, 5 AR HC 1) 43 A1 5 K BE v i 8 07 =X, AT B S 40
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DPC ¥ S FE R 45 0 5 1.

B3k 1. DPC B,

i‘fﬁ]\: i&ﬁ% X={x1,x2,...,x,,};
fth: SBbRAE Y.

R

Step 1. iRIFAI (1) 23K 2) HHEAHBUERERE D,

Step 2. lRAFAZ (3)-2A (5) T RFME L p; FIAHXSPEES 655

Step 3. #R45 p; M1 6; Ll “ e YK, FHARREAT & p, A1 6, (1 g0y
Step 4. Z3BeE L s B sl =y 2 K

Step 5. FiiL J i BEANER I p, I BSHE R

Step 6. % Fdk X o 45 1.

1.3 DPC ks

DPC S5 T oy 38 2 5 RV T B 28 iR e b o, DR nT DA BRAEER T 203 45, I ELR) F JR 0 B o, ml LA
R Hb 75 328 35 A 0. DPC MR v SR BRI s i v, TETR AR, e Zesanis, LR —AMNMaASH . h T35
Ui DPC A &M, TAITS % S0k [26], 76 4 NIERRE . R EZ A LI E LT DPC, SC Al
DBSCAN % 3 Fiisys:, RIS e 3-8 6 .

M 3-F 6 AT LLE

(D) 71X 4 MERE -, SC AR A NI IR I 4E . U Z B R 45 7% 1) 45, JF H SC e 5k
£ FIEIRAR A NI RMER R, T4k, SC LR B4 e i EL

(2) [, T #4425 5, DBSCAN 1E Flame, Aggregation 1 S [ [Pk fEA . S FE Spiral BidlidE -
DBSCAN K43 T il B 1 45 5, (RAE LR 28 H 24

(3) DPC BELEIX 4 N EARSE FR1G T4 NIl R ISEE B, 0T 5650 AR R n] {4 M AR B AERR O A% L
TR, I HEA RAFIIME S LB AR
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R AP EREVERE, (R RATAEVE 2 L. FATT BN AN T3 HIEAT 70 A BRIERG AN S R S

(1) SRS L -2 T8y Flo s B« 2% LW R 4 C SR 3 AN T

B, R A 3) M (@) F il Wil B THATEE TR, 5 SR S SR I A R e ¢
NI R KL, SRAFANIFI R SRS 4 T 1O T b, Jey il 6 B 1) T MM L B 8 B4, 70N ST 2 Ml 46 |, d, (73
T2 FERIL R Buksh ;

55, DPC Rl A3 SR, %SNS (K AR PR 2, — B AN S B R R 2, 5 3 BOE 2 104 1,

55, MR AT 2 AN B FEIEIN, DPC JETE AR HER 1R O, SRS AR FAR ™),

(2) VHEEA 2% 8 75 T, /B35 I IV 52 2% JEE 02 () B2 A S8 . DPC 7 B2 S8 et I A7k T A 8080 % 5 IR0 TR ARALLSE, LAty
SE AN 11 S 5 2 R AR o 26 J e, TR R SR AR e 0 VB0, BRAH) T DPC ZE KRB AR 4 b v v i B4,

2 E%M DPC BAEX

M2 DPC SR FE I A FE KA, M OCHHF T 20T LAy b 3 AN 5T Jmii 2 B R Rk . A BRIR 43 P SR
fgE L FRITRE R U,
2.1 EEEEMRLE DPC

JR i R 2 DPC SVE I REE D IR, (R AR A0 (3) AIA (4) K JRi & E g & 7 N % —m
T 7 X, 75 AR A S 10 /NI BEAN R (0 BR T K 4 N T B FAAR RS HE ™, A, SR FE R
FAKBT d, PERE, LR/ N EBEIRAE b BT d, IR 25 08 T 3 104 R 4 A, 08 25 R Bs 45 1) R
PER, DRI A 4 X o, SRR MO, DRIk, DPC 78 Qb BEAT X448 o 3 J3E AR 35 50 (R B 4 b 2 SRR BARL 451 -
7 B AN E S 4 Flame, 855 2 NE. B 7(a) B8R A (4) THE RIS, BE d.=4%. I 7(b) ', d. 1
BE 5 7(a) AR, (EE R 3 BEE R A 20 (3) FRHL. I 7(c) LS 7(a) AR5 S-SR B T, {22 d, 1L 2%.
L& 7(a)y-K 7(c), TATR BN AXFE & 7(a) Hh, DPC 7T LUK Bt g2 20 S B4 Ak 75 1 7.

28 _ 28 : — 28 :
wft :-'_.4;‘.: . wr :5_..;".‘ S %L
U . 7 e 2N
bl L e R g e
L T P E AR 18 |
16 R 16 IR ' 16
14 14 14 ' '
0 5 10 15 0 5 10 15 0 5 10 15
(a) Eq. (4) is used with d,=4% (b) Eq. (3) is used with d=4% (c) Eq. (4) is used with d,=2%

7 AFJTTE Flame [ DPC K455
7 FFRUGIE W : AN[E) 0 JRI 8 8 5 V5 5 AR TR d, 22 5 SR 2R s 1, JU R AE /NI S 4 L. o T i BR

IR LN d, (U TE IS — R 2 FE TS5 3, S50 ILIK 02 2% R BR SR 1) JR s 54, e — M 2R
S FEE PR 7 1 SRACEE DPC S R VL.

Mehmood % A 742t 7 —Fh CFSFDP-HD 13414k DPC $7i:, i 50008 ik — R AR S 40 B A 1 ok il i
JR A TG, AL AL Sheather-Jones SR % 3 B A T 1) Sre FE 7 95 FLUR, 3 I R B RE Ve o)
R BT 3 P I A AN B8 T b B B I FE, T EL% 18 T AR AT, B2k, EAR YR DPC 58 R
%5, 55 DPC M, %50 AT 3 (K S E AT 28bE . Wang %5 A PSR T —Fh STCIu 3%, SRS T3 4R 4R
HRERGETHI R R b B, E T KRR SC AN B R, DAV RS B o G i3 RO LK,
EI AN ZE VIR B B U L BESR BR ORI R O S, R BRI L 0 I ) B A R v R ) B
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UEABJE B, BT I SRR B B DPC 4P A PE R, 110 HUW S 8RB, Liu 55 A Y42 7 —Fh ADPC-
KNN S0, VAT T KO A8 RNES S0 8 X7 i 3 B W5 0572, OF B sh Uil de g rb oy, DASRA I R I 45
R e, T TR TR KNN P41 UG — 08T Sl 2 BE 73k, 7K T R 0o % 108 1 5 3 b oA %
2 55 FLUR, et T —FloBr g s O wlia 4 775, 3E5 1N T DBSCAN F1 OPTICS ARSI A 2 R0, e
(RSVEAL T AN S, I HLEE DPC S5 B 8. Seyed 25 A\ PO T Ff DPC-DLP 573, i%5755E T KNN
WO ST R 1 e, MG 10 R T S R T LUK, AN RO S LRIAR R 45 A ke
oK, FEE— KNN B, I — AR 58 =, KT A S o Sl B 10 56 1 B bR A% 1 7 0oy AR 25 A
PRS0 38 T PR SR R N RA. Liu 25 N PR H T —Fh CCFDP 5092, %5510 LAR D 1) 2 3 A S0 B mT HE g
PAT: 15, T KNN BEI 2 5 0IR, AT 2 AN s B LIRS A Pl 28 =, ARAB L R4 PR AW 1 7%,
2, BAET SVM 0B SRG fe Zefk. ZS0 A AU i TR B AR . BRI R K41 4. Du %
N BAA28 T —Fh DPC-KNN 5035, % 503:45 4 7 KNN Fl PCA (AL Ak DPC: &%, 1457748 KNN (& &
B T R, UL e BRI R A FEUK, $2H T DPC-KNN-PCA 536 PCA 5]\ DPC-KNN H1, LT
A B AR S B4R LD I S A A PR AN A B 4R L DPC B 4. Xie 25 A\ PR Y T Fh FKNN-DPC 5
Y, R T A S 5 SR — o BT 4 L SRS SR ALK DPC: 94k, FE T KNN Beih 77— R
TR R R Tk, ARG, ST PR SRS A L A dE 0 5. FKNN-DPC H, J5)50 % 11 B s b vl kST T30 2 1)
FRE, I B 50 2 T0 0. BRIk, S e 30 % B 1751 0& DPC ML E2EF DPC. Arde i VAR T B TE
RATRE [ % 75 17 bt DPC S5, Liu 25 A P Tl SNN-DPC 534, %5035+ SNN, #2175 7 DPC £ R
B AS SCHEGSRIAR AR B H A L DL PR e G, $R T —FRE T SNN AT BT AT R R, T
AR JEHEH T e A R R G B 2 R e LR, SN T PR T L AR S A B BT SR, AR Ryl O R HC ) ME
. SR R RURE X B 25 PR s SCAT L B 2 U b 33 8 SR R PR BT AT X AR MR AR 3 &GN
KNN FH7 8 ST B el 8 B B 7 5, S, SNIN 23 58 1) KINN.

FIN KNN FH7 5 Xl 2 BE, AS PN RE B (14 Jey b A, 12 5 LN B8 B 00 A1 10 Jm s A 8., T LA 24—
JR B BE 7 SO MR 28 d, (U, A5 23R 5 DPC A B AT UK 4 A1 i AN 8 ) B 4 1 SR 2R
H2, XA L G IN T 48R4 &, T B Tseie e AR saa & R B 24 R IR DPC {KIHRA —4 54,
(R WA R R AT 1) kI8 7 E3k— PR,
2.2 SELREELILEY DPC

SERAEE L IR BIAESS 5, DPC SR B0 23 BC SR, B0 — RS0 BC AT AR s, %S0 (0 24t ME i 22, % 5™
G KA RO, — HL— AR Sl I R S, B EUE 2 5 2 M I B A A4 B £ DPC STk, K
ARy bR Ry LA T v 4 LB S LS50 A B B . BEAEAE A, s £ WA R AR e (A
JEALFEL, BT LA Z i BB S22 AT A ) — R e 1) B v R 0 T et ) e R A G R R R KT B
A LA T e R I LAt A T S B, S S8 ARG, T T AR R A B IE T  ERRME R, A
— L 5 RRATAEA R, B S AR AT SCREAS 1 0 I, Wi P 8 T 7is: DPC (e U ft I, FLAL R A Hhots s 20 e 5]
B LRI IR e S 3 A, FTLAA @ S5O OB a5 b — 1%, HUAR 0N @ A% 0 ¢ M BLgh M R A%, AR 05 b R ¢
() e 2 B v T i @, FF H NS a B0 b R 25/ F AL a 38 o MBS, RIIb s o ¥ iR b A L 31 5 4 b
[R5, JF HAN S a AHAB A st A S 23 DRI, 1 20T SR AN AT 5

N T T B S LSS () 2 2, T SR ] 22 25 43 T SRS SR T8 45 4 LA P a5, 32043 LI VAR, 2 05 20 L )
HER K. Seyed 25 N PO T FhIL T B 1B A bR 20 I S ke 2 B AR Hh 0o 25 15, M3 T K AR (1 4
TR FEUR, A 2 AR, i i g B R 4 A 3 O EHE K S 1A B 2. DPC-DLP Hi4i i 1) 22 25 43 il i)
DU B 23 0 B (bR, I 58 o 07 132 i ol 5 78 X 3 rp () 400 6 S 16 TE A 20 G Xie 25 N PR T PR 20 e
THERWE R 254 FE28 1 Bhogidip, dE R R (E 2 00 KNN 77 sC AR IR L 1) B Se 8 2R ok 43 id
[149; FE5 2 Fh7 ik, R4y B S A2 s BERTINAL K S5 20 & 10 77 s B 1. Tk 28 1 POy ikbric s s S8
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Pk, Lin 5 P T — i 20 53 WE 7 125, RS L s A0 (115 R, DRt v it B R 1 SRS . 4 Bl 3 55

G5 JOR, e R AR B B B an L 7 S 2 4B 5 (7%, SNN-DPC th, 1 JL =2 48 fa 1) 43 WK J7 10 v] LLIEE % DPC 73
W7 3 R T
35

30 ¢

25 ¢

20

0 5 10 15 20 25 30 35
8 FRIL S BC SRS
h T P UX SR AR SR A R, BATTHE LR 3 R DPC A 5 AN UCT Hdli 46 LdkAT T LbAL, &5
AT ) FMI R 5] 8o B Lk 1.

K1 54 UCTEHE4E L 4 FEVEM FMIAE

Datasets DPC-DLP FKNN-DPC SNN-DPC DPC
Iris 0.947 8 09355 0.947 9 0.923 3
Parkinson 0.800 5 0.658 2 0.803 2 0.6187
Ecoli 0.800 8 0.6919 0.8243 0.577 5
WDBC 0.844 1 0.765 8 0.930 5 0.7257
Seeds 0.849 5 0.827 6 0.858 9 0.844 4

M T LU SR 228 2y BEHEN, 2 LE DPC SRAG 47 ISR IORE L. IX LU 5 Y (0 SR AR rhls i 23 WE 5
PRIE [N HEAT, AT 6E G20 7 RO SR b R BLR DAL DA OB 1L, SNN-DPC 5734 B LAt (K AL 577
HAT A N R EE R XA 2 T H 7 Be SRS, JE A4 SNN RS 20T KNN 3958, 534k, X 48 7) Bie sng 24

23 ZEEIERILE DPC

DPC 5 — AN A% (B tE Bk, RIS 46 (AR e LR — a3 B0 7). (R, 4 30 4 b oAt
2 AN FEUEIR, DPC JG I LR (1 5 0, SRR RN ERAR, 5101, 7681 9(a) i 5 a RS ¢ 23 W@ TP, 1
Ma S b R T AN AR, R a R b AN LA R I S 0 480 AR o B 88 [ B e %2, DRI BRA T T LA —
AR BB P AN LA 8 e S s B ARUAR o B B 1 SR R B ) 52, 1 a AR b S TR U R AN R o,
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