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osf k¢ ' - i— g2
. Drpr(t,J) = /2 [1 — exp <HJH>] , (7
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Fig.1 Example of decision graph 1 .
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Decision Graph Decision Graph
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0 2 4 6 8 10 0 2 4 6 8 10
R,ho,i RhOi
2 BENLAE AR Rho, I 7 A8, %4y, 42 Rho R4y At 6, %14F. 6 =2, v = 0.2.
Fig.2 Rho; and §; division of randomly generated data set. Left: Rho; division; Right: §; division. § = 2, v = 0.2.
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Fig.3 Flow chart of hybrid clustering algorithm
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1600UAE A ik i B2 e AR s, 1T T80 SR 39U A [ AL VS
N B AR B A A TR S A I 5 B 4 . AR A 4.1
(A X 4 SR, K8 3 B 1 K/ Batchsize % B A
2, FLALK/NN1161, sl £ 25 4% Batchsize 4 1

Known pulsars=v Data set to be tested

At ta, ... b, tra), HHIESZESHERE KI5 {Blo-
ck(1) : [s, t1,t2], Block(2) : [s, ta, t3], . .., Block(13) :
[s,t13, t14], Block(14) : [s, 14, t1] }HE14AN RS, &
MBlock (i) 7 AT IR, BEEKZEMA, LUK
BREAREH E > 50% KRNk irh B ixik k513,

Batchsize=w
Block(1) ——— Performance(1)
Block(2) — Performance(2)
Classification
Performance
Block(L-1) ———= Performance(L-1)
Block(L) — Performance(L)
4 EETWEE N BRI
Fig.4 Data distribution scheme based on sliding window
5.2 IFNiEtR 1 (& TP
X 3 e s o et Precision = — Z — 2] (10)
5 38 A4 43 28 7 5K FH HE 7 R (Accuracy ). H & L\ =~ TP, +FP,
(Precision)s # [H] 2 (Recall) f#1F1-53 #{ (F1-Score) Recall. — TP, (1<o<I); (11)
A B 6 35 HE AT VA, Accuracy R K BUR Bt TP, + N,
R, L ..

SO TE 5575, (24 e B B 3 FlSeore — L1 (Z , . Precision, x Recauo> |
WL S W 55 K 9 4 . Precision ) T 31 7 1F 2 b L\i=  Precision, + Recall,
AR B IR R AR KT 2 B, Recall 52 # (12)
U I ) I R AR BT IE R AR H T Recall,, = — 0D | (13)
52K ) Precision iR ecal E 41 T 7 J&, 7 AT i TP+ N

HF1-Score R 27 & FE B IX MR R, R1K R 732K
TRV HE .

SEEA2TT AT R T, S5 1 VR 4R
P K H S A& Precision.  RecallflIF1-Score i & 4l T :
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TP, UTP,UTP; - - - TP AAFREEA /N B R fik
M2 B HE4E, Recall, Ml Precision, 73 7l & 7~ B AN 4
P B B R AR B, Recallyopa U 3 7 SEEG Y &
RG]

*x1 REEME

Table 1 Confusion matrix

Predicted results

5.3 SHIKRE

SISV N B 2 BB AR o BRI K
SR8, % FE I R {E threshold, Polynomialt%Z4ic
Hid, RBE#ZZ %, Tk /MBI BIEN, % XI5
Rl 3 B 048 LA SO B X33 73 (A8 BAR s B
2.

*2 HESY

Positive  Negative .
Actual category Table 2 Parameters of algorithm
True TP FN Parameters K Threshold ¢ d n A (7 o
False FP TN Value 50 0 1 4 8 0.02 0.00005 0.03
Dataset
v
Sliding window
v
Block(1) Block(L/2) Block(L)
A, A4
Map 1 Map 1 Map 1
v v v
Reduce 1 Reduce 1 e Reduce 1
! v v
Initial cluster Initial cluster Initial cluster
centers(1) centers(L/2) centers(L)
g A,
Map 2 Map 2 Map 2
v v v
Reduce 2 Reduce 2 Reduce 2
A,
k clusters
Updata
The change<Threshold Read new cluster
centers
Yes
End

5 MapReduceiitfe

Fig.5 Flow chart of MapReduce
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5.4 BAERSH 5.5 BIEEZEDH

F3EIR 1 ASIF] B ST AN T B o S RVEAE
HTRU2% 845 ERyvERexS . 7270 b B B, R
A BB B A R @ I Recal 1 B190.5%. 54 1
B A A B, 2SR Recal ME AR T-GMO.
SNNNNNNNNN  (Genetic,
Over-sampling and Self-normalizing Neural Net-
works)12l, F1-Scoreft FGMO_SNNNNNNNNN,
Random Forest®4 fIIKNN (K-Nearest Neighbor)[2°)
Hik, (HETSVM (Support Vector Machines) A1
PNCONUML 4k, 28 25 (0 HE S ot (B he B ALk ik
HH 3OMUK i B TR A A D 4R ), 19 Bz A
G EF P ik 2 i vt — YRR B 360, #9348
ATV SR IS T B o ST AR W SR A A, i
P RS ik e B2 et DR 7y A2 40 ) 3 55 S5
GEREY, TR T IR G KB TT R ARG AT
YRR R, ESEBR kP BRI R, BEH G
SR ke BAEASE DR R 2y s g LA,
BRI A — 3R Tt

Synthetic Minority

VS I0 HOHE SR RE A n, FTiRHEIES
McDPCIO, PNCNUY i [a] & 4% B iR 4R, XF
FMcDPC, i & p; M5 1 [8] & 4% A0 (n?), T
AN R 2 7K P 1) 56 2R i) ) 5 4% B A 9O (n?), BT
DL RE AN 595 1 B 18] &2 2% B2 9O (n?); PNCNRY (1]
SRR E A EL N EEO2RMK +
FMK?/2), MATCERNRHER, FEME, M
F¥E NH & AT IR A BREIEEAE 4.1,
427 AT RITETE R, AT A5 % B
HNO(n? + nkHM), HRERRE. BTk H. M
NER, HEREFNOM?), XL FMcDPC
{HILLPNCNE. 2810, #1847 76 fr s ik i 947 A A
b, M HESun-Nige 2, H&E 2 E B NO((G(p)2)?),
H PG () NE T, 2 A4Block(o) AN Hz <
n; 2 IFEAT T R Ep 208 (pfE T B R 1 H s
BLLIA B AN BE) B {5 I 85 7] 2B, G(p) —
1, RIS 4 i TO(22). A W, Ak AT 4k 7
RIS FIERA R B BRI R B oK s T
AT ).

R 3 AEFEEATRU2HIEE LHISR
Table 3 Results with different methods on HTRU2 data set

Classification Method Precision Recall F1-Score
svmiy 0.723 0.901 0.789
PNCN!Y 0.923 0.831 0.874
Supervised ~ GMO_SNNNNNNNNN!'2 0.955 0.925 0.940
Random Forest?* 0.958 0.891 0.921
KNN[29 0.952 0.875 0.909
McDPC0l 0.592 0.288 0.388
Unsupervised K-Means++2°] 0.926 0.747 0.827
Our method 0.946 0.905 0.881

x4 BAEERE
Table 4 Time complexity statistics of various algorithms

O Serial mode of
Algorithm u eral Mode oL N eDPC PNCN
algorithm our algorithm
Time complexity limg )1 O((G(p)z)?) 0(n?) O(n?) O@2nMK + FMK?/2)
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RBFZ bR 0 B8 1 A0 22 a0 4 = () AT AR AL PR S
B E IR T A& O 8 7 4 3R EE S5 MapReduce/
Spark H AT 1T, 12— 203 T e 7 [0] 2 H ek /D>
AT IS (]

X LG S8 43 At AU 1] 52 2% BE 43 #, UE B AT HY
7 FBA AT HERE vk, B SR o EoE
HEHXSHAL, TR s A KR
F. Tl B R T EEE T R E AR R AR 1
I3 UL Sk B 5 A ikt B AR AR L g A AN 35
. T2, ¥ s 50 % I FAS TS IR A 4%
SEXNRA R Rt T ol B — o, R
FENFIPRESTOk i 2 44 Z i FEpipeline AT 5K
Rk, SHFAST UL 1) R 5 0 4415 5 i 1 F2 4t
AL S %

6

5 % X #k
Hulse R A, Taylor J H. ApJ, 1974, 191: L59
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Research on Unsupervised Clustering Analysis of Large-scale
Pulsar Candidate Signals

LIU Ying!  MA Zhi'  YOU Zi-yi'  WANG Pei? DANG Shi-jun’  ZHAO Ru-shuang!»?
DONG Ai-jun!
(1 School of Physics and Electronic Science, Guizhou Normal University, Guiyang 550025)
(2 National Astronomical Observatories, Chinese Academy of Sciences, Beijing 100012)

AsstracTt With the construction and use of large radio telescopes such as Five-hundred-meter Aperture
Spherical radio Telescope (FAST), pulsar survey data has entered the PB era. To solve the problem of
scalar data mining with such a large number of high-speed sampling and promote the discovery of new
astronomical phenomena, this paper proposes a pulsar candidate sifting scheme based on unsupervised
clustering. This scheme uses a hybrid clustering algorithm based on density hierarchy and division method,
combined with MapReduce/Spark parallel computing model and a sliding window-based grouping strategy,
thereby improving the efficiency of screening a large number of candidate signals. Comparative experiments
on the data set HTRU2 (High Time Resolution Universe) show that the algorithm can achieve higher
accuracy and recall rates, which are 0.946 and 0.905, respectively. And when parallel nodes are sufficient,
the time complexity of the algorithm is significantly reduced compared to the serial execution method.
It can be seen that this method provides a feasible idea for the analysis and mining of big data pulsar
observation.

Key words pulsar: general, data set: HTRU2 (High Time Resolution Universe), methods: hybrid clus-
tering, methods: unsupervised
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