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Abstract: The sky coverage generation is an important part of astronomical data archiving. Its results are very important for
the subsequent processing of astronomical data retrieval and calculation. Due to the massive nature of astronomical data, it is
usually time-consuming and inefficient to deal with this problem with traditional scientific computing methods, and it is lim-
ited by the constraints of storage space and poor scalability. In order to solve this problem, this paper presents an efficient
sky coverage generation algorithm based on HEALPix index and Spark. Experiments show that the algorithm can complete
the generation of large-scale astronomical data in a short time. The generated results of the algorithm can be used to acceler-
ate the processes of dealing with astronomy data and can also be used for data visualization of the sky coverage.

Key words: Spark; big data; HEALPix; astronomy; sky coverage

LA AR 1R A R R AR R 1 RSB H )R 4R
RET, & P B i AR PON I, KBk
[ 4 BOR R A R bR ek i B
i, SHEGER TR ROR AL PR AR R SR A fifa
Sl TRk, — M=, KSR AT 3203
BT B UL PR TTSE —ANB, AndR
AT AR R SCRI , 7R TIAL BR B B & 8o A T
FH L, SFERBIETT R B B A TRCR, H 24
RICK BRI, K IXA 2 B 45 Fir A 5% DXCI7E
RIX_ER—FhRAETT 30, B R i R Al S L —

KFEHEE: 2017-06-02; f&EIHHE: 2017-12-12

e P WIINS PSP AR IUPN L A €1k Tk SZNVE T ST Pul
P, W5 SR Bt A i) | AR BE L S0 SR A BT E
(9 SRR . E B B dh A BE ) B i fe Tt ok T
PE R AR, AT s R X s H R B 75
— H ] L

RICHHEBA B8R VO HUgdE  NAE 5
e SRR, PR SE W e O T R L e Rt RE T
SERVAERE E o™, (R Ry 48 2% R, i FLR
Earan B A R NI B AR AU NI R IDYEE) 37N
e R 7 AL B RO, o Spark HEZRAERE HT LA

BEETE: ERHARBEESRIITE (61402331, 61402332) ; REEHAZERIFTRIS E (2017KJ035)
EE®N: BEIRIR (1961—) , <, DS, #4%; EfsiEE: B 7. Y, zhaoqing@tust.edu.cn



c 64

ENAEH TR ILE, B4t Hadoop MapRe-
duce B ETTREBCE, bR SCR B A BRI Ty
FIr AR R, Ak O A — 2 RSO oE TAEM A
Spark A 20T FRHE 2R A BRI R SO , an il
P S BUR R 4320T R R S B A
KW R A 454 Hadoop 5 Spark Fil R IH LS
TR AP 1, MIET Spark 9K SCHFSE
IR A AstroSpark!® | B PEREHEHLSERE SDSC
Comet! i RXER H, 204 2T H AR T A kit i
Bl I T RSO TAER—Fh & J % HEALPix
VER—FRSCFH R IX 51 ik, B FHAE T a0
SR 28 A | RS EIMG R PV R R SCR G Y
Yrserh. IRl W, HEALPix 5 Spark (0454 i HOE
FHF AR BHBR S (H , LA MR 22
22 S N e L1 T 3 O = 7 N i s
T X IR S e 5 (%) A B R A A Oy T A e 4
SEgA HOE B RS GG B O AT . R
LR, JRUR R SCEUR AR A0 1L TP Ay, Xt
X R LA AT B I 2 R R AT AR
YT, ASCHEMEEERT N TAERSERE I, FBIZExT
Jir ey R SCHICHE () FUAL 3 R VAR, 456 SCHR[ 1011 ST ik
[P AR ZRAR B, $2 i —F BT Spark
PN I R AR T I SRSl E I = iy 7 S <
HEALPix 43Z2R5| 13, ¥ R SCEdE 2 kA 5
e LA, I EE T 5 B2 SR | e 5 0 45
R SCF B O B s 2R AT U ) L A BB R R
Spark AR MR A, B R X B R
B T B — FR A sk o3 A 2R AR A e R A
AT DUAE AT IS AL B MR R SO, [RIBs
K| A FE AT DU T 8ds rT Ak, s A5 A
T i 45 A AR T I R SCBHEFE R X _E B 4341 L.

1 RRBZEREE

1.1 HEALPix EXUIKEESI

RICEHE LU 2 KA (5 B O B, SRR
SO AR A B2 SR AR PR, 3ok 0 FRpRE P 2 R R
(IS0 €IS BEY & SRET SN A 3 i it S DO
X —fald, Al LR RS S A T 0 il 05 12, 2
Ak B B ARORLRE | IXAE R IBCEE AT )
G3BREI, ASCHR T —Fh RSO WL BRI R 5 |
J7 7% HEALPix (hierarchical equal area ISO latitude

pixelation) !'?].

AEHEAREEE H335 FHs5W

HEALPix AR AR AL BR AKX He b5 2 ] iy e S
KR, RS ZER , LA Z 38 I i 77 0 Kkl
IraF ARy (B 1) HEA R SRS
JE o A1 S5 5. HEALPix 7EWIIR 2 0K R BRA 43 1%
12 TR S () SEHERR TR DU TE | B — A DU B
FAE—A pixel GXEFRN “KI” ,FED, M 0 =
11 A HG S, 8T8 2%, A IE %N
4 AFIUNIE, BEE 2 90RBE R, 452 1 D0l e
AW Sy, AR k 20, KR BERILHEN
TEAT— 405 BN R YT R 5 1 1 B, S8
Nyige 771 (Ngige = 2 5 121,

B 1 HEALPix X35 R REE
Fig. 1 HEALPix partition of the sphere

HEALPix H A 2 Fb 4 i% #L W . RING #1
NESTED. HH RING EHH AV A . AR H
J R o X B i 5 s NESTED & PAJZ R Ak i3 V- 6 5 =X
XX Heg 5. R 2t i RING BRI B TR X
BTG R X HUOR A NESTED 4ifid 572,
HmmER K 2 iR, f— 2% K RER e
BCrE— Ay i gt , B XS A S
MR JZ RIS IS K. A8 GER highOrder)
Yo 4 AT, BT U LA B ST
00.01.,10 5% 11 144 % Gk lowOrder) , 15k
S YR RIS, LRI, )= R i
YENIGE, BIFAT T lowOrder € 2&highOrder 44y 4
Y, TE R T 290 i, BEE 2 B0 B3, it
N JER I HE S A BB Ok B, TR LA & R Til 4y
(29, IB4 Nyae = 12 x 2% FR5 4B 2R AT IR Z
Rl 43 H ) X B



2018 4F 10 A REIENE, 4. JLT Spark AR AR R SR K DX 5 A UG 12 + 65 -

2 HEALPix %35| % NESTED &8 A X REE (Nyge = 2)
Fig.2 HEALPix index and NESTED numbering schemes
(N side = 2>

1.2 RRBZEREENEREFE

MIARIZGE k FHUG, FIH ESCHRE B8 53X Y
HIZ A XA A T 435 | RATAH N A AR
Je'5 (highOrder) F15-HH5- (lowOrder) . AT A X
WEFRSERE IS, M AR AL S X IR G TE—i , 43
AR AC RIS T B FH oAt O, an R s
MR RS T 00,01, 10, 11 AR, 2MFT XN Y
JIA X P R G e 5 2 ARV S A, R ix st
XSSP R 2T — UG R, X s r ok
AL — AR B G S 3kt T oAt Ak
HLOARAT —0ER. bER, B—waERUE
JESA B SRAEER , UM T —UGE YA
X — AR R 2L 20 WA T R AR D88 Ry 1k, & 3
PI—2%55 2 )20 i/ N il R 1 X —7%

Uiar

o 0.5 1.0 1.5

0.5F

U

—05p

0.5F

e

-0.5F

0 0.5 1.0 1.5 2.0

(c) k=0
B3 RRBEERITETREE

Fig.3 The process of sky coverage generation
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Fig.4 Flow chart of sky coverage generation
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