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Spark parallel K-means large scale remote sensing image segmentation
based on optimized RDD partition

LI Yut, CUI Shu-lin, ZHAO Quan-hua
(School of Geomatics, Liaoning Technical University, Fuxin 123000, China)

Abstract: It is a great challenge for segmentating large scale remote sensing images on a single computer. The Spark
platform makes it possible to build a distributed computing environment for big data processing on a single computer.
When the K -means algorithm built in Spark platform is used for digital images processing, the Spark Shuffle resilient
distributed dataset (RDD) partition generally adopts the default setting. Although this RDD setup is simple and
convenient, it is easy to cause the phenomenon of “excessive partition and too little data” in the large scale images
segmentation task, which greatly affects the image segmentation speed. Therefore, this paper utilizes the built-in
K -means algorithm for segmenting the WorldView-3 images coving part of Shanghai city, which properly defines the
RDD partition parameter spark.sql.shuffle.partitions during the initializing clustering centers stage and adaptively calls
the coalesce() operator to adjust the number of RDD partitions during iteration. Comparing with the serial K-means
algorithm, the feasibility and effectiveness of single computer processing of big data are verified. Comparing with the
Spark parallel K-means algorithm with the parameters for the default setting, the proposed algorithm can realize
large-scale image segmentation faster. The experimental results show that, in the both stages of initialization and
iterative computation of cluster centers for the K-means algorithm, the RDD partition number is set at 1-10 times of the
CPU core number, which reduces the total time from 145s before optimization to 97s. Especially in the time efficiency
of the initializing cluster center stage, the time efficiency after optimization is 500-1000 times that before optimization.
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optimization; image segmentation; parallel K-means algorithm
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TR R R R Sy R R T ON S H 2K
F B ge U o5 AL AR 26 =k RERE 1)
H 8 & R, NFEAT DL RGR E X 3L 22 4 BRRUBE AR X6F
HoOUL I i PE . AR 4% UCS (union of concerned scientists)
guit, #2020 4 3 H, 4 2R Bl CF 928 JIURT H
W 2R AE BB AT A 7038 w0k T3 OB T SRR 2 UK
5 R e U R 2 9 25 B 7R 1X B8y 2 s i
Hh A5 AR TR T A T K A B IR AT U BROE
SR T X FiE B/ k. B AT, E 9 oK 347 kb 2
H AR AL FE Hadoop MapReducel®!. Spark FI#/1 2% 2% > HE
M Horp Spark T 5 3 KL #: 1) 7F K-means 5
TEWEARE AL SR AR I, Spark “F & 245 75 Bk AR 2L
PEAABAE W AF 8D T G VO #AED), T &1 1
THE R, 2) Spark T G #R At T — AN AT IFRAT LR 5
P43 A O EHE 2E (resilient distributed dataset, RDD)C],
AH T 4% 48 ) MapReduce HESE, Spark /£ RDD H' P #
1R 2 $8 A oR K, A AT 55 9747 $A4T 4 RDD (1) % 173 [X
U8 B RGN KA R 3)RDD IR A
B ARFPED), — B B %, B il A AROROC &
HOHTE A X R R BB, A 2 DRt T 2 B
J¥ et R Ntk 72 S BRfs FH o RDD R 3 2R H &
SRR B 7 X, T 52 spark.sql.shuffle.partitions
Z A1) 0, Shuffle i £% 71 ¥ RDD 73 [X 235 BR A N
200, — ELIEFEERAG 43 [X, Spark F & A~ A AR 48 Fir b 2
() B804 B O S Hb B 7€ RDD 73 [X 3. 4, STk
[10]1%2 H —Fh = 201 RDD H 3 25 47 & e L, ift ok
7 BT RDD H E Af H T BURAE AT R AR 17
B SCHER 11738 1 242k RDD v YR AL AN 2% 47 7 =X, B
fIX T Javasid R 7 FIAL 4. SCHR [12] 32t — Flogr i
RDD 7} X B 5 2% 47 £ #5505, AR =y 9 A7 B2 5 R H
MR ML AT R, SCHR (13165 18] K -means 592
43 5935 % #£ MapReduce Al Spark HE 22 R, 38 i kb 7 52
KR LR i =3 22 0], SCHER [14] 92 S — Fh B 3d
AT W, [FIRE 42 51 1 Spark AL $AT 0%, B
B, K 2 B0 90 % 3% B 2 Hb & N RDD [ 2247 1 B 32
s E M BAT R, HAL 3 AR 2 8 SCA K. A
SCF RDD Ak 23 X 87 I 76 2T K -means 5035 )38 [
EZ 73 FI0S) b FE T IR AL SRS O AE AT B R 26
HL BN BE E 2 CRDD 43 X, AT 5 4 B 45 40 #1
FRHAAT IS B), S 7 T AR R
1 RDD4XMRUTR
1.1 Spark #1T K-means &%

Spark V- G &t 7 R[4 & AL A8 5% 2] JE (machine

learning library, MLIib), H: #1845 K -means 5%, &K
L% A Spark MLIib H1 1] K -means 532 52 2 J3% (&
1455 ), FF1E Spark ¥ & (1) 53 X N AT HAT BIG B HR
B AR S S v F B ) % 0 B /2 K -means 3R
R, A —Fh G e B R SR kL) LA 1 i v AL
PE ArEBIKEGRZ = {Z,i=1,2,...,n}. H:iN
BRREG nNERELZ, = (Zy, j=1,2,...,m) N&
TN R &, B R G, m B, Z;
B B IS L. K Z K5 B kA AR R,
ERPORBEESICNC ={C,1=1,2,... k). H
HDRERRGLC = (Cy, j = 1,2,...,m) HEEE
IMREHORE, CACTERBE N E WL =
{Li,i=1,2,....n} NEREEWRRESG, HPL €
{1,2,.. k } RBRIFEBEBRR WL = IRRB R
KB THERIL 4 L, K-means BRFEIER) B A4 5 R U0
.

step 1: BEHLIREL kM FIUE IR0, 188 €0 =
(€ 1=1,2,... k.

step 2: ﬁ‘ﬁZi'—?C,(O) Z AR G B

DY = J S (Zi; - o), (1)

j=1

4525 i 0115y 31 DY) e/ NER S, B
L9 —argmin{DP, 1=1,2,...,k}.  (2)
HHEREPORERN

cv — Nll“’) L%:l zZ., (3)

HA N = #(Z: L0 = 1}, # RES T BB
¥,

step 3: X T €Y = {C,(t),l =1,2,..., k}, FHK
() T3 DY, It R (2) PesE 45 ¢ YOS RN R 24 1
FEHE LY, R )it et

step 4: B 5 step 3, B 2 & Tl Je 4 @ 12 1k %
i, an B AN B AR A B Ik B 1 R KB AR
B AR B AT L.
1.2 RDD 7 XExH 2 TRY BRI $2 00

Spark *F- & S2 B 1% 4> %I 5 Hadoop MapReduce
K ARAR R, # A2 B Map fi B 285t Shuffle #:1E, i 2400
A Bl Reduce FF- 4 Hi g A 19 285 U7 AN [A] (1 /2, Spark
F &l DU AL # G B s 38 i DataFrame APLINZR,
82 H R B SCE, A — > DataFrame X %%, F
FHAZ T GO0 AR B 33 AT SR 2R AR 3. AR S s i
B 1% 038 K R 8 AE RGB B 2% 1] 1119 RGB
BR[O — Mok e S a, K afa, g6
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Spark *1- £ 3K HUR (0 38 J36 IR 25040 14 LAk v m]
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step 1: SEHN 4 #5142, il decode 5 124 & SC
1 AT B — A~ Row 7 B, 73 ) 0.4 origin B Jr #% 1%

fZ 5. height B R = S B, width B R T8 1E S

nChannels & /18 & 30 =15 £ . mode R openCV 3t %%
IR 7Y | data B Lh openCV 25 11 77 :UHEF, K 2 1%
LN AT HEZI BGR.

step 2: 8 X — M T EHRE B T HK,
B A7 i RGB FU{E (1) 5 4.

step 3: M G £ H5 b 42 HURE AE 48 A B 8E, A
VectorAssembler 771244 25 i€ #4815 B 24H A LA 7]
B, #3515 2 — > DataFrame. LI ) B 5 20
A REARFE AR, Fe A 45 R ol R 1 7.

®1 HREERG

B G R AL I

43 43 43 [43.0, 43.0, 43.0]
109 109 109 [109.0, 109.0, 109.0]
103 103 103 [103.0,103.0, 103.0]
106 106 106 [106.0, 106.0, 106.0]

step4: F] F§ MLIib # 1) K-means 5% S8 % %4
PR, b o B 5 i EHA.

7t Spark “F & H1, RDD & fx %= A 1) 4l 5 40 Hin
£ 73 X j2 RDD #4711 B — AN B A B,
/> RDD #8 145 4> 70 X 4 . RDD w55 7 &
5y NP 2K 473 (Action) 5L ¥ M1 46 (Transform) 5
T2 WL — A Action H a2 77 AR — MMES
(Job), —> Job H A FEIR Z B Bt (Stage), Transform .
T AL Job, R & H T 58 Ji Stage [+ [H] 4b 2.

Spark ] A< #1485 AL B BAF &4 1 3 )
PERST {H K]y Spark " Shuffle 73 X F0 A2 Ef A 10, N2
W8 5 T Ak B ) A R T AR Ak, B BL 4y X 7 St
Spark F& J7* $RAT I 18] 14 52 i 48K, & B (1) 4 X 2 2
T+ B 53 #1250 ) 5% . MR 4 Spark UT 5t 1f & 7R,
RDD () 73 X A #0473 A1 24150, BLJo i 30 &%, H ik
AN X HORE 3 300 IXCE 2. 1K 2 RN spark.sql.
shuffle.partitions Z4{ [¥) 52 Wi, fif b I 43 B B4 AL BRAT:
45 i RDD 43 [X 79 200. V80 BEAS 43 X 00 3E N % AR
THEI, BT RDD KRR 2R, 7 X A 22, 1 RDD
oy XEOS 2, LR I8 AS 2 o5 H8 R B I A, AR 55 0 B2
2> AR, T B0 7 AR S0 T I8 YR 2 I (1), PRI
TR AR AT R

1.3 Spark #{T K-means B;ARDD HIfi L 75 R

HE 5y X RAEFHT (key, value) TR ¥, 24—
/> Job 140 7 Shuffle # 11 R ) 57 I 2 7= A i &
g3 X FEARRA AT, 2765 FEEIR (A6 7 & . CPU
B WAE RN IR R, Spark #2 L RDD B4 43 [X. 1
AT ¥ Spark UT Ft [ & 7R, /E 04T K -means H L 4]
GRS O B AE 55 1, BRAOA AR P A Stage, 400
Task, $hAT IS [A] 7 3 73 B & 2. & Job.  Stage #l Task
(9% 2 B 1 o, Ho A Spark ~F & & 84T 55, 8 T
Action 5] & — > Job, &1~ Job 23 AR 47 B 1 6
+, B Shuffle 28 B (1) 55 - 7 4 — /> Stage, Stage 23 i
5 RDD 73~ [X 1 45 2 A BAH 3 25 & 1) Task.

Application
Narrow Narrow Narrow Narrow Narrow Narrow Narrow
Stage 0 AQ
[ Task ] Task [ Task | [ Task ]
[ Task || = |[Task || = [[Task ]| = |[Task |
RDD RDD RDD| RDD| Job1

Narrow Wijde Narrow Narrow Narrow Narrow Narrow

— Stage0— Stage 0 DAG
[ Task | [[Task | [ Task | Task
Task || = |[Task || — |[Task || = |[Task |
RDD| RDD RDD RDD| Job2
Narrow Narrow Narrow Wijde Narrow Wide Narrow
Stage 0. —Stagel | Stage2 DAG
Task Task [ Task | [Task ]
[ Task || = |[Task || — |[Task ]| — |[Task ]
RDD RDD RDD RDD| Job3

1 Job, Stage 1 Task Bk H

TEPATIER T FAL S, B T L2 H 1 K =8
15, P B I 1T 32 16 8 AT SRV R BT I ) X 2k R T
Spark ~F- 5 B3 4 B K HOHE 1) = . 9, AR SCHE K-
means HIE TR LW A 10 SRS 0 BRI SRR
H OB BCR B E U RDD 43 X, A AL 5 R AT 1Y
HARRFE IR 2 Fizs. 32 2 W Par 78 79 X 3, w Al
B 53 5 2% 7 A R 58 B R v B2, a S04 0 11 1 4R
B, B U 2 A CPU A% I B4 1%, aPar %R a N 51
X, maxTter 3 7~ fix KIEARIREL, AW e 20k, &
SIS I, FE P BT I FE P ERI IR A R RO kAR
AT LAY B, S BRI PAT BRI, &
A EUGAS R BRI AE R (key, value) 3 2 )5, 7F
PAT IR LIERRAGTT 21T B 58 L IX.
2 WSS
2.1 XWHEETNIE

AR FH I S50 B4 2 2 20 0.5 m 7 a5
4y b g T [X ) WorldView-3 38 J& 45, 5256 P 254
1 e IEL, AT 5 AT IEARET [ b, B8 43 X
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*2 MUEEFRE

Ak S5 4% Job VELIME 5%

Job 0: LA FI7E 3R [ EUR SE A T T (1Par)

Job 1: 5 HHEEE H colName= “w” , colName= “h " 5 £ 5341, 5 AH [7 key Xf B2 IR — N4 2%

H & LS4 spark.sql.shuffle.partitions (aPar)

Job 2: K -means 555 s 42 R FE, WI4H 1L 20 (numPartitions= a, k = 5, maxIter=20, seed=1, replicas=1)

Job 3: B ALIHFE
Job4: Guil R4 P T E B HL

Job 5: % RDD 2820 {1 B 5 A0 Hi 4, 131 IR0 £5c 48 i B 3] driver i

Job 6: %f Row T BGAT INAN, I fRA7 45 R

Job 7: ¥ RDD 78 Fty Bl e b J9 52, (R e i 1 IR driver i

Job 8: Zi 1A [F] value ff14~41
while (Job 9: collectAsMap, reduceByKey) do

BN coalesce() 5T, 1 ( key,value ) # 30 RDD [0S 2] driver i 2 B — 4> Map, H-%AH [F] key (198048
HEAT AL B, B A key AR — 2510 3%, H € L RDD 43 X AL, iEARHH5, P31 52 1Y maxter X (aPar)

end while Job 28

Job 29: # RDD FE R [ty $f e Al i 2, IR il 4 HU R dieiver S

while (Job 30: first 5 1)

IR [8] RDD 5 — AT 3K, R R B R, I3 O, i i kAN TR0 (1Par)

end while

Job 35: #Z IRAFAN TR .01 RGB (RN IZ R (8 3R B B 10, fa ) H 45 R B, 5% P sparkContext

. A S AH 1 Spark SZE6 T 6 A2 HIIM K 22 4A
7 F| 73 £ AMP (algorithms, machines, and peoplelab)
S PO I R B H WA AT BT &, 8% H
#AE Windows 10 #:/E R 48 F, i 4F SR AL B A5 B
Inter Core i5-5200U VY #% 2.20 GHz 4t PE %%, 16 GB
W 17; Spark 4 85 19 #H ¢ e B WA {5 5. Spark-2.4.1,
JVM-1.8.0, Hadoop-2.7.7, Scala-2.11.11. 74 3 52 4% 13
£ Java i A2 15 5 B4R BT K 355 Intelli] IDEA H14
1T. BT Spark [ A /75 BEACIRAE AN RAE R G
A B AL B P AT AT Java E AL (Java virtual
machine, IVM) S H0% B UTF.

1) -Xms: ¥Ia6HEK /], 4 096 MB,3

2) -Xmx: i KHEK /), 14336 MB;

3) -XX: MaxPermSize: £ A& KAH, 6 144 MB;

4) spark.driver.maxResultSize: 5% i MemoryStore

J{E, MemoryStore % [ ] 1 57 PN A7 £ 4 A7 i At 5
R 47 57 #7# RDD, 8 GB.
22 LWHERSHH
221 FREHE LR

72 18 BB I B b, SRk 1)1 %2 K -means
ERPRITPS ii%ﬁﬁﬁ%ﬁ@l BRI T % T
B e TR TR R 2 R B H R B R G s T T,
F DAL A 00 B2 P4 25 é’éﬁiﬂxﬁl% — R, A7 [F] 3%
FRIREL, T2 AR BN B 2R A AT, R 25 4 3 R ]
85 E1 S bR A I, 30 75 5 18 TR 2R A AL W] AR,
AN i 2 computeCost 45 S {8 5 /N SR R E k. A
SCIE B 2 T VAN [ LX) World View-3 2 /&%

K14, H R SF 15001500 14 2. Horb: 8] 2(a) 3 %
BE R EH K 2(0) R TR A
W B 2(c) 2L E B AL W AN TE B
2d) EEAE @R P B ERAAFINLAEK

(d 5 %’éﬂﬁ%
2 35T WorldView-3 1B B E{&
Wil 3 Frw, % ER S5 HL 40 S B Rk SR 40, 15 2
FRH 'ﬁmxﬁkﬂiﬁﬁ%%,ﬂﬁﬂi@r«xﬁkﬁ 15 iy
%% SIERHL. BEE RG22, BB AR B RN,

(c) 4K

BB T 20 LU, WA T RoE. il
it 3925 281 15 2(a) ~ B 2(d) BIE 7 24 N 408, B
FKHGTNN6,4,5,4. HILATAR, SEILAL S A R A
Vi UG o B 2R EC BT AN R], {H 5 ST S 56 Hh 32 22
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222 BT HIFMTERE X LK

A S5 B 7E K Spark P & K H 4T K-
means S IR B G 4 B0 A RO, IR 5 R AT K-
means HIEAEXTEL, Y Scala B E M EEF. NG —
K-means 551 F WS4, 2 XS — W€ AT
5T EIEN R RN S, | KA RN 20. K4
A 10 H MK BB, Kt a~j AN FEHKEE, 1~

35N R G A4« Spark 31T K -means 5%k 43 #1] 15
% UL J K-means 5775 5 AT 45 # E &, B 4(al) ~ E
4G 1) X BT B AR RS 73 1 9 876 < 699+ 1987 x
1874, 3330x2657. 3920x3843. 5142 x 4784,
6117 x5755. 7005 x6619. 8133 x 7555. 8853 x
8875.10314 x 10212.

ML B, B AT 5 04T BE o B R BB 45 R
FHZEAN R ASOR AT 73 1 1 PG e B 70 B R E
B b T XA ZiiﬁﬁﬁﬁﬁSparkﬁfFﬁ K-means
FE 53 B[R] b B O0 5, T AEE SR IEAT 7 F 5L ) mks
FE. R, THE AT 5 94T 70 E1 10 2 F 3 AR AT Y
SPIE, CLIAE gttt Edis. AT B0 AT JE
i L SN

=/
HZHA

T,
ﬁ. )
Hodr: Ty FROR AT FIL W IEAR ), Ty, R B AT
IR EAR ).

Bl5 BT N FEAT 5 B AT PAT B [RL R AT 5 8 AT
() i b g vt B AR B A R RS BHR ORI B AT
FNFHAT BE S G 5y I HEARES 7], 6F R AR 7E
1o AT G B AT 5 AT B 0 B, % L (1) 9 il
A HEGAR R BN T 8.848 x 100 I, B AT B AE
PATHF ] _E R34, X 2 KU TE 6 3)) Spark T 6 B, 75
FR S HI EMNFT AT Scalaili F . IVM &S — R
F1 (R I B, W SRR FH AT SR 4y /N RS 8 K
BUG, W AT HAE 1544 HR I (R AS 2 DATR AN T 3 391
FEMmS ). 2 BB AR ZHOK T 8.848 x 109 B), IFAT 5
AEPAT I IR) | TFAG AR, I H e A UG OR U itk —

Ty =

(c2) FATHEIEER  (c3)
(c) BEHRR3330%2657

(1) BUEER T HIE R

(d2) %u*ﬂ@% (d3) $T%§ul§l%’

(d) BN F3920x3 843

(d1) ﬁ?ﬁ‘*l%ﬁ%ﬁ

(el) FMEIG  (e2) HiTHHIEIEG (e3) EE?%%'J@@\

(e) EIERFS5142%4 784

(F2) JEATHRIENR (£3) 175 HIEHE
(f) I1?RT6117X5755

(f1) s

(gl) AR (22) JHATAEIER (23) i EER
(g) BB 7005%6 619

(hl) GHEE  (h2) FETHBEGR (h3) HiFEEE
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8K, FRAT S AE I TR RO T A R R 98 T
It P A5 L D 386 A R A SRV PR 2 AR K i) 39 i ) S
KT IHAT HIE R IR, 2 UGS 808 51 108 1, 7
AT RE R A — BRI, I H g, RoR AT
0 FT R A B 1 AR R ST BRI f oK. M R R ST
8853 x8 87514 %K (R HK XN 7.857 x 107) i, hiis bk
FIWEAH, 7] LUA H B Spark 317 K -means 5 yA XK
S Sl YN RS N ) 1B S S 3 S
B AT BRI A B KPR FE. bR b fEA
SC ) S Hh Ak R A KRS % R 10 866 10 908 14
2%, LA FE A i . 12 R TS 58 BT I A N TE ML
T T AR, 7 VR A 7] X B 11 Jo e A
PR %, 1 B AT 2 IR, TR R A
HRI A1 4) B RDD 43 X A8 TG 78 70 F1 FH 947 SRk
KITHEAR . 256 KE, A SRR FH A A
TEHN 5, £ ML _E 5 Bl Spark 74T K -means 43 %]
TS M, 5K 1 S8 Hi i 4 vT LAIA 31108,

200 — 1.4
0O 47 1.335
. RAT 1257 1.2
160 —m gy 1164 Lﬂ 1.268 | 50D
@ 1.019 11.0
= 120{0.97 17026 2
= 10.8 &
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