ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 36,No. 2,Mar. 2021, pp. 280—288 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2021. 02. 009 Tel/Fax: +86-025-84892742
© 2021 by Journal of Data Acquisition and Processing

EF K-means F1 SOM /K MERBZBHMIBEBREF X
woR, FAE’

(1. B FRHE R FREEEARTRRBE, AR 611731;2. B FRHE KW AP TR AR B R BT AL R T, T
611731)

W EMAESFTRDEEETEDEE IS TR, KB FEHEMNFREFCLERA LY
MRAE ., AP KTREERENEEKRIBBERELIBRTREZRABENERN ., KRG AK
TAEERE BN MEBEA P AREF EABREGFM, LXK 7 F 28 f 4Rk 4(Sell-
organizing mapping, SOM ) *f #4 & 35 ¥ & AT R 2 R AR AL L 22 | 25 &AL 89 %42 B T F= K-means H % &
FBENFRRESE ARARSEFRERENT EFINERABZEEFR2AGHERE S, REiET SOM
13 3] K T AL % A (Autonomous underwater vehicle, AUV)B]| EANAHKBEREERER B RILRKZ, &
HEBEIE, EKT 1200 m X 1750 mEE AA E OS2/ REH B R T, R E S0 T4
B ERZEAXNREAARR 69 REM P12 B BHAT 6.7% ;58 E R E 5 EH LT A AREEIR
RN RIERBEER RO REBRDT 122%, BhEREFTEOHX T A4 RLKRHEMA,H
R A ZT ET ARG K TIEARERE R E,

FEEE: Kmeans H ik ; BB Z ML L EE R B WA B 2AR HERE

hESES: TP317 MEtFRERD A

Data Collection Method of Underwater Sensor Based on K-means and SOM

HONG Yue', GUO Chengjun?

(1. Institute of Electronic Science and Technology, University of Electronic Science and Technology, Chengdu 611731, China;
2. State Key Laboratory of Communication Anti - interference Technology, University of Electronic Science and Technology,

Chengdu 611731, China)

Abstract: With the development of marine resource exploration and marine pollutant monitoring,
monitoring and collection of hydrologic data have become an important research direction. Among them,
underwater wireless sensor networks play an important role in hydrological data acquisition. This paper
studies the data collection of sensor nodes in the two-dimensional monitoring model network of underwater
wireless sensors. The proposed method optimizes the path of sensor nodes by using self-organizing
mapping (SOM). We combine the optimized path graphics and the K-means algorithm to find the path
internal aggregation point. Then we find the data acquisition point within the sensor communication radius
through the aggregation point and the sensor node. Finally, the optimal path of autonomaous underwater
vehicle (AUV) to each data collection point is found through SOM. In the verification experiment, 52
sensor nodes are arranged within a range of 1 200 m X 1 750 m under the water, and the path obtained by

data collection points is optimized by 6.7% compared with the path planning of sensor nodes in the same
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acquisition sequence. Compared with the optimal solution of sensor node path, the path obtained by
reorganizing the self-organizing path planning of data collection points is improved by 12.2%. The results
of increasing the number of sensor nodes are similar, so the proposed method can improve the data
acquisition efficiency of AUV.

Key words: K-means algorithm; self-organization neural networks; wireless sensor network; path

programming; data collection

51

ill}

Wi 5 U T B R R T e W A D A Y T R 5 R O TV A K SCBSUHE BY SR B B AR A T R R A
HrpoK N JC £k B 75 M 4% (Underwater sensor networks, UWSNs) s 2 X HEE B REMNEERE R 2
— o KR TC LA R W 25 T LIRSl HAR R AN TR] 43 22 Fh R Ge a5 A0 . i an , AR 4l W 00 ) 25 i) XA
] KFORT 43S 2 = 2 R 3 7 A W 0 £ 3 L AR SO SR R I T T B A 1 A M o 2% 2
K o HEIZ B v | A AR 0 B B A TE TR IS, SR A B 0945 B8 i K R HLAR A (Autonomous underwater
vehicle, AUV )& I AR | Fie 2085 R4 B 10 1 I {5 B SE IR b A% 3% 45 M T R 481150

1 AR T U A i T A 2 A K A TR — o M TG T KT E R I A K A O L ™
i, ANIE A AR i XA S A T =, K AR 4 il xUAE S AR R — MR Ak R TR RMBE TR B A B A BF
FETHE 0 IR R E 75 T8 B IR K P AL NS B R G, S8 BUK R B R 58 UK Bk N F Bag i,
T T U B U TE A MRS T BT LAOK G SRR S A TR RS . AR K (38) Woods Hole ¥ VE R 2% BF
FERAE TR 25 R T, S B0 185.2 ke (100 1 HL) 34 7K 7 38 11, B0 % 0k 1) 1 Kb/st) o 36 [ i 2 21
P14 S5 6 P S R 7 A T OO 2 ) 8 K P I 4% e T T PR AR K R AR B R R R £ RS i
TAEMG AN Bl e v 802 LA Ry TR i A 42 ok =28 TR 3 TR B A B . E AUV BRI L2
B2l AUV X IR S5 08 T 75 A% 46 A% 8% 0 52 90 I B8040 SO 4R 0 — > LR B iy 2k % i 76 i 1)
AUV A I 35 s AT B0 R 4 1 07 s v, AN AR BB AR LRI ). 2014 4F, Basagni 55 42 H T — b
TR A G N AUV B AR BRI ALk S B T AR R 9 £ B i iR R Ak . 2012 4F  Hollinger 4517
P T R S HE B TSP Bk s Iy fe R ST A O ISR B o R SR T B F Kemeans (9K R 1L AR
W26 AUV Bt i 75 vk 3l it K-means 3 53 24~ W 246 2 09 7 6 77 A S R BE AR o AR SRR B XKCR 1%
AR SRR 0L T, AUV BE AT LU 5 5 85 SO0 DUAR IR AL RS AL #E 5 »SUR T RE A AL B AR o AR IBRER T
TR SRS 0 28 B0 SCRN . FH R Ge Bt A7 AF DA — BB B SE 2 o) AL SR A8 T i B BR 1 5 i b RE 5 4R
AR RE I AE SE B M R N E = Kd", RV B o 35 hn 23 38 hn A% s 0 i e e 5L Tk, — i
AT RSB AR AR B E AE 100 m BLIN s 5, i A7 B 07 R s b PR BE ) A = A o

A T a5 2 A2 B BRI, AR SOR B AR 218 o 1B 8 100 mo SRAE AR E N 38 15 48 o T 35 IX 3k P E 5
9890 m 1 ST s AUV B3R B0HE R A sl AT Bt R 2

AUV R 8B B 2 ik 47 7 ( Travelling salesman problem, TSP) [nl 0, H 41 23 W 5 % 2% (Self-orga-
nizing map, SOM ) J5 ¥ J& fif e TSP [al @1 Jr ik 2 — o FE Ge 9 B )7L A EL , SOM W 45 R fig e 5 51—
A iy i = 1 b TR NS R R AE . SOM 5 Hopfield 4 28 /9 45 DOV 3 Ho s, A0 343 7 T Ho ke o 1
B ARy de /MBI G, R AT B PR R R B RS T

AR SC e A SR A DA TR Y B BB SR R S B A ), HUA A R AR U B, A e ] TSP i
TR o SR AE S W 37— 5 1 2 P AUV JCE BOE B3k A4 BA8 1 &0, 55— Jr T 57 4 38 19 SR 4
SR DA A B AR B B R . AR SR K-means B3 B B 8 7 538 (9 SR B R

=



282 e RE B LI Journal of Data Acquisition and Processing Vol. 36, No. 2, 2021

1 SOMMREEMNUNE X

SOM i 4 900 P 0 2 92 0 BI85 00 R 090 27T L W0 26 TE W 1 L 227, 24
T M 2 T S — 1 07 50 2 0 A 26 T 2 T 00 22 T A i 3
AR i 0 26 78 20 % ) B0 AR 195 (OB . TSP ) o 44 0 28 e ok R 5
A P AR s RS 02 D 38 LS 6 47 92 27 0 0 B fE R PR AR B T £
ST 0 M B 2 T 3T 5265 5 0, B3 i 2 T 015 4500 1 21— 2% B
i A

00 SOM AT TSP I i A JZ 11805415 2088 — e MR 15 0 R 0 A0,
IRAERR(C, C)FRRILOL R 0 5 0 2850 00 A (85 4 52 0 2870 1l — R, M 2T 0 (0
[T TSP A3 AT R T4 15 40 0F SR 2 L 4 R H0 2 T T — BB b 16T W B
(R 5128 0 2 5 2 T A1 45 R 15 2P O B 3 e R T ot A L
T B S A O8I

C'=(ct, i) (1)
555 A R RURH DG IR A AR 119 1) B R ORI U
W, =(w;,, w,)" (2)

SOM BT -

(1) #ba Ak 2 & S ARUE w,€ (0, 1), i=x,y, j= 1,2, =, n, [FBHEESTHE a(r)
A AN B ILPR B S (d, G ), ¢ 9 IEARUREL, T 9 J 2 T OB . A8 3 ek B 3 /s 7 A8 3R (5) Hhofl s 1) 3 ik i 222
TCHY AR

(2) BEALLE B — P REA R fR  an i A JZ IR BEAT b e AL AR PR, B ofie A Ak B8 A9 £ T 07 (8 25 R (4)
HR B BTG B B LA o AR M i 22 0T

i — @
I (P AR E
(3) X4 2 004 T 7 P L AL 3 0 D R 3 R B B
‘W:nﬁm: et (4
T L, (w, T
(4) T AR A5 O RTEAT 8 HE A5 40 W, 2 ] 9 1k FGB5 B
=117 — W, I=T(e! — w)F + (e — )T (5)
(5) MU 8 (4) HH0 7550 10 B 5 2 o 4 e /I OO B B o, B R 267
d.=min[d;] j=1,2,3,-,m (6)

(6)20 T In) H AR ST, % 3R M w28 70 S LA ek PN A 28 o %) BUMEL A 307 T 50, AN AR AR 3 P 1

M TE, WA S
Wi(t+1)=W,(t)+ a(t)f(d,G)[C'— W,(1)] (7)

(7) AW 85 AL BR (4~6) B 3 35k H bR 2 AR B 2 ) SR B0k SE M 1k

FE SOM 2% 2] i B v | 27 2] SR 3R o (¢ ) P8 2F > B ], 452 2 330 o () i R, X AR #2301, W) 45
T BORCEE A9 TR R S KT PR AR R Y B e 1 E S AR E M . MR FE T MR o () E /D,
X AR T 0, D) 23 3 AN ER 5B R /N, DT fofF g SR EF ) ek o 2 2T 2o AR o sl S i A 2 S T
VI pR I — [m) 5, 2% ) R R



# B F. AT Kmeans A SOM K TR EZBHIEREF F 283

7) (8)
g WU BEE 927 2T s (1) e 2097 2 38 a(0)€ (0, 1); 2 R i ARUHE; T o 48 58 1Y I AR
Bro MO AR AL S (d, G )R] LLIR] 2 ) A8 — R O sl A5 0 T BOR A o 3 2830 S8R AR, AN AT
DU 27 o) 2o i, SCRT DAPRIE 2% 2T B e SR W8, I EL AT DA AR 1200F
T PO £ A1 A T RE AR T LR 2 A 2B R R 1000 -

IR S AR 8 R B R 800 |
Fd.G=e (9) £ eo0p
2 s G A IED A R B85 0 5 B L o Ry A1 B 28 T R R v 2 4001
I 200 -
SRS R ol —Sensor node path
Vel = ¥ \ L 1 1 1 1 1 1 1
z[x LR H i =L ééz\ %ﬁ fty TSP ﬁ%% ’ ﬁ 516 2 0 250 500 75010001 25015001 750

1200m X 1750 m 14 52 4> f 18 8 1945 4% 76 47 90 o 6 3 */m
SOM ) £ B0 T LA 30 0 1L 0 B e AR P . gt som T TR D SOM BRIV
R B 72 K B L—7 87459 m (bl L —7 542 m) Fig.1 SOM path planning diagram of sen-
W 1R

2 K-meansEZXZSFIHXELNE

K-means 5 7% J& — Fh @ o 1% AR 7 19 38 26 70 #3320 . Komeans 55 3% iy K AU R 2878 4L
Means {3 28 % N B0 X R B0 4 {8 . K-means 53k LRI R 8 4 S S0 X G2 18] AR (000 52 4 i s vfi, B
R G 1) B4 B RN e AT A AR L R e AT TR AT BE A R — 2R

K-means 535 B AR S 8308 38 0 - S AR 3 208l 19 Jo e R s % — S i i KAH, AR i 8 KA 40
IR BTL o T Kemeans 5896 02 55 % U081, KA1 06 A 1Y 500 07 15 06 6 0 d i B SR 2R 45 SR Az 17
I 1) 0 AT AR RS ) o A SCAR A 2 1045 T SOM B30k of A% J8 s 5 o i 28 L 11 0% 19 4 B, 480 R T 41
RAEH L, M K=4. K-means 5k 1 Jo 0 K dfs 28 47 AL BE R KO0 42 He )0 B A 1< 1Y — 4k A
R

sor node

Comins Cy win = min C(c,, ¢,) (10)
Comaxs Cy max — max C(c,, ¢,) (11)
o =0, = o)/ (Comax — Coin) (12)
¢y =(c, = ¢y min)/ (Cy max — Cy min) (13)

IR G AR 4 S0 IR 2SR o i & R (0.75,0.75),(0.25,0.75),(0.25,0.25), (0.75,0.25) 5 £ 5 AR P
B B 2 R 40 o e e v R BE B 1 B A 0

dist(c;, c)=/(co — ¢, )} +(ciy— ¢, ) (14)
SR Je AR i T T8 S P 0 KRG a0 2 5 0 B AR BRI A T EERT T AR
Center, = —— C, (15)
]

A M R A FRE T | M A S O (B R B TR 4R 2 O
IO IR D B9 AR AR AR AR EDE BT R 2R PO 1 AN FEAE A O Ik 5 R R PR SRR O AT
A I 5 A A JRCE SRR (9 AR AR A 2 BT

T RN A KFE L AL A6 A = B B D7 I A S IR B89 A b o3 S A3 B 4 A4S 28R




284 e RE B LI Journal of Data Acquisition and Processing Vol. 36, No. 2, 2021

w9 1 TS A, L 2R PO BRI R A TR T R B ORI A 4 SR O I A AR 1Y A
ML B A o, IR 3 T

1200 F °. 'gensor noge 1200
« Sensor node
1000 o* 4 Sensor node 1000 |
. = Sensor node
800 - . *Class cluster center 800 -
a : . * o . g
E oo} et . £ 600}
~ . a -~
400 | o * 400 +
200r8° 4. g 200
o, . . ke 0

0 250 500 750 1000125015001 750 0 250 500 750 100012501 5001750
x/m x/m
K2 K-means & AL RS SR DO Kl 3 K-means 3 1k 28 o0 78 B R 4%
Fig.2 K-means algorithm sensor node class cluster cen- Fig.3 K-means algorithm clustering center in the plan-

ter ning path

ML 3 AT L7 H 4 B 5 vl 0 B0 7 0 K0 8 428 (0 P L A O 24 0 20 B B AR L TR 2 ]
DA HT H T2 2K R P B9 5 AT A B /0 AR AR 22 SRR, TR I S B 2K A v AL T A A
Sl 5 4 1 PR S T S (R A 5 SRR R

K-means B J5 B0 L4 00, SE B0 AR 25 5 L MBI BE e . AR W I L) T AR IR A iR KM
F) 2588 p s H R B OR B A5 A AR SO B3R
3 EEimiE

FRHE T SC YA 28, 15 26 AR 0 s JR 245 03 e SOM X B A2 10 47 0001 5 9% o A6 4 10 S0 L i 72 396 47 )
W53 WE B 2 K-means 5350016 2558 o0 R KA 38 i K-means 8026 118 H B 20 10 285 b 5 BLVRMR 41
2 (16) 8 32 R AR A
Ly G (m,—c,)Fe,
Up, — Cop (16)
Jm,— . +(m,— ¢, =90

A U, up) AL, Cle,, o)) BB T4 kA ZEHE O AL AR 50, M (m,, m,) A RAR
o BJa N REE ST R LA A S PR B — O G A R AR T AR AR i 4 Oy AR B R AR
55 OO R S FE AT SOM B AR M R 15 2] i 42 . BARBE AT .

(1) A n A ZHEAERAR AT S (CY, CF e, C) 55 g T S AR TR R CO (2, )

(2) ff Fl SOM X iy A A% 18 8 75 50 F 47 B A2 A R, B 45 21 B 42 & 2 )7 91, «,=0.8, P & T4~
B h 8n.

(3) P AR IR T RUAL LB AR 1 X L AR bR 2R P, % BB #4770 0, B 8 I 6 28 b U DA L K
Y 1H

(4) ffi FH K-means ByE AT R h0 8BRS Uluy,uy) b=1,2, K,

(5) AL I as W R E B P O MRAL IO THER R 2 D RE S (M, M?, -, M), B R S AR
wJF

(6) X R4 di 4% UL 3R (1, 2) 19 2 0 17 90 3% 2, 19 31 A2 B A 1

(7) XF R S B IR (1,2) SOM 58 dEAT A2 JL R

my —




# B F. AT Kmeans A SOM K TR EZBHIEREF F 285

4 WA

7 SC A S 06 R0 SR FH B J2 TSP RS B 1 200 m X 1 750 m 38 [l N 52 A& AR 1 S AR BE .
P 4 T 7 o2 SR AR AR B 1 AR 1Y R I AR R R B0 B AR BT o IR 4 AT DU B 1Y A 1 7 U B AR K
JER b= 7 347.49 m, KIE SR KRB A (H IR 22 T 07 XU 98 TC, T 58 47 AR ML o

P 5 g A i 1 et I A R 00 8 B A SR I A R R B A — SR P B R AT XS L o BT S v R R AR
A IR T R AR R £k B S R AR R R A R AR ML R R, T LU R AR AR A R AR A
g TR Y A B AR ML) 3 ) S

1200 F 7 -
1000 / \
1000
800 800 L
E 600t E 6ol -
~ ~ \
400 | 400+ 4 \
, \ \
| r - -- -~ < ~\\\ 1 -
200 | 200 == Collection point path /
) ) ) - 0 },—-Sensor node path " ---1
200 600 1000 1400 1800 0 250 500 750100012501 5001 750
x/m x/m
B4 SREE AR LRI IS SRR R AR RS 5 A AR ML R 1
Fig.4 Path planning diagram of collection point Fig.5 Path planning diagram of collection point and sen-

sor node

6 S B g AT AR RIS RO, b= 6 721.65 m. £ 1 W ERAR K BEXT HLAE R g R 1R ¥,
PR AR T R B R LR B (=7 87459 m, RE MU AHR W EZ I T A MWW HEERKERN L=
734749 m RAE T 6.7% . MRS TSP B 4 AL 0 e AR 1% R Y SR AR L= 7 542 m, W ORAE S
BRI S PR L= 6 721.65 m AL T 12.2% . BT LLE H | 3 o AR SC 0 550 1 76 A5 31 R 48 05 119 W) s ] LA
A2

1000 -
800 £1 BEKEWHLER
§ 600 - Table 1 Comparison results of path length
~
400 F S 1) SR /m e f#/m
200 | FE IR AR 05, 7 874.59 7 542.00
. , , : KA 7 347.49 6721.65
200 600 xl/&oo 1400 1800 Y 6.7 12.2

PI6 R e T A2 LA [
Fig.6 Repath planning diagram of collection point

AR YR SR BN T AE 2 ARG SR AR s B IS 0T 58 0E % 7 I 1 S AR o LA B 43 i)
Bl 7~9 R o B 7 R R7E 2 500 m <4 000 m B il A 48 A R 2 15 0 Y A2 B R 45 3L K 8 RO TE
2 000 m >4 000 m [ 7 [l PN 100 A% 8% 2% 717 50 Y A2 0 A 45 1L, 181 9 R 7E 2 000 m X 4 000 m 13 [l
150 /™ B8 19 A5 00 BE AR LR 25 51 o AR A 7 045 B 1) BAAR SR In 2 2 IR



286 e RE B LI Journal of Data Acquisition and Processing Vol. 36, No. 2, 2021

2500 F — Sensor node path 2000 -t — Sensor node path
--- Collection point path 1750 - Collection point path
2000 15601 1 7 A
1250
g 1500 U
e & oo} R 3
1000 > 5otk
500 | 500
250 £ S [
0t . . . . O, == : . . .
0 1000 2000 3000 4000 0 1000 2000 3000 4000
x/m x/m
Fl7 A8 R &R mURME AR T s B A2 ML A8 1001~ 4 5 A% e 19 5 A2 LR 1]
Fig.7 Path planning diagram of 48 collection points and  Fig.8 Path planning diagram of 100 collection points
sensor nodes and sensor nodes
2000 - — Sensor node path
1750 'S.« Collectlon pomt path
1500 RN K2 FARATRAHXEER
g 1250 Table 2 Experimental results of different nodes
—~ 1000 F
T o7s0f 5 /A 48 100 150
500 .
250 | % fﬁf“‘/ Lt 16 761.85 24 001.43  28693.43
0t, . . . .
S 5 42 12
0 1000 20000 3000 4000 RELMER 5770400 2256760 2683617
x/m B /m

B9 150/ R AR s A% JRA0R 5 i A2 ML R [
Fig.9 Path planning diagram of 150 collec-

ek / % 5.9 6.0 6.5

tion points and sensor nodes

U\%%Zﬁﬁﬂu%tﬂ W 7 A2 e 19 s BN, G R T B S B U B R B A R 48 R R
T I 2 IR 100 AL AR Y s b LB B AR KA AT LA AR 6 06 ZE A o

5 HRIE

A SCH H K-means 5535 F SOM % 428 B840 551k XF AUV SRAE K F AL 28 Bt i i A2 b A7 Rl . 35
1% e LX) At SR A I A KA TR EAT ) A5 A BT, T A5 B0 0 A R v, G A R R T AT T R TR
IR E A0 O0 T, 2338 e BE o 2% 3035 1 0 2 L B85 4% JRR 1 A B2 90 m 1% 400 , 552 B mIT A AR 418 2 &
S KA TR REAE B k. AR U AR SCEE T AUV i B 5 A G KT G R T s A R
FEVRME AT, T R SSM B AT R4 B 2% , T LA nT DA 4 S 1 %) 4 7R A 0 A7 6 A R, o 2 7 L TR
S AR TR 5 4 (R VR K X B B b T R AT SRR TR A BRSO T A sk
Ab 3 A AR AR Y SRR BRI N BT L T BN AR — S A R R L AR B AEAE OUR 3 o 2% 4R
WAL — IR

5% 0k
(17 RO AL IR 45 SR SE[T]. S AUE (L2 31, 2019, 7(4): 19-23.

XU Huibin. Algorithm research of wireless sensor network[J]. Journal of navigation and Positioning, 2019,7 (4): 19-23.
(2] RJE, EhRRIE BN R HE TR R AR T AL N A S Sk ] T LR G AT, 2019, 28(2): 125-131.

ZHANG Tong, MA Xinyuan, ZHAO Taifei. Underwater 3D sensor network coverage algorithm based on vertical sampling



[10]

(11]

[12]

[13]

[14]

[15]

[16]

[17]

B F . A TFKmeans /e SOM K TR ZEHELEF & 287

[J]. Computer System Application,2019,28(2): 125-131.

B . Tk A R IR 245 A i Bk U RS (] B LT B, 2010, 27(9): 1467145,

GU Jun. Research on wireless sensor network coverage algorithm and simulation[J]. Computer Simulation, 2010, 27(9):
146-145.

B BB RS TG AR K s AR (R BRG] S AR R, 1996, 6(6): 13-16.

LI Yiping, FENG Xisheng.Information system of the uncabled autonomous underwater acoustic robot of explorer[J].High Tech-
nology Communication, 1996, 6(6): 13-16.

K] FET FPGA /K75 W iR i AR DFFE [D]. IR AR, 2011,

DENG Li. Research on coding technology of underwater acoustic communication based on FPGA[D]. Wuhan: Huazhong Uni-
versity of Science and Technology,2011.

BASAGNI S, BOLONI L, GJANCI P, et al. Maximizing the value of sensed information in underwater wireless sensor
networks via an autonomous underwater vehicle[C]//Proceedings of IEEE INFOCOM 2014.[S.L.]: IEEE Communication
Society, 2014: 988-996.

HOLLINGER G A, CHOUDHARY S, QARABAQI P, et al. Underwater data collection using robotic sensor networks[J].
IEEE Journal on Selected Areas in Communications, 2012, 30(5): 899-911.

PHR 26T K-Means B /K T & 1845 1 245 AUV BRI I s BF 72 (D] 4 A3 8 Tl K2, 2017,

YI Jun. Research on AUV data collection method of underwater sensor network based on K-Means[D]. Hefei: Hefei University
of Technology, 2017.

AR AT L | O Lk A R S R (M. b Rt AR AL, 2012

YU Chengbo, LI Hongbing, TAO Hongyan. Practical course of wireless sensor[M]. Beijing: Tsinghua University Press, 2012.
P A = R T R . = 4E R T 55T Hopfield #2825 (1 6 A2 B0 53035 [T 1B ML A 5 4, 2019, 36(10): 113-117.
XU Wei, ZHOU Lanfeng, ZHANG Minrong. Path planning algorithm based on Hopfield neural network in 3D terrain[J]. Com-
puter Application and Software, 2019,36(10): 113-117.

BEEALET LA T SOM BT [ PR 1 20 FEWTFE[T] TR BB I 45 58, 2007, 16(3): 318-322.

LI Chunhua, LI Ning, SHI Peijun. Classification of cultivated land pressure based on SOM model in China[J]. Resources and
Environment of Yangtze River Basin, 2007,16(3) : 318-322.

KEMAL A, ANDREW N. Self-deployment of sensors for maximized coverage in underwater acoustic sensor networks[J].
Computer Communications, 2009, 32(7/8/9/10): 1233-1244.

WA - RS 5T ST IR M. M A I AL ST HURC T AR AL, 2007,

KOSTANICK H. Principles of neural computation[M]. YE Shiwei, WANG Haijuan, eds. Beijing: Mechanical Engineering
Press, 2007.

LIU Yuanchang, SONG Rui, RICHARD B. Intelligent multi-task allocation and planning for multiple unmanned surface
vehicles (USVs) using self-organising maps and fast marching method[J]. Information Sciences, 2019,496: 180-197.

WANG J K, MENG Q H. Socially compliant path planning for robotic autonomous luggage trolley collection at airports[J].
Sensors, 2019,19(12): 2759.

FAIGL J, HOLLINGER G A. Autonomous data collection using a self-organizing map[J]. IEEE Transsctions on
Neuralnetworks and Learning Systems, 2018,29(5): 1703-1715.

7ZHU Dagqi, LIU Yu, SUN Bing. Task assignment and path planning of a multi-rAUV system based on a glasius bio-inspired

self-organising map algorithm[J]. Journal of Navigation, 2018,71(2): 482-496.



288 e RE B LI Journal of Data Acquisition and Processing Vol. 36, No. 2, 2021

(18] e nUhsy , Thse . Tk Y 1 4L ER W 010 SRt TSP [A) RE[C/ /1999 45 v 5 4 28 00 445 5 {7 5 b L2 AR 22838 34 [S.1.]: [s.n ],
1999.
7ZHU Shuanghe, MA Ling. Using an improved self-organizing mapping algorithm to solve the TSP problem[C]//Proceedings
of the 1999 China Neural Network and Signal Processing Conference. [S.1.]: [s.n.], 1999.

[19] KOHONEN T. The self-organizing map[J]. Proc IEEE, 1990, 78: 74-90.

[20] EARF BILERE, 2k BT K-Means 8075 SOt i SCAR RGBT 5 5 92 B[] A5 B R, 2019, 43(12): 76-80.
WANG Junfeng, JIA Xiaoxia, LI Zhigiang. Research and implementation of short text clustering based on improved K-Means
algorithm[J]. Information Technology, 2019, 43(2): 76-80.

(21] BkSPRC, 22880} T K-Means 573 A4S A B A R0 (1 2k A2 06 2B ik [T]. 9 FH A, 2019, 38(11): 69-74.
ZHANG Shoujing, LI mengdan. Maintenance site selection based on K-Means algorithm and set coverage model[J]. Logistics

Technology, 2019, 38(11): 69-74.

fE&E ' 9T

HEBE(1994-), BIEEE . &,
WL A= 57 ) TR
F1, E-mail: 15108468285
@163.com,

AR E(19857), B, i+, WF
T A5 S 515 B AR
HfESHEERY

N



