F30% 3
2014 4 2 H

&k TR R

Transactions of the Chinese Society of Agricultural Engineering

Vol.30 No.3

(1. T AR SAAE B2 BE, #EL 5240255
et ol e TR A0, Jbsi 1000835

BT B B HE PAZ R RO S FF m 2 WL K BUA B R A L T

\ 1 e 234 g o 3,45
R, Faug Y, g
2. gk B AR BARIUE AR T A s i %, Jbat 100083;

x| W Ep 2,

100083; 5. Al dbAN KA TRE B, fR5E 071001)

o OE. O MEHRRER AR R AR A B TRIEOK T, S ORJC AR SRR SR, %O T A
T H AR B i B/ — e R [B A KL (least squares support vector regression, LSSVR) 7K T fif S8 £ £k 7l
DAAY . R PR AIE A0 BEI [A) 25 fi B 25 (feature points segmented time warping distance, FPSTWD) HLiE47ELE R
SR 0] 7 B AT 0 BE S AR VR, AARRIBE I 717 5 B 4R %) LSSVR BEAUHEAT P I Zitlidb, SEER
T %A~ LSSVR FALTIAELE A, Ky Tl B s )7 %) 5 LSSVR TR AL EICIC, 1 3 v 3t 32 T gt A P P A 7Y 1
NTELRTIMAR Y o S AR AR SR A Tl AR R SR K T 2 B A S IR B AT AR S T, AR PPN b vh s R AH
XFRZE S PRI T LU ZE . HIR BT R ZE RIS AT I 0] 70530 0 4.76%- 8.18%. 5.23%. 8.32 5. HFFT4ATREW],
B ICALTRIN 5 iEAR b, A B R SR A TR T B8, RS 6 AL T BB AR R FRBE /K AR O 1) SE B =k, IRk
LA = SR 7K TR T R A S AL T A

KR KERA; KR AR LEFQEA AR, LSBT WIES; AMEE

doi: 10.3969/j.issn.1002-6819.2014.03.021
HESES: TP391 MERFRERS: A

XURED, #REE, FER, F ETHEHBUBIENSFEENKRIEREALTNJ]. Kl TEFR, 2014,
30(3): 155—162.

Liu Shuangyin, Xu Longqin, Li Daoliang, et al. Online prediction for dissolved oxygen of water quality based on support
vector machine with time series similar data[J]. Transactions of the Chinese Society of Agricultural Engineering

XEHS: 1002-6819(2014)-03-0155-08

Feb. 2014 155

3. PR AN KA
4P AR S EARMEAR BRI BT TRET ST, Jbat

(Transactions of the CSAE), 2014, 30(3): 155—162. (in Chinese with English abstract)

0 31 &

SR LYK 77 IR B 7K 5T AR S T Ay B s K
SRS IK T8N A5 PR3 R 6 5 K K ot A 45
73 T SRR 27 R SR SR K A0 A 3 ) R A A
MR P WA TG NS A S A ARG, 0 LA
FCEAT AR U A s i .

WAER, O T &P L AR AL R T7 1%,
W SR 5P B g kPRI T
WA RIAE LSRR M &ML (online support vector
regression, Online SVR) SyEP 74 8 5l i) % s
R F I ) i VR sl it 2 1) 7 AT e e o, R

Wk HIW: 2013-07-17  BITH: 2013-12-06

HETWH: EFRHERITUH (2011BAD21B01); [ERFEETH
(61100115); J ZRAA M= 455 T H (2012B090500008); |7 4R
BHGHRITHH (2012A020200008, 2012B091100431); | HR 4 HRKES:
TiH (S2013010014629, S2012010008261)

PEF TR XDED (1977—), B, WZRARN, mlFdz, Wi+, CCF
SR, FENFRRETE . ARG ARG RGBS BARGII.
L )RR R0 B2 BE, 524025, Email: hdlsyxlq@126.com
RIS 40852 (1971—), B, WREBRA, #d%, Wi, #L
AR, NSRS SR R RAC LS. Jbnt hEAR
KA B A TTRE2%BE, 100083, Email: dliangl@cau.edu.cn

B B AN H 24 B I ) e 470 A1 4 58 R 5l 2 2
HIRE ), BUETIRE A FIAR . B hA 2% 77k
T T UG Y 2% SR R A 28 24, SEDUREAY 1) 5
A ST, (BAAAETH R IR R, AN
TR SR I (7] P 20 PO A5 e o B T3
WIZRH) Online SVR & H Fy N #w) V2 ILE LI [A]
Fe SRR, H it FAELe I FRad R b BT BOREAS
B S SR SR, B SRR
sk, 3 RREVETH RIS, PATRERL,
HME LA A A 2 P00 5 o 1T e /s — 36 S ) [
JH#L Cleast squares support vector regression ,
LSSVR) R A AR S A REsAE I, (H
A B TAES R, P A s R S
It 5 N ) e 510 3R BB A 6 R 4 R A A 98 o i %
Ko Gy BRI R ARz, PR sim
Bl R 1) T, Dy, — 4 [ AR DL LSSVR
HFEAL, MWAESSRIFEA U ISR RE A1 7 5(
R VSR A A T I T SR BRI
BERaAC s > L Bl B AN At S s 2y ) B T
PERES 1 LSSVR FELka: > Sk, IR T3
(TR SR e ke AR A TR A 40 B e A



156 ANV TR 23

2014 4F

RL PR ECRR R 22 UG, 3R 719550 LSSVR 8%
(incremental least square support vector machine,
ILSSVR) , iR H I UE T HVEM A8t Ak
SRAFHR Y T AR B A 2 0 i B e /D — 36 AR 1) [
JA#1 (sparse online non-bias least square support
vector machine, SONB-LSSVR) #1112, S 44k
i 25 S0 307 R AR I I B TR e /N RE A AT AR R A
R ZREPEAAR N, ARV UM 42 ) Uk A3 1) T
BN o EROR TR R0 AN [ 1) £ B8 0] £ 2k e
NS I AL REREAT A, H AR S S
R, Bt I ) e ) HEE R FE L SR I 25 8 2R
ANWTEEHT, L g ISR MO RE R 5Kk
Wk, WP R B, SEEERE
W S BTG o T A HH AR PR B AT R AS TR AH AL E o
SORBEREI B SEL . IAUE, AR & DT
VRl AR A R R H OLSSVR fEZK
AR TH SRR, ALK PR B AN % 7 I T Al b o)
IS 18] 3 7 Htls TR i AR TE HEAT HERIRRE g, A9
B R IR T AE R B, s TR
SAEE, SEALHRE Az AR ) TR

A DR A e I 17 3 1) 0000 50926 0 AT 2003 35
JETFSUINRG B A H R, &5 G AR A K IR BEK BT )
PR R AL AP 0 32 A e (R R, AE BT S 1 R Al
by BUCCRPREARRM N S AR AR A L A R, A
SCHR TR TIN FRARULEGE 1) LSSVR 7K U il 4
TELTMAGAY, 25 TR HE I R, JF DLARZ
IR T8 7K IR ) P 4 Btk 4 1) AT S AR A
PRSI UE . 5 HARBIYAT L, SRR AR
LB SR S PERE LT, AT — 3 IR Y T i 55 o

1 ARXESHER

1.1 HREXE

L9548 B 26 AE VL 9 4 B i (31°07" ~
31°37'N, 119°31'~120°03'E) , J& L # 7R/
fik, EWRBEEE, WRES/KT IR, &mitE
IKFE SR AL 16 000 hm?, I o i 28 35 5 11 A
9333 hm?, JA[EEIRAL) RFRIL S B A Al i 7
DISEEN S I (ENTIR (ST S N B TE T NE 2L
Mg 7R Emeat, MR, R R St 2 7
AR, NGB, Sy IR K TG e, 5T
WARK, MBI ok BRI, RS
IREE 2 A M ™ T, IR T I TR A
R FR R .
1.2 MRMESEIER

AHE T LAVL 7548 B % T ) B 5 A v s
WFFE 0%, SR A B AR b K 25 R 1R 3 1 K 77 5%
B W0 9 117 249 40 K = R B AE 26 R 45 R St 3R L

i 4 ) % A 2 PR B R A o s g, oK
RS SN T N N B R O S < VO R |
http://sc.agriot.net/caiotAqu/login_val.action,

FELL M IAEA R AL S 1 V4 Kl K
PHERSS . AU M. U 2 REAE 7 MEbR
AR KRN 201247 H21 H&7 H 31 H,
B 10 min SKFE 19k, Lot 1584 MFEA, A rhiliie
I 9 R 1296 MFEACIIZREE, R4 288 MFE
AAE MRS, AT B AR R 57 5 T ) K S B0
FRAREAT AR S R0 o JF Mt DU P A S BRI SR U B A%
e g 1 s .

RS TR
Dissolved oxygen
content/(mg-L")

—_—

FEA 5 Data No.
a. WA A i 26 )

a. Variation curves of dissolved oxygen

K
Water temperature/ ‘C

FEAF 5 Data No.
b. KHEAZ 1k 2k &

b. Variation cures of water temperature

R
Wind speed/(m's™)
%3 e N

(=]

FEAF5 Data No.
c. KAk T 2k K

c. Variation curves of wind speed

(=}

D N © O
S O

AR X i 5
Relative humidity/%

M
FEEEEES
R % &S

FEAJY 45 Data No.
o AR R AR A it 2 ]

d. Variation curves of relative humidity

340

A

Wind direction/(°)

WA DaaNo.
e XU A2 Ak £k 1]

e. Variation curves of wind direction



%3

KRN F I T AR AL (1 SCHRF 1) A LK ot it S AR e T 157

101.6

S
»

101.2
101.0

pressure/Pa

KUk
Atmospheric

£ AR 26

f. Variation curves of atmospheric pressure

800

600

400

200
SR
S S
- )

K PR 4R S
Solar radiation/(W-m?)

FEA P45 Data No.
g. ANBHAR AR A ith 2 P

g. Variation curves of solar radiation

B 1 RAe K R At
(20127 A 21 B -2012 %7 A 31 8)
Fig.1 Variation curve of original water quality data
(2012-07-21 - 2012-07-31)

2 FELTNMREINE

2.1 BNZRZFEEEN

X ARZE I )P SUREA S (00 y1)s (2
Y2)s e Xis V) oeor (ws Ya)» X ER" F y,ER,
KT/ e SRR 1) 5 A LA T R At o, AAk
i) 7 DA ol

minJ(a),f):%a)TahL%Zn:ﬁTf (D
i=1

sty=@ o) tb+& (=1, 2, ..., n) (2)
e JABURERE, o B, T8 EEE
55, SERNARIRK, b NWMER, CERZIE
WAL Z L, o +) i N0 8] BIRFAIE 2 [8] Rl e 1k ke
S SRR IR L AR A 1 A, LA il R
Lagrange PREUA :

L(w,b,¢,a) =

J(@.8)~ Yo, (0 px) +b+E - 3)

A o NP H T, 1 Karush-Kuhn-Tucher
(KKT) &, 3% E o b Mo ZECR S5

(3

I LA BT 0, iy
6_L:O—)al:C§l 5 i:1,...,n
¢,
2—L=0—>w=2ai¢(xi)
az) . =l 4)
—=0->) =0
ob ; l
s_L:0—>a)T¢(xl.)+b+§i -y,=0,i=1,..,n
ai

M BRI Z oo, & TR R T by R

L e
e T+y'I||a] |y

X e=[1, 1, ..., 117, T/ nxn Qe R a0,
=y yar oo yn]T, Fij:(ﬂ(xi) '(ﬂ(xj):K(xi’ X)), a=[ay,

ayr .o ay]y R (5) F3 B/ T ISTHF )
(B P AR N -

j/=f(x,a)=zn:aik(x,xl.)+b (6)
i=1

M (5D FTLLEHE, LSSVR I Zh ) U 45
JRARE M T REAL R )8, B AT VAR R R, R
TEMRF AL H LSSVR W bk, = 5t
BLHI, BEAE AP AIREAA G I, F 2R IR 2
FEAZ 5%, BUERRE4ERURG, MR HIZE A
LA MR, R PR BON R M. Py
DLAIATAb BEAE SR A ST, b S 802,
RIS, A& LSSVR HILAE L T i) O
2.2 FEFIHEUAEITE

U THRAIE 255 BE () 25 B &) (feature points
segmented time warping distance, FPSTWD) HA /g
Pt —Fh 4 R Ffs B0, g s 1) i e
BB, i SRR s R A
JEAR A U A SCRAT FPSTWD 7 it i il
JP A AT AR R V5, RIE A FPSTWD X))
SRR A S SR B e A AT REAE R B
WA B AR (cluster) 80 BT 741 4E
Fro DARFAIE 073 BN ()25 it BE B AR A AR B, A
() — AN PN R0 B 2 1) B AT e O ARRLE T AN [+
(IfZE R A G 22 0 AR o T HREAff o SRS R IURFAIE
ROEHET FPSTWD [ 1] 77 41 25040 AR AL RS T4
A7 ik r s 0] P 20 2 B B B TR) T 410 5080 A AL RE T
UG TS T

E S 1 I FPH) x REAE A 45 B P A
AP {1 =(ar, =5 an)}, WA x; & AMRFE AT
(I<iN) , ‘BRI 2 NcE: Ox; D202
8] 7 1) B AR R sl R, b e 91 (R 5 28 5%
PR KRFE R @A x>x—-15 W xilxi— > W LA,
S A, <o W x> AR

B AEL W WAL AP 5% e KT AL PR e 7NV
H A5 B AN IR TP AU S P O £y
FEA R, UL Pe[0.01, 0.1]. 757330 A 7>
HIRFIE s, 0 AH A R AR fi 8] PR s S AT L 4k
UG, BIAT £33 ] 7 51 1) 4y BR etk R

B 2: ROERRITY] x 5y LB 5 53
b x5S, b XS=<ay, ay, ..., ap>, Y=<by, by, ...,
by> m Ml n 235 x5, VS K, R mxn (R



158 ANV TR 23

2014 4F

BN ARERIFE: d=(d(is J)mens TGER d(is J)RILIFH A
Ko y)IAIEE RS . W) x5 55 ° Z ¥ FPSTWD §E
B Sl U

D(x*,y")=

0, if x*=y°

oo, if ¥’ =0 or »* =0 7
D, (3, 7))+ min{D(x", rest(y*),

D(rest(x*), "), D(rest(x”), rest(y*)}, otherwise

A DD = -y Y + (Tl -) )
rest(xs)=<a1, Ays s Ay—1> rest(ys)=<b1, by, ...,
bp—1>o FMIFIBIHAR (7) LIATEH AT L 78 40
B d, BOGAERE d TF(m, n)Ie s T RN P8
) FPSTWD fl. H£i TWD JFH 2 i a) 5 2% i
O(x|y)AH LG, FPSTWD [N [A] 5 2% 52 O(min(m, n))
gt T B, AR AR AR

FR A i 8] 2 5 s o0 B IR AU A B AN R], - 3
AL VC O R 8 ok 2 200,

OA&FHILAL, HEBRTH X, HEEMIFA
KER BT RHRES X SRR 51 5%
5 xg TRFAE A2 B 1) 28 i R 28/ T3 B
I 751 o

@ FIPHILHEL, e BRITH) x N BFT
FIBHR P SIS, TP AR R 377
TR B xy SRS xp AORSAE 520 BES Ta) 25
P 25N T A B o
2.3 E T FPSTWD FA LSSVR HY7E L7 Mt B
2.3.1 EZRFNEITE %

FRRINA LSSVR AR TR A7AE ) 1) 35, I
FHETTTRUINRG FE RT3 82 24 e 5 J0AR, DL “HRAE
AHABLER N = R AR 7 A SR DU, B [ 0 B ]
B A AR AE 1) A 25 IR 55 200 44 22 1) 2 2% Tl
PRI g B, S F0M A i) 138 5 T ARABL g 5 s ]
B A ST B AE AL, IERIEH WS %
TR BT RS T, SIS (0 A 730
IEOBY oy b, A SO R AL 5 BN A S g
(FPSTWD) 5 5/ 36 3 [v) £ [l U AH 45 45 1
TELL PR, FALFE PR FPSTWD Sy}
FEA T 5B AT 20 BE S AL BE VA, SRR AE A
BURFIRANES, ARG N FHRFAE 13 51 R A 456
LSSVR HEAT 76 2 Wl e At 1h A4 2 A1 N 16 40 B,
LSSVR PR, JEIRIFAH N (S FF ) i, ST 2
A~ LSSVR AR HA, XEFT A2, iz
F FPSTWD J5 bl B A7 41 3547 43 BEFIAHALL
FEVEE, RTGF5 B RE A S AR 7 8 SR A BT 6
IS P 43 BETROMIAS TR, g 3 B A A 1 1 51 i N 3815
RUATAELR TR, $2 0 7 PO AR 70 I ) ] 7 27 54k

A BIERN e ) . HARR B v SR B 2 FroR .

tEskiti |y
F SR,

Kot sk 2L

FPWTWDJT 41|43 Bt

— I
JETFFPWTWD 1L'“’
PR 5T S .
i
FELINGR | Bt S o
T T  J N I W Y
19 LSSVR(S) | | LSSVR(S) PR o
Hr | LSSVRG(D | gy ™ it
i i 1
Ly

| Lo |
it L |
AT
L H 1 |

TE: LSSVRsv(S)A T2r B HISCFF i LSSVR(S) A T4 BUEAL,
Note: LSSVRgy(S) is the support vector of subsegments, LSSVR(S) is the
model of subsegments.

B2 ATFHAELES;ENEE HESRNR N ZREIFGE
A K FRRALR! R 32
Fig.2 Schematics of online prediction with least squares

I i

B !l
I I
i1 ]

i

support vector regression based on feature points segmented
time warping distance

2.3.2 LT FPSTWD #4 LSSVR /2 & FUMAZ A My 22

CLINF ] 2K s Fid o ), 36+ FPSTWD [
LSSVR {E£k Pl A B iR U R

HI% 1. FPSTWD-LSSVR 504 th 4k,

FRENSHEEN S C. s e,
FERE B Gy B W FAHALRE B 1s LSSVR %K
BERAY, 1B LSSVR(S), S=1, 2, 3, ...
WALENIUE K TL.

R 2 Dy REAR NGRS AT e ¢ ik
B 8] B PR FEAS S R

DRI T A RS () 5 B, FEAG I YRR AR I s
NS PR S5 A, A p N D SRR
GREARETH U=, 1)y oo (X Y)PRER,
H IR —DMFEAR SRR N (x5 yir)s |
<i<n— 1. 4579015 q HEUKI R B 3 ECE I ZRbe A
G ve)BoR, AR g NRIEK N 1
B Ul 2R BE AR U {Xoow(@) » Yoow(@)} > 3L 1P
Kool @=Xa—1 X115 -3 Xg]s Yool @=g 1410 Yg—120 -0
Ver1ly H1<g<n, y,eR, x,eR’.

AR 3. 55T FPSTWD AHALE T (1) 143 BL Tl
DALY P2 5 o e S 4 1) 3 () A 7

K 2.2 5T FPSTWD (9 5 8] e 271 B4 AR AL
FEVHSE I 1 R REARSE Us v (IR 8] 51 B ik
170y BOALEE, 2 A IEARAT) T P BUREALE R(S),
(S=1, 2, ...) o NJH R(S)%} LSSVR #4724k
XPREAS TP HIUREASSE R(S)FS AR IV 1 23 BEIRUIASE
T LSSVR(S), 3153 143 BEIK S FF 1) B LSSVRs(S)s



%3

KRN F I T AR AL (1 SCHRF 1) A LK ot it S AR e T 159

LU BT 208 LSSVR(S) B AT LSSVRsy(S) 73 Al
A7 3 B YOI AR R e R AR Y. 1 S ) o AR AR R
Tbsv(S)-

I A BT R SRR U BES AR VA

1) SRR FEAEE U R s, B A
X UAT o BUREL RIAS (D WHE U T84
5P 1 SIFEASE R(S) BRI s 73 B i 1) 25 i R
2, FPSTWD PR BU/MALIE B, $kibs UF
FPBAIALE R RG), jell, S]o

2) £ RSP EEARE UFFHIAHICE T
P41, 3 FPSTWD B3 KT8 e AL B w1
¥ UAE R T P HRE AL sl A S ab 3, Il T
VI TR 3271 U 3% I (R IR 220 DA SORH N FRR A R

LIRS FELR T

D 48 RG)FTRE N 143 Be A 2 LSSVR()),
jell, S, #E Al LSSVR TR, #¥dE v
TP HHINE] LSSVR(G)BE R JEAT LR LR Pl , it 7
ISR

2) FEHBEEHE S U B 5 DNy S ol
FIRABIMUCE 7741 R(G), WRRHS U1
J¥ FUARACL H AR AL 200 1) g 5k 508 5 AR 2 AT Tl
W, I H Fio 45 2R 5

3) A5 TR BE /N T 48 58 IORS B (. 8, KRBT
AT U5 SR & LSSVRsy(S)— 2 i)l
Y5 LSSVR, FER 455 G TINS5 S 11 FRui A5 20 0 52
R SR TR, XA 58 35 20 BEUIIASE Y 22
B B S R =

IR 6: T BUIIARA E 5 BRifE SRR ) AR
T SR 2

Wi 5 BT ) 270 5 PO (P AN Wi e, 0 BRORE
RVECE S hRUE SRR AR 2 R, AR A R
KNGy BRSO (PR RE, SREUCE BT Sems A: 1)
T30 I R B 11 4 BRI TR Y 1 S R 1)
5 2) K4 FPSTWD 170 BUF AU TF S ok
A I EE R i LSSVR(S) T AL, 5 H M%)
I RS ) dE AR B 2 IR A O, AR A RGiAT
fiti 21|

IR 7. WPV E L RR, ERPATD
¥ 4~6.

3 MEERSHH

3.1 BEZEIMENK

A UIAE [ BL B (radial basis function, RBF)
i LSSVR BRI i% i £, 2 LIBSVM Hik, R
] Visual C#NET &5 X FPSTWD-LSSVR 7E£ 5.
AT FE. i FPSTWD 7% I FEA 51
AT B S ARUE T, mATER 10 NPk

S, S Sy Sas Sso Ser S75 Sss Sos Sie0 TEA
TAERIREARAN B0 128, 166+ 174, 158, 138,
181, 116+ 202, 169. 152, LUX 10 Mol
FEASR AT LSSVR &k, 1FRIXMY 10 4
LSSVR(S) Tl ] 45 784 1 32 #F [7] 52 LSSVRsv(S) »
Se[l, ..., 10]. KM FPSTWD-LSSVR &%} 2012
7 A 30 HE 7 A 31 H 24h b1 288 AN [A] ¥
SVEHE AT oD, RS R 3 fros, T
Mz 2= 2 Wi 4 Pros .

O 13}
on 12k
Mén-
x50
=1
S 8t
e 7t
‘m’%g
R R F
e 4t — LY
€3 5[
z 50 \f— FPSTWD-LSSVR
fsscssssscssczsszz
N - S N I - B A
S O O O =~ —~ = 0 O O —~ —= = o
I} Z| Time

B 3 FPSTWD-LSSVR HUl i Fe i 5248 h £
(2012 %7 A 308 -2012%7 A 31 8)
Fig.3 Curves of forecast value and actual value for
FPSTWD-LSSVR (2012-07-30 - 2012-07-31)

5
e\\°3
f~'ﬂ§
' 21
S
53
X g ! P R S . L
S O O O O O o o o o o o o <o <o
S T QYN oo v T 9N T 9 o
S 0 vV S e O N n A v AN n N A
S o S & = = =~ dad o o 38 = —~ = a
i} %) Time

B 4 FPSTWD-LSSVR Tli% £ #h &
(2012 %7 A 308 -2012%7 A 31 8)
Fig.4 Forecast error curves of FPSTWD-LSSVR
(2012-07-30 - 2012-07-31)

HT&T 3 500, ACSCHR ORI ith 2k 5Efg 5 o7
T A A SO S I e U S 0 . AL 4 AT RLFR
SRR A5 RAE N Z T 1 b B RS R %
K, AIRHRZE R 4.76%, (HRER 242910
T A R 1 L i SRR VAR S A e TN P 5 2
3.2 HRILEOH

A T %AlF FPSTWD-LSSVR TR PEfE, LA
Matlab i 56 Fh 455, 3k £ 58 & 50 LSSVR ik
(incremental least square support vector machine,
ILSSVR) ™), i £ £k Tl 5 5/ — 3 3 45 [ 1]
JH#L (sparse online non-bias least square support
vector machine, SONB-LSSVR) #7121 R1 g 2
LSSVR FIEHEATR LI T 5 73 59 R doe KA R 2
(errormas Ema) ~ “FIILXS 170 IR % (mean
absolute percentage error, MAPE) . AHXJ#4 /7 Hidi%



160 ANV TR 23

2014 4F

7= (relative root mean square error, RRMSE) Fliz
AT ¢ A0 RSP VEr FE bR . DUESIRES
HH MBS HR AR 5 E N, SRa &
VRTINS B2 53805, T 46 Fou EEIE LI 5,
JLPEREVEI 2 R Ge v WAR 1.

~
o — P
& 121 —-— BZELSSVR
< ol N e ILSSVR
s .
2
"5 8
o
6.
2
[
=]
B 2t
=z
[ B O S S SO S S ST ST S ST ST S S ST S S ST S S S S S S
2
SATORROANTONOADANT OO AT OO
COOOO m mi ret = ANANNOCOODOOO m rm ot et [o Ko\l
I8 %) Time

a. 252k LSSVR I ILSSVR Filil 75 4 ¥ gt S 1Tl &4 SRxf E P
(2012 4F 7 J1 30 H—20124F 7 A 31D
a. Prediction comparison of dissolved oxygen with off-line LSSVR and
ILSSVR prediction methods (2012-07-30 - 2012-07-31)

o Z o
\2'
e,
3
s
~.
-
<
S

i

PR AT TR
Dissolved oxygen content/(mg-L")
~3

—
~—
//
~
-

00:00 —=

[
o
~

\ [ S N
N J---SONB-LsSVR  \_ /
./ ——-FPWTWD-OLSSVR ™/

b. SONB-LSSVR Fil FPWTWD-OLSSVR F il 77 12 14 75 it S0 Pl 5 L
L (2012 4F 7 H 30 H—2012 47 H 3D
b. Prediction comparison of dissolved oxygen with SONB-LSSVR and
FPWTWD-OLSSVR prediction methods (2012-07-30—2012-07-31)

B S AR kel g AN 45 Rxt e B
Fig.5 Prediction comparison of dissolved oxygen with
different prediction methods

F 1 BEETUNE RN

Table 1 Comparison of various predicted results
J71% Method Emax/% MAPE/% RRMSE/% /s
B4 LSSVR 433 6.86 4.79 19.59

ILSSVR 8.42 15.71 7.57 13.48

SONB-LSSVR 7.15 13.63 6.74 11.06
FPSTWD-LSSVR 4.76 8.18 5.23 8.32

H: Emax ABCRAMIGTIRZE; MAPE R F394008 5 43 Lk Z; RRMSE
AR TR ZE ;s T Rz T [a],

Note: Enayis the maximum relative error; MAPE is the mean absolute percentage
error; RRMSE is the relative root mean square error; 7 is the run time.
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Abstract: Water quality regulation is one of the most important tasks in intensive aquaculture management.
Grasping the trend of the dissolved oxygen concentration timely and accurately and regulating water quality
dynamics are the key for healthy growth in the non-stress environment of aquatic products in order to solve the
low prediction accuracy, inferior capability of dynamic learning, online updates, and high computational
complexity of the traditional online forecasting methods for water quality in intensive aquaculture. The online
prediction model of dissolved oxygen content in intensive aquaculture eriocheir sinensis cultures was introduced,
which was based on the least squares support vector machine (LSSVR) with time series similar data. The time
series data collected online was segmented clustered using a feature points segmented time warping distance
algorithm. The subsequence data sets reduced the size and optimized the LSSVR models training process,
achieving multiple LSSVR models online modeling, and segmented memory and storage. According to the
forecast data sequence and LSSVR sub-model similarity, it adaptively chose the optimal sub-model to get the
predicted output. The online model was used for the prediction of the dissolved oxygen changing in high-density
eriocheir sinensis culture ponds during July 21, 2012 to July 31, 2012 in Yixing City, Jiangsu Province, China.
Experimental results showed that the proposed prediction model of FPSTWD-LSSVR had a better prediction
effect than the FPSTWD-LSSVR, ILSSVR, SONB-LSSVR, or off-line LSSVR algorithms. Under the same
experimental conditions, the relative mean absolute percentage error (MAPE), maximum relative error (Epmax),
relative root mean square error (RRMSE), and the running time differences between the FPSTWD-LSSVR and
ILSSVR models were 47.93%, 43.47%%, 30.91%, and 5.16 s in the test period respectively. The relative MAPE,
Enax, RRMSE, and the running time differences between the FPSTWD-LSSVR and SONB-LSSVR models were
39.99%, 33.43%, 22.40%, and 2.74 s in the test period respectively. It is obvious that FPSTWD-LSSVR is more
accurate than ILSSVR and SONB-LSSVR. The relative MAPE, E.x, RRMSE and the running time differences
between the FPSTWD-LSSVR and off-line LSSVR models were 16.14%, 9.03%, 8.41%, and 11.36 s in the test
period respectively. The lower sample number, which cannot cover all types of characteristic in time series data,
probably caused the prediction performance of FPSTWD-LSSVR to be slightly lower than the off-line LSSVR
model. Overall, the online prediction model has a low computational complexity, fast convergence rate, high
online prediction accuracy, and strong generalization ability. It is an effective online prediction method for the
dissolved oxygen controlling in the high density eriocheir sinensis culture, and provides the basis of decisions for
controlling water quality, setting the aquaculture water plan, and reducing the risk of cultivation.

Key words: aquaculture; water quality; models; support vector machine; online prediction; feature points segmented
time warping distance; similar data
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