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Abstract

Aiming at the problem that it is difficult to determine the modeling factors and the non-linear ru-
noff prediction modeling in runoff prediction modeling, this paper uses a homogeneous function
to generate a continuation factor matrix, and extracts a high information entropy matrix in the
continuation matrix to generate a modeling factor. A long-term and short-term memory neural
network is used to establish a Liujiang runoff prediction model. This model analyzes the characte-
ristics of the original precipitation sequence and extracts different oscillation cycle characteristics
of the runoff system to form modeling factors. The advantage of time series dynamic system con-
trol is to establish a Liujiang runoff model. This method makes full use of the homogeneous func-
tion to extract the sequence dependence and periodic relationship characteristics of the system
sequence, and combines the long-term and short-term memory neural network memory characte-
ristics of the non-linear time series to establish a Liujiang runoff simulation prediction model. The
experimental results show that the method has good prediction accuracy and good stability, and
provides a reliable and effective method for runoff prediction analysis.
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1. 5|15

RSB IR TR A0 T /K BRI S S5 G TR R, /KRR A3 478 B 4% B K R o) e ik e A
WK, MEREFERERKEEA T EENE . HTEmRE )RR ERRIES, WK,
Bk AARAI RIS, BT B AL A B R R A gk, O BRI SR U 2
PERFIE[L] [2], 58 B M0 AERA MO R R X AE — Bl A AR 2R MV R, A& G (1 BR X LA AN B g 22 G s 284 F0l A
DPRAE, PR P AR R R — T B A PR AR AT S5 [3] [4] [5].  H A P9 2R A R AR T a7 3
BITER TR Gt oinis. KORGHTE. DESITEE6]. MHBONT 2 S @ik
FEAH = HFEH(Auto Regressive Model, AR)FY | £ 2)°F-#5(Moving Average Model, MA) 7l 5
[0 985 3l 478 & (Auto Regressive Moving Average Model, ARMARHY, ix = Fh i 74 15 il M2 408 7 5 % k)
FIMEZ AT, B TS 21 () 45 R AT A0 Y E, R R TRRS A . AR R BE & T S LS
PRI BETH RO IE R R R, BT HOR IS PINLES % ) 5 iE SRS I R R, AR it 2 MO I A A2 £ 4
HH 2 ST YR NS B 5 2 A 0 SCRR SR DG &R, N B N R A S S TR R R, 3
I FH 32K G S AR AR X A SR B BTV ) P S AT HE T . SRSEANTIN[7] [8] [9]. W& A M B LA
)TN A N A, AR SIS TR R R AT B R, R T R G IS R 2 X 4 2 S R
FEEAE RSN St 2 (R —FhAEZe E RS, T SERX PR LR VERL G G R, A5 ZEFH e R E BTt AL
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Rt &

TR RGE A EREE R, T A2 RIS PR AREAE 22 SISk, DUBLTIR 2 Gedi N -5 6 1 PR 45 7 55 & [10]
[11] [12]. BT HREE ML 5 B A R BR I AL B AR L M R IR R 70, b — M i B BB A e g, &
AR AT R TR A T WO . B 7k [13] [14] [15]. SR T BE 5 4270 B (e 42 ke bk 22 T A7 5
P58 T AW DL BT S S RE T 1) RO R T ] 52 2 50 P s S SR el ok ek v R0 T B i) [X
)RS LSRRG, T AR X B8 7V TR B A 00 1) TR AR N il i e Z YNGR, 48 A R AE S
bR R RS — MR E AR IR TT 58, N S 2B 1) 2 VRN S ), (S 75 2 I 5 A Y {5 A vt it
PO B R ST B IR0 R 16] [17]5 30 A R ) e 42 X 4 A S R A T S A e O 82, AT sk 45 8 3T 1)
B2 3] D5 2o i 2L [18] [19].

AT 4F SR AEJE R 22 79 2% (Recurrent Neural Networks, RNN)JERt E % i (1)K 58 B30 42 #0122 X 4% (Long
Short-Term Memory Neural Networks, LSTM), 7£4bF i a] 5 51 $a isf B 10425 e At i 45 Bk H Ak
SN ) RGNS [20] [21], IR 22 I n) AR R AIRS B2 T B SR R X 2% S HOE B B bR 22 /),
TE B 18] 7 51 A 1) #_EAMERT LLCAZ A AR 7 A 25 S, 1 HL RS 10 12 B K R ) OGS ., 2%
ALERIE R [22] [23] [24], CEBCAREENLY ) HERA L —. LSTM 2 FEGIA 2 M 2 il b 52
f, PR A SRR 1982 4R 1984 436 [ Ml T2z B B 22 X John Hopfield $2 i 9] FH A
AR A 2 1) ELIE I 4% Hopfield #9128 IERIEAY, At 56 )5 3R T PR TR SU 28 1 B8 BN 1] S At 8 D) 2% )
#%(Discrete Hopfield Neural Network, DHNN)FIZEZE i 8] 2 15 88 41 22 [ 2% [ 4% (Continuous Hopfield Neural
Network, CHNN) [25]. FifiJ5, £ 1986 4F Rumelhart 25 A, Werbos 5 Al Elman %5 A\ t4iidk Hopfield #148k
2R AE R P B IR 22 )X 2% (Recurrent Neural Network, RNN), 35 %2 DU 8] F7 51 B0 2 Aof Fm 4 B Y,
W 265 (1) 285 1) S5 PR viE 22 2 TR A IR G5 R AL, E 4% BRI U] 3 47 gt D7 ) 1A T 366 U9 EL BT 0 B i 2
02t 22 U 2 (1 T IR 28 X 48 R B8 [26] [27] [28], ANIFI 22 ARTE F0 145 Hsf [ S 3R AF 5 1) ek 5 e 2 [ 3df
AT, IR X SRS A AT DUAR B A ORI S R, 88 RE 08 S IR P 0 b SR 2 TR PR R (R DG

TEI R N 2 B E R B sCRAS FIAR 2R M 3 2%, EEfTReid iz Mk L ME R, HFHESH
S HIER 56 %, BRIGAEXS 7 91 A AR 2R M AR AE EA T 2% S) B B — @ R34 [29], S5 B B Eh B I TE BSR4
SACEL RSN RS @, PRI R U B, A T S SR R A TR R [30] . HAE, TE
PP X 2 S B B M AFTE AR 22 B, b e KR PE LR VI 2R S S5, IR ZERREES S 2 A0 )25
1) S )45 6 Ji5 25 520 53 BB A0S BROUIRZS 1080 10 2 2 IR DG R AR B ANFaE ,  ALHERA B2 SRR FE R E[31]
7F 1997 4= Hochreiter & Schmid Huber 7EE IR #1280 25 1 22 51N T 12 520 IR 25 (Cell State) F117] 4544
RS D 28 P SR I T 1 LA AL SR i BN 28 28K 5 8 1 RNIN ZE44[32], MBI/ LSTM M, 6
FE 10 AT LA R, FRLEITHIRE Alex Graves AT | et RANME 7 [33]. H AT LSTM CARTSHBRKBRIRAT ,
WLas 2 SR R Th B F B4 5F . S E . 18 5 IR 5 AR IR A 2 2 AN 4018k [34] [35] [36].

TEAE FANLAS 2 ) D AR AR B, AN B R R R E LS — R BIEMRE, R
T A INLER 5 SRR . FEARIL T 41 R AT E I el i B S5 AR IR AR OGP E I AR R 1, I HLHERR 2 SR A
RN FRZ AR AR N R . NI UK AR IR 18] 3 971 1) R GRS AT AN [ B A
JEHARIARFAE, R B TE . G D HE 25 AR ek O A AR AL e — 2H 8 ek 44 [37] [38], il o i 5
HI 5 AR B T K R, IR R G IR SRR B R -, 45 & KAIHICIZ o 2 M
28 I AE AR LRI 18] 7 FCAZ R AE AN AR R ME I 7 30 ) RGBT S, STV TAR L AS 2% S B

2. ETIERYEMCTILIZREMERE
2.1. ¥4 REGERRREN S
¥2E R % (Mean Generating Function, MGF) & Ak 3= 222 58 Tl i 8] /7 41 R GUIRAS BT 5 A R )i
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IR, IR R A LUE B 250 I A R N 6 DR B A, M 0T RO L AE AT
FE g, St AT SR A1 5 L U A R SR S A e e B, B AT A, 3L H R
B2 I RSP 0 N A R 00T, 00— OB St AR R OB T2 Oy 2%, 54 D 0 S el
ARAE BRI 2 A TR TR 1[39] [40]. JEEE g
I 6 81
y(t)={y(),y(2),- y(n)} )

sk n ORI, I FAIDN X, (1) == X1,y (i), WS R AOb:
;KU=7%§x;yU+j*U,i=LZ~uL1£ISm @)

ﬁ¢m=mTG}m:mT@j,mTﬁ%mg,ww&&&%un%&mQM%%ﬁ%ﬁﬁm%mﬁw

A BRBUE SR 7 41 A R
m@):IP—HNTGfEﬂ ©)
XO) %0 %O - xw®)]
X(1) %(2) %(2) - x(2)
X=1%1) %(1) %) - () “)

_7(1) X_z(iz) X_s(is) E(im )

(e B Ay % JEE 7 510y (t) B0 o0 ok B — B 22 20 R0 B 22 4 J5 PR OROUE S AR RO R I IR R — 2 4y
A 220 6B, 56 3 ANKEFH (1935 A2 bR K0 H1 R B (1A JEL 0 T 53K ER ke mT L3R A

2l = Z[Z;Zilnij Inn; +NInN —(Zilni Inn, +Z(j3:1nj Inn, )} (5)

Forb 1 g o KBRS SIEVE, g O 1 2RSS A TR STBR T AN Phdk R A 26
(Information Entropy, IE)AHX =1 i1 #3542 s 50T 5 E R AR IR o
2.2. KIHAIC Iz B 1R 5 7k

Beiseda € —AIE P51 x () = {x(l), X(2),, x(n)} » AEGEIN 8] P A AR RS R ST (el A AR AT T,
HARFIEAT

X()=awy+ Y. ox(t-i)+¢ (6)

Heh p NIRMEL 0, WEIAREL g ~ N(0,0°) MR, LSTM SFXJI R 81 B, 5 S — R %
A HNERIAIT BRI AR A A N AR St (0] VAR I 15) P A7 SR -

y(t)=f {x(t-1),x(t=2), - x(t=p),y(t-1).¥(t-2),~ y(t- p)} ™

Forp f () AR s I 28 B THE T 4. JR4A RNN BIREGEUZ RA —A hRES, e TR

JEHBUR, ARMESZI A B SABANCIZRA . LSTM Sl 8 i — AME A B TIRES ¢ SRSE, b2 RAF K
JARPIRAS . 7E U BTZ, LSTM SLCECA =AM (1) 4TI 2 1AE X : (2) E—B %] LSTM
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MM 28 BSR A by 5 (B) B2 BT IRAS %t ¢y s LSTM M4 A P4 AT %) LSTM
WL B RS R Dy, R HT I 220 2% IR I ¢, BAR LSTM Mg B st i 1 s

A A X X X

Figure 1. LSTM neural network model structure and fold diagram

[E 1. LSTM 842 [ 4% 45 BU 4 K Fn e 5]

LSTM (a2 e iZ e A BT SN T 1A T 75 0 28 B 107 B e KA R AZ AL, 1L
) — SR 2 B R 0OAE B EEAR B (B 1) DA K A B AAAF- G SR GBS R . EAE IR PR = A
15T, BRI BURTTS SAT TRt T 38 4% B0 a] A7 S e iR I A BR (S S, A ISRtk
EAG B REIET, KA sigmoid #1442 — Ao kB E A%, ZERMHEE M T 0E 11
B, FrRAFEREIHNZD, 0 R REeEARFED, 1 KRRV T[41] [42] [43]. LSTM g
B PR R 2 e 25 B ] 2 B .
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Figure 2. Structure diagram of the hidden layer unit of LSTM
[E 2. LSTM KRR R B STV £ 0 &
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BEITHGE B2 RIpREA 24 “9012” wTDRE B4 RT 2, kSRR .

fi :U(Wf '[ht—l’xt]+bf) (6)
RN T IR b — it b RS RN X SRS AT N R B CRAS B i o0 R B A
BN, JOE LTI 2NN x A 2D RIFERTTRE ¢ by HIHE BRI
i, =0 (W, -[h_.x]+b) 8)
FITF-HiA BTN IRES of AL T
Z, =tanh(W, -[h_;, % ]+b;) 9)

R tanh B B ECE BB 20 o " 10 24 AR 2 b S VR B TR A T, 4
I Z1% NI B TR ¢ TR IR
¢ =fci+i 'Zt, (10)
MR s o, h BOTHEL, Bl o EREE - Msnst, AEMEH tanh o 431
F10E, H5o BRI HZESHRE, NmERBEARmE L, BAtiamT.
0, :o-(Wo'[ht—l'Xt]_’_bo) (11)
h, =0, *tanh(c,) (12)
PAEAR AW, W W, W, EBCEAERE, by, bbb RRETL  [hy,x | ERERA R EE R AN
K&, o2 HEesRE, KA.
1

0'(Z)=1+e7Z (13)
LSTM FZLRKAAELL | 8 N2, Bk RBUR A UB IR KA, RomA:
1 <N v "
L= Wthl(_ijl(yﬂ *In gy )) (14)

K0 FE T BRI 3% 2 I 114 3% 54095 (Back-Propagation Through Time, BPTT)sR AL ()28, & 26
ESHIMPIEAE, RERRTHEENME T E; RAHESNMME TR ZEDUE, LSTM %
T S A SR AL RPN 2T 25 18] 2 T R 22 0 ) N 4 () b — AL 4%, i (8] 2 1 s 18] e 1) A% 4%
BTG t P ZIHF GG, TR IR . AR (RIS 40 B AR HE S AT H SRR WSk [44] [45].

2.3. I IEREERETE

AR SR FH L SR A6 A7 IR — B 22 43 7 51 (R 350 A R B0 A AR 7 P I PR R R, 3R S S5 005 07 128 S A
PR NP M g S NI ZREE, L ARG 3 B A S A pP 225 4% (Nonlinear Auto Regressive with Ex-
ternal Input by Neural Network, NARX-NN)HIK %5 #1c 12 ## 28 ¥ 4% (Information Entropy and Long
Short-Term Memory Neural Network, IE-LSTMNN) 423t 8Y,  HAR T HE R an € 3 A 4 Fos.

3. NAXHIRELER ST
3.1. BERE¥E

AR BER R BT PRI T2 DMV AR9R 2001 4F 1 H 1 H~2010 4F 12 7 31 H#iE 10 4E4F
K12 I BRI (/) Bs HEAT B S5l 20 0, 4B EE 3652 4, 18] 5 3652 MMV AR I Kt Sz it «
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Figure 3. Flow chart of NARX-NN runoff modeling
[ 3. NARX-NN Z R EZERIZE

X, X B R B h, Bz T

17

Figure 4. Flow chart of IE-LSTM runoff modeling
[ 4. IE-LSTM B RERRIZE
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Figure 5. Liujiang River runoff of 3652 actual observed from January 1, 2001 to December 31, 2010

[ 5. M 20014 1 B 1 H~2010 £F 12 A 31 H 3652 ML R R SEFRVUNE

0
0 250 500 750 1000 1250 1500 1750 2000 2250 2500 2750 3000 3250 3500

DOI: 10.12677/mos.2020.92018 169

RS


https://doi.org/10.12677/mos.2020.92018

TENLER S 21 T, R A B 5 ) ik @ S, G0 2 80— 5 LI R 36 11F 25045 4 (Validation
Set), 15 F N ZRBHE 45 25 N ZRBERY, fd HIIGAUE 4R 25 PPASBRL vz AL e 7, L B BB e Il 25 &4 4 (Training
set)id B I ki T B MU L& . VIt BdE 7 NGB SR S I SR R S5 I0E Bt S & I AL
MR Z SN B 5 A B TR S Pl 8 R, e 2001 4 1 4 1 H 21 2007 4 12 A 31 H 3Lt 2556
ANEEEE N S A LA AN S AR, 2008 4 1 1 H 2 2009 4 12 f 31 H3kit 731 M EEAE
IR B SR SRR AR AR AL, 2010 4 1 H 1 H3 2010 4 12 J 31 H3kit 365 M A £ &
R e PR R AR . MIVLERAE 5 A E NI, 10 A NEE TR, O 1B HERS TI0IN k 35 PR K, AL
ARG T 5000 (M) VEAHBEKIGMERTUN, 7 1 ZNZREHE . K0ir Zods A HoE 2 A/t K g (2 5
KBEAEO, B 6 A A B AR AR T A A s = K
Table 1. Training, validation and test data samples and statistics table of the total number of flood peaks
= 1LOZ. BRI SRR A MSKIE E D BRIt

ik B ke b A FEA 4L T
IZRBH & 2001 4 1 H 1 H~2007 412 A 31 H 2556 99
oAl E/g 2008 4 1 A 1 H~2009 4 12 A 31 H 731 34
TR EE R 2010 4£ 1 A 1 H~2010 4 12 A 31 H 365 15

x10*
26 T T T T T T T T T T T T T I

=8—Training set
2.4 Validation set (<
° —o—Test set
2.2
2 -

1.8
1.6

Peak discharge (m’/s)
o =
oIS N B N

o
=

I I ) 1 1
60 70 80 90 100 110 120 130 140 150

1 1 |

o
~

Sequence number of flood events
Figure 6. Distribution of peak runoff in training, verification and test data sets
6. WZ, WIEFINXBIREPERIEEDHIFR
3.2. HEBMEREITM

ACEINLAT 4 Fhgiitiate:
(1) ¥J5 %25 (Root Mean Square Error, RMSE):

RMSE = \}%Ztn:l(yt -9 )2 (15)

(2) “FIy4ax)E 4y thi%Z (Mean Absolute Percentage Error, MAPE):

100 «n |V —Y
s il (16)

MAPE = —
n ||
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(3) Pearson #H 5% & #i(Pearson correlation coefficient, PCC)

Ztn:l( Yo~ I)ZL( 9t - 71)

PCC = — — (17)
\/Z::l(yt - yt) Zle(yt - 91)
(4) iR Z %(Nash-Sutcliffe Efficiency coefficient, NSE):
n A \2
SE — 1_ Zt:1( yt yt ) (18)

Ztnzl( Yo~ 7)2

K(15)~(18) ' Y, §, 4P BRI SR E AL O A, y,, 9, 4 BN AR I S A8 T ¥ 4 RS
R A HEME, 0 REARAN B, ARG R R B EA E, 3 K B TN 1 REVEAN T AR -
(5) VAR AN AR R AL

P Y
1— Zip—l(ypi - ypi )2 (19)
Zizl(ypi _Vpi)

KA F -y, ¥, 70 AR AR S PR E AT K A day AR, Y, R TKIEE KT 24ME, p
NBTREAE IR FEAAN . VEBEPP R FR (1) A0(2) 2 B SE PR AR (EL AR R T BB 1 i S FE S, LR
VLT AT BT s 1R RESEAR(3) T ELR B MR RE 15 X A2 AL A 548 I P W, EL B K it
WSS T e BONHERIE IR AR ARG 3 s PERESR AR (4) 1 (B) R BAEAR AL SR 4 IR, NSE HUE N 110
FFE 1, MR 1 RoERRCR S, BRAE R NSE #2045 Rz WL i )P 2 B
K, R EAREE RIS, dn iR NSE it/ T 0 T AL 2 AN {1 o

3.3. LR

2 W MBROS MR R N AEAR R G R R g, 18 7 R AR I ZREoE S R A
WIEEPLE SR, ML 2 PSR AT LG H 1E-LSTM BB 2R a4 4 1) RMSE Al MAPE 1% B fa 4532
/T NARX-NN #5584, 50 B 1E-LSTM #5830, G BRI B0 SIEAE 2 [R] PR 4 25 A 82 A /)N P46 82 w5 T NARX-NIN
AL RN AT LAE Y IE-LSTM FEAIG ISR 20 421K Pearson #HOG R AN 0.9978, 1fi NARX-NN £
0.8807, 3 LbAdziln, i BAIX PR AL 35 mT LA A2 e 35 B N HER 9L, IE-LSTM BRI UL A
=T NARX-NN Fifl,

NSE

peak =

Table 2. Performance indicators of NARX-NN and IE-LSTM models for training samples
Fz 2. NARX-NN 0 IE-LSTM #RE XSG HE AT HLE RGBT R

YIS HIEE (2001 &£ 1 A 1 H~2007 48 12 A 31 H)

it RMSE MAPE PCC NSE NSEgeax
NARX-NN 847.1152 47.5727% 0.8807 0.7746 0.1784
IE-LSTM 126.2828 8.5085% 0.9978 0.9950 0.9850

A 805 RBAEARE SEX P, NARX-NN B8 815 B2 LA 17.84%, B {5 EARMK; i IE-LSTM
PR AR I A BAE BEAR Ry, W DU E 98.50%. 1580 IE-LSTM BEAYAHXT NARX-NN #5831 B A 1R 1T )2
SJREST SRV IR EERE 770 AU T PR 48 I 2% 7 2450 7 dm ik YIS B ok T B I 48 (AL, I
I RHIEHAR A IS 2% e, CEYIZRIS AR I SRR SR PE AR R 200N, T SRR £ 1 1k BB AR 22 R IFAS
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AR Tk, WS I G RE, PR B BOR R AR IR xS IS4, FROG A i 4R (Test set)

T
x10*
26 T T T T T T T
—Observed peak runoff]
24F ~6-NARX-NN fitting | |
29 —6-LE-LSTM fitting

Peak discharge (m*/s)

10 20 30 40 50 60 70 80 90

Sequence number of flood event in training samples

Figure 7. The fitting result of two different models on the peak discharge in the training data sets

7. BMMARRRE NG EEPERIEEMATR

% 3 PRI MINTAT AR UE B AR R T &5 RV Re i v 38, 6] 8 R R AL S H s AL AR
TIEE TR, W7 3 g Al LG H, IE-LSTM R[4 GEF5 45 RMSE Al MAPE #4/NF NARX-NN
R, PEGESRAR PCC Al NSE 5K T NARX-NN 8, 7546 50 UE Z00R 4 H AR T 0 Tl o, IE-LSTM A5t
RUE A5 B A 0.9917, 1 NARX-NN BRE (5 1A 0.2130, X225 5t — 0 Ui 1E-LSTM #8046 1F
B B TN R ZERE B /0Ny A T AN S S A B — 3, WP AR IRV T A AR s X EER 2
%3, RGN IE-LSTM A AL I 2R BdE 45 () RMSE iy 126.2828, X IGE4#E 4 1) RMSE & 129.1887,
TREARE R, ULE IE-LSTM BB G, T DUR I ZRir A B0 R SR AT 0

Table 3. Forecasting performance indicators of two models for validation samples
= 3. NARX-NN F1 IE-LSTM #RBUSF IO IERE AR TN 25 R4 GEFabr It 3R

ISTEHE (2008 48 1 5 1 H~2009 £4£ 12 A 31 A)

it RMSE MAPE PCC NSE NSEpeak
NARX-NN 858.0234 44.2265% 0.7916 0.4505 0.2130
IE-LSTM 129.1887 8.7650% 0.9972 0.9935 0.9917

A B AR5 20 1) 2 BT 55wt ) FH S S RS20 S SIS AR SR R v T, N R Bt B AN B0 A s
SN ZRAS BN AR R & H T Arill s SR g Bt , BB B2 ARe 7y BRIk, M7E PPN 1 1
RE 75 B8 55 2 S| ZR AT ML 2% % ST R R/ B Bs _EHERR R W], IR A 042 A e Rk i i v o =
MIFRIEE S . 22 4 R PR AUV TAR A B £ i T 45 R VEREZe T 3%, ] 9 /2 NARX-NN RS %
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Figure 8. The forecasting result of two different models on the peak discharge in the training data sets
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Table 4. Forecasting performance indicators of two models for test samples
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Figure 9. Effect of NARX-NN model on runoff prediction of 365 test sets
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Figure 10. Effect of IE-LSTM model on runoff prediction of 365 test sets
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Figure 11. The forecasting result of two different models on the peak discharge in the test data sets
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