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LASSO(Least absolute shrinkage and selection opera-
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K. S 2 (0,1) 55040 1Y D 4EBEHLI & LFA
e AT R D AERERL IR &

. A R L < B s R [l O v =X A R A AH )
HIBTE Y Z BIE EIgAT Uz, A (8):

Y=X i (1) ~E | IX (1) =X (2) | (8)
Z=Y+SXLF(D)

TEAN 0 TF & Wy Bk #6753 07 X 00 258 I

HHO 53k AL (ILIE 1),

Algorithm: HHO #-:

Inputs: T 1 H AR R f(v) , A R = 0] TR UB A LB, B8 JEHE

AMAEE N R IEIRER T

1: BEHLRIA LR EESL B X.(i=1,2, -\ N) o HAF X=(oa, 20,0, x) , D

FREAEL, WIS T BIRBEL e I ICPRIINGRF BT X s

2: While: < Tdo

3: SERPERE P AN, BRI EMASE R BT 5 E i AL E s
T X g BT R OIATE I 8 P B A (137 8

4:  for JERE AR MA do HIHE (3) HHTARNY (1 f T3k HIpE it E;

5:  ifIEl = 1 then R4 (2) B M4 end;

6 if IE| <1 then

7: ifrand= 0.5&&IEI = 0.5 then B (4) FHAMEALE

8

9

elseif rand = 0.5&&IE1 < 0.5 then HHE = (5) B H AL B ;

elseif rand < 0.5&&IE| = 0.5 then AR (6)~(7) FH MAALE
10:  elseif rand < 0.5&&IE| < 0.5 then ARIE L (7)~(8) HH MAENLE ;
11: end
12: end
13: end for
14: =i+1;
15: endwhile
Outputs: HFHINLE X, FIRETE E i, B IR 5 R A

1 HHO BL 1S
Fig.1 The pseudo—code of HHO algorithm

1.3 XZHFmEEIF(SVR)

2 HEm L (Support vector machine , SVM ) Jg& —Fft
LB g T BRI A3 AN ] H ) 3T,
oS24 1) 1 1] H (Support vector regression, SVR) £§ 4§
FHA AT [0 SVR BY—A~ X 5 FAE S8 A4 015
T3 B RE A AL Ry [ 5 S PR A A — o 1R
ZE iR LIESZIY . SVR BYFEA SR i o A% pR A AR
Y [A] v AR L P ] A2 45 ) g B R i 25 [ vh A T 4&
PEBARLAE R, X H 7R IX AN S 4ERHAE 25 [A] 55K
— A IR V- T A T Al B A AR B e
T {4 TR B e RN M — g 1825 . HBEA S BN

BRBHEINZRAEA BTSN (i) 1=1,2, 0+, Ns i,
yie R, o o S Al iy XS o A S ) N

REARAEL M YR, B S ARGk [l
PRECA f(w)=<w, D (x)>+b , FHor w F1 b R 25000 5 <w
D(x)>H w5 () BN ARIELAE RS A/ M
W, A LK G 2% eR ORI FA St AE B SVR 14L&
TR A AR AR LA O R Ak ), B
miné—w2+(] ; (E+EF)
yi—(w, D (x))-b=e+& (9)
st —yt(w, D(x) )+b <e+&*
&,6%=0
o @ (o) WAL WS R & AR BUBEN R pR %L
&M &7 RN AR B 5 € ARSI T,
R TSR AR AS I FLR TR, 5 | ARAS B H R
KKT 5048, [0 95 B fe 8 e A

Sx)= 2 (ama®)K (e x)4) (10)

e o R YR P iR B H 3T K (a0, 0) A%
PRI, IV /2 Mercer 254 K (%, )= <@ (x) , D (x;)> , A%
SCHE SR AR 1) A% pR RO RIA AN -

K (x,x;)=exp(—gll (x—x1*) (11)
Xr:g>0, Ik, SVR BPEREZ (C,g,8)F5 0

2 HHO-LSVR 42 i il 4R 45 1

Fi FEATIR B LASSO 115 HHO 5335 DA K& SVR #5
R JF B AR SCHRZ e AR R R W F 55 R0
1) LASSO FI65 ZR 45, PR 0 2o 7y Tt R+ R4 A2
(EHPEATIH—Ak, 20 BIVE A SVR 9% AR H | [E] )
F HHO 57548 3 — 4 L i (C L, g, o) (A1
AR (IH—40 M8 ) ¥ 07 1R 25 5/, HHO-LSVR Hilfi
BALSTEAE IR AN

Step1:LASSO [HlE#fERTHIL T, SEEERIE
B E B RINVE R TR AT

Step2 : HHO BEWI IR AL, o SUBETERIRE | e K%K
UHLSVR SH0K B BENLA: G RE AR

Step3:HHO w1 HU& (17 B B — Al i, X0
(C,g, &), IF¥ZIRAE N SVR BRI SR | ARl
2 AR BN I T VR ZEAE A I (A

Step4 : iR 4l HHO Fyk i A E A T A0S 5

Step5 : WA ik B e KB, Ak BN R B2
MATERUE IR A AN BN E G 6T TStepd~Step5 ;

Step6: iy HAEYI AL E BRI (C,g,8) WME . [T
SVR #EH i Ry fiefdef 2] S T TR
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31 HIHESE

AL TIREPYILAS, B —4h AR, B
RS HITAT WA RRIL T rinl fE R A R F IR X T
HICAM R, %4 K 1439%m, FBEH 141 600km?,
Herb o7 b [ E R 441km, FBE AR 61 640km?,
ZAENIR TS 117x10%m® 2 e 2 P 7K SCab 7 Ti%
W b2 RS e o R 2zl S AR i R AR
i 156x10°m°, AFf/METiE: 88x10%m®, A48 IR
238.1mm, BUA T L I 7K SOk 23a SN AR I kL AL
FHRE Y 4 AT N T8 4 D ar AR W55
SRR ARG b —4F 11 A %2 244E 3 A AV 4o
(R vy, L —4F 8 H BRIV M X H S35 4 1] 2R3
By, E—4FE 5 AR HLIX A S48 10 FRFHE B s
A LE—4F 6 H 2 800MHz K FH 5 HEL it oy, B R TR T
SCHR[17], A T 439748 HHO-LSVR A&7 i HHO %
R0 LASSO [R1UE X TR B O R (4R AR 3, T
PSO 53 1z 7R 18 AH 6 28 507 14 6 BEAS Y PSO-
LSVR #iAVF1 HHO-SVR #5281 BAPE 545 % H 7
WL RHR 2 MAE FPEYMIXTIR2E MRE, AL
K (12)~(13),

MAE:% ‘yl‘*—%‘ ‘ (12>
i=1

}i*_}i

i

MrE=1Y x100% (13)
n -

K.y, ASEIME 5y, I FRAE

FEARVEATIA— AL AL B, RATAT 20a FERME 125
HEA G 3a AR EEA . 172, HHO Bkl
PSO 535 1 o B JLASE A B K3 AR R ) 34 oy 30 A
500, PSO 531k A4 il S50 & 18] SCHR[17]., A ikt fo b
BLIR2E , LASSO 8109 2 53R kST o H 5 10
(328 SUR IR s SVR AR 2 ) ZHUEST I F C
RS g FIIANBIRS L & 09 LR R A[10°10°0]
F[2000 500 1], ASCH A @B 3T MATLAB
R2019b ¥ 4%, SVR FJH libsvm 3.24 T HAf 4 i, A0
K H 10 A ST I8 -0 Sk 4G
3.2 REFREERSW

LASSO [ Y45 3 R 4 4wy g s Al 2y A
X FAERR U AL G R AT 2 0.207 ,-19.469 ,42.97
H10.025 ; B JRAAHSC R BT B RN 0.757 ,-0.491
0.542 F10.448, M ITHALE R 25 B3 LASSO 115

FREX ARG, EF XA HHO-LSVR I PSO-
LSVR, 2K H x, Fll a3 fE R 3 51 %F HHO-SVR A1
K 2 s MR, TR 10 RAERUIR S 384 T H Y
A TR, AR A5 R S A UL 2 Fnde 1,

160 ; :
AR
~-HHO-ISVR
PSO-LSRV
+HHO-SVR

R /108m?
=}
S
. “
27
y,

HAT S
K2 SRS RTEE

Fig.2 The fitting and test results of models

®1 BATRTEREME EREERITMN
Tablel The evaluation of the fitting and test results of models

based on the optimal prediction

T A (LTS

jekr  MHO-  PSO- HHO-  HHO-  PSO-  HHO-
LSVR  LSVR SVR LSVR  LSVR SVR

MAE 414 6.69 10.99 0.09 4.16 7.00

MRE/%  3.49 5.79 9.56 0.07 3.85 5.85

MAE KT 1 45 ok F  HHO-LSVR #4855
R 954 7 i 2R e W S AR I 2R, SRS 14
16 F1 17 AF IR H 5 SEE IR 23R, H2 A
TORIE TR A HE IR AR T UG AT fg, 3R 1
(DA 5 SR — 25 50 UE T 40051 56 il 26 i 0 5 R
AT BILAT 4598« (1) A SCH HY ) HHO-LSVR #5274
FEFULG J ARG 55 10 A ~F- B85 AR 0T 152 22 181/ N T R SCI i
TR A Y2 A O R B AR T TR R AE 19 209% 1% 22
AIARE ; (2)HHO-LSVR BRI TC IR 2 AE B R UL 1 6
SERTEGIN 2 ASTEH 48 bR 45 S 5 4 A X REASE A
(3) EPEH ¥ HHO-LSVR #% %! 5 PSO-LSVR & A |
HHO-SVR B AU L] A4S Hy LASSO [l U= 9 % 1 4
TFHRF ] HHO A 587208 2 3 B b el i T B 3 02
BRI,

HE— 2 HEBRBEALE XA AL (52 , 2 2 10 5% T 10
UASTIB AT A5 R B/ ME FAME B (AR 2%
Friedman K 36 1] AR X2t 7 E X e G Ak i) 51 ) 5
NI REFAVERRIL S A THE S R HIZ T it =4~
BRI PR BEEA T F AR, A BRI SR N3k 3R
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Table2 The comparison of forecast errors of 10 independent

tests of different models

. Koo 5 1
E=tan
HHO-LSVR PSO-LSVR HHO-SVR
e/ IME 4.28E-06 5.49E-03 1.49E-02
S 2.86E-03 7.63E-03 1.82E-02
HE 5.51E-03 8.16E-03 1.97E-02
FriEZE 2.80E-03 1.13E-03 2.24E-03

*x3 EHTFFriedmani@ I HIR B FLIHE

Table3 The mean ranks of models based on Friedman test

sl BeIE
HHO-LSVR 1.50
PSO-LSVR 175
HHO-SVR 2.75

HHO-LSVR BRI T FEFRE2E 1K T X B Y |
HoAh I H IR S LS, (RS BRASEAR ) oF-
PIEYEZE bR S E M EA K, HHO-LSVR £%
RIS AP s A 745 W b i T AR | e (EHE T
PSO-LSVR FAY (A AR AE , R B T 45 AR AR g g bl e
HHO-LSVR #5715 PSO-LSVR ## HHO-SVR #i %Y
PRI 2 25355 0.25,1.25, 4rRI4EE T HHO 2k
FTLASSO [FH Pk eR . BRItk LASSO (515§
X A TR B DR, s S e T i A
PERELE TP KA AR TR TR () 7 32 S, BSE T
AR L TR 0% 1 () S VR PR P e B, RSB
P b N 1 A% B i LASSO [ )5 £ 6 TR X 75k
PREEWRAG B . bAh , HHO 59548 SVR BB 8 T4
] CR AT PSO B

4 Zhe

FETF LASSO [BA7E i 2 T B - H (R ik s e
FIH HHO 533 R A7 1 500 1 8 R 90 2 3 1) 4 [l
A, KT HHO-LSVR 48 3 A AY | £ X — 4~ S 43
(AR I PR 45 S 3031F T HHO-LSVR A5 (1) 4 2Pk
R, AN, RS0G50 A9 25 5 iR LASSO [Hl1H
X TR RIPERE A TRk AR B 5 S 7, HHO Bk
PeAt SVR BRI fE =k, A SCHE Y HHO-LSVR Hi
AR PR AR AR A BE AT A TAY , LASSO [ 5 1 Fl
P BAEAR T AR IR T AR A A A S
il iE— 2B BT S0 UEZ AR R e ) RUEE | A R L T4

BOR  [RIBHE— 2R LASSO (8115 5 Hoft 2% S #5m0
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HHO-LSVR Model Combined with LASSO Regression for Medium and Long-Term Runoff Forecasting
HAN Xiaoyu?,GUO Yingkui®

(1. School of Hydraulic Engineering, Yellow River Conservancy Technical Institute, Kaifeng 475004, China; 2. Kaifeng Water
Ecological Restoration Engineering Technology Research Center, Kaifeng 475004, China; 3. School of Cwil Engineering and
Communication, North China University of Water Resources and Electric Power, Zhengzhou 450046, China)

Abstract:To verify the efficiency of LASSO regression in removing redundant forecasting factors and discuss the annual runoff
forecast effects of HHO-LSVR model based on the Harris Hawks Optimization (HHO) algorithm and Support Vector Regression
(SVR) with LASSO regression, this paper applied LASSO regression to obtain the fitting coefficients of each meteorological factor
and used it as the basis for the preferred forecasting factors. The HHO algorithm was used to optimize the control parameters of
SVR model for annual runoff forecasting and control models were set up. Besides, Friedman test was utilized to quantify the
contribution of the above two methods to model performance. The results show that the HHO-LSVR model has the best fitting and
test results, and the control test results show that LASSO regression plays a major role in improving the performance of the model.
Compared with other models, the HHO-LSVR model has higher forecast accuracy and stability, which can provide support for

actual forecast.
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