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Prediction model for local scour depth around bridge piers based on coupled
physics-informed and symbolic regression constraints

Geng Xingle' , Chen Hong'”>, Wang Jinquan®, Xiao Long’, Xia Xiaoliang’ , Wei Ronghao*, Zhang Huiming'
(1. College of Water Conservancy & Hydropower Engineering, Hohai University ;
2. Suzhou Institute for Advanced Research of Hohai University; 3. Ningbo Hangzhou Bay Bridge Development Co. , Lid. ;
4. Zhejiang Institute of Hydraulics & Estuary ( Zhejiang Institute of Marine Planning and Design) )

Abstract: To address the overly conservative predictions of empirical formulas and the lack of physical mechanism guidance in purely
data-driven models for predicting the local scour depth around bridge piers, a multilayer perceptron ( PSI-MLP) model based on
coupled physics-informed and symbolic regression constraints was developed. In the PSI-MLP model, the HEC-18 equation and the
Melville scour formula were introduced into the standard multilayer perceptron framework as physical constraints, explicit equations
extracted from data by the symbolic regression algorithm were combined as additional constraints,and the loss function integrates data
loss, physical loss, and symbolic regression. With extreme gradient boosting, support vector machine, and purely data-driven
multilayer perceptron models as benchmark models, the performance differences between the PSI-MLP model and each benchmark
model were comparatively analyzed from multiple dimensions of prediction accuracy, model interpretability, and physical consistency.
Meanwhile, based on 56 groups of field-measured engineering data, the cross-scale extrapolation and generalization abilities of the PSI-
MLP model in practical engineering scenarios were analyzed. The results show that the root mean square error, coefficient of
determination, and Kling-Gupta efficiency coefficient of the PSI-MLP model on the test set are 0. 234, 0. 88, and 0. 928, respectively.
Compared with the benchmark models, the root mean square error decreases by up to 34. 8%, and the coefficient of determination and
Kling-Gupta efficiency coefficient increase by up to 16. 4% and 25. 9%, respectively. The decision logic of the PSI-MLP model is
consistent with hydrodynamic theories. The relative error of the PSI-MLP model is less than 25% under 71. 4% of the working
conditions, which is superior to the traditional empirical formulas and benchmark models. The coupled constraint mechanism of

physical information and symbolic regression can improve the adaptability and prediction stability of the model under complex
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engineering-scale extrapolation conditions.
Key words: local scour at bridge piers; prediction of scour depth; local scour formula; physics-informed neural network; symbolic

regression; interpretability analysis
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Fig.1 Structure of PSI-MLP model
1.1.2 #ki#
TE MLP HEZR g | AP 2oy A8 B T ot A A 385 B2 R0 R A5 DA SR 406 B AR 09455 1|1 U9
i, ATE RIS EUR AR RS AR A BE 5 I A, 5 20 I B R T 2 S I AR R R
1.1.2.1 Y
HEC-18 X" 32 13 T T RE 45Uk B i i i R FE T, Melville i) 23 20121 45 4 37 o EL 4 30 2 SO
AR ORI N TR SRR I AN S EE TR N, RRAE R R ARk A b 220 o v R A X KR R X TR | B 5 T
BEFES BRI SRR R4 BEE A AR, iT A e 25 B AL RF B /K 8l A BE iy i 3 | 2 AR 45 i
I, PEE HEC-18 2 (R(3) ) 55 Melville wl A (2 (4) ) E P B R 572,
d_/d =2.0KK,K,(y/d)"*Fr*® (3)
d./d =K,KKKKK.d (4)
XK, WIREOEIRE IEREG K, MK B IEREG K, MR FHBIEREG K, KIRFREGK, K
SREEREG K, IRV RAR REBGK, ABUER R B K, Ml Jef 280K, HRIBELS REL
1.1.2.2 fF5REIETR
RAZ YRR I TPV TE B RS EUE R A AR A SR AT RN EE LG vl el DR B 5 o i 4N
S R B RIA A A5 BUEE Dy — Rk Tt e gn R iy AL g2 > 7 ik AT 8 B IE 2 T
FETETUE SUE I8 AT 25 (8] H A AR R A A 1), AR ML TINS5 mT A ek iy S b 7 A
AR PySR( python for symbolic regression ) 595 RS IUAF5 B H A F2 . SCHETTH - S AR IE IR 1
9100, 3EARYRECH 200, 38 137 BE BRCR T J7 12 2% (MSE) |, 18 1ok 0f 2L AT 2 ik R 20 3 5 laR 3
2% PySR S RN 2R3 AR () B AR AT 5 I 2R
dsc 404206
d expl (d +0.7245) /exp(9. 342 50") | (5)
A mE 7 B AR A, S R B b, Ry AR A v BRSNS R
PRI FRAE I T R &5 i S AR R AR 5 S BN o Sl B A5 [0 A D7 R A58 2% R BV Sl 29 SR, PSI-
MLP #ERIZE I Zgicd A v (R Bh 32 23808 e 55 5 B0l AR AL i AR 5 | 5, DA ITT 42 X0 52 23 ) 38 B0 42 %) fife o i




154 WK AR R ) A e

B TS B 5z AR
1.1.3 FHik gk

PSI-MLP #5455 pRECH
Lo =L, +A L, +AL,, (6)

WL O R 110 o T S e G| = AN 5 0 W 753 IR A (S O 0K < DAk i DS = o == R L TN O & TR AR E DO L DT RN
JEATHRIEALAL B, AR —S 506, HAriE e IE =08

X=(x-wn)/o (7)

Ko NFIGTCENSEIE ; X IS S BUE ;u WS EBIE ;o HZSEIREE
1.1.3.1  KdEisk

L, AERRAERCR B T
L= 3, (Yo = V)N (8)
AN KA Y. BRI § BB PRAERL Y, KRS § RS At e

1.1.3.2 Wik

Je s ) 388 AR o/, B R/INII A3 S K R A Sl IR v, SR I SR B AR AR B BT AN
Ty TR IR ETEAS SR oh 45 H Lo & T B R R M, AR 22 0] 38 10% A1) Sk o b lf S8 37 3k
TR A3 BRSSP I B S AR R (R B AR E P, 7R B e i | 5 S B o 5 B TR 2 g T K
il AV DX 5 s R vl 3 28 FEASE] 3 DX N, AR FH A R 4 B 28 2 ( HEC-18 UK Melville il 24 2X) 1155
WRIRBE | I 2 U8 DO P 2SN SR AT AU AT 42, DT 7 B0(E b PRIE £ % pR B00BR 3 A 8 1 - W P 5
EME.

2. 0K, K, K, (y/d) " P Fr*® v/, < a
_ v/v, — 0.9 v/v, — 0.9
Yoy =91 - 11_09) Yot ¥ T g gt & < v/v, < B (9)

K, KK,KK,K./d v/v, =B
Kby, AR EAE v, ASERAK ) IR HHTEAE ;0 WEBARARK (4) FridiiH 58 A
SCHE v/v, =1 PRI E +10% 33 EHT ,a BL 0.9, 8 B 1.1,

L, TERFREA R 5 T 29 B A ) 5 W 3 8 XA R — Btk

N
Lphy = Zl (ypred,i - yphy,i)z/N (10)

ey, WEHRIXTREAS § (W HOE 5y, RRRAS i X (9) BFAR R o 1A,
1.1.3.3 5 REIEHK
L, FIREEARAR WAL R T4

N
Lsym = Z (ypred,i - ysym,i)z/N (11)
i=1

ey, AFEA T d120(5) g o,
1.2 sz

WA KRR AR EEE 7 R BR RS A B 423 1R RETE BRI SR b A | 1%
W T AR 551 TR VPRt BB U RS (3R 1) o AR A BB /X 52 2 A E Ze PR AY I 5 1Y)
SN P TR A | Al e R A B 3 R 2 I 2% rh A H IR 7 R T S W BE LI 30 B9 B
HEOR R BRI T T, TE 6 DRHIE_L BN BE 29 I B 5% R &5 3 234 B S0 INRE B 517, ARSI
WIS T I sh SR 25 5 B R A 7 5 A%, 2L 2 115 41§77 m e A AL 4 e S
MR At 72, AP B I BE LA Sl BE A T 295, i R FE 8508 PO s IR s (B R e S (. e 5t
JE AR 7 2 1.5 ¢+ 1.5 WL BIBEALIRI 4 A I 2548 S b S Al A . Horb IR TR S8 E ) I
WESE TS EAL, A TP B ALERE



44 WKXOIR 5 SR T WA RS A5 (BR324 SR FR A By A R % P 00 A5 155

x1 REHHELRIT

Table 1 Statistics of experimental data

GISEAEE o/ (m/s) v/ (m/s) y/m d/m dsy/mm d./m
PN 1.50 1.27 1.80 1.00 7.80 1.15
e/ MHE 0.17 0.19 0.05 0.01 0.22 0.01
SR 0.39 0.43 0.22 0.15 1.46 0.14

1.3 EAEXLiER

TEEL XGBoost' ™ . SVM " I MLP AE Ay L v X HUAR Y | iy P b A 250 I 224 i AL 2 > 40l gt e ] U] ) fE
PERERE ) ELHFH TR0 b R B T A A Qe A IR | T 4l 50 BK B0 1 MILP AR Ry SRR R | 5 7
FEXT LG BSR4 PR 24 B 55 455 (1] 05 2 SR8 5 | A LR o 28 X 4 R ) i SR I PR BB ER T
1.4 REEESEE

KB (RMSE ) (TR REL(RY) ek BB BCE R 5 (KGE ) 3 AN 484 04l PSI-MLP 4%
R T SEEX LUAR R PERE . RMSE FH 167 2 190000 {5 0 S ] 194 0 25 , LA /D, 1SS B S0 0K 3 b v . R
FHF ARG E AR AR 1728 S e ) g R A ) ol T 0 s A 5 S0 A Ak f DG P R B, LR 30 1, A TR 48
GRCRBGF . KGE ZR5 5 BN E 5 52 22 AR OCME: | 3R 0 O 25 0 B HICRE B2 3 1 T ) — B0k, NSt it43
A F BEPP AR AR (Y AT R R T 1, BB A 25 G P R BT

RYGUE PSI-MLP A5 74 BRUL R 12 50 (%) 5 B | 51 AL TEZR8 AR B V03 R o] il g B¢ ( SHapley additive
explanations , SHAP ) J7 ik X BRI AT Al ek 404 SHAP 5 i3l a3 78 BT A R AL A L8 i 4 & e
02 ZEARY Y A3 A D 5 AR R B R INE BTRR , DT RSB B 45 K4 AN A2 (R AT 2 T St Ak SRR % i
LR EBNE RAER T, P4 %) SHAP {45 0E B F T 20 1 R 1iE 2 4 5 B2 HEJT ; SHAP B R 1] LIFEAS
SRS AR AR R IZ AR 1Y SHAP | AR FRIEBUE S, T 20 A R i B AR A X e ] 28 88 000 (1% 1

2 HBREH

2.1 FNBEESHh

WGSBS EOLFR 2, fERCIERN I AR e A [R) B0 45 b i 1000 4 ek L I
3, M 3 WAL, PSI-MLP AR A7 Bl 4F L3 3R I e L i wiii g . AAINA4E 7, PSI-MLP #5178
A RMSE 4 0. 234, % MLP (0. 318) .XGBoost(0.359) Fl SVM (0. 322) 43 5| A 24 26. 4% 34. 8% F1 27. 3%,
TG B 5455 [ A AR A 29 o B8 46 THBE R 000 B2, 5 4 B0 B 2 i S ME AR R AR LL S T iR
34. 8% (MR 2 PR ; PSI-MLP #iAU () R* $2 71 % 0. 880, % MLP (0. 783) .XGBoost (0. 756) 1 SVM (0. 804) /3
IS 0.097.0. 124 F10. 076 ; PSI-MLP A5 5 [1Y) KGE 4 0. 928, 7E 4545 Rl rbdig i, S5z e H HC 50300 41 5 5 4
FEAADCHE | R G0 0w 22 AR St = 38 Z LA AR A AR — 8Pk . S5 AR IR (E R 5 | A Y3824 RN 455 [0l 15
T RRZIHAY MLP A L, PSI-MLP BRI AR TS0 T 24 12. 4% 1) R? 3 TF 12 26. 4% 1) RMSE iR, UE B
TR R RS RS [BE 7R E N G AR AR eRBCR A SO LIS T 1 Rk 28 ) 25 2R 4
(RTINS B, R T Iz AkRE Sy, [FIRS, PSI-MLP BERIZE I 254 RBORFF SR B A E (R =0.943) , HAE S
UEAR AR b RE AR HFARE (R? 430002 0. 876 F10. 880) , R LB it #0145,

K2 BHABSHRALER

Table 2 Hyperparameter optimization results for different models

Ay SR BSERUE Al TBSEL SR
learning_rate 0.00245 learning_rate 0.01885
physics_weight 0.00169 max_depth 7
. XGBoost .
PSI-MLP sym_weight 0.00217 n_estimators 285
dropout_rate 0.11894 subsample 0. 68742
number of layers 4 C 7.25722
learning_rate 0.00262 SVM kernel thf
MLP dropout_rate 0.103 15 ’ epsilon 0.04834
number of layers 4 gamma 2.83443
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x3 BEBEARHFEE LTI L

Table 3 Comparison of prediction performance of different models on different datasets

o RMSE R? KGE
- pIIEERES LN M4 YR ISR DA s IS M4
PSI-MLP 0.163 0.249 0.234 0.943 0.876 0. 880 0.949 0.915 0.928
MLP 0.316 0. 346 0.318 0.784 0.761 0.783 0. 807 0.779 0.787
XGBoost 0.293 0.365 0.359 0.810 0.718 0.756 0.782 0.750 0.737
SVM 0.259 0. 347 0.322 0. 852 0. 744 0. 804 0. 897 0.858 0.851

2.2 FIERMSNEYWE LR
2.2.1 TS
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34 T SHAP Sl e, AR(EREA Z 8 b T 5000, R WTBE y/d 384 B 1) T F5000 Ay ol ki R 2, A L
ZF v/v, X R BE R 0 S B AR LR PR RRAE L IR o/, FEA R T T v
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N

=n
G}
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S 1) S, RS R Fr YRR R EREASTE IE (7 SHAP X y - : - AL
WAL AR . d/dyy 5 d/d WRRGASE, 0 s '
{HAEARGE ST SHAP Bl ) X35, RIBEL d/d,, R, B B2 SHAP 5 HIEEE

R ) T/ N T %) R TR E Fig.2 SHAP value beeswarm plot

2.2.2 HE-FHELEE

AR R o/v, 5 d /d PR E R ARLE G B . B BRI 5 RERIAE LL o/v, 1108 730 BEAK
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/v, <1 WIXI, d/d B v/v, ARSI PSS R, IFAE v/v, = 1.0 BT LA 1 AR AR AR BE v/v, B3
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Wb VKA T B d/d 3B RE o/v, BOERITEAAEITIN, IFAE o/v, = 1 REIRBNEE 1 A B0 (R 24 ik
I s S, SR R TR I PRI V0 b 25 S i), PG A3 Ik 25 2 AL, RIS PR UG, PSI-MLP
TR T 45 2R 5 X — 22 AL AR — B T o/, = 257
1.0 B 52 21 1 35 K ol 1) 2l PR bl (9 5% A2, BEAS 20t
PR X I 3 25 A S (B o Rl LB A S A8 1, AR 15}
1M, 2 BRF VI GRBR A P8 5 o0 AR E BRI 3

— BRI R A

LTIy ey e A S U B 17 S 1Y N0 N R — i

B RSN 0 B PSIMLP BERAE R HEAR o
e e L MY S A e A S e Sy B B B S
S A WU (7 B2 (BSR4 b, PSI-MLP BUAL7E o

AR T A 30 VR A 0 3 RRIR R AR A%

= B B AL S T B 25 ,/E\ﬁ BL I 1 ) B — B Fig.3 Response curve of scour depth to relative

flow velocity
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2.3 SCBILSIE

RS PSI-MLP BERIAE 52 BR TRE 5 i )R A9 SMEFNZ AL RE T, AR 1 56 20 S5 PRz 180UR) o v il 552
BRI TIRUE S TARSTMEIR ST 3 4, 18 4 XF T8 80 5 TR SSMEHE /R A = (v/d v/v, |
d/ds, T Fr) B3 AT22 5 . " RBARTERD y/d /v, HEIT NG FHE I X RIREA S A0 3 4 O — e R B 5
TR Fro B T00 1 TR S BIRAE R y/d 8 o/v, PAICK d/dgy X8R5 HTE 7, BB S il KK I | 1 ke
FRRFEBHGRAE T RYSEBR T, Xf LRI, TR S B AR B se i fe i A oA EAF e — g S, 7T
TR PSI-MLP #EAU {5 100 5 15 ROBEZ AL e RE

*4 IEZNEHESIT
Table 4 Statistics of field-measured data

GAHHIEE o/ (m/s) v/ (m/s) y/m d/m dsy/mm d../m
IS oN[T] 1.90 2.59 9. 40 1.50 6. 80 2.50
e/ME 0.20 0.35 0. 60 0. 60 0.12 0.25
T 0.94 0. 60 4.14 0.99 1.01 1.05
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Fig.4 Comparison of working condition characteristics between augmented and field-measured data

i3 5 AT, PSI-MLP HERUTE A X 32 25 /N T 8045 T 25% B9 IX ) A AT 40 dUREAS, 1 71, 4%, & T
MLP(51.7%) XGBoost(41. 1% ) Fl SVM(44. 6% ) , LG5 22 B A K ht 22 T4 5 1 7 18 S 4 203 Ak £
FEXFER 22K T 100% X ] A, PSI-MLP AEAIREAS (5 AN 1. 8%, 1] MLP  XGBoost H1 SVM i Lt 73 il %]
5.4% .10.7%F 12. 5% ,Z50 A2 5 e w35 25% L b 76 AR S 55 58 Pyt g A7 76 RUBE oK i 4 AF
SRR OL T, PSI-MLP BOENR 25 T W35 25 755 AR5 29 o) TR A0, 2 B0 8o iz A, %2

BOTBCRORE T80 10 TIUIHE B2 It 1 A oo i 22
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Table 5 Statistics on number of sample groups in different relative error intervals

ARHR 2/ % PSI-MLP MLP XGBoost SVM P55 1] 05 5 7 HEC-18 &  Melville #i) A3
0~25 40 29 23 25 9 23 3
>25~50 14 16 23 22 21 11 11
>50~75 0 4 3 1 12 6 2
>75~100 1 4 1 1 6 2 13

>100 1 3 6 7 8 14 27
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H & 6 71, 7E 0<y/d<1. 0 B, XGBoost ,SVM 5 255/ 3 (1) F- B A X 1 22 B A A R, A L 22T il 28 0 4%
RERIZE FOORS B b AT — 3 AR 1. 0<y/d<2.0 Fl y/d>2. 0 B2 T F , PSI-MLP #5584 Jj 3 1 f6 T 46
B DR ShAR Y G T A E M, SR A X IR 22 BRI AR 20% LA, BRI, TR A ol w0 A T A R A R AR
IKGIE I, 51T E LA RE S A 2080 N R G i 25 B T ) TR B T i

%6 ARAAMKEIRTHARE L

Table 6 Comparison of prediction errors under different relative water depth conditions

TR FEA LR BRI R 22/ % ‘ _ ‘
PSI-MLP MLP XGBoost SVM MERIE AR HEC-18 2 Melville kil 2y 2
0<y/d<1.0 6 32.05 15.45 65.70 100. 86 117.32 76.55 98.28
1.0<y/d<2.0 14 18.96 50. 06 73.92 67.75 89.99 87. 46 95. 65
y/d>2.0 36 19.95 33.49 26.25 31.91 43.94 67.06 100. 58

H1 & 7 AT, i /K W (O<v/v,<0. 9) B, PSI-MLP 455780 55 HC A 4 B4 9K Sl A 784 1) -3 A KR 22 37 30%
AR BT 23 A IR EUR  J X (0. 9<v/v, <1.1) #1,PSI-MLP F A MLP #4234 X R 25 70531 A
17.06% F1 12. 27% , A0 T4 205 2 i BRI s E SR M X (w/w, > 1. 1), SECHE SR SR 2 30 4 B 4 1)
1 N PEIR K, MLP XGBoost 5 SVM P-4 AH X158 22 3 13 28 40. 50% ,49. 8% 5 56. 62% ,ixX 3R W FE Gk = W
YIBRHLE] S| TS LT B GHLAR2% 2 S LA BB A8 sl R A5 1 T T VD #h 45 5 il [ 7% 22 ] &2
ZMAE L2 AL, B MEE i TR P A K 25 . A2 T, PSI-MLP B8 - AH X 52 25 oy
20. 40% , % MLP IR 50% , ALK T XGBoost 15 SVM, X —£5 FAIE W | 78 AR S50 A S AR whil 1X, 9
PE B 5SS mH AR & 4% 1 DGR IE AR HT, A Gl 1 2E8E X SR 1) f 22 |, T TR0 5T i
(SRS E P 5 TTAEVE 7K ] DRI X Y MLP 3 R 2l 45 48 3K sh AR 2 B4 B 400 5 R ) BURE A 45 i i
/i, PSI-MLP B8 i T 75 200 2 P8 — St M M et ) 22K SR i B{E R 25 S BRI A R
HE— YN )X H T LW F] 5 ol 285628 X 1 S0 45 SRR TR, PSI-MLP A5 RIZEHLER 5 Sk &2 2% 1) 3h IR ol X
TS BEAR T K sl X, X —J5 & i T HEC-18 ZUAT Melville i) 28 282 2R F A BIR 42 il 25 1 ) i ) 1t
BT SEULRIT, 5 SR T T 74 250w 22 , 1 PSI-MLP BRI LB R & Sk 724 ] e Sh R bl
DX 0] 3 2 B 2 RO I R B S B ) v B A 2 5 28 B AKON R AT A M, DT 7 B0 PR i) DX 52 BRORS JE $2
T3 75— 7, AN A TR K ] X, PSI-MLP A RE 35 DR ki) DX ) 49 38 24 o 22 (R B0 ok S A1 5 7 o ] 1] 9% 1y
RG] T R P EIEAR" A 24 5 LX< B R g ARORSE BE Ay e ol A TR i T A Ak ) P A
5B SH, DA AR S PR X S S AR RIS SRR 5 TR 1

x7 FAEMBEXREIR TR EX

Table 7 Comparison of prediction errors under different relative flow velocity conditions

TEA FEA L SRR % - ‘
PSI-MLP MLP XGBoost SVM ST HEC-18 X Melville il A
0<v/v,<0.9 10 25.11 24.89 28.97 26.03 65.34 50.77 65.63
0.9<v/v,<1.1 4 17. 06 12.27 19. 65 18.07 53.71 65.98 94. 67
v/v,>1. 1 42 20. 40 40.50 49. 80 56. 62 63.75 93.96 87.16

ZE ik, PSI-MLP #5254 A4 BRAIL ] -5 B0 A | 76 52 br TR 350 v e B0 1 0 0 (9 38 FPE 5 ] Sk
AEAE RUKIR T 45 02 2 T N5 Bk AR 8 O TR 22 | G 1 2 800 SR sh A U AE SR B H R 2k
H A8, B B A0 s ROREE N e 5 TR e, ml AR ) JRURS: A 5 150 1A A% H AL 300 T B R AR
SCHE L YRR AR A S i R LR AR T IR K T U S B, R R AE T ST A 1Y B VR 5 B W I A S 4
Al kA 2 A AR R IR SR VDR EE b Dy I SRR R A S R, BT A AR R AR R
TENFEL TERE AR TR 2 0 T 1038 A A, DARREE R TR 0 SRS B 517 1k e
3 4 i

a. YPGB S5 mH A RS & 20 R BENS 42 T 4l B s Bk 2l MLP R i) T RS B 592 4k B F1 ., PSI-MLP
RERIZEMRAE |19 RMSE (R* Fi1 KGE 435124 0. 234 0. 880 F1 0. 928 , fHE LW £55 291 MLP ,RMSE [

fI% 0. 084 ,R* #£%5 0. 097 ,KGE #2755 0. 141; H. PSI-MLP A8 AH 4 T [0 T 4T 55 0 (19 % AR XGBoost 5 SVM,,
TEIMRAE LY RMSE 23 5IB#ARZY 34. 8% 11 27.3% ,R* \KGE JRYAE BT T+, e BRKE ki 2 =X LA R A5 1|1 1
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Ti BRI AR SR BT EA A s WOORS B 59z Ak RE T .

b. AL B 2 A 5 ) B — EME A 56 F2 T, PSI-MLP B AU P 350 e 5532 4 5 )R 30 b Rl L B i A — 3
SHAP 43#7 7 , PSI-MLP 551 7E F50 0 AR X e ] 98 1k, 45 AL R 2 B2k ph v SRR O Ry AR X A L A
T | 30 57 PR S AR AR A AT K R34 48 % SHAP STRRELTR 0. 265 2., JIE AR X 7K IR Ay 4 il e ] 1%
JEMESSE, Y —SER I, PSI-MLP A5 T FA) AF X5 ivf ] Y8 P38 i ARG 370 3 1) 2% Ak BE 8- P B < 375 7K
) DX Y S T R IR 0 I S DX ) 1 390 e R ) R 32 LA R 50y AR DX o ] 8 8 1% (] - 1) e A8 = iy
B AL RE

c. T RESCINECHE YT LLBAIEFR A, PSI-MLP AR 7ESC bR T AR RS ™ A R4 i BU M e Fnvz b ke, 78
56 ZUHFF R S T4, PSI-MLP AR X R 22/ NTF 25% BIREAS (5 ok 71. 4% , B 3540 F 2 5a 9K 3h 1)
MLP (51.7% ) LA XGBoost (41. 1% ) Fil SVM (44. 6% ) ; FEAAXTIRZE KT 100% [ [X.[A], PSI-MLP FEAIFEA
AR 1. 8% AR T R B SR Sh B Je A e 2 3 /03X, A8 ORI | o Tt A K R BE A 5 5 S 3 5 i 0 A7
TER S RUBE 22 S A2 2 T 25 A0F S, PSI-MLP A5 AT e A7 80 il B i O 2 o), HL 28 ) T AR5 2 R
A SEBRIA T N A T AT S S A A
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