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FESZES: P338+.1 XERFRIAED: A doi: 10.3724/.s1xb.20250474
1 BFsEE =

A BRI T AR i 2 W R 2 R, (AR AR i R T 7 AR L e R AL AR B R Y K SCRR AR R R R
RO FE AT A TR b R 5 28 1 T P S T T B A R e B, A N A R
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EREALAY ST X A KRR IR BE A v R R DR TR . Bian S5 TR A5 R 25 S SR ConvLSTM,
PR UL T 9 DX K S A B A L O Sl 0 X D B B A AR RE T AR, b TR
fiE.,
G

\

R R FR A2 Je . RN ITECIR AR Z , 1 2E ) R BT b i 1Y I s AR Ry B RER R AT AL T
TR M Hh A R RRUBUR SRR IR R R M 2 A TR N R 2R GPU T S R AR
Mot PR, ey S B e AR RE AR ALY A 2 RIS 1 B TR —

% B BIAR 43 B AL G T 0 A X D O R I R R b AE B, He SEUAR ) LUK
SRR N, R R 2 ) AR AT R 0 PR (Super—Resolution, SR) T, B B 2 H A5 I H
R I A BER I o W0 Wang 551 ) FE 5 28 50 1F 32 R BCHE IBCIE 7K 38 JE B 25 R AE , M £ T Al IS
J Ut KA Y 5 A i s W AR AR S R RE A AL, SEIL T 11 min 52 120 ht SR KR . 7R IEAR Ay
PR A BRI, L n] LU 8] 23 B 07 2 R AR AP T AR R A3 ey 0 R IR 4
fift LA /NS AL B, LIS — R M N B A P R B R, AT R AT R IR A F 0K . Herath 551
P2 TR A B2 R S R 2 ) B R A% UNet #278 (Subgrid UNet, SGUnet) , A5 5938 1o 4 K RO itk
TR BE 4 512x5 128 R AT B 43 SR b B, 76 AR Sl A7 5 3 53 67 481 [] IsF R 457 6T Jmg 08 b T2 A5 A1 1) e
PEo BRI, 3 BT AR R R K SCHEE T R 7 AR TR AN 2 o i TR 2 R TH R B 57, AR 4R X
i) f 3t 3 OC R T RE R I 2L, S BB W AR 1 42 R K Bl T RRAE JC R T A A AR . AR GE N o)
P ROE Ay LA — 20 B AR A7 i 1, 5 E i Gl = 28 S8 PRI S8 4R ) 23 B R/ A8 A X A5 Y 50000 K5 8 1) 5%
Wi aAh, RCHE T LR LG B b e 0 205 R il R A 2 B TR R AR MO A T T 1) o Liu SR
BT RT Kolmogorov— Arnold /R EHLAY KAN(Kolmogorov—Arnold Networks )L | 41357 5% F 75 ok &R
AJHEa, BRI TR 2 W AR R IR AR R S RIS R . I ARR, KAN BB gl T I i
KA T ﬁ?ﬁﬁ@%ﬁl“”%&% JEE B MG G T 0 i 8 R A 2 0 245 A Y T 5 B0 RE -

LT 3 3l T AR R R TR T T R, AR ST LA AL BT I b S IF 5T XA TEEHT Fift B
B B 23 %ﬁ%jmmm H7 I 28 B AR UNet-KAN=SR , 13 70 33l 2 >0 A% 70 e R B i 72 K i |
I3 B A 2 o AR AR S B W ML, S 3 min PROHMERA TR 3 h AT AL A

2 WRTE X R B )

2.1 FRRERE AT E e SR AR A BT BUR AR B AR A8 B A AN S RS P R R 1 A R A
e mCIR T @ e e A Jb s W R e B, A AU 307 km?, HUEHIR A, S E AN 1.5%, T
TIN5 K 3 5 @ S E AR AR (B 1(b) (e) ) o U 3T @ O J& IS i 2 W 10 22 KU fe 4R
YRR g 546.8 mm HLEH Z K29 5 A AE KN 70% UL o fE T R RS, dbstalni & e ab T
ST 2 AR T WEOL S, M ARSI, HEKRE A, AR N B KU AR A b EORT
4 PN B W T, 2% DX o B B i R AR v e T ST S . R R S L (B 1(a)) .
22 TRAREIEE AWk E EAE I .0 CMORPH T & [ /K B8 X 7= (o R Bt AL 22 TR 3% B 5
PP BEMLAE B 32 I 25 0 HER NN T hy 1 km B9 24 h TR FE . X 32 3 TR O AR A9 G R AE B4
wE 2 frs, Hod S SR 7E 150 2 210 mm Z 8], 5 K/NEF R 3 A T 50 2 110 mm/h Z 8], 6 7%
TR [ B A R TR o R R R O R A ARG R S B A BB B R R AT T AR Ak
TERSPL AR, AT A L5 20 0 238 10 ot 3 W Y I R A o BB BB A R 6 ) ) = 0 R 1 3 T /K Sk 3l )
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TR SRR, RIS B A A5 K 100 A R S (18 1(b) ) Al 1 ESRIZS ) & i 1Y
2020 4F 10 m 43 9F 23 4 5k + b R A 42> . S0 1w LA (&1 1(c) ) 38 T Shi %2 & 70 1Y 4R W1 1) 5% 4
SR 0 TR, TR GIS W 43 AT T A SRR 2 2 m 43 B3 . i TR B AR AL R H A &5
P = WA B HIOR sk, ASHIF ST R GIS U W 40 B T, % = A 0% 776k (0 A5 J00 7K TR 445 1% 3 R FF &2 30
FI100 m 43 HER (] 1(e) (£)), 15 2IER KNG53 0 880x726, 264 x 218 11 . K43 HE R ¥ B 43 A1 i 51

— 705 —



TR m

40 A EAR T L
1.0
35
30 0.8
25
0.6
20
15
04
10
5 TR 0.2
g, o AR
0 (=R == b
0.0
() B () - TR SR () BTN 1L

KR fem

100

TR /mm

(d) BERT IR SHHGEE 22 1) {e) 30 mA PR B 1] (f) 100 m B E

(IR W S i AN A 1T € TR R b A IR

K em
100

Fig. 1 Surface data and example rainfall-inundation distribution in the beijing municipal administrative center
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Fig. 2 Total rainfall and hourly rainfall peak values for 32 rainfall events
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B 4 W TR A B LSRR 2 O L B UCH AT MBS e A P ()
SHCHIBNE B AL PRSI BM M HAR I BN LS I (2, ) TR

Xyons s X =Mx,, o0y 2,y A) (1)
e B UL R K R I T B UL T 29 R 0~ 2 W'Y, AR W 5 1R E i VI 5 RE A 1 i 1R] ) B
10 min, JFEEMATFILEM = 6 ST HILEN =6, MU0~ 1 hBE iRk, BAmTE, #
RUFIF A 1 h(6 x 10 min) /Y7 & /0 A3 7 SIVE MW G Bk sl , 005 1 h i BRBF AR, ISR UK 2h T4 3R
e C RS 27 % T A AR 45 SR TR & — SR A A B ) L 3 A A L R R
3.2 UNet-KAN-SR #& &
32,1 BRI KR UNet-KAN-SR AR HI WG B B ef B 4544, 5351 HH UNet-KAN £ 8 55 SR #5540
BLCHE 3 Ca) ) o B X T A B 28 3 91 2 2 Ty 12 DR 106 5 D A 22 it 722 0 1R 1 T I ) B AR )N 2 2 A ) b
X — A 2200 UNet—KAN-SR F 8 14 55 5% ] UNet—KAN #5He HE 78 100 m 43 3 3 1% 40 A 110 1 25 3 728
R, BPLA S 6 A RS YA B AL A A, ROk 6 AL, rh o R Rk DR RS
b W T 3 A R S AR N AR Y B E T S TR AR |, UNet—-KAN-SR A% R i — 25 R 1] SR
e, 2> Bt ) A U B4R A H 100 m 43R 5 30 m AR A ST R RO R, bR — T B
iﬂ%"ﬁﬁﬂﬁﬂéﬁmmﬁﬁ#iﬁ&éﬁﬁ FHEE T 26 B 23 TR IE 2% S AL | UNet—-KAN-SR B ALK FL 5
RS R P B A 55, 43 UNet-KAN A8 5 SRBLHL AT L AT M #R U 25 CRD 43 3 R F &5 I 4
/\ B 2 A 2R ), S AR R T B 2 ORI B A A0 R ARSI 5 e s A T B DR
3.2.2 UNet-KAN#EH B T SRGERIES T R Y FE ALt K R, UNet—-KAN-SR & RUR &L F
%iﬂi%ﬂ%wetﬂ BRI UNet-KAN B . FU AR K 1 h, BFE]Z0HER 4 10 min, 25 [A] 43 HE 4 100 m
) 3 T R 5 T AR e R L TR B R L R ) G B A AR A5 A, Ol L B G AL, K AT A 452
P 22 RO R AL I B A5 3 BRI 2R 0T 002, 5 LR AR R RRAE BRI HEAT RRAE D42, IR G& 2176
TRz B8 LS B0 v kG 1 s R R . 7R 3L A |, UNet—-KANBIHOKE UNet Z5 0 N4> . T RAERT
BLAY CNN JZ B2 40 A N Y KAN 2 (B 3(b)) o BAKRTN S, CNN il % s R R N2 25880
SRR G T S T R R AR 2R B R AEAE R, ORI T AR Lk O bR R T X RR AR ] AR 2 VR HI DG R 1Y
AR . AR [, KANJZPS9 56 R 4 K as 8] g% 32 109 0 R 2 1T 43 88 45 AR T 5 4 BB 7 A1 4% )
FRAE T4 R 5, A KANLayer $2 BU AN B 25 007 B 18] A9 42 R S B G &R, PR FH 036 BT 380 58 st
ZSARERLG o o, 7E CNN A AR 2tk BOE s A A (2) B Al I, KANLayer #E— 25| AT S 801k B#:
PREL B, (2) H 4 (E13(d)):
KAN(z) = w,A(z +wch (2)

. 2 KANLayer (S AT B w,. o M, A% BIRCE 280 A(z) BRAICH SILU S0 PR 2T

z

1+e~ (3)

T KAN JZ % AT 25 oJ (0 3 s B A R B e Ry AR R M RAE , AR 4 vk i B RE 1 WL T %5 6 )
25 [AVRFAE 9 CNN BB, it UNet-KAN BEHUR R % 2232 H CNN 5 KAN BEH AL A, 8 900 A0 FR 5 &
JE B2 FRAE B 22 2, IF B kgt o ROk 6 A (B W UL o0 1| h) BB A R 81 o % T LT 1 b LAAM Y
FUBF L BT, UNet-KAN BHR FHVR 2 A R W, RIVRI R & 40 U 00 AR I 25 R AE B A, Rk
LR R R 2. 3 h A BT
3.2.3 SRAEH  FEHJH UNet—-KAN B 15 3% 10 min, 100 m 53 5 (W 3404 J5 , UNet—-KAN-SR #
T E— 2 R SR AR B 5 2 5 #vii 5 B (K 3(a) F(e)), B R E 2 30 m 0 ¥R . 5 UNet-KAN 5
HL, SREBIHLLL UNet H3EREZE M, T2 gmanas . fas a8 Mk eRaE B dln. b, SR FIH s 2
W% 2545 BT (ResUnit) SOME I (9 ROBE T Ak 1SR B, 1 Jmy 305 2 A 4 BEUT 8 1 P 355 5 R 0 A1 T Y
25 [A) JCHRARAE . AL ML, A A2 R 5 )2 ResUnit SOHT I (9 B ROBE 300 % BUERAE ., BRMG Kk A i #t 5
PRk 2 RO 5 B, Gl it 3x3 B, 1x1 & B CIELR P sR B, i i AH B B R 25 /9 30 m 4y
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Fig. 3 Overview of UNet-KAN-SR
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FHM RS R AR, B I S AR A PR 4 A I [R) 46 8 2 5 5 o BB o A — B A Ak bR &R,
VLAl A A5 2] SR B H i Ak, TSR e BRI

324 BRI %F ik UNet-KAN-SR ALY Z5 43 F1 UNet-KAN BLHL AN SR A B o 7 A~ 480 He 1 5k F 34 0
BRZEAE R RE, R Adam (AL S8 B 250, AL R/N R 2, F RSB E N 100K, IR
FHEE T 3R 2 R /Y A 38 0 2% ) S8 08 B2 2%, 45 00 b 2% 68 7 L B Pk BB 48 bR 45 i B I B BEAIR 2 ) %
I S A A S0 . B SR o e BRI R4 . S0 ESE . AR 24 - 31 5. &G, HEI34
) R R 38 4t A BE R /L B, UNet—-KAN BLER S HUE 20 1081 )7, SRR SR A 16977, P&l
YRI5 0 T HFE 15 GB R/ GPU BAF A & o M HL T 8 A WF 98 5 09 I 25 PR BE 2% 2 B ConvLSTM ™,
FE AR AU B 2 5 i (479 T0) 5 R S5 YN R BC & 1) 25 F T, ConvLSTM A2 Y1l 25 BT 75 1) GPU 547 75 2 1 K
h22 GB, Hy AT WLASHE 5T 5 HY A UNet—K AN-SR B 1 ] A 2505 9B R I 45 7 75 1 GPU AT A .

3.3 HEENEMIESR  ATFICRAN T RIEZE (RMSE), FH4XTR2E (MAE) . R (POD), RER
(FAR) . S shH850(CSI) | W {H i 2% 1 43 b (PBAIS) 2538 A5 1Al UNet—K AN-SR #55 # J] T FH 15 i} 2%
B PERE . AHCHE bR i BRI T

1 <& —~
RMSE = ;Zm—mf (4)
1 <& ~
MAE:;;WL,—M (5)
TP
FP
FAR Zm (7)
TP
CSl = b P+ PN (8)
IPF - PSI
PBAIS = r (9)

Kof: y WBHE; 3, N o BB . BEICEI AR TP FP. FNSY 5107115 em
KGR R AR R B A b . AR S IRAGOTEG PROSTIARIE(E ;s PSR E . BRI,
MBS S % EAE R — BT R T 15 em i, FUE R e P EO0; HBINENT 15 em ZHEKRT
15 cm i, FE R IR IC; HHE KR T 15 cm. ZEE/DT 15 em i, FE = MAZIC

4  HERSyHr

41 FMEFIRBBESN  MNFEEHLAE A 3237 24 h [ 50 d, PEERIN K 4R 537 24 h B F 1R, %
10 min 2 2 i 5 [B] ] %, >R UNet—KAN-SR 1 87% 3l #il 4 2 A& M B 205 3 h B9 BRui s g ol , JF 5
Y2 2 B LS5 R AT vt e, i PR Al UNet-KAN-SR B 8 FLES TS B . 224811, UNet-
KAN-SR #& #I 3F-2) RMSE }3 9 ¢em. MAE 5 2 ecm. POD } 0.86. FAR 3 0.31. CSI >} 0.60, it i
UNet-KAN-SR £5 B GE iy 7 [X 38 N 46 K358 40 10 3 BRUK IR S, SR A PEREMI X Ao R . i Ah A R 3
BAE, KWL R AR E N : GPU N Tesla V100S-PCIE-32GB, CPU 4 Intel (R) Xeon(R) Gold
6226R CPU @ 2.90 GHz, £ %iit, X T 3 h BE LB &l P2 1T 55, UNet-KAN-SR % %1 57 35 i 15} 29
3 min, FESC PR B T AR T XURS: T, DA Sy A G N A Ak B i ) St TR S A I T

Kl 4 7R 178 5 3 a4 2 BROAY 1 37 D00 B3 5 S5 (AR B3 T 4t 2 209 mm, /)N B 6 T 4 068 R
73 mm/h) T UNet-KAN-SR B8 D) 7=5 h i 4l i5F 2] . Pl 45 2] 49 XU 7 i A8 ok B2 . &4831, UNet-
KAN-SR #8532 RMSE 2 9 cm . -3 POD 3 0.85 HAF ALl FE A K, BEBAEFXF 0 ~ 3 h B85 W4T 55,
AR Y B A R b OR R AR TSR D LR A PR BE, TIUINA5 B) 4 K B0 K TR XU B A S O, O AR
B 1 7 DR [X 3 T4 i g o

— 709 —



7=5h

FAR:0.21
CST0.69
RMSE: 8 cm
MAE: 2 cin

T=6h

PODIOSEN, . |
FAR:030 Y

CSE0.60
RMSE: 9 em
MAE: 2 em

T=7h

POD: 086N . |
FAR: 031
CST: 0.60
RMSE: 9 em
MAE: 2 e

W
N
=3
. .
Yo el
AN
£/ ' 3
. o y g2
A (o e
2f AP ,Ajv v T
s ' i =
NS 7

l
u

0.0 0.2 0.4 0.6 0.8 1.0 =30 =20 -10 O 10 20 30
KR m PR em

4 JET UNet-KAN-SRABIRIAY 3 /1N DR EE 50 B OR TN T 1 om (9 IR 2 1)
Fig. 4 Predicted 3-hour regional inundation distribution based on the UNet-KAN-SR model ( Areas with water depth less than 1 ¢m are not shown )
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Fig. 5 Predicted 1-24 hour inundation process at historical flood—prone locations based on the UNet~-KAN-SR model
£ 1 RIE KAN e Z 500 UNet—-KAN FAR 1 6 18 52 i
Table 1~ The influence of replaced KAN layer numbers on the UNet—=KAN prediction performance
KAN 5 4 724 RMSE/cm MAE/cm POD FAR cst
0 1.45 0.22 0.79 0.05 0.76
1 1.30 0.17 0.81 0.03 0.79
2 1.32 0.18 0.82 0.03 0.79
3 1.30 0.18 0.82 0.03 0.79
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Efficient and intelligent forecasting of urban waterlogging based on UNet—KAN-SR modeling

CHEN Yaoming'?, LI Ruidong', CHEN Ji*, NI Guangheng'

(1. State Key Laboratory of Hydroscience and Engineering , Tsinghua University , Beijing 100084, China;
2. Department of Civil Engineering, The University of Hong Kong, Hong Kong 999077, China)

Abstract: With global climate change and accelerating urbanization, urban waterlogging disasters have become
increasingly frequent and severe, making rapid waterlogging forecasting a key research focus. Compared with tradi-
tional numerical simulation methods, deep-learning-based artificial intelligence (AI) models can significantly
improve computational efficiency. However, they often encounter training bottlenecks due to limited GPU memory. To
address this, this study proposes an efficient Al urban waterlogging forecasting model named as UNet-KAN-SR. This
model first employs the UNet-KAN module to efficiently simulate the spatio-temporal evolution of waterlogging over
low-resolution grids, and then leverages the SR (super-resolution) module, along with high-resolution surface infor-
mation, to progressively map the low-resolution waterlogging distribution to high-resolution distribution. This spatio-
temporal decoupling strategy can ensure simulation accuracy while substantially reducing the computational resources
required for training Al models. Experimental results demonstrate that the UNet-KAN-SR model can simulate a 3-
hour waterlogging distribution within 3 minutes, achieving a root mean square error (RMSE) of 9 ¢m and a probabil-
ity of detection (POD) of 0.84, demonstrating high accuracy and computational efficiency. Further analysis reveals
that the integration of the KAN module can significantly enhance the model’ s capability to capture nonlinear flood
dynamics when compared with common CNN modules, reducing RMSE by 10%. Furthermore, this study finds that
incorporating high-resolution features, such as surface topography, building coverage ratio, and land use, can sig-
nificantly improve the simulation performance but performance improvement is similar under different feature combi-
nations. This indicates that by optimizing the combination of input features during Al model construction, training
speed can be enhanced, modeling costs controlled, and efficient intelligent forecasting achieved.

Keywords: urban waterlogging forecasting; deep learning; spatio-temporal prediction; super-resolution model; Bei-

jing municipal administrative center
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Optimization and application of observation systems for elastic wave CT
Testing of concrete cut—off walls

ZHAO Xiang"?, ZHANG Qingming'?, ZHOU Yang'?, YANG Lei"’, LI Changzheng', LI Bide'"’
(1. Yellow River Institute of Hydraulic Research , Zhengzhou 450003, China;
2. Technological Innovation Center for Levee Safety and Disaster Prevention, MWR, Zhengzhou 450003, China)

Abstract: This study aims to assess the applicability of various observation systems for evaluating the quality of con-
crete cut-off walls using the elastic wave CT method, focusing on their accuracy and reliability in detecting internal
defects within the concrete. Five distinct observation system layouts were employed to capture the propagation signals
of the simulating elastic wave source within the concrete cut-off wall. The internal structure of the concrete cut-off
wall was reconstructed utilizing the shortest-path ray algorithm and the Gauss-Newton inversion method. The perfor-
mance of each system layout in signal acquisition, data processing, and image reconstruction was compared and ana-
lyzed through experiments. The results show that the fixed observation system layout demonstrates superior perfor-
mance when the depth of the cut-off wall is shallow and the equipment can provide full coverage. The positioning error
can be controlled within 0.5 m, with a signal-to-noise ratio higher than 25 dB, ensuring high detection precision. For
deep walls exceeding the coverage range of the equipment, mobile observation system layouts show significant advan-
tages. Among them, the balanced and optimized mobile observation system layout is more suitable for rapid, large-
scale screening. A practical engineering case confirmed that the balanced and optimized observation system can suc-
cessfully identify the local defects in a 61 m deep cut-off wall. Through comparative analysis, this study eatablishes a
quantitative selection criteria for observation systems based on indicators such as positioning error, relative wave
velocity error, and signal-to-noise ratio.

Keywords: elastic wave CT; concrete cut-off wall; observation system ; non-destructive detection ; image reconstruction
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