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Abstract: This study develops a multi-model fusion quantitative precipitation forecast technique
based on the 3D-Unet deep learning model and forecast products from the ECMWF-IFS global
model and the CMA-SH9 regional model, and introduces the Integrated Gradients (IG) method to
enhance model interpretability. The results indicate that the 3D-Unet can effectively improve the
performance of raw precipitation forecasts, and the multi-model fusion deep learning model (DL)
significantly outperforms the single-model correction model in terms of the TS score for 5 mm h™%
precipitation. Real-time operational verification shows that the DL model can produce
substantially better precipitation forecasts than both the original model and the traditional optimal
fusion method (OFM). Compared with that of OFM, the TS scores of precipitation forecasts of the
DL model at the 5 mm h™%and 10 mm h~2thresholds are improved by approximately 70.0% and
26.8%, respectively. For the 24 h accumulated precipitation, the DL model forecast achieves
higher TS scores than a single model and OFM products for moderate rain, heavy rain and
torrential rain categories. In particular, relative to that of the EC model, at the longer lead time of
60 h and 72 h, TS scores of the DL model for torrential rain forecasts are improved by about 42.7%
and 24.3%, respectively. The DL model can effectively correct the morphology and location errors
of large-scale rain belts in raw forecasts, but it tends to overestimate the spatial extent of local
extreme heavy precipitation. Feature importance analysis with the 1G algorithm reveals that the
DL model can distinguish the different roles of the same factors in different models. Factors
related to boundary layer processes and local dynamic—thermodynamic structures (e.g., CAPE and
near-surface wind) possess higher importance in the CMA-SH9 regional model, while factors
associated with synoptic-scale circulation background and air mass thermal state (e.g., surface
pressure and 2 m temperature) contribute more prominently in the EC model.

Key words: 3D deep learning, multi-model fusion, spatio-temporal characteristics, interpretability,

precipitation forecast correction
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HH RIS ARBUACR TR EEAE, 345 € BRI (QPF) M55 /KP4
w (BPEERESE, 2019; 2SR, 20210, TAER, DX 0 PR B Pl I R R (R
A%E, 2019; PEHNNTFESE, 2022) — A1 PR N AL I TA) 3 9 2k /N g A 2K

ARSI RIEVER] (BRZWISE, 2021 XUE#aE, 2022). HAUE BT AE DLAER) itk
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TN R FR, /NIRRT TR ARG (BEFHHERIA %, 2023,

% R BB EVI IR A AT E T TR ZE . B I HELE R B S 410 SR BR
EFRBUN RG22, AR K B IEAl_E 45 & GEvh 2 W 7Rt T 2211 LIE O3 e F K T3
WAER N E R (A%, 2022; P05, 2023). fBlan, &AL TS PF4r (OTS). 4
RICHCEE % (RJaM5E, 2017; Zhu and Luo, 2015; % ©RIEE, 2019; miE A%,
2023; X2 7E4E, 2024) W] LOE VT ERT R K IR S gl v X VI kT 0 TS 4. ik
— G R TR S A RS B AE0E — e P BE b Ot B SR TR 4 7KV X TR R
(fRTI4, 2018; Snooketal, 2020; FKMHEEAE, 2022). SR, XEEHARR S 15
IKTTARAKF, B R 2 AT BRI 1 B 1) B K TR 46 S, R 70 0 F AU TUR 1 ) IR
I, WMEHZIFARERGER, HIMT AR KRR 12 TR 4R K TR AE .

it AR N L R AE SR U PO R e, TR P 27 20 SR FL 2R MR U R ) R X B 2%
YA GG BRHMERRIGEE ), RO P K TR E R et e — (M5, 2022;
TSR EE, 2024). TERUE A RK G A ELATUER, BRHZM % (CNND. U-Net & H =
Ued JR A5 (3D-Unet) PR HL7E Ab 37 )] 1) 52 4 246 ARFE AR THT (KOO 3% 3800 LA 3
BERIAEZY (BRETMSSE, 2021; Liuetal, 2023; JFI%, 2024; ®/NASE, 2025; 5K FHFE%,
2025). CVEHFFURA, FT 3D-Unet MAIRE. M. B, (A EESEZERARER,
] PR T AN FI PR K S5 2 ) s B TAR LTS (Zhou et al,2022; RESCHSE, 2025). AR T 4k
A, 3D-Unet A& 54T (¥ AL BRI K AR G R BRI 2 4EFERAE, A7 BT 20 i B /K Vs AR T A%
(KIS S B ASRRAE, TE/NI J ST K B T 35 JR B (05 77

53— 77, SR BRSO A4 TR 20 i 2 % K AR, ANFRTE ) JTAESE . MR S 4L
W BERHAL 7 R T HAFE R 2 5, B BAFH 2R BHRE R, AT — BRIk
IR B Fa e PEAZ AL AEE /1 (Tang et al, 2022; Fangetal, 2023). A0, AW R L EET
S A RUBE (SN BRAY H R B, M AEGE—HESL T R P4l /N B K415 5
24 h Rt BOKERERIMBIFL: FR, X280, ZERMAEBLR P EIRE T1EH
HLAN 53 BT AR A 2

AN, R FEE 2 STRRSTE B /K LR P (¥ 1S P A7 T e 3 P A e e AN AR IR 0 R e Dy 2 i 2
FERE IR SR (AN 8 M, AR SR R AR N L R VR IR A 5N R 7 35, (Basagaoglu
etal, 2022; Muetal, 2024), ', FUrERE (Integrated Gradients, 1IG) fEN—FhE: T
FEVA R B MR 7 i, B BB S 4% . SO AR HLIE T 2R VR R 04 4 K A AR A
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(Sundararajan et al, 2017; Mamalakis et al, 2022). #il IG J L] LUE EIFME A F#ANA
R AR TI rh FRUAE S TTRR, D9 BR AR B 2 SIS SR I B M35 R S LA F s AR SR
MTFBL

ST, ARSCLL 3D-Unet VRS SR R0 AESE, 7 N\ il & 24t 2% [A) A — ZE I [a]
YREMZ RN RRER, WEMAAFERE ZRAE 1 K TR T IR, PPl oo
NI PR B 24h SRR PSRN R RUZ K Bk M SO RO . [, @i 51N 1G 7t
PR RREAE PR 7 1) B A BEAT VP Al S5l IR BE 2 SR vp S8 SR IR ) o ik S L B A
WU BEAT RRENE 234, DA DI B8 27 ST 1 22 A R 5 P /K T S0 ) I8 FH 428 (R S
1 Hodfa i

TR 0 ECMWF-IFS £ERARS (BAR AR EC #23) M [ES5)E CMA-SHI [X
B 2019—2023 A FTRAR ™= WA E IR % 1158 (Deep Learning Model, AT f#i#x DL)
MR Efb & )79 (Optimal Weighted Fusion Method, LA Rfii#K OFMD HIHAEE . ™
FAEA o = AT 2 BRI RE R . BE. RS DA E S E &%
IKTUR CNEFFEZK AT 24h BFFEKED . EC BN ABRIEE, 78 KRB PR JIE AR A I 2%
PR 5 T PEREECN TS E ;. CMA-SHY B IX IR, X0 o /s ROBEXH AL e /K e AR R 92 e
B, AETIR AN 2 S 5 R R T Bl i R, W SO AUKP A HEER 0 0.1 (9
NEDY. CHPRRY], EC B S A TRk WS (22D, (BAEBK TRk
RCELRFF—EH, T CMA-SHO O RN 5 f /K SRR (b 20D, (B 55 tH IR /K
SR 2 e GRwze) (BR2MISE,2025; 1R[FISE, 2025). ASCEAM R Z A% B R
VR SR STHLR B H A

A TR B KA GRAE B O 3 A 1R b T - R - T A Rl 0 N B R K 43 AT 7

(CMPA_Hourly V2.1) £y DL UIZib BB K HAE GRS, 2018). % BTEHN ] 43 #E 2R
1 /N, IR HE3 Y 0.05S  RESELAEmA I S B K IR I 23 AR RAAE . FESRSZ R 30 B B
N B MY 55 FRARAS 3677 X, e X 2023 AR R Y 1618 AN 5K Z A1 X sk H Bl R b 138/
IS B /K B A Ny S 2%

2 WAL
2.1 REFIJERBHETLLE
TR PE 2 SRR NRHIE R T 23R 1 SR IRIRBFI RWR. P RADUE AR IE R EC

F1 CMA-SHO [E/K TR ™2 i 23 18] 43 5 45— 0.05< W98 H AR X 384 31.25 ~36.5N . 110.2
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Table 1 Feature variables input to the deep learning model

Bl FHIERH T JEk

W W u K v R 200 hPa. 500 hPa. 850 hPa. 1000 hPa

F&/K & 10mu K. 10mv R, 2m JHEE.

EC
WS PSR, R Rk E /
XHRA RALAE
[k HERHE 10mu K. 10mv
CMA-SH9 s 2m R TR S R R RE /

XA A . 2m RRE

HI T B REA B SR ) A5 70 AR A, 75 IR A7 BB K e A . i KK A
>20mm ™ B 27K (>0.1mm h™) K% 5 %>800, 5 A RUREA T T M @ R A 2Rk
et RIS & NRFAE B 134T oK B/ MBI — AL AL B, THRR B ZE 5+

B0 5 AR SUR B 7 S R Y 1) 7 2 Ak TR A5 R 5t B 2 ) i DX P35 o Pk K T g 559
PV, AN SR A SGEARARAT IEANIN ()47 0 700 DL it B /K TUahe = St b AT Je AL B, I 5
DL JRARTIREATRI L, BARP R . (1) R 30d B 3h IR0 DL Fi#kiZ /N K &
A1 24h EtFEAKE 73 RIBEATHRAT 1R, (2) B2 TAT IR/ Bk s kg 24h 9B /NS [ /K B
PRI T AR A B 2, BT 1238 Ak il on] i 22 1T 1 J5 1) 24h SRtk AR B i b 42 I8 EG 3] 308
SICE 1h, 1SBHE /N KRGS R (DL_P).,

2.2 3D-Unet JREE 3 S 15 RI5e 4

3D-Unet f 51 Cigk etal (2016) #&H ot T 2 4E i B R LS BURE 71, RENES A 2%
S 5 B KA SR 2R T 25 2 4 B IRPAE IR 9 52 8 5C 2R, AT B 47 4 3T TEASE 2R /K 73
o ANFT PAE DURUR BEER & = O P T 0 A VR Dy =472 [ 3R R AR B AL, O 1 S0 3
PP I B K [ B 23 VAR RRAE , AR SCKs 3D-Unet ) — 4EBURRRAE 52 SO 411 S — 4k ],
B A TR A 25« MBI AN ) B 2 I R R R AE R R 7, BT E R 7% 0~72h
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Fig.1 Schematic diagram of the 3D-Unet deep learning model architecture
& 2 TRIBRAIPEKIIINE

Table 2 Weights for different precipitation intensity levels

= (mm) 0~1.0 1.0~2.0 2.5~50 5.0~10.0 10.0~20.0 >20.0

BUE R E 1 1 25 5 10 20

BRIt REF, K 4 3K Nvidia RTX 3090 (GPU), {fiff] Adam fifbas (>)%
1.0X107%, BUEZEIL 1.0X107°), HARHLKKN Ny 4, JLBLE 100 MEAC I, RHAT 15 500%,
T I TE A (KA 45 R B AR TR TS 14> (>0.1mm h™) 34 10 NS B 1k
BRI E Bk, FRRAE AR RE  R RAE . RS R, 7E 0.05%H
Kb, R S5 R X TR T CATE 2min P SERR, AT DA ML S-S K
23 ZRABMNERMETTE

FES 150 24h B HFR/K B TR R EE VT 1E AOFEAE b, T Sh I 2RI & A5 T 1R f5 B

IKFAR ™ B A TE AL B 72 AR R BT F) OFM BEKFiR ™ dhe AP IRANTT: (1) RA 14
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N7 5 DL BEAT /NI TE B FRKTRATEE, ¥ OFM 24 h Rt Ff/K#2 [ CMA-SH9 /N
IKTTARENT TR Ak h Ze B b 75y, PRIE 24 h BHFK S TR 45 RAVE .
2.4 HEENTET A

BRI P FEAR G TS 170 BIAS 1F7) . F 4R Z (FAR). it 3 (POD) ([ 52 Bl] 45,2025
RIS, 2025), MeAh, ASCHRA 23 ARG (Fractional Skill Score, FSS) JivE1Tfli %
P R AEAN A 2 8] R B (R EAE (Mittermaier and Roberts, 2010; E#EORIZERS, 2020).
DRI A B ASE TR 7= i BT 557 5 SAFCE T RIS 5, A & S B oIk 55 75 3R, AR SCPPA 1)
B 7K T = b B 250354 13~T72h.
25 EFHUERMSAE

TE B IR AL AR, DL A RUAR T b A7 — AN BEAR AR A, ¥E LI A FLAE R K
TR IE A2 S B AL . ASCSAE0R ) 1G ARG DL A AY oS [RIRRAE DR 1 (1) 2 2
P, TR AR RS SR R - AT U 3 47 o 1207 VR0 I R o N R R B e U 3 4 i E
TR A R ASRAAE IR FE TR, AT A5 HH B AR AE RS i R 45 SR R R o RPALE o B 4
RCUEEAN N EIE 1 — A I, FoR FO LAY T H AR AR SRR Dy TR T AT,
SiRIEAT TIH—fAb e,
SENERE Y E S

NIRAIE 3D-Unet ¥ 57 ST I AE 22 Rl BT 7 TN BE g, $6T 2022 4 7-9 F i
BBt T 34, FHE IR LA R T X L. Hoh DL-EC. DL-SH9 435l % T EC M
CMA-SH9 F st AU #E R - it NFREAE RS TR 45 5, DL T 1 A =4 0 4 2 O
FAENMNFHER TR R, PR T HE RS EE 1 Por. 0.1mmh™ A1 2mm h e k%
KB TS PRI R, GRlREE 7 IBMITIE /G #) DL-EC. DL-SHO HH] R AL T i R 4k

FiRsE R, HEah &P AR DL M5 DL-EC HAM Y. ST smmh? &8 4%/K, DL
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Fig.2 TS scores of hourly precipitation forecasts at different levels with 13—72 h lead time from 08:00 BT 1

July to 20:00 BT 30 September 2022
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B R, BRSNS B K 2 (R 405 AT BE U AN 2, SRR IEHAE TS, BIAS 2 FSS
P TR EL

M 24h RIHEKETHRCER (% 4), W T RWMZERER, DL HAFEFEAE 60h LK
TS PP LT EC. CMA-SH9. DL_P %} DL BRL e i 224 W 5. 2%, (HFR 36h Tk i 2%
LASL, HABTRIS R B TS WA T M FE. FSS VP4 RIBEW], DL BLALREWS /L
50km APy 73 [) JRURE b B8 G- by 41 2% K 25 T) 0 AT AL, A 28050 SR AR R Qe o [X i 22 (&
56). RIS LRI (B 7), EC ik F/K o il i R iz g o, (EAS RS Fe
K2 AR 550w/, CMA-SH9 I 7E 60 h. 72h I RT3 B K 7% [X B S AP, OFM 7™ il Tt
Vo DX AL B AN AR TP 2 0], DL MR RAT IEMALE, (B RN MAAERWN. K
T R Vi DX TRV B K OB R
# 3202347 A 28 HO8MIZE 8 A 1 H 08 BYSLRIT R AI 13~72h BISUNETRE/K EFIRAY TS F1 BIAS 7453

Table 3 TS and BIAS scores of  hourly precipitation forecasts with 13-72 h lead time corresponding to the

observation from 08:00 BT 28 July to 08:00 BT 1 August 2023

BIAS-0. BIAS-5 BIAS-1
i 3% [y TS-0.1 TS5 TS-10
1 0
EC 0.376 2.246 0.047 0.175 0.010 0.044
CMA-SH9 0.379 1.882 0.074 1.834 0.036 1.926
13-72h OFM 0.373 1.806 0.077 0.738 0.043 0.648
DL 0.432 2.068 0.129 2.021 0.033 0.418
DL_P 0.450 1.896 0.112 1.525 0.019 0.408

F 42023 7H 28 H08ATZE 8 A 1 H 08 BT XTRIAY 36~72h B3y 24 h RitfEKETIRA TS #1 BIAS
45
Table 4 TS and BIAS scores of 24 h accumulated precipitation forecasts with 36-72 h lead time corresponding to

the observation ~ from 08:00 BT 28 July to 08:00 BT 1 August 2023

i %% ik TS-10 BIAS-10 TS-25 BIAS-25 TS-50 BIAS-50
EC 0.589 1.164 0.448 0.690 0.304 0.363
CMA-SH9 0.541 1.234 0.399 1.117 0.284 0.894
36h OFM 0.581 1.395 0.514 1.034 0.363 0.626
DL 0.679 1.191 0.565 1.108 0.459 1.336
DL_P 0.648 0.874 0.550 0.829 0.466 1.044
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EC 0.584 1.126 0.374 0.514 0.151 0.175

CMA-SH9 0.526 1.285 0.379 1.216 0.246 1.138

48h OFM 0.489 1.228 0.343 0.795 0.197 0.451

DL 0.609 1.103 0.521 1.083 0.400 1.232

DL_P 0.599 0.923 0.509 0.979 0.285 0.779

EC 0.536 1.098 0.309 0.508 0.061 0.112

CMA-SH9 0.512 1.388 0.391 1.487 0.238 1.662

60h OFM 0.501 1.295 0.256 0.596 0.099 0.248

DL 0.605 1.259 0.487 1.245 0.328 1.421

DL_P 0.582 1.019 0.460 1.013 0.252 0.980

EC 0.583 1.225 0.387 0.669 0.125 0.177

CMA-SH9 0.501 1.456 0.337 1.579 0.186 1.891

72h OFM 0.572 1.466 0.472 1.059 0.266 0.554

DL 0.576 1.407 0.443 1.478 0.264 1.746

DL_P 0.563 1.231 0.441 1.347 0.218 1.242

261
0.8 05 05
(a) (b) (c)
05H+—7—7T—F— 03Ht+—7—— M
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
ZEiEIREE (km) ZEiEREE(km) AR E(km)
x— EC —e— CMA-SH9 -=— OFM -a- DL -—¥- DLP
262

263  [¥5202347 H 28 H 08I %8 H 1 H 08 WAL (a~c) 13~72h UMK Fe K & TRk Al (d~F)
264 36~72h I 3 24h [E/K TR FSS VT4

265 Fig.5 FSS scores of (a—c) hourly precipitation forecasts with 13-72 h lead time and (d—f) 24 h accumulated
266 precipitation forecasts at with 3672 h lead time corresponding to the observation from 08:00 BT 28 July to 08:00
267 BT 1 August 2023

268
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271 Fig.6 Observations and hourly precipitation forecasts with 43-47 h lead time initiated at 08:00 BT 28 July
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276 Fig.7 The 24 h accumulated precipitation observation and forecasts with 36-72 h lead time from 08:00 BT 29
277 to 08:00 BT 30 July 2023
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522023 £ 8 B 26 & 27 HAA AR
G FE S OFM P4 i) 5mm b A1 10mm h™ B2 FidRk TS 10T EC Al CMA-SH9
(% 5). DL #A%T 0.amm ™. smm bt 10mm h™ Bk 84T TS 1405 OFM 4351
2Tt 20%. 69.8%. 157.1%, {HILXT 5mm b, 10mm h™ fI9E (s 22 R 55 S A5 % OFM
FE NI . DL_P AR T DL A BIAS ¥4, H TS ¥F4- 58 BALT OFM R At
R LETIR S o WK XA B FIRIPAG G , T 5mm b, 10mm h™ &2, DL #AL7E 40km
DLP 25 [A14R3K FSS 3P T Hofde = i (18 8b-c), FLRFL 15 Sidd 3 B K 7 A5 45 I RO I 23
— 5tk (E9).

AR R 24h BT FEKETHRATEERE (R 6), OFM 77 dhfE 60h. 72h TRk 2
TR TR TS PF43 5 EC 437l # 5 10%- 13%, DL #iAN%E OFM 7= St — D42 T B 7l
fRPERE, TS PEAr4E 60, 72h TNy 247> 7 %e OFM 425 15.1%. 11.5%, DL_P ™ %%
DL 8 i T BIAS ¥F4r. FSS VP40 ior DL AU T 5 W TRARLE Fr A 25 [ RUE 35
AR T oAt ™ o BEZKVE DM EL AT DUE (18] 100, DL ARG 2/ 9 XFIVE AT T
RO, BTSRRI N V0 B TR A 2 0 K A0S £, DL_P P AR rkE 7 DL AL
R, HRRE RS BRI 25 4R Ak TE AT TR O E U 25 7

520234 8 H 26 H 08 FtZE 28 B 08 BHSLL Xt R A9 13~ 72h B350/ Bk ETRAY TS FA BIAS 34y
Table 5 TS and BIAS scores of h hourly precipitation forecasts with 13-72 h lead time corresponding to the

observation from 08:00 BT 26 to 08:00 BT 28 August 2023

0.1mm 5mm 10mm
i 2% B TS BIAS TS BIAS TS BIAS
EC 0.621 1.528 0.129 2.404 0.029 2.343
CMA-SH9 0.529 1.006 0.120 1.505 0.027 2.434
13-72h OFM 0.556 1.105 0.172 1.812 0.056 2.880
DL 0.652 1.368 0.292 2.827 0.144 2.909
DL_P 0.667 1.209 0.313 1.478 0.113 1.273

7% 62023 4F 8 A 26 H 08 B E 28 H 08 BFSLRITRAY 36-72h BH%f 24h RiTHEKEFHREY TS 1 BIAS 353
Table 6 TS and BIAS scores of 24 h accumulated precipitation forecasts with 36-72 lead time corresponding to the

observation from 08:00 BT 26 to 08:00 BT 28 August 2023

10mm 25mm 50mm
i 2% K TS-10 BIAS-10 TS-25 BIAS-25 TS-50 BIAS-50
36h EC 0.862 1.110 0.845 1.048 0.618 0.968
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301
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306

307

CMA-SH9 0.904 1.071 0.851 1.093 0.680 1.326

OFM 0.855 1.157 0.833 1.169 0.646 1.394
DL 0.902 1.082 0.885 1.083 0.681 1.375
DL_P 0.845 0.886 0.799 0.881 0.662 0.968
EC 0.905 1.045 0.863 1.030 0.517 0.799
CMA-SH9 0.881 1.067 0.849 1.042 0.678 1.296
48h OFM 0.892 1.086 0.862 1.104 0.673 1.356
DL 0.916 1.045 0.885 1.074 0.667 1.401
DL_P 0.905 0.965 0.880 0.987 0.700 1.128
EC 0.879 0.957 0.798 0.927 0.531 0.885
CMA-SH9 0.876 1.063 0.785 1.050 0.481 1.110
60h OFM 0.890 1.043 0.850 1.070 0.584 1.343
DL 0.902 1.071 0.869 1.082 0.672 1.411
DL_P 0.830 0.864 0.799 0.874 0.666 1.038
EC 0.825 1.144 0.780 1.103 0.478 1.268
CMA-SH9 0.811 1.050 0.716 1.110 0.474 1.178
72h OFM 0.822 1.190 0.726 1.241 0.540 1.486
DL 0.851 1.172 0.797 1.251 0.602 1.629
DL_P 0.888 1.114 0.837 1.145 0.607 1.342
1.0 0.7 04
(a) (b) u (c)
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Fig.8 FSS scores of (a—c) hourly precipitation forecasts with 13-72 h lead time and (d—f) 24 h accumulated

precipitation forecasts with 3672 h lead time, corresponding to the observation from 08:00 BT 26 to 08:00 BT 28

August 2023
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