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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 (abbreviated as
EC) and the CMA-SH9 regional model, and introduces the integrated gradient (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 opera-
tional verification shows that the DL 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
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scores of precipitation forecasts of the DL model at the 5 mm « h™! and 10 mm * h™' thresholds are im-
proved by approximately 70. 3% and 26. 5%, respectively. For the 24 h accumulated precipitation, the DL
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, at the longer lead time of 60 h and
72 h, TS scores of the DL for torrential rain forecasts are improved by about 42. 7% and 24. 3%, respec-
tively. The DL 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 im-
portance analysis with the IG algorithm reveals that the DL 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, 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.

Key words: 3D-Unet deep learning model, multi-model fusion, spatio-temporal characteristic, interpret-

ability, precipitation forecast correction
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Table 1 Feature variables input to the deep learning model
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Fig.1 Schematic diagram of the 3D-Unet deep learning model architecture
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5 10 34

B WGAF 2T 3D-Unet B9 2 BT A 72 i FEK BT SR BT 52 1207

Zxt DL iTIEJGE B DL-EC,DL-SHY 4 8] % ik T Wi
FAEE G TR 45 A B Rl A PSR DL
DL-EC A . XfF 5 mm « h™ ' g s g K,
DL #AIYER 22 B A ¥ 3R B0 B B A 3 (& 200,
13~72 h B % TS ¥4 4 0. 078, & F DL-SH9 1y
0.056 1 DL-EC f% 0. 036, X+ 10 mm « h™' 4%
PR R K (B 2d) , CMA-SH9 . DL-SH9 1 DL fi4
TS PF43- 47 0. 02 247, il M g 4223k s DL-EC #24
0o EVAKE AT 5 — B R, DL T 47 3 32 7+
T S N R K B TR BB T [ B X T A 5 RN K
SR /N B A AR AT M B D) 5 i PR RS T T IR AR AR AR 2
FSCE ST Bl 45 X DL IF RGN LU
B HAE A [ R Ko 72 rp il 572 fk B

4 2023 4F 6—9 H SRR R PEAL

4.1 /NEFBEKETFUR T

B & 3 AL, OFM 7£ 0. 1.5 1 10 mm « h™ ' &
PP TS PF 40 ¥ 00 T W0 G5 25 i i i H X
T 10 mm « h " DL B 5 R KB ) T Bias P
Ay B k3% T CMA-SHO BB 2%, 2 2 mm -
h™'F1 20 mm « h™ ' E4¢ TS ¥4 K T EC JF 4k 1
fit. DL 7E 0. 1~10 mm « h™ " g3 R 1 A4 T
B G Bk 50 OFM 19 B & .5 mm « h™' Al
10 mm « h™ " g9 TS W48 OFM 435142 F+70. 3%
(1 0.074 $2TF % 0.126).26. 5% (i1 0. 034 2T+ &
0.043), M Bias iF432kFE . DL BRI 7 RMT
EC 4S80 5 mm « h' K DUF &8 A7 1618 1w 22
SR U AEAE WY T e 25 . 3T IEJS /9 DL-P 7E

0.5

0.4

0.3 4

TS

0.2 A

0.1+

0.1 2 5 10 20
Pk BB [/ mm
- CMA-SH9

Bias P23 1A B o3 VB i T O 22 0 A 5 2
T iy R R B AR T S FEOK R TS 3. H
20 mm « h "REEORBURAE A P Tt. 25 b
Gt OFM 53k R RE 5 150 I i 45 X e gt /) I o oK
T o 5 B i BE AT R DL Sk il 5 38 2 B R
5 TR R R T A DN N [ K T RE T L EX
T /I it A K A AT A7 AE 55 4R

4.2 24 h ZitE/KkEWMRITEHK

FAE TR 506 T4 . OFM 148 5 4 vh 75 T
P g, HxF CMA-SH9 2 /i D | 5 9 A7 78 19 B
IR EB G B rek s (- O . UK TS iF52%
F DL ZEAN [R) TR B 35 45 4> 1004 o G 34 P F 48 X
SRR TR DL B OFM., LA 2 W 5 9% fi) . %) F 60 h
72 h B R5, DL A% EC 43 3l 42. 7% (f
0.206 $2FF & 0. 294).24. 3% (| 0. 222 #£ T} &
0.276) % WS4 A SO @ 1Y DL % ARFAE /)
IR GAF B B R UCE BT IE 1 /N oK &
T o r) Bsf s B2 T T B SR R KRR Y AR AR
{2 DL %} F W IR TS W4Ttk g F—&
FEBE 1B 5 B K 3 4, R B R Bias W3 AE 1L 3~
L4, B & T OFM %30 G A6 R 2 W o R B in
Wl . DL-P 7E Bias P43 B8 DL A k%, RE
o F b R LS RN TS PR msa TR, HAE
KEH W2 DL-P AR RF 7 A 48 F Ho At 7= &
F T A A #e . X T K 2R i 9%, DL-P 7E 36 h Al
72 h AR AR TS $R4r T REW] L AR TE W] i R L X
A B AR H T R L DI 55 R v R 48 bR RO R R AT
TR BRI /N RUBE 1A 1) T A
BRI 24 h B R /K o 70041 7 1810 K

3.0

Bias
—_
wn

|

0.1 2 5 10 20
Rk 5[5 (. /mm

OFM ==D[,  ==DL-P

3 202346 H 1 HO08HZE9H 30 H 20 B 13~72 h W /INE R 7K 5 1% (a) TS F1(b) Bias $E 43
Fig.3 (a) TS and (b) Bias scores of hourly precipitation forecasts with 13—72 h lead times
from 08:00 BT 1 June to 20:00 BT 30 September 2023
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Table 3 TS and Bias scores of hourly precipitation forecasts with 13—72 h lead times
corresponding to the observation from 08:00 BT 28 July to 08:00 BT 1 August 2023
B3t/ g 0.1 mm 5 mm 10 mm
AR TS Bias TS Bias TS Bias
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
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
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Fig. 5

FSS scores of (a—c¢) hourly precipitation forecasts with 13—72 h lead times and (d—1f) 24 h

accumulated precipitation forecasts with 36 —72 h lead times corresponding to

the observation from 08.:00 BT 28 July to 08:00 BT 1 August 2023
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Fig. 6 Observations and hourly precipitation forecasts with 43—47 h lead times initiated at 08:00 BT 28 July 2023
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Table 4 TS and Bias scores of 24 h accumulated precipitation forecasts with 36—72 h lead times
corresponding to the observation from 08:00 BT 28 July to 08:00 BT 1 August 2023

10 mm 25 mm 50 mm
3/ B/ TS Bias TS Bias TS Bias
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
36 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
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
48 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
60 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
72 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
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Fig.7 The 24 h accumulated precipitation observation and forecasts with 36 —72 h lead times

from 08:00 BT 29 to 08:00 BT 30 July 2023
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Table S TS and Bias scores of hourly precipitation forecasts with 13—72 h lead times

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

Bt/ 0.1 mm 5 mm 10 mm
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
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
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Fig. 8 FSS scores of (a—c) hourly precipitation forecasts with 13—72 h lead times and (d—f) 24 h
accumulated precipitation forecasts with 36 —72 h lead times corresponding to
the observation from 08:00 BT 26 to 08:00 BT 28 August 2023
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Fig. 9 Observations and hourly precipitation forecasts with 50—54 h lead times initiated at 08:00 BT 25 August 2023
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%6 20234£8 726 H08KZE28H 08 B2 xtBH 36~72 h B &L
24 h Rt /K EHRA TS A Bias iF 5
Table 6 TS and Bias scores of 24 h accumulated precipitation forecasts with 36 —72 h lead times
corresponding to the observation from 08:00 BT 26 to 08:00 BT 28 August 2023

4L/ Hist /g 10 mm 25 mm 50 mm
TS Bias TS Bias TS Bias
EC 0.862 1.110 0. 845 1. 048 0.618 0.968
CMA-SH9 0.904 1. 071 0. 851 1.093 0. 680 1. 326
36 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
48 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
60 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
72 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
DL-P
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Fig. 10 The 24 h accumulated precipitation observation and forecasts with
36—72 h lead times from 08:00 BT 26 to 08:00 BT 27 August 2023
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