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Examination and Evaluation of four Machine Deep Learning Algorithms

for Radar Echo Nowcasting in Wuhan Region

YUAN Kai LI Wujie LI Ming PANG Jing
Wuhan Meteorological Observatory, Wuhan 430040

Abstract: Based on four machine deep learning algorithms (PredRNN-+ +, MIM, CrevNet and PhyDNet) ,
radar data and precipitation data in Wuhan from 2012 to 2019, this study investigates the possibility of ap-
plication of artificial intelligence (AI) technology in the nowcasting of Wuhan Region. The forecasting
skills of radar echo nowcasting are examined in terms of mean square error (MSE), structural similarity
index (SSIM), probability of detection (POD), false alarm rate (FAR) and critical success index (CSD),
then compared with the semi-Lagrangian optical flow method. The results are summarized as follows. The
MSE and FAR are the lowest and SSIM is the highest in the MIM algorithm. The POD and CSI of
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PredRNN-+ + are the highest. The POD, CSI and SSIM of machine learning are higher than semi-La-
grangian optical flow, while the FAR and MSE of machine learning are much lower, of which the SSIM,
POD and CSI of machine algorithms are improved by 3. 2% —24. 7% than semi-Lagrangian optical flow,
but the MSE and FAR are reduced by 13. 1% —43. 3%. Within 30 minutes, except the CrevNet algorithm,
the skills of other algorithms are similar to that of semi-Lagrangian optical flow. 30 minutes later, the
skills of both machine algorithm and semi-l.agrangian optical flow decline significantly with the increase of
forecast lead time. However, the skill of machine algorithms declines much more slowly. Especially after
60 minutes, the skill of semi-Lagrangian optical flow descends more quickly indicating the advantage of
machine learning algorithms for long-term prediction. In addition, the descending rates at different forecast
lead times for different score indexes are different among the machine algorithms. The CIS of PredRNN-+
-+ is the highest in any intensity, MIM and PhyDNet performance is better than semi-lagrangian optical
flow for radar echo intensity exceeding 40 dBz, but CrevNet shows better skill for radar echo intensity ex-
ceeding 50 dBz. The POD and CSI of machine algorithms and semi-Lagrangian optical flow decline signifi-
cantly with the increase of forecast intensity of radar echo, while the FAR increases quickly, but the in-
crease of FAR rate of machine learning algorithm is much slower. To sum up, the analysis of four different
echo patterns and different development trends shows that the machine learning algorithm has the ability
not only to predict the change of radar echo intensity in a certain content, but also to predict the time node
of the evolution tendency of intensity and acreage, which are basically consistent with the observation. These
results suggest that the ability of machine deep learning to predict the movement of radar echo is better than that of
semi-lLagrangian optical flow, indicating its possible wide prospect for operational application.

Key words: machine deep learning, radar echo, nowcasting, examination and evaluation
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solid triangle: radar station)
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Fig. 2 Comparison between (a—g) observation and (h—1D forecast of radar echo
from 11:30 BT to 14:24 BT 30 June 2018
(a) 11:30 BT, (b) 11:54 BT, (c) 12:24 BT, (d) 12:54 BT, (e) 13:24 BT,
(f) 13:54 BT, (g) 14.:24 BT; (h) optical flow, (i) MIM, (j) CrevNet,
(k) PhyDNet, (1) PredRNN-++
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Fig. 3 Same as Fig. 2, but from 08:30 BT to 11:24 BT 4 July 2014
(a) 08:30 BT, (b) 08:54 BT, (c) 09:24 BT, (d) 09:54 BT, (e) 10:24 BT, ({) 10.54 BT, (g) 11.24 BT
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Fig. 4 Same as Fig. 2, but from 20:30 BT to 23.:24 BT 30 July 2018
(a) 20:30 BT, (b) 20.:54 BT, (c) 21:24 BT, (d) 21:54 BT, (e) 22:24 BT. ({) 22.54 BT, (g) 23.24 BT
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AR FE AR SR R LT B AR [l 9 2 48 7R % . o 38 D538
TR /0N T N £ et R 1] 98 i 1 0 i FR G K R AZ 4K
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e 32 U 555 R T AR ) 11 A Ak A T L X TR i
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BB F K 165417 .24 [8] I # B B9 RS A5 UK
55 01 1 B RS SAS /N DL B 17 . 241824 [a] 8 5 JiE
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Fig.5 Same as Fig. 2, but from 15:30 BT to 18:24 BT 1 July 2016
(a) 15:30 BT, (b) 15:54 BT, (¢) 16:24 BT, (d) 16:54 BT,

(e) 17:24 BT, (f) 17.54 BT, (g) 18:24 BT

AR i 95 1 T AR S DL R A D K. 3 A ISR T
B o T A B U B4 (el 5 a5 R B S 0 R Al 55 . G
MIM 532 fiw 55 14 Jc W 2 1] CrevNet 55 58 ¥ 4
5% 5 SO IR WA
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T B b ATL g A0 3 AR 1 [ 90 5 58 i 553 114 it PR 2 B2
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PREL Y &2 A %, i T DL MSE SR RBCE Y T
R G 1 22 1 A5 7E AR 1 5 W B B iR R (E
TV S BUT AR 0 8198 9t B i 55 7R R b AR
BB AL 1 13 2 (Zhao et al. 2017 ; BRIk 45
2021), J5 W% B B kR JE 2 (gradient difference
loss, GDL) 5| A 451 2% p&i P 47 22 400 2K e& 20y T
PR 5 (Nie et al,2018) , LE 54 1 0 Jin v 7 PR 408 {4
S5 R T 228 W% Jay S M 52 W) ) N R A ] 4 O X
AT ATPE Bk B i 0 s )45 B SR O RO S iE B
T O AT 1% P A S 30 S5 o P T e B

3.2 EBEEIES

A2 P AN R Bl G R I I T TR A Ak
IR 45 752K . L 10 dBz (1] 3% 56 B 5 {1, %) 622 41
KB FEAS 2 h (1) 7 ¥ 45 43 (HL ][] (8] B 24 6 min)
PEAT P25 (55 S WL 36 2>, o] RLE 310U Fh bl g 24 2
Bk, MIM B3k 1) MSE #l FAR 5 {ik . SSIM
1R > 2% B LT TR 22 B30 1 g A7 R A [T 3 TR TR 1
i 558 LAt B3 9% B O MER s 1 PredRNN -+ 1) POD
FICSTR i » ¢ B 32 580 1 00 K 22 5008 1 T ke 790 4% A

* 2 F#89 MSE . SSIM . POD FAR 1 CSI
Table 2 The average MSE, SSIM, POD, FAR and CSI of algorithms

A7 MSE/dBz SSIM POD FAR CSI
Wik 42. 257 0. 620 0.590 0.279 0. 486
MIM 31.796 0.722 0. 640 0.158 0.578
CrevNet 36.701 0. 665 0.609 0.187 0.538
PhyDNet 32.592 0.716 0.677 0.188 0.592
PredRNN+ + 33. 306 0.675 0. 700 0.195 0. 606

SUER . H DU B 2 ) T T8 R MR A 55 48 A
B W] i 47 T o6k o SSIM POD, CSI = Fii f5
T 1) 2 TH I B 76 3. 2% ~24. 7% ,MSE H1 FAR 7 fifs
TEFRIEME7E13. 1% ~43. 3%,

3.3 S RERtE AR EE

ATV 53 48 b Bifl B[] 1) 38 A8 Sk B (& 6) L FE
FIHR Y 30 min LI, B CrevNet Sk 50, Ha =Fh
SRR RO R R Y T RE B B B T, AR AR B
MSE.FAR ) 2¢18 I J+ Dk 2 SSIM,POD, CSI 1) %%
18T B, M CrevNet B 3 ) MSE Ml FAR JL-$F
S BB AR, T H SSIML POD #: £ i8mA
FH RS X Rl 22 5 0T AR S R R 25 A A G, ]
CrevNet B89 %] 745 14 [ 38k SR B T30 000 P51 5% A 52 5 [l
U A AR 45 A 1 SR s B X 4 i e 220 19 T 8 A
B SRR AR 8~10 fk 328 [ 3% F 4, 1 5
Wi 5 191412 R 220 114 E K 3 R A EE AN BT R AIG . Je T
ZAEWIIE 46 HEAT B0 A 2 /N Y B T B T
SR 8~ 10 5K 52 00 111 ik 5, S SO i 1904
[l 9 o7 5 o B T ARG 2% 5 BT MSE fil FAR #5004
A B B4R k. POD, SSIM 1 CSI ] B 5. 45 i%

A 30 min 22 J& 3% PP TR 0 55 2 2 L 5 A S R B
—E,

30 min DAJ& » 45 BlHIL &5 27 ~J 580356 RO It 7 4 bl
B TR S5 S TR R 18 A0 N B BT R bR
HB S R AILES 2 ) IR RO L T BT 18, L
HJZ 60 min LU » 6 I 3 1 B i 20F — 25 15 s i AL
A7 ) B B R AR R SRR R 2 R Y 25 BE B o T
s 1 S K T S K . A MSE 6], 30 min B
5 MIM 2 89 MSE 2415 % 9. 43 (dB2)? ., 3
120 min B} W & Z [8] ) MSE 25 {H P K2 T 11. 64
(dB2)? , 3 5 [ 0 25 (2020) F BRI R 25 (2021) 1)
WFFEZE R — 80, WAk, DU BN B R 2% > 5035 X R )
PEA 46 AR 78 A [R) 042 B R0 P 1 725 Ak 4t AN R AH
[l . MIM %4 ;) MSE,SSIM ., POD Fl FAR 7£ 30~
120 min N2 1615 5 1% ; PhyDNet 835 19 CSI 7E 30
~120 min 284k B 1% ; CrevNet B EALE 30 min N 1Y
AL FOAM SR A A RS TR TR SR B 22 1
1£ 30 ~ 120 min N, H Al PredRNN + + & i 75
SSIM . POD #il FAR I 2&fb#a#JL-F—3, L&
CrevNet ffJ CSI % PredRNN+ - F4 1k,
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K6 SEHR)(a) MSE. (b)SSIM, (c)POD, (d)FAR #1(e) CSI [ifi i ] f) 8 28
Rt A8 b g T5AT 8] B4R I 280K 0~120 min, 15 [ (8] B# 24 6 min)
Fig. 6 The average evaluation of (a) MSE, (b) SSIM, (¢) POD, (d) FAR and (e) CSI

(The abscissa axis is forecast time, 0—120 min, the interval is 6 min)

3.4 AEHFEDEPKIE

T A e A% SR 6 T A (] i R [ Y TR
RE 1 HEAT 1A [ (L [0 9 1) A 6 PP (3R 3D
PR 45 5300k Bl A (] 3% 55 2 A 3 . CST R POD
AR A FAR DU BE R 1T (H. 4% 45 b5 T B A L

THEC R IX 8] A — & 1Y 22 5« CSI #il POD #£ 20 ~
30 dBz M [X 8] B de R » B I 5 A CrevNet 575
7 FAR 76 00 X [] | F+ el s MIM  PredRNN+—+ FfI
PhyDNet 2 7 40~50 dBz & &l 7},
BRI KA  PredRNN A+ + 85 7 T A 9
| CSI¥ 3 8 5 4 » MIM , PhyDNet & % % =40 dBz

®3 BEEXNTEEHERREBHRNFES TSR (BT 2 h, BIREEEFE 5 6 min)

Table 3 The average score table of each algorithm for radar echo prediction with

different thresholds (lead time: 2 h, forecast interval: 6 min)

B2 8] 98 5] (& / d Bz e B MIM CrevNet PhyDNet PredRNN+ +
20 0.431 0.510 0. 481 0.513 0.546
st 30 0.236 0.297 0. 244 0.279 0.323
- 10 0.117 0.171 0.136 0.166 0.202
50 0.168 0.154 0.185 0.132 0.195
20 0.535 0.579 0.569 0.597 0.658
) 30 0.339 0.338 0.312 0.317 0.397
POD
10 0.193 0.189 0.194 0.181 0.246
50 0. 262 0.163 0. 284 0.161 0.212
20 0. 344 0.221 0.274 0.243 0.270
30 0.631 0.335 0.531 0. 357 0. 400
FAR
10 0. 889 0. 490 0.778 0. 458 0. 482
50 0. 970 0.903 0.911 0.911 0.791
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