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Abstract: Deep learning has been developed at an unprecedend speed in radar extrapolation of forecasting,
so objective assessment of its applicability is an important prerequisites for operational applications. By
utilizing the radar echo open data set of Guangdong-Hong Kong-Macao Greater Bay Area, the perform-
ances of 120 min radar echo extrapolation by convolutional gated recurrent unit neural network (ConvGRU)
and fast dense optical flow (OF) methods based on semi-lagrangian advection scheme have been compared
and evaluated based on the echo morphology, probability of detection (POD), false alarm rate (FAR) and
threat score (TS). The results show that although the two methods both have effective extrapolation per-

formance, they are not applicable to extrapolate the echo generation, enhancement and locally dispersed.
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The extrapolation effects are significantly affected by the type of weather processes. ConvGRU, poor in

characterizing the refined motion pattern and evolution of the echoes, may be more suitable for extrapola-

ting the main location of echoes with moderate distribution and simple motion, but the extrapolated echoes

are unstable in intensity with blurred forms. OF is more suitable for extrapolating the strong echoes above

50 dBz and has better echoes structure but it is prone to large distribution deviations in the region with

missing or stable echoes. The number of samples, one of the most important elements to determine the

model effectiveness, is still not enough in this paper, which needs to be further expanded for covering all

kinds of weather processes comprehensively in actual forecast operation.
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Fig. 8 Same as Fig. 4, but for dispersed severe convection



1370 A % 55 48 4%
[ JconvGRU [] OF [ JconvGRU [ OF
0.05 0.6
0.04 (a) 20 dBz 0.5F (b) 30 dBz
2003 (( 2 o3l
il 0.2
sl L L Sl nnan. .
0.87— 0.7—
0.6f o5t I o
E ti
0.2F C
0.0t ﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂmmmm 0.1p | ﬂﬂ_ﬂﬂﬂﬂmmﬁ
1.0 = 1.0 — e e
0.8F 0.8
x 0.61 x 0.6
: 8'3( L : 03f ]
2t af
0.0 t t T T T T 0.0 1 t t T
0 12 24 36 48 60 72 84 96 108 120 0 12 24 36 48 60 72 84 96 108 120
I54% /min 7% /min
0.5 [ JconvGRU [ OF 0.3 [ JconvGRU [ OF
0.4F m (c) 40 dBz . (d) 50 dBz
© 0.3F w 021
S 0.21 g
. ﬂ 0.1F H I
0.1F
0.0 l0s- 0.0 0
0.8 — 0.4—
i 0.3
Q 0.4r 1 Q -
3r 0.2
N §.%: D i £ 0.1F i U
0.0 0= 0.0
1.0 = = BT = 1.0
0.81 0.81 L
x 0.61 H x 0.6 |h
T 0.4r W £ 0.45
0.21 0.21
0.0 T 0.0

0 12 24 36 48 60 72 84 96 108 120
5% /min

0 12 24 36 48 60 72 84 96 108 120
[} /min

B9 TR 3.5k o3 Bt 5 X i i

Fig. 9 Same as Fig. 3, but for dispersed severe convection
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