Towards Al-based model-data fusion in precipitation nowcasting
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INTRODUCTION DATA AND METHODS

Severe rainfalls can lead to various environmental hazards and cause huge pATA
socioeconomic damages. Accurate precipitation nowcasting up to a few hours ahead
provides valuable information for the mitigation of their adverse impacts on the
environment, but is challenging due to the fact that the nonlinear flows and the o e
richness of details render the complex sharply-varying atmosphere especially hard to Gae i ,,ai_,.f_fl |
model or obse_rve. ) L ) Fig.1: Data from left to right are the HKO-7 dataset of radar

Current mainstay algorithms of precipitation nowcasting are based on radar echo  echoes (Shi et al. 2017), the ERA5-land hourly total precipitation
extrapolation techniques, as radar data can provide detailed and continuous snapshots ~ reanalysis products (2013-2018), and diverse variables simulated

. . . . . using WRF. (2013-2018)

of moving storms at high spatiotemporal resolution. However, these extrapolation

methods are driven by data only but not based on laws of atmospheric physics. Their ~METHODS

prediction skill decreases significantly for time periods longer than two hours. [ P ) [ PEr—— ]
Numerical weather prediction (NWP) models solve the mathematical equations that ConvLSTM
govern the evolution of the atmosphere and show superior prediction skills than
current nowcasting systems for time periods beyond a few hours. Therefore, model-
data fusion can be expected to provide seamless nowcasting for the entire period of 0-
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6 hours. Nevertheless at convective scale, the underlying atmospheric evolutions are - E = - -
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ways more complex and even beyond our theoretical understanding. Here we explore
the use of artificial intelligence trained with diverse sources of data in precipitation
nowcasting. The convolutional LSTM (ConvLSTM) deep neural networks are Fig.2: Diagram of our Al-based nowcasting system. We use a
adopted as the cornerstone of our nowcasting framework for their established ability three-layer ConvLSTM model to generate predictions trained
to learn spatiotemporal representations across scales. with different data mentioned.

RESULTS

1. Blurred predicted ..... 2. Precise structures learned from the reanalysis dataset (ConvLSTM_EC)
radar echo images Fig.4 shows the predictions of the nowcasting system trained with the
The ConvLSTM dynamics information in the reanalysis dataset. The nowcasting captures the

trained with HKO-7 =-- smooth evolutions of the atmospheric flow with precise details. The problem of
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dataset generated blurred blurred prediction is much alleviated. However, the Al model failed to predict
predictions (Fig.3). This abrupt variations of precipitation distribution (Fig.5).
may be due to the Fig.3: A prediction example of ConvLSTM
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absence of incorporating :E:gerg ;;I;Sﬂrnt Tﬁel_llli(rg_;a/az?r.omioi rtzdar > ] § | Fig.5: A prediction example of ConvLSTM_EC with abrupt

the dynamics information bottom) are input frames to ConvLSTM : | | variation. Th33 pick;tures in tt;e first row (from top to bot;[jom)hei)re
! precipitation distributions at 3 successive time points and exhibit

of the atmosphere. There  row2, 3 are real radar echo maps and row a abrupt variation. The second and the third row are prediction

are too much details 45 are the corresponding predicted ones. E'E ]i /' | 20 oround truth starting at 2018-08-27 22:00 respectively.

the ra}dar echo data_' and ConvLSTM_EC. The first row (fromtop o
learning extrapolations  to bottom) is prediction and the second 3. Abrupt changes captured from

(even spurious noises) in Fig.4: A prediction example of III.I.i' I ' j. - '
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would be less predictive, oW is ground truth. additional atmospheric dynamics E |ﬁ \ ‘B i
o e . Pt . peee ey . e . iNformation (ConvLSTM_WRF) Fig.6: A prediction example comparing
'}:. 3 - : - ; - : : ' Trained with additional simulated ConvLSTM_WRF and ConvLSTM_EC_15.
) ¥ N % N : MR | © \\RF variables. the nowcasting now The first, second and third row (from top to
. | peaas @ | B Eam | Bl A ' 9 A down) are prediction in ConvLSTM_WRF,
. . = I = = = -~ succeeds in captures the abrupt variation prediction in ConvLSTM_EC_15 and ground
K ; 7 g i of precipitation distribution (Fig.6). truth starting at 2018-08-27 22:00 respectively.

CONCLUSION

We have examined the prediction performances of the deep learning based precipitation nowcasting with diverse sources of data.
When trained with radar echo data, the nowcasting experiences blurred predicted radar echo images due to the richness of details in
data as well as the absence of atmospheric dynamics information. The nowcasting trained with precipitation reanalysis data captures
the smooth evolutions of precipitation with precise details, but fails to detect abrupt variations of precipitation. When trained with
additional atmospheric dynamics information from simulated WRF variables, the nowcasting succeeds in capturing those abrupt
variations. Although being experimental, the dynamics information has been shown beneficial for more predictive deep learning
based precipitation nowcasting. Further in-depth investigations are needed to combine diverse sources of data under innovative
deep learning frameworks so as to break the conventional limits of precipitation nowcasting.




