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Introduction

One of the up-to-date challenges in meteo-
rology is a radar echo prediction as a part of the
precipitation nowcasting - computing short-time
predictions delivered to the end-users in real-
time.

Even though traditional weather forecasts
based on numerical weather prediction (NWP)
models are great for prediction for the upcoming
days, they struggle in the short term. Some of
the reasons are long computation time and insui-
ficient spatial and temporal resolution.

We have been researching the use of ma-
chine learning (ML) models for accurate, high-
resolution precipitation forecasting. We formu-
late the problem as a prediction of K tuture
frames X;.1,..., Xk of a radar echo image
sequence based on the last J measured ones

Xi—Jji1, ..., X as tollowing:
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where t denotes the time of the last measurement.

Dataset

Weather radar echo images are the primary
data source for precipitation nowcasting. These
are capable of capturing precipitation fields in
real-time and high resolution.

In this work, we use images captured

above the Czech Republic obtained through the
OPERA programme. The spatial resolution is

1 km?* and the time step between two images is
10 minutes. Given the used data from 23. 10.
2015 to 21. 7. 2020, we have separated 275 in-
dependent precipitation situations. We have de-
fined independence by at least 24-hour gap with
no rain between two consecutive situations. The
situations were randomly divided into three sets.
Training set contains 83798 prediction samples,
validation set 13899 and test set contains 17040
samples. The image dimensions are 544 x 352
pixels (Width x Height).

Intermediate results indicate that using
other types of data may improve performance.
We consider satellite, NWP models and data de-
scribing the earth surface of the prediction do-
main. However, the integration of this data into
our ML models needs turther research.

Figure 3:Visual comparison of predictions for 60 minutes lead time. From left: 1. ground truth, 2. our PredRNN, 3. our

U-net, 4. pySTEPS S-PROG, 5. rainymotion Dense.

Methods

We experiment with two neural network
(NN) architectures. Both are built on the pro-
cess called convolution to capture the spatial in-
formation from the 2D radar echo images.

The first one, U-net, is a fully convolutional
NN with traditional encoder-decoder design (Fig-
ure 1). The convolutional blocks consist of three
consecutive convolutional layers with 3 x 3 filters.

The stacking is used to ensure a larger receptive
field with fewer parameters |1|. The U-net takes
the sequence of J input frames at once as a 3D

tensor with shape |J, H, W].
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Figure 1:U-net architecture
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The second network, PredRNN, is a recur-
rent neural network (RNN). The RNNs are ca-
pable of sequentially processing J multi-channel
radar echo images with shape |C, H, W| (Figure
2). This idea behind recurrent architectures is to
capture the temporal development of the precip-
itation better. PredRNN is created by stacking
three SpatioTemporal LSTM cells [2]. Moreover,
these cells are connected with the skip connec-
tions. This emphasizes the fact that the predic-
tion X, is created as a change to the previous
image X;:

X = X+ F(X)), 2)
where f denotes the PredRNN cell.

Rred RNN
ON (+10mi PREDICTION

ICTION ( n) R (+20min)  PREDICTION (; )  PREDICTION (+40min)

PREDICTION (~10min) PREDICTION (now) PRED 10N (+30mim

Pr'e PNN " PredPNN —> PredRNN —F PredPNN —a P PredeN S PredPNN

T T T T

D B BB

& & &
INPUT (-20min) INPUT (-10min) INPUT (now) PREDICTION (+40min)  PREDICTION (+20min)  PREDICTION (+30min)

Figure 2:PredRNN architecture wireframe

Experimental Results

In precipitation prediction, the model is pre-
dicting both precipitation area and intensity.
Thus, one metric often does not give compre-
hensive information. We use both the Critical
Success Index (CSI) and mean absolute error.

Predictions of our models have been vali-
dated on the created test set against methods
based on the optical flow — pySTEPS Anvil, 5-
PROG and rainymotion Dense.
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Figure 4:Evaluation of the predictions using CSI with rain
threshold 0.5mm /h. Higher is better.
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Figure 5:Evaluation of the predictions using mean absolute

error. Lower is better.

Qualitatively (Figure 3), our models can not
only capture location change but also change of
structure and intensity of precipitation cells.

Conclusion

In this work, we have explored two ML ap-
proaches to the problem of radar echo prediction.
Our models were trained using radar data from
above the Czech Republic, but can be used in
any other geographical location. The quantita-
tive evaluation showed that our models achieve
comparable or better performance than tradition-
ally used optical flow models.
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