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Qutline

1. Evolution of Deep Learning Precipitation Nowcast Models in HKO
Nowcasting System SWIRLS

2. Regional Convection / Precipitation Nowcast Supports using Deep
Learning Models

3. Ensemble nowcast and-Bhsed guidance for rainstorm / extreme
precipitation

4. Way forward on Al nowcast support
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QD J HONG KONG OBSLRVATORY X. Shi, Z. Chen, H.Wang, D.Y.Yeung,W.K.Wong and W.
Woo. Convolutional LSTM network: A machine learnir
approach for precipitation nowcasting. NIPS 2015.

https://arxiv.org/abs/1506.04214
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Figure 3: Encoding-forecasting ConvLSTM network for precipitation nowcasting


https://arxiv.org/abs/1506.04214

“” HONG KONG OBSERVATORY

Xingjian ShiZzhihanGao, Leonard_ausenHao WangDit-
Yan Yeung, Wakin Wong, and WanghunWoo, 2017: Deep
learning for precipitation nowcasting: A benchmark and a

Trajectory GatedrRecutrence nitl (IrajGRU ew model.  hitps:ariv.org/pdt/1706.03458 paf

TrajGRUr ep | aces

OHKDO dat aset

LSTM, introduces oO0OTrajectoryd and adopt

avail able to community to promote deve

GRU (Gated Recurrent Unit) includes Trajectory:

reset gatandupdate gatesjmilar to

LSTM but more efficient.
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(a) ConvRNN: Links are fixed over time/location.
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(b) TrajRNN: Links are dynamically determined.

Weighted Error:

Recurrent connections are dynamicallgptimize performance in heavy rain

2

N =

T <
2<2<H
w(x) to each pixel according to its rainfall intensity z: w(x) = ¢ 5, 5 <z <10 . Also, the
10, 10<z <30

30, x> 30
masked pixels have weight 0. The resulting B-MSE and B-MAE scores are computed as B-MSE =
F Conmt Loieg Lgont Wn,ij(@nij — &nyj)? and B-MAE = & 00, 33450 2% w1045 —
Zn,i,j|, where N is the total number of frames and w,, ; ; is the weight corresponding to the (i, j)th
pixel in the nth frame. For the conventional MSE and MAE measures, we simply set all the weights
to 1 except the masked points.
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ResConvLSTM-GAN (RCLG)

A ConvLSTM with Residualconnections in encoder
forecaster network

A GenerativeAdversariaN etwork (GAN) to improve
representation of smabcale features

Generator moden
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Earnthformer

Space-time Transformer

p S

self-attention

model based on Cuboid Attention
Spatiotemporal data are divided into nonerlapping cuboids, and

is applied locally within each cuboid

A Global vectors are used to connect the cuboids for capturing the

overall pattern

Cuboid Attention Block X D

Initial Positional Embedding
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https://arxiv.org/abs/2207.05833
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Cuboid attention layer with
global vectors

(c) strategy="1ocal”
shift = (0,1,1)

Cuboid decomposition strategies in attention layer
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Enhanced feature preservation using Fourier Amplitude and
Correlatlon LOSS (FAC L) Ref: https://arxiv.org/abs/2410.23159

Predicted frames of th&arthformermodels trained withVISE andFACL

. M-1N-1
DFT of image X 1 —igm(mE 4 na)
of height M and qu - e Z Z Xmn€ M
| NN e L
width N m=0 n=0

Input

N N N N N N N
........

: | Mo1N-1 E
Fourier .
frequencies FAL(X, X U\* ZO ZO £ lpg = |F|pq) ;
P q 0

A L FF*+ FF*
Image FCL(X,X) =1— 2 2 |
structure \/Z FI2Y |E]2

Earthformer

A new metricRHD (Regional Histogram Divergence) to
improve over traditional L1 loss, L2 loss and FSS (Fraction Skill Score
to measure patctwise similarly between two spatiotemporal patterns

N, Ny
Yo 22 (Fig — Oig)?

Earthformer

FSS =1 — ~ 5
ZleszJrZleyOQ
N Ny N Ny O’(:r) F6 and Ob6 iIs predicted and observed
RHD = N. Nq ZZDKL .f.\ .f.\ ZZ Z O & (x) . , . i
V==l V=1 j=1zex Fis CRHD penalizes more on Obluro patte
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Implicit Stacked Autoregressive Model for Video Prediction
(IAM4VP)

A stacked autoregressive method applied in an implicit video prediction model resulting in improved performance &

longer lead time, as predictions are sequentially stacked in the queue
t
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https://arxiv.org/abs/2303.07849
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Verification Metrics

POD, FAR, HSS
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Verification Metric - Perceptual Similarity

A Learned Perceptual Patch Similarity (LPIPS) metric o
A More realistic features generated ResConvLSTMGAN nowcast

A A Neural Network(NN)-based metric to match compared toTrajGRUand optical flow extrapolation
human perception, lower the better — over Toniinear
A Measure the difference of activations in apre — resconnsTH oM LPIPS - Lead time plot
defined NN between 2 images 0.45]
A Predefined NN: AlexNet
020,
L’l&“‘“ LnO.35-
e &

0.30

__ Lo __ I L >
Normalize
+

Subtraction

Perceptual
Average
{E_b Loss

mean = 0.31449
mean = 0.42036

mean = 00,2829

0.25]
ﬂ W 20 40 60 80 100 120

o , L) E Lead time [minutes]
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Denoising Diffusion Probabilistic Model (DDPM)

Forward Process J\

A Diffusion Model consists of two | >
processestorward Process |
(noising) andnverse Process q(xe | xe-1) = N (2651 = Bexe-1, Bel)

(denoising) /‘\

A To capture the data distribution b

fexxs
4 KOG OBSERVATORY

[

training a neural network to undo Xq . v —
T~ t—-1 RR #Z

a Markov noising process that

gradually distorts the data q(xe—1 | x¢) = po(xe—q | X¢)

< |

Inverse Process (Denoising)
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Earthformer
WMRNN
Diffusion

Csl

RCLG
Earthformer
VMRNN
Diffusion
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CSl

— RCLG

Earthformer

VMRNN

Diffusion a single realization of diffusion noise input

= 13dBZ = 22dBZ = 29dBZ = 33dBzZ = 36 dBZ = 38 dBZ = 40 dBZ = 44 dBZ = 48 dBZ
0.7 mean = 0.41835 | mean = 0.3820% | mean = 0.32395 | mean = 0.25122 | mean = 0.20163 | mean = 0.17002 | mean = 0.13274 | mean = 0.06848 | mean = 0.01277
mean = 0.47468 mean = 0.43892 mean = 0.37308 mean = 0.29803 mean = 0.25043 mean = 0.22286 mean = 0.19142 mean = 0.11009 mean = 0.01862
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0.3+ . 8 .| . 8 . 8 .|
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T T T T T T T T T T T T T T T T T T
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mean = 0.6211} mean = 0.59284 mean = 0.52929 mean = 0.44780 mean = 0.39052 mean = 0.35460 mean = 0.30864 mean = 0.18206 mean = 0.03406
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had —— ResConvLSTM-GAN

—— FERarthformer
— Deterministic (VMRNN)  perceptual loss (LPIPS)
—— Diffusion
0.351
Verification Metric - 0301
Perceptual Similarity 0
o
o
—
0.251 better
mean = 0.30995
0.201 mean = 0.36520
mean = 0.32952
mean = 0.22919
0.15+

60 120
Lead time [minutes]
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T+120 min nowcasts from deep learning models

ResConvLSTM-GAN
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2025-05-09 11:36 HKT

Al nowcast models showing two major convective
areas over HK and PRD in T+2h nowcast, with
Earthformerand Diffusion Ensemble picking up
more stronger development to the west of PRD.

In comparisonkResConvLSTMnd IAM4VP
indicate a stronger development over HK and its
vicinity to the east.



