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Outline

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 AI-based guidance for rainstorm / extreme 
precipitation

4. Way forward on AI nowcast support



SWIRLS

Short -range W arning of 

Intense Rainstorms in 

Localized Systems



Convolution operator

Å Good at feature extraction
Å More intuitive model architecture

Encoding-forecasting ConvLSTM network

X. Shi, Z. Chen, H. Wang, D.Y. Yeung, W.K. Wong and W.C. 

Woo.  Convolutional LSTM network:  A machine learning 

approach for precipitation nowcasting.  NIPS 2015.

https://arxiv.org/abs/1506.04214

https://arxiv.org/abs/1506.04214


Trajectory Gated Recurrence Unit (TrajGRU)

GRU  (Gated Recurrent Unit) includes 

reset gate and update gate, similar to 

LSTM but more efficient.

TrajGRU replaces LSTM, introduces òTrajectoryó and adopts weighted error function

Trajectory: 

Recurrent connections are dynamically 

determined

Weighted Error: 

optimize performance in heavy rain

https://arxiv.org/pdf/1706.03458.pdf 

Xingjian Shi, Zhihan Gao, Leonard Lausen, Hao Wang, Dit-

Yan Yeung, Wai-kin Wong, and Wang-chun Woo, 2017: Deep 

learning for precipitation nowcasting: A benchmark and a 

new model. 

òHKO-7ó dataset available to community to promote development of AI in nowcasting

https://arxiv.org/pdf/1706.03458.pdf
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ResConvLSTM -GAN (RCLG)

Å ConvLSTM  with Residual connections in encoder-

forecaster network

Å Generative Adversarial Network (GAN) to improve 

representation of small-scale features
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Earthformer

Å Space-time Transformer model based on Cuboid Attention

Å Spatiotemporal data are divided into non-overlapping cuboids, and 

self-attention  is applied locally within each cuboid

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

overall pattern

Cuboid attention layer with 

global vectors

Cuboid decomposition strategies in attention layer

https://arxiv.org/abs/2207.05833 

https://arxiv.org/abs/2207.05833


Enhanced feature preservation using Fourier Amplitude and 

Correlation Loss (FACL)

DFT of image X 

of height M and 

width N

A new metric RHD (Regional Histogram Divergence)  to 

improve over traditional L1 loss, L2 loss and FSS (Fraction Skill Score) 

to measure patch-wise similarly between two spatiotemporal patterns

Predicted frames of the Earthformer models trained with MSE and FACL

Image 

structure

Fourier 

frequencies

Fõ and Oõ is predicted and observed discrete probability distribution respectively

Č RHD penalizes more on òbluró pattern

Ref:  https://arxiv.org/abs/2410.23159 

https://arxiv.org/abs/2410.23159


Implicit Stacked Autoregressive Model for Video Prediction 

(IAM4VP)

https://arxiv.org/abs/2303.07849

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

longer lead time, as predictions are sequentially stacked in the queue

https://arxiv.org/abs/2303.07849


Verification Metrics

POD, FAR, HSS



Verification Metric - Perceptual Similarity

Å Learned Perceptual Patch Similarity (LPIPS) metric

Å A Neural Network(NN)-based metric to match 

human perception, lower the better

Å Measure the difference of activations in a pre-

defined NN between 2 images 

Å Pre-defined NN:  AlexNet

Å More realistic features generated in ResConvLSTM-GAN nowcast 

compared to TrajGRU and optical flow extrapolation



Denoising Diffusion Probabilistic Model (DDPM)

Å Diffusion Model consists of two 

processes: Forward Process 

(noising) and Inverse Process 

(denoising)

Å To capture the data distribution by 

training a neural network to undo 

a Markov noising process that 

gradually distorts the data



DDPM implementation

ÅòDeterministic modeló:  any model that 

makes òblurry predictionó such as CNN or 

Transformer based models

Å Diffusion model in learning to generate the 

residual based on past radar frames and 

forecast from the òDeterministic modeló 

and able to generate more realistic forecast
In the denoising process, different outputs could be generated and 

thus producing an ensemble prediction



CSI

HSS

a single realization of diffusion noise input



(VMRNN)

Verification Metric - 

Perceptual Similarity

better



Ensemble Mean

Simple average

Ensemble Mean 

Probability Matching

Diffusion Nowcast (8) Ensemble Members at T+60 min

Base time: 2025 -03-15 14:00 HKT



1-hour  nowcasts from extrapolation  and 

multi -model deep learning techniques
Base time: 2025-03-15 14:00 HKT



2-hour  nowcasts from extrapolation  and 

multi -model deep learning models
Base time: 2025-03-15 13:00 HKT



T+120 min nowcasts from deep learning models 2025-05-09 11:36 HKT

Al nowcast models showing two major convective 

areas over HK and PRD in T+2h nowcast,  with 

Earthformer and Diffusion Ensemble picking up 

more stronger development to the west of PRD.

In comparison, ResConvLSTM and IAM4VP 

indicate a stronger development over HK and its 

vicinity to the east.


