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Background 

Parameters Resolution Frequency Height Accuracy Future 
Prediction

WRF with 
HRRR 

148 3 km * 3 km 1 hour Upper air Low Yes

Mesonet 60 single point 1 minute Near-surface High No

Gathering the current near-surface measurements, unable to predict future values

Only for hourly prediction and its prediction accuracy is far from satisfaction



Weather Forecasting Problem 
• Suppose a Mesonet station monitors the weather conditions for the past 

several years, then based on this information, a computer program can learn 
and predict the weather conditions in next several days.  

Past several years’ 

observation
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Our Goal: Fine-grained Weather Predication 
• Flexible Fine-grained Temporal Domain Prediction 
‣ Extracting the temporal variation features from the past measurements 

‣ Making precise prediction in the next few time horizons 

‣ Enabling flexible temporal resolution as desired, say 5 minutes, 10 minutes …
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Weather Conditions 
• Continuous changes with time 
‣ Having the time sequential patterns 

‣ Periodical patterns 

• Different from twitter data, whereas 
‣ All tweets are independent 

‣ Less temporal domain relations 



Micro Model 
• Micro Model 
‣ Micro Encoder:  capturing the sequential temporal patterns 

‣ Periodical Mapper: extracting the periodical patterns 

‣ Factor Decoder: Forecasting a set of weather parameters in the next few short time horizons
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Micro Model 
• Recurrent neural network (RNN)
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Micro Model 
• Long Short-Term Memory (LSTM)
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Micro Model 
• Micro Model 
‣ Micro Encoder 

‣ Periodical Mapper 

‣ Factor Decoder

Micro Encoder Factor Decoder
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Micro Model 
• Micro Encoder 

Encode the temporal sequence data in a certain period into one single dense vector. 

Micro Encoder
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Micro Model 
• Periodical Mapper (1) 

Extracting the periodical patterns 
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Micro Model 
• Periodical Mapper (2) 

Reference points and reference area. 

(a)

(b)

largest density

reference point (5.02)



Micro Model 
• Periodical Mapper (3) 

Binarization and Periodic Correlation.
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Micro Model 
• Periodical Mapper (4) 

Indexing

Periodical  Mapper

Period
Encoder

Period
Decoder

Period
Index

1 2 3 P… 1 2 3 P…

pN



Micro Model 
• Micro Decoder 

Predict weather parameters.
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Micro Model 
• Micro Model 
‣ Micro Encoder 

‣ Periodical Mapper 

‣ Factor Decoder

Micro Encoder Factor Decoder
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Micro — Training Phase
• Data Labeling 
‣ Select the most relevant parameters for predicting each specific weather parameter 

‣ Take previous years’ measurements as the ground truth 

‣ Take each (N x T)-minute data as inputs and label the data in the subsequent M time interval
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Micro — Prediction Phase
• Data Processing 
‣ Take the previous (N x T)-minute data, as input 

‣ Prediction:  

Micro Encoder Factor Decoder
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Micro-Macro Model 

Micro Encoder Factor Decoder
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• Micro-Macro Model 
‣ Micro Encoder 

‣ Macro Encoder 

‣ Periodical Mapper 

‣ Factor Decoder



Micro-Macro Model 
• Macro Encoder 

 Downscaling
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Micro-Macro Model 
• Micro-Macro Model 
‣ Micro Encoder 

‣ Macro Encoder 

‣ Periodical Mapper 

‣ Factor Decoder

Micro Encoder Factor Decoder
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Experiments 
• Dataset 
‣ SA Mesonet (26 automated weather stations, Atmore and Elberta in this experiment) 

‣ WRF-HRRR  

‣ Training: 2017, 2018 

‣ Test: 2019 

Temperature,  
Humidity,  
Pressure,  

Wind speed



Relevant Parameters

From WRF-HRRR 
Output

From Mesonet 
Observation



Overall Performance

RMSE =



Comparisons

RMSE values of different methods for 5-minute prediction



One-day Prediction 

(d) Wind speed



Please see our article for details 
https://prefer-nsf.org/pdf/PREFER_Modelet_Evaluation.pdf 

  

https://prefer-nsf.org/pdf/PREFER_Modelet_Evaluation.pdf

