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 Introduction

Results
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Data and Methods
Dataset and Preprocessing:
Data: Reflectivity (dBZ) and drop-size distribution (ZDR) collected 
from MRMS (Multi-Radar, Multi-Sensor, Zhang et al., 2016)
Event Selection: Heavy rainfall days were identified using 
NOAA’s CPC dataset (Climate Prediction Center)
Temporal Resolution: dBZ every 2 min, ZDR every 5 min
Preprocessing: Radar frames were converted to PNG images

FURENet Model (Pan et al., 2021):
The model used in this project is a version of U-Net, specialized 
for our project. Unlike standard U-Net models, FURENet can 
capture both spatial and temporal patterns of extreme 
weather events. It learns from high impact rainfall days, making it 
more accurate and reliable for predicting intense precipitation.

Heavy rainfall is a significant threat in the Southeastern U.S. 
Some characteristics of heavy rainfall events, such as spatial 
development during their life cycles, are challenging to precisely 
forecast. This region experiences high precipitation variability and 
frequent convective storms, making accurate forecasting and 
early warning essential.
Our Project Aims To use radar and satellite imagery to develop a 
deep learning model that is cost-efficient, generalizable, and 
precise. We plan to accurately forecast extreme rainfall events in 
the near future (nowcasting)..
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Some challenges with our project
- Storage and Computation Resources 
- Accuracy: Predictions fall off for longer forecasts (>1hr), this is 

to be expected somewhat but it could be improved
Next Step
- Gather data from more years and more seasons
- Add more parameters (KDP, wind vectors, water vapor…)

Training (blue) and validation (orange) loss across 28 
epochs. Both curves drop sharply through epoch 5, then 
plateau with minor fluctuations. Early stopping at epoch 25, 
where validation loss bottoms out, helps prevent overfitting, 
yielding a final validation loss of approximately 0.0010 and 
demonstrating strong generalization.
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Evaluation 
Score 53% 50% 76%

The model takes in dBZ and ZDR images as inputs and 
outputs a dBZ image prediction

dBZ threshold = 15 dBZ threshold = 35

Probability of 
detection (Hit rate)

.843 .664

False alarm rate .138 .344

Heidke Skill Score 
(comparison to 

random forecast)

.846 .657

Statistics for 40 minute forecast

dBZ ZDR

The FURENet deep learning model demonstrates promise for 
precipitation nowcasting in southeastern US. The model successfully 
generates 40-minute rainfall nowcasting, achieving meaningful 
accuracy in summer precipitation forecasting. The use of deep 
learning techniques adds to traditional methods, particularly by 
capturing the complex relationships in atmospheric processes.

Highlights：
- Achieved 76% accuracy with manageable false alarm rate
- Demonstrates skills in capturing the spatial and intensity 

patterns of rainfall evolution
- Successfully integrated multi-sensor radar data for enhanced 

prediction accuracy
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