
Using Convolutional Neural Network 
(CNN) to Enhance Spatial Resolution of 

ATMS Images
Likun Wang1, Mitch Goldberg2

1. RTI @ NOAA/NESDIS/STAR
2. NOAA/NESDIS/JPO

July 23 2019

Acknowledge to Quanhua Liu (for ATMS-related questions ) and Lihang Zhou (for Limb-correction data)  

7/23/2019 MW GSICS web meeting 1



Outline

• Motivation 

• Data preparation 

• Super Resolution CNN Model 

• Preliminary Results

• Conclusion
7/23/2019 MW GSICS web meeting 2



Motivation (i) 

• ATMS instrument (e.g., 89 GHz) can 
view beneath the cloud for 
hurricane structures. However, 
compared to optical sensor (e.g. 
VIIRS), the image resolution is 
really poor. 

• With the enhanced images (that 
have improved spatial resolution), 
it will make the hurricane 
structures clearer. 
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Motivation (ii) 
• Given low resolution ATMS image 

channel (2.2°), it is very hard to  
accurately retrieve the coastline 
from ATMS for geolocation 
assessment. 

• The enhanced image (with 
improved spatial resolution) will 
be helpful for geolocation 
assessment. 

7/23/2019 MW GSICS web meeting 4



ATMS Channel List 
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ATMS Scan Pattern 

Kim et al. 2012
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Over-Sample vs. Normal Sample 
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Super-Resolution Convolutional Neural Network (SRCNN)

Dong et al 2014
• Layer (type)                 Output Shape              Param #
• ==================================================

===============
• conv2d_1 (Conv2D)            (None, 24, 24, 128)       10496
• __________________________________________________

_______________
• conv2d_2 (Conv2D)            (None, 24, 24, 64)        73792
• __________________________________________________

_______________
• conv2d_3 (Conv2D)            (None, 20, 20, 1)         1601
• ==================================================

===============
• Total params: 85,889
• Trainable params: 85,889
• Non-trainable params: 0
• __________________________________________________

_______________
• None
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Generating Training Dataset

AMSR-2 89GHz Image

89GHz Image (original) 89GHz Image (Limb-corrected)

Using GCOM-W1 AMSR-2 89GHz 
High resolution data (3 by 5 km) 

Similar features with 
different resolution and view angle

Maeda et al. 2016
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Using AMSR-2 to simulate Low (1.1°) and High (2.2°)
resolution ATMS data

1.1 degree with 96 FOV 3/8 seconds scan rate

2.2 degree with 96 FOV 3/8 seconds scan rate
Convolved with AMSR-2 images 
with ATMS antenna pattern (1.1
and 2.2 degree)
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Algorithms Flow Chart 
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Validation with Testing Data
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Testing Using ATMS Data (89 GHz)

SNPP ATMS data on 2019/07/02 0949-0953
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Testing Using ATMS Data (Ch 18)

Supersized !!! Model works well for 1.1 Degree channels!  
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Testing Using ATMS Data (Ch 16)

JPSS ATMS data on 2019/06/06 0002-0007

7/23/2019 MW GSICS web meeting 15



Conclusion Remarks
• Preliminary results indicate that the model works well for ATMS 

image resolution enhancement (2X). 

• The model seems to work well for other surface channels also. 

• Future work
– Quantitatively assess signal-to-noise ratio
– Quantitatively and Mathematically compare with Backus-Gilbert (B-G) 

method
– Build model for 4X resolution enhancement
– How does Enhanced ATMS data impact on precipitation retrievals?   
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