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What is a Multi-Layer Perceptron (MLP)?

A feed-forward neural network that maps inputs to outputs through learned transformations

z = Σ(wᵢxᵢ) + b
a = ReLU(z)
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⭕  Neuron

Each neuron computes a 
weighted sum of its inputs 
plus a bias, then applies a non-
linear activation function.

⚖  Weights & Biases

Free parameters adjusted 
during training. Weights scale 
each input; biases shift the 
activation threshold.

⚡  ReLU Activation

RecIfied Linear Unit: a = 
max(0, z). Adds non-linearity 
so the network can learn 
complex paPerns beyond 
linear mappings.

🧱  Depth = Capacity

Each hidden layer learns 
progressively more abstract 
features. More layers → more 
expressive model, higher 
capacity.

MLPs are universal approximators — given enough neurons, they can approximate any continuous function



Single Multi-Output Model Design

One MLP predicts all 37 pressure levels simultaneously

Why a Single Multi-Output Model?

Vertical Consistency

Shared hidden layers enforce physically consistent profiles

Smoother Bias Profiles

Adjacent level predictions are naturally correlated

Inter-level Learning

Network learns thermal structure relationships

Efficiency

One training pass vs. 37 separate models

Fewer Artifacts

Reduces level-to-level disconBnuiBes

Output: 37 Pressure Level Profile
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Temperature Retrieval: Input Features

Four sensor configurations — architecture noted for each

CrIS + ATMS
Temperature

CrIS PCA Scores 78

ATMS Tbs (22 ch) 22

sec(θ) − 1 1

Land/Sea Mask 1

Surface Pressure 1

TOTAL 103
Arch: 256–256–128–64

CrIS Only
Temperature

CrIS PCA Scores 78

sec(θ) − 1 1

Land/Sea Mask 1

Surface Pressure 1

TOTAL 81

Arch: 256–256–128–64

ATMS (AWS) Only
Temperature

ATMS Tbs (22 ch)
AWS Tbs (19 ch) 22 (19)

sec(θ) − 1 1

Land/Sea Mask 1

Surface Pressure 1

TOTAL 25 (22)

Arch: 64–128–64

IASI Only
Temperature

IASI LW PCs 90

IASI SW PCs 60

sec(θ) − 1 1

Land/Sea Mask 1

Surface Pressure 1

TOTAL 153
Arch: 256–256–128–64

All features standardized to zero mean, unit variance via StandardScaler before input to the MLP



Water Vapor Retrieval: Input Features

Four sensor configurations — all use 64–128–64 architecture

CrIS Only
Water Vapor

CrIS PCA Scores 78

sec(θ) − 1 1

Land/Sea Mask 1

Surface Pressure 1

TOTAL 81

Arch: 64–128–64

CrIS + ATMS
Water Vapor

CrIS PCA Scores 78

ATMS Tbs (22 ch) 22

sec(θ) − 1 1

Land/Sea Mask 1

Surface Pressure 1

TOTAL 103
Arch: 64–128–64

ATMS Only
Water Vapor

ATMS Tbs (22 ch)
AWS Tbs (19 ch) 22 (19)

sec(θ) − 1 1

Land/Sea Mask 1

Surface Pressure 1

TOTAL 25 (22)

Arch: 64–128–64

IASI Only
Water Vapor

IASI LW PCs 90

IASI SW PCs 60

sec(θ) − 1 1

Land/Sea Mask 1

Surface Pressure 1

TOTAL 153
Arch: 64–128–64

All features standardized to zero mean, unit variance via StandardScaler before input to the MLP



Surface & Column Parameters : Input Features

Four sensor configurations — all use 64–128–64 architecture  |  Output: 4 scalars simultaneously

🌡  Skin Temperature 💧  TPW ☁  CLW 🌧  TCRW

CrIS + ATMS

CrIS PCA Scores 78

ATMS Tbs (22 ch) 22

sec(θ) − 1 1

Land/Sea Mask 1

Surface Pressure 1

TOTAL 103
Arch: 64–128–64

CrIS Only

CrIS PCA Scores 78

sec(θ) − 1 1

Land/Sea Mask 1

Surface Pressure 1

TOTAL 81
Arch: 64–128–64

ATMS (AWS) Only

ATMS Tbs (22 ch)
AWS Tbs (19 ch) 22 (19)

sec(θ) − 1 1

Land/Sea Mask 1

Surface Pressure 1

TOTAL 25 (22)
Arch: 64–128–64

IASI Only

IASI LW PCs 90

IASI SW PCs 60

sec(θ) − 1 1

Land/Sea Mask 1

Surface Pressure 1

TOTAL 153
Arch: 64–128–64



Training Dataset Construction Pipeline – CrIS/ATMS

NOAA-20 2019  |  Multiple data streams collocated to CrIS FOV
1 CrIS Eigenvector Genera?on Input: CrIS L1B radiances — every day 2019, every 12th 6-min granule  →  SVD / EOF analysis  →  150 

global eigenvectors

↓
📡  CrIS L1B

Every 4th day, 2019
~53 M FOVs

▼

Step 2

PC Projection

Apply eigenvectors
from Step 1
→ 150 PC scores
per FOV

▼

CrIS 150 PCs

🌤  VIIRS Imagery
Cloud Mask

▼

Step 3

Spatial Aggregation (UW)

Aggregate VIIRS
pixels within each
CrIS FOV footprint
→ cloud fracDon

▼

Cloud Fraction
@ CrIS FOV

📻  ATMS L1B
22-channel microwave

brightness temps

▼

Step 4
Backus-Gilbert
Interpolation
OpDmal linear
combinaDon of
nearby ATMS FOVs
→ averaged Tb

▼

ATMS 22 Tbs
@ CrIS FOV

🌐  ERA5 Reanalysis
0.25° × 1-hr ECMWF
model-level output

▼

Step 5
Temporal + Spatial
Interpolation
Bilinear spaDal
+ linear temporal
interp to each
CrIS FOV & Dme

▼

T, q, Skin, TPW
CLW, TCRW @ FOV

⊕  COLLOCATION & MERGE  —  All four streams matched to common CrIS FOV index, ^mestamp, and geoloca^on

↓
✓ Training Dataset: ~53 M samples  |  CrIS 150 PCs  +  VIIRS cloud fraction  +  ATMS 22 Tbs  +  ERA5 T, q, surface/column truth



Diagnostic Plots when converting CrIS spectra to PC



Training Dataset ConstrucKon Pipeline for AWS

1

Cloud Mask

📻  AWS L1B
19-channel microwave

brightness temps

▼

Step 4
Backus-Gilbert
Interpolation
OpDmal linear
combinaDon of nearby AWS FOVs
→ averaged to Group2 (89 GHz) 
fovs

▼

AWS 19 Tbs
@ 89 GHz fov 

🌐  ERA5 Reanalysis
0.25° × 1-hr ECMWF
model-level output

▼

Step 5
Temporal + Spatial
Interpolation
Bilinear spaDal
+ linear temporal
interp to each
CrIS FOV & Dme

▼

T, q, Skin, TPW
CLW, TCRW @ FOV

✓ Training Dataset: ~53 M samples  |  CrIS 150 PCs  +  VIIRS cloud fraction  +  ATMS 22 Tbs  +  ERA5 T, q, surface/column truth



Simple Code



CrIS 
only IASI 

only

Temperature Retrieval 
Performance



Only 
IASI

Only 
CrIS

Water Vapor Mixing Ratio  Retrieval 
Performance



CrIS only



ATMS Only

CrIS Only

TCRW



CrIS

ATMS

VIIRS

Request -  Please extend CrIS



Please add VIIRS Cloud Fraction @ CrIS resolution to CrIS
as an environmental control (EC) indicator for MLP – all sky 

retrievals





April 23, 2026 – Global Statistics – All 
Sky

ATMS 
only

CrIS 
only CrIS/ATMS

Temperature Retrieval 
Performance



CRIS & 
ATMS

ERA5

CRIS & 
ATMS

ATMS 
only

ATMS only











Temperature  and Water Vapor  CRIS and ATMS – All Sky



Temperature and Water Vapor   ATMS only – All Sky



Temperature and Water Vapor   CRIS only – All Sky



Temperature  and Water Vapor   CRIS only and Cloud Fraction < 0.991



The Lifted Index (LI) is a measure of atmospheric 
instability used in convective weather forecasting. It is 
defined as the difference between the environmental 
temperature at 500 hPa and the temperature a parcel of 
surface air would have if lifted dry-adiabatically to its 
Lifting Condensation Level (LCL) and then moist-
adiabatically to 500 hPa:

LI = T_env(500 hPa) − T_parcel(500 hPa)

A negative LI means the lifted parcel is warmer than its 
environment at 500 hPa — the atmosphere is unstable 
and the parcel will continue to rise, potentially producing 
deep convection. The more negative the value, the 
greater the instability: values between −2 and −6 K 
indicate moderate to severe thunderstorm potential, and 
values below −6 K suggest extreme convective instability. 
A positive LI indicates a stable atmosphere where the 
parcel is cooler than its surroundings and convective 
development is suppressed



CRIS 
only

CrIS only , CF < 
0.991



CrIS only , CF < 0.991

CrIS only , CF < 0.80



CrIS only , CF < 0.991

ATMS only , CF < 0.991



ATMS only



CRIS Only



ATMS only



Arctic Weather Satellite



Noise Comparison. (Used adjacent  fovs under clear skies in tropics over ocean)



Original single fov results from ATMS,  Tomorrow IO, and AWS



Exclude scan-edge FOVs — keep only positions 3-136 (134 FOVs)



FWHM 40 km fov , 20 km fov



OLD
NEW with BG 
averaging to
89GHz fov

AWS is now
like ATMS



NEW with BG 
averaging to
89GHz fov

AWS is now
like ATMS

ATMS with
BG averaging
To CrIS fov





OLD AWS

NEW AWS with BG



NEW AWS with BGATMS BG @CrIS fovs







Students  developing CSPP Visualizations 



Summary
• Developed MLP Weights for CrIS only, CrIS/ATMS, ATMS 

IASI ,and  AWS

• Retrieval performance are very good!!  Outperforms 
NUCAPS and MIRS.

• We plan to add to CSPP, along with some applications 
tools  - e.g. Skew-T plots, Stability Maps, and more

• We are working closely with partners (NWS offices,  
University of Alaska, GINA).

• Working with EUMETSAT on comparisons with IASI

Looking how to integrate ground-based observations for certain areas


