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Al/ML for Radar Beam Blockage Correction

Example Al/ML model for radar beam

Beam blockages of the KDAX i
blockage correction
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Al/ML for Radar Beam Blockage Correction

UNet++ based generator

640, 720,10 (.

[ H H 320, 360, 20" / " 320, 360, 20 .

160, 180, 40 | 160, 180, 40

. Computing module J 3
80, 90, 80 k

“« Down-sampling 80, 90, 80 |

/' Up-sampling T

--» Skip connection ~— R Wi
Reflectivity

/" Input 40, 45, 160 Doppler velocity

"« Output Spectrum width

* Down-sampling computing module: 3 X 3 convolution with same
padding + Leaky RelLU activation layer with a negative partial slope of
0.2 + 2 X 2 max pooling

e Up-sampling computing module: 2 X 2 deconvolution with a stride of

2+ concatenation layer + 3 X 3 convolution + Leaky RelLU layer with a
negative partial slope of 0.2

e Output layer: three-channel convolution with the sigmoid activation
function
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Corrected images
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Convolution filter: 3 X 3
Leaky RelLU layer slope: 0.2

Dropout rate: 0.1

Max pooling filter: 2 X 2



Al/ML for Radar Beam Blockage Correction

Model training

Loss functions: L. = AE, .||y — G(x,2)|] — E, [log(D(x, G(x, Z)))] Generator loss function
Ly = —Eyyllog(D(x,y))] — Ex [log(l — D(x, G(x, Z)))] Discriminator loss function

X: Input data (radar data generated by PBB mask)

y: Corresponding ground truth data (original radar data)

z: Random seeds input (Gaussian distribution random seeds)
G: Generator prediction

D: Discriminator output

A: To regulate the weight distribution between the two components

.. Model RxA C, g Depth BatchSize Iterations LR-Reduction
Training parameters:

4 4
RxA: Range and azimuth size of input. KDAX 640x720 10 2 > 16 2x10 1.5x10
Co: Number of channels after multi-channel convolution.
g: Multiple after each down-sampling. .

Time range: November to February, 2019-2021

Depth: Layer numbers of Unet++. * Radar observation size: 640x720 (range: 160km;
Batch Size: Number of samples per batch. azimuth: 0-360°)
Training iterations: Total number of iterations trained. .

80% for training, 20% for validation
LR-Reduction: Batch number when learning rate is reduced with beta; equals to 0.5.
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Al/ML for Radar Beam Blockage Correction

Original Data

Testing results and evaluation
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Al/ML for Radar Beam Blockage Correction

Testing results and evaluation
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Al for Radar Quantitative Precipitation Estimation

Traditional radar rainfall relations Problem 1: Parameterization error is high.
R(Zp) = aZy,

- Problem 2: Generalization capability of these relations is low, e.g.,
R(Zn, Zar) = aZpZg,

the relations derived for deep convective events may not work well

R(Kgp) = aKj, for shallow/warm cloud systems.
R(Zar Kap) = aZg,Kg, Problem 3 (Ground-based radars): Radar measurements provide
R(A) = aAP indirect mapping of surface QPE.

Al-based radar QPE

. The second lowegt elevation angle New Trained g -
N Radar. Obser\.fables. N s b radar transfer YY)
Reflectivity (Z), Differential Reflectivity (Z,) A e - : - Rainfall
. about 0.9°/ /1@ data learning e
: o .
network estimates
Specific Differential Phase (K, ’L:L '
o
= Radar Training
Within 150 km of the KMLB radar The lowest elevation angle data transfor | Rainfall
SN S 4- k :
¢ about 0.5 S T . = Rain learning Estimates
. o : auge network
Two lowest elevation angles £aug
* Ny
Rainfall rate <
More than Imm/h and 0.1inches —> - ; (mm/h) <
. Ground radar (After QC Rain gauge i nd o . .
Block 1: Data preprocessing ( QC) gaug il tiys vl st v sauae dEiE Block 2: RQPE network training process
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Al for Radar Quantitative Precipitation Estimation

QPE based on multidimensional multiparameter radar observations (StarNet model)

________________________________________________________________________

Stage 1
"Il 1

* Each star block incorporates a circular
connection among its layers, enhancing
inter-layer feature refinement. Each block
has six cascaded bottleneck layers.

Inputs
L 4X4X9X9

Fold

N e e e e e e e e e e e m

_______________________________________________________________________

|
1
1
1
1
1
1
1
1
1
1
1
! . .
S

| [Conv3DSBN3D SReLU _(b) Star Block ——  Stage 1 focuses on the flow of radar
1 —sMaxPool3D oo e | = S S SIS S e S S .
i T Y = observation features from shaIIow.to deep
. Star Block 1 BN3D—>AvgPool3D A - o g % ! features, while stage 2 reverses this flow,
' - = ! N . . .
: V [ Refined Features |— ¥ Z — 3 —~ E— & — B facilitating the interaction and fusion of
1 e 1 !
| Transition T :i =S P features across levels.
| Star Block 2 BN3D—AvgPool3D o — .
1 | |_ J ang
! ¢ Refined Feawures 73 ¥ ~>E€ g . » The transition layers are used to
: Transition € . Eimifk : downsample features and filter ke
! BN3D—Conv3D [l Rainfall 1} 5 | <l - ol P y
: Star Block 3 BN3D—AvgPool3D Rate E: 5 e%—%— it é | 2 E features.
! } | Refined Features |— X 21 (8 Mf; g < /L S !
' Transiti ¥ S - : : :
| e BN3D—Conv3D K _:,J:l-g = '+ The estimation head module integrates
1 1 . = . .
: Star Block 4 BN3D— AvgPool3D ' = 2 i features at different semantic levels.
! | Refined Features |— :: — |

., 1
. (a) StarNet (d) Estimation Head 1\ (c) Transition Layer i
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Al for Radar Quantitative Precipitation Estimation

Baseline model performance in the source domain (KMLB radar in FL)
L
|

MAE = (|Rg — Rgl}

£
e Ve 3 o {( )2y
R I~ < RMSE = /{(Rg — R
g £ 0 < R G
= .9 Lo 5 2[(Rg — (Rg))(R¢ — (Rg))]
NG s @ CORR= - =
538 T8 VIRR — Re)? VERG — Ro))
& q;‘ B g IS _{IRg — Rg}
i < NSE =
S5 & % (R¢)
(d) Target Domain T & f? {Rr)
cf-é) (7] 8 Bias Ratin:m—“:

where the angle brackets stand for sample
average; Ry and R denote the estimated
rainfall from radar and gauge, respectively.

X(8) Source Domain MAE RMSE CORR NSE BIAS Ratio

* How to use the knowledge learned from a source domain in target domains?
* How to train and apply an Al/ML model when limited observations are available for model training?

Source domain data (Melbourne, Florida) > Model Training »  Precipitation Estimation
Weight |
Target domain data ™ " reuse
(Philadelphia, Pennsylvania) - ¥ -
ransicr = . . . . -
learning model [ | Finetune —»|  Precipitation Estimation
Target domain data (Las Vegas, Nevada)
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Transfer Learning to Improve Al QPE Model Generalization

A, component Estimation head module * A short-distance adaptation module and a
e Y P ‘ long-distance adjustment module.
Feature Refinement E | . e | . :
e - The short-distance adaptation module
. ¥ ! enhances the model's generalization
SRE i . capability when data distributions are similar.
= — Q) on < 11 'Rainfall
Z g - sl BB | 5| BN | 5| B H prainia . . .
S o SREN 2 REIR S RER &8 i | Rate - Itis structured as a dual-path weight-sharing
52 <= HEN < BEE G ¥ i network. The first path processes data from
£ = SHiaE = BN = Bl = ! @ ] .
“ g 72 N % % N M the source domain, while the second path
i , Rainfa . .
¢ N v1— a1 Rae handles data from the target domains. This
___________________________________ @JL.} Weight module comprises an A,component and a
. :; :I ' sharing precipitation estimation head module.
= ¥ a : . : :
S g ' [ ! - Only the precipitation estimation head
= o . QT : . . .
Y, S (A i module will be fine-tuned, which has two fully
< 0! : 0 .
<§ 2 — . ;:F_ — connected layers, an adaptive layer with
2 s e rozen layer, | Fine-tuning layer ! . .
= Hf . weight 1-a, and a maximum mean
r discrepancy (MMD) layer.
1 Ng 1 Nt where ¢ is the feature mapping space, and H is the reproducing kernel
Nt g T Hilbert space. A small MMD indicates high similarity between source
MMD (Ds, Dr) = HN Z ®(xi N z ®(xf ) and target domain feature distributions, allowing direct transfer
t=1 J=1 gy learning; otherwise, methods to reduce this difference are necessary.

& Colorado State University 2026 NSF NCAR Radar Technology Community Workshop — Al for Weather Radars, March 2026 11




Transfer Learning to Improve Al QPE Model Generalization

A, component Estimation head module * When the difference on data distribution is
T TU Uy PSSPOSSRPUT PN SR ; substantial, we employ an a fusion algorithm,
Feature Refinement | formulated as follows:
DS LS 1
| — | Fx) @A) =aF(x) + (1 —a) A(x)

§ 2| — = - - = o where a ranges from 0 to 1, denoting the degree to

g 2| N : ™ : 1 : B Rainfall which information from the source domain is preserved

T 2| S IEIR © REIR © REIR < | Rate or the information from the target domain to be

E B =y =115 1= | 8| =] | 5| = ! incorporated. a decrease will make the model closer to

55| — S S E I H T E £ he Fi h

2R - = = = @ the Finetune approach.

'Rainfall ; :
M—a! Rae * The long-distance regulation module uses target

\_ Dr 0000 ON— domain data as input, includes frozen layers F,,

. - DL oo r e e ettt ;‘Ez;gf; fine-tuning layers, and an « adaptive layer.
g E F(x)
§ S e During fine-tuning on the target task Tr, the
5 g U-: parameters 05 of the pre-trained model's initial
& 2 U.'*:’ layers (feature extraction part) remain fixed, while
3 & \ only the parameters 6; of the final layers

RN Dro ettt {;\}e}é};};l;s;"_'""é"" (regressor part) are fine-tuned.

- T
Frozen layers F, Fine-tuning layers where Lgr(x,y7) represents the estimation loss of

the long-distance regulation module. Lyypxg,ys)

Domain-adaptive loss: Lossp, = LST(XT,yT) + LMMD(XS,yS) + AMMD? ((p (XIS) , P (Xf)) represents the estimation loss of the source
domain in the dual-branch model.
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Transfer Learning to Improve Al QPE Model Generalization

Demonstration across different precipitation regimes
150

Hourly rainfall maps generated by
different radar rainfall algorithms ending
at 22:00 UTC, 29 April 2019 (KESX in NV):
(a) Stratiform Z — R; (b) Stratiform Z — R;
(c) WSR-88D dual-pol relation; (d) StarNet
model; (e) Adapted StarNet model.

-150-100-50 0 50 100150 -100 -50 0 50 100150
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Transfer Learning to Improve Al QPE Model Generalization

Demonstration across different precipitation regimes
150

100

Hourly rainfall maps generated by
different radar rainfall algorithms ending
at 22:00UTC, 22 March 2019 (KDIX radar
in PA): (a) Stratiform Z — R; (b) Stratiform
" Z — R; (c) WSR-88D dual-pol relation; (d)
StarNet model; (e) Adapted StarNet

0 — T (S R *  model
.. =150-100-50 O 50 100150 -100 -50 O 50 100150 :
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Transfer Learning to Improve Al QPE Model Generalization

Demonstration across different precipitation regimes

- KDIX Radar* KESX Radar**

QPE Algorithm MAE RMSE CC NSE Bias MAE RMSE CC NSE  Bias
(mm) (mm) (%) Ratio (mm) (mm) (%) Ratio
Convective Z — R 099 217 0.69 55 0.77 0.67 1.26 0.61 67 1.14
Stratiform Z — R 0.88 190 0.73 49 0.74 0.65 1.18 0.56 59 0.70
WSR-88D dual-pol relation  0.94 191 0.73 53 0.70 0.59 1.08 0.63 54 0.70
StarNet Model 0.60 136 0.87 31 0.84 0.42 0.92 0.83 38 0.73
Adapted StarNet Model 0.56 1.29 0.88 31 0.96 0.39 0.85 0.84 36 0.82

*Performance evaluation based on 5,370 testing samples.
**Performance evaluation based on 443 testing samples.

* Al QPE model performs better than parametric relations.
 Adapted Al model can further improve QPE performance across different domains.
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Summary

* Modern deep learning techniques have been applied in weather radars for about
10 years.

* Successful examples are presented from the perspectives of radar data processing
and quantitative precipitation estimation.

* The generalization capability of deep learning can be improved through adapting
the model with limited observations in different precipitation regimes.

* Given the rapid development of artificial intelligence and deep learning

approaches, applications of weather radar atmospheric remote sensing will be
revived.
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Thank you for your attention!
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