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What is turbulence, and why do we care about it?

Reynolds (1883)
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Turbulence = small-scale fluctuations around mean TU Delft
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Turbulence = small-scale fluctuations around mean TU Delft
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High-res (*) profiles of turbulence statistics TU Delft
needed in many applications (*): Bzp, ~ 50m / Azps ~ 500m
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High-res (*) optical turbulence profiles (C) needed... TUDelft

(*): EBL ~ Som/EFA ~ 500m
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Optical Astronomy
Goal: Estimate C?2 profiles from ERA5
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Methodology

Vertical profile regression and super resolution
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Datasets
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ERAS Pressure Levels, 0.25° x 0.25°
(30 levels / Azg;, ~ 230m / Az, ~ 1100m)
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Terrain height, z

X: low-res input profiles + surface features
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+ vert. gradients
+ pressure
+7

+ sfc. sensible hf

+ sfc. latent hf

+ sfc. pressure

+ sfc. friction velocity
+ ...
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y: high-res C? profile
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Latitude, °N
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But: not just deblurring. Inherent dataset differences! TUDelft

ERAS 10m wind, 0.25° x 0.25°
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Address through decoupled training FUDelft

WREF high-res
n = 100 levels

ERAS5 low-res
m = 30 levels
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Address through decoupled training FUDelft

WRF high-res
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interpolate to
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pressure
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Address through decoupled training FUDelft

Training: WRF low-res to WRF high-res
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Address through decoupled training
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Squeezeformer: An Efficient Transformer for
Automatic Speech Recognition

Training: WRF low-res to WRF high-res
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Address through decoupled training

Training: WRF low-res to WRF high-res
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Inference: QM'd ERAS5 to WRF high-res
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Address through decoupled training FUDelft

Training: WRF low-res to WRF high-res
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Results
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Estimated profiles are realistic but smoothed TU Delft
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Distributions match well... 1(!U Delft
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Smoothing shows as earlier drop of structure function
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Density

Profile smoothing and displacement propagate
into column-integrated parameters
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Conclusion and Outlook
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Conclusion

Overall promising! Applicable
to other (turbulent) profiles.

* Yields realistic profiles

* Smoothing acceptable for
profiles, but causes bias in
integrated quantities

* Decoupled training yields
more realistic profiles
(not shown, see paper)

» Still, dataset differences
challenging

Next steps

* Probabilistic training
with CRPS loss

* Different domain
adaptation techniques

* Hybrid models?
(dynamical core + DL)

@everyone: turbulence is
important :)!
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Thank you!

Questions?
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(b) Histograms and quantile-quantile plots of log,, C> predictions against WRF-based reference profiles.

—10 Joverestimation % 4
0.4 - I TUDelft
—— E5pl QM ne 127
— E5pl no-QM % ~14 -
> 0.3 7 E5pl train 2
g 5 —-16
8 0.2 7 % 18 -
£
0.1 - B —207
/ \ _22 T s d . .
- 7 underestimation
00 I I I I 1 I I I 1 I
-22 =20 -18 -16 -14 -12 -10 -20 -15 -10
log10C? Ref. logyo C?
(c) Vertical second-order structure functions of log;, C2.
10! o 1ol
N
O
=
e
- 10° 4
O -
g
) —— Ref. —— E5pl no-QM // :
10-1 - —— E5pl QM E5pl train 100 -
s T Tt T T T L L L L T T T T L R |
10?2 103 10* 104
Az, m Az, m

2026-04-14

M. Pierzyna, Turbulence Profile Downscaling 25



2026-04-14

SqueezeFormer
Feature Extraction Regression Superresolution and
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(Optical) turbulence is driven by buoyancy and wind shear FUDelft

.| Turbulence

Velocity field fluctuations

Temperature Humidity

Buoyancy

fluctuations fluctuations

Density field fluctuations

Refractive index
fluctuations

Wind shear

2026-04-14 M. Pierzyna, Turbulence Profile Downscaling

2nd order temperature structure function

C2 = ([T'(x) — T'(x + r)]2)/r?/3

Gladstone relationship

v

Crp~Ci+Crg+CC
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