Tailor-made data-driven similarity theories for the temperature
structure parameter C% in the lower atmospheric boundary layer
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What is Optical Turbulence (OT) and why does it matter?
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Structure function approach used to obtain training data

The structure function coefficient

structure function in log-log space.  Assuming frozen turbulence, the
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intercomparison,
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Obtaining data-driven parameterizations using N-ML [PSB23]

3. Train Gradient Boosting Machines (GBMs) for each II-set

Traditional parameterizations
Monin-Obukhov similarity theory based [W71]...

using fluxes: C7 = (—W/u*)2 27?3 g(¢)

1. Collect relevant variables and their dimension 4. Evaluate each model in IT space

(a) traditional: gradients, fluxes, variances (5 min bins) and normal space

Overlapping histograms after scaling indicate good collapse of
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Conclusions

« II-ML is a powerful tool to derive non-dimensional scalings for
flow processes using only the variables available — tailor-made

Results: tailor-made / use case-dependent parameterizations

Traditional: flux and variance-based parameterization
« First, expand complexity of the fitting problem through genera-

101 Use case: Outputs of numerical simulations with access to local , , :
------- log 1, = 0.95log IT, +0.32 f . : . w12t line tion of large number of physically motivated IT-groups and I1-sets.
som uxes and variances, e.g., large eddy simulations or mesoscale 60m: R?=0.80, bias=0.03, GRMSE=0.05
101+ 1o0m simulations with high-order closure. 1075 - 100m: R-070 iss-0.03, RMSE 009, ¢ » Using observational data, machine learning (ML) regression
6 150m : les: local fl 1 vari © S . models are fit to assess the capability of each II-set to parame-
109+ Variables: local rluxes and variances N'E 02 terize the target.
A
- 10 Result: 17 — 051 T C2 2%/3 —(w'9"), ot » The II-sets and corresponding fitted models are analyzed to keep
. e, Y8, Oup = —a 2 g 102 only moderately complex and well-performing combinations.
+ Single flux- and variance-based I expression dominates and is & + For C7 parameterizations, simple enough IT spaces are found to re-
10°- sufficient to collapse data reasonably well (cf. Fig 2). © Lol place ML regression by a simple linear model, ultimately, bring-
-2 A5 » Groups containing gradients are discarded by GBM model. ing the complexity back down to an “analytical” level.
e 0 ) e B « Scatter may point at missing length scale. i T

» Scaling is similar to W71 and consistent with theory ([BH22]:
C2 ~ 02 L=2/3 with L ~ zin neutral conditions). IT groups contain-
ing more complex length scales are currently being investigated.

estimated C2, K2m~2%/3
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Figure 2: Demonstration of data collapsing in
M space for all levels with simple fitted linear
model.

Figure 3: Vertical extrapolation performance of GBM
models in log-space using flux-based M set.
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Practical: 1 Hz “temperature only” parameterization
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Figure 4: Demonstration of data collapsing in
M space for all levels with simple fitted linear
model.
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Figure 5: Vertical extrapolation performance of GBM
models in log-space using temperature-only I set.

sufficient to collapses data very well (cf. Fig. 4).

 Trained GBM models exhibit good but biased vertical extrapola-
tion performance (cf. Fig. 5).
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