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Extreme gradient boosting regressor model-based estimation of daytime
convective boundary layer turbulence dissipation rates
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(State Key Laboratory of Severe Weather Meteorological Science and Technology ,Key Laboratory for Mesoscale Severe

W eather/Ministry of Education, School of Atmospheric Sciences, Nanjing University , Nanjing, 210023, China)

Abstract: Atmospheric turbulence dissipation refers to the conversion of turbulence kinetic energy into thermal energy. The
turbulent dissipation rate is a crucial parameter for quantifying turbulence intensity , mixing, and transport characteristics, and it
is also an important indicator in engineering applications such as aviation safety and wind power generation. Radiosonde
observation sare widely used for vertical atmospheric profiles of wind, temperature, and humidity. However, because
turbulence dissipation occurs at the smallest continuous scales of the atmosphere (millimeter and millisecond scales),
radiosondes cannot directly observe the dissipation rate. To overcome this limitation and enrich the vertical profile
observations of turbulent dissipation rates, a deep learning approach is developed based on large eddy simulation data of the
convective boundary layer. An XGBRegressor model is trained to predict dissipation based on the vertical profiles of key
meteorological variables including wind, potential temperature and pressure, as well as their vertical gradients. Model
performance is evaluated in terms of feature extraction, nonlinear modeling, and generalization capability. The results
demonstrate that the proposed model exhibits decent diagnostic skills that outperform the classic Thorpe diagnostic model for
dissipation rates. Furthermore, the model demonstrates good generalization capabilities to process different vertical

resolutions other than the training datasets. This machine - learning model provides an alternative approach for profiling
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turbulence dissipation rates based on radiosonde data, and can be potentially used for the parameterization of turbulence

dissipation rates in PBL schemes.

Keywords: turbulence dissipation rate,radiosonde profiles,deep learning
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Fig.5 As Fig. 4, but with the yellow lines representing ¢ diagnosed with a machine learning model trained with case BF
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Table 3 MSE and R’ statistics of ¢ diagnosed by the

machine learning model for case BF at three snapshots

in time
Ak K (min) MSE (Wkg?) R*
160 2.89X10°° 0.65
190 2.45x107° 0.70
220 2.62Xx10 ° 0.62
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Table 4 Feature importance in the training set, pre-

sented in descending order of the weight

A A BiEn
P 36.01% 16.81%
z 34.49% 15.64%
0 9.71% 12.92%
a.p 6.91% 6.25%
a.0 5.40% 4.65%

a.w 3.19% 1.83%
d.u 1.73% 2.10%
w 1.11% 9.52%
u 0.84% 13.73%
v 0.61% 13.62%
a.v 0.00% 4.65%
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Table 5 MSE and R’ statistics of the sensitivity tests

and the extension experiments

I MSE (Wkg %) R*
BF-CTRL 3.42X10°° 0.75
BF-NG 6.57x10° 0.52
BF1 2.44%10°° 0.53
SW 0.90x10° 0.65
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Fig. 6 As Fig. 4, but with the yellow lines representing ¢ diagnosed from the BF-NG model
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