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Using A Phase Space of Environmental Variables to Drive an Ensemble
of Cloud-resolving Simulations of Low Marine Clouds
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48-hr Lagrangian Trajectories, JJA 2018-2021 \

* Low marine clouds are a major source of uncertainty in cloud feedbacks
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Here, the relationships between PCs and all variables are shown.
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= ERAS reanalysis and various satellite observations are used to extract = We conduct one PCA based on 4 CCVs for all 6 locations
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"= Applying PCA reduces the dimensionality of the data needed to cover cloud field
variability, and two PCs explain 65% of the variability among CCVs. PCA 1is useful in

Locations 2% | | | e < | ’ ke efficiently selecting LES cases that encompass the observed CCV phase space.
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A few locations in the stratocumulus (Sc) deck region of the Northeast e | = o0 2= 50 TR I =00 35 5 S5 00 25 s s 00 35 & = A large number of Lagrangian trajectories are developed and reanalysis and satellite
Pacific (NEP) during summer (JJA) 2018-2021 are selected to fill out a _. | | | | | A . i q (g kg™) q (9 kg™) | variables are compiled along each trajectory. From them and based on the phase space,
phase space of CCVs and cloud variables. £ : ‘ | ; 10s of cases with distinct environmental conditions will be selected and used to initialize
| ‘ ‘ : ‘ b | 2-day LES modeling to provide a spectrum of aerosol-cloud interactions and Sc-to-
ERAS5 LTS (K), June-August 2012-2021 . . X | e s ] / o i o
® N ’ o 5 10 15 20 1 EYOEA = ] | Gl Cumulus transition under observed ambient conditions.
® crasu » | Frequency | ‘ ‘ Kk < " * Such a large number of simulations will help create statistics to assess how well the LES
= v - (Number of data points in each pixel) | ' can simulate the cloud lifecycle when constrained by the ‘best estimate’ of the

environmental conditions, and how sensitive the modeled clouds are to changes in these
driving fields. Ultimately this analysis will be useful for assessing the efficacy of
intentional Marine Cloud Brightening (MCB) under a range of representative conditions.
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