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Figure 3. Representation of cloud and precipitation particle distributions in the three main 
types of microphysics schemes: bulk (left), bin (center), and particle-based Lagrangian 

(right). The horizontal axes show particle diameter or mass, and the vertical axes show the 
number density distribution for the bulk and bin diagrams and “multiplicity” for the 

Lagrangian particle-based diagram, which is the actual number of particles that each super-
particle represents. The size of the blue super-particles in this diagram represents the size or 

mass of a super-particle. Note that almost all current bulk schemes represent particle 
distributions using analytic functions, although some earlier schemes did not make any 
assumptions about the cloud particle distribution and only considered bulk cloud water 

content. 
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Figure 1: Raining shallow cumulus as observed from the C130 flight-deck during RICO.
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Preprocessing & training: To create input for the neural network, moments and
instantaneous process rates (computed from post-processing the TAU bin model,
see above) are log-normalized between 0 and 1. The neural network (a fully
connected MLP with 3 hidden layers, 200 neurons, and ReLU activation) is randomly
initialized 5 times for each subset of 4 moments used as input.

Abstract: Bulk microphysical schemes
traditionally use partial moments of the
droplet size distributions (DSD’s) to
parameterize process rates for cloud and rain
categories. Here we use neural network-based
regression to investigate which full moments
of the DSD’s are most informative for
developing a single category microphysical
parameterization. As an alternative to
moment-based parameterizations, we also
investigate latent variables learned directly
from bin microphysical models using machine
learning. Fundamentally, we ask, “How many
variables are needed to accurately
parameterize microphysical processes in
atmospheric models?” Our initial work focuses
on the process of collision-coalescence.

Ground truth data for ML models: Tel Aviv
University (TAU) spectral bin microphysical
scheme [Tzivion et al. 1987, 1989; Feingold et
al. 1988]. TAU solves for the kinetic collection
equation using a two moment approximation.

TAU is run in a 1D kinematic driver model,
simulating a column of air under the action of
a single sinusoidal updraft with a period of 𝜏.
Training, validation, and test data are
generated for 16 cases assuming different
background aerosol conditions, time scales,
and updraft speed (Table 1).manuscript submitted to Journal of Advances in Modeling Earth Systems (JAMES)

Table 1. Initial conditions for 1D kinematic driver model

Case # 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Nccn 10 10 20 20 50 50 100 100 10 10 20 20 50 50 100 100
w (m/s) 2 1 2 1 2 1 2 1 2 1 2 1 2 1 2 1
⌧ (s) 1200 1200 1200 1200 1200 1200 1200 1200 1800 1800 1800 1800 1800 1800 1800 1800

Many recent papers have focused on machine learning data-driven discovery for dy-157

namical systems, including using deep learning to identify the eigenfunctions of the Koop-158

man operator, which represents the dynamical system in a basis set where the dynam-159

ics are linearized globally (Lusch et al., 2018). Dynamical mode decomposition (DMD)160

is another method that has been used to identify coherent spatial-temporal structures161

in high dimensional dynamical systems. Parameterized neural ordinary di↵erential equa-162

tions (PNODES) have more recently been investigated (R. T. Chen et al., 2018; Lee &163

Parish, 2021; Di Sante et al., 2022).164

3 Reference Data Sets165

To generate training data sets for the machine learning model, we use a 1-dimensional166

kinematic driver model that uses the Tel Aviv University (TAU) spectral bin microphys-167

ical scheme to simulate the warm rain microphysical processes (Tzivion et al., 1987, 1989;168

Feingold et al., 1988), including activation, condensation, collision-coalescence, breakup,169

and sedimentation. The TAU scheme solves for the stochastic collection equation with170

a two moment approximation, such that the average mass of particles in each bin can171

separately evolve from its number.172

This 1d kinematic driver model has been described previously in (?, ?). It simu-173

lates a parcel of air under the action of a single sinusoidal updraft, with a period of ⌧ .174

Training, validation, and test data for the machine learning models are generated by sim-175

ulating 16 di↵erent cases, assuming di↵erent background aerosol concentrations (Nccn),176

time scales (⌧), and updraft speeds (w), as shown in Table 1. The model time step is 5177

s.178

Both mass and number bin distributions are output for every altitude and time step,179

as well as the microphysical process rates (activation, evaporation/condensation, collision-180

coalescence, sedimentation) for the next time step in terms of each of the moments (M0,181

M3, M6). This calculation is done under the assumption of a single rain category (i.e.182

the moments are determined from the entire distribution) and under the assumption of183

two liquid categories, assuming a threshold value of 80 microns (See Figure ??) In ad-184

dition, the change in bin mass and number distributions for the next time step due only185

to the action of each individual microphysical process rate were saved as output. In post-186

processing, the moments are corrected by the order in which process rates are calculated187

within each model time step.188

3.1 Data Pre-processing189

To preprocess data sets to focus specifically on improving understanding of pre-190

dictors for collision-coalescence, any points where there were very few droplets (M0 <191

1 ⇥ 10�2) or where the total mass of the cloud and rain droplets was low (M3 < 1 ⇥192

10�15) were flagged and removed. After removing points below these threshold values,193

the moments and process rates were log-normalized. After they are log-normalized, each194

of the moments Mi and process rates @Mi/@t are scaled between 0 and 1.195
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Neural network regression for single category rain

Typical bulk parameterizations
for collision-coalescence use
two partial moments for each
of two categories (non-
precipitating cloud droplets
and precipitating rain) to
parameterize collision
coalescence, since DSD’s are
typically bi-modal. However,
recent work has suggested
that a single category
parameterization using four
full moments of the DSD’s is
more accurate [Igel et al.
2022]. We investigate which
subset (n=4) of the full
moments are the most
informative using neural
network based regression.

Preprocessing & Model: 1D CNN with 2 channels (mass and number) to predict DSD’s at
the next time step from current time step, encoding the microphysical state in the latent
space. We vary the size of the latent space from 2 to 20. In each model grid box, the bin
distributions before (t = t0) and after collision-coalescence (t=t0+1) at a time step are paired
up. Mass and number distributions are normalized by the sum over the bins at t=t0, and
the magnitude relative to the max. in the data set is scaled between 0 and 1.

Outlook: Investigate stability of online implementation of single category neural-
network based parameterization. Compare with Bayesian parameter estimates from
[Santos et al. in prep.]

Results : Assuming that we include M0 (cloud number) and M3 (proportional to
cloud mass), we find that including two additional moments from the subset
[M4,M5,M6] has the lowest RMSE (averaged over 5 random initializations of the
weights) for the prediction of the instantaneous process rate dM0/dt (see figure
above).

Partial moments Full moments

We use an auto-encoder to
learn a reduced order
model representation of
the DSD’s to investigate
how many variables are
needed to parameterize
collision-coalescence.

Intrinsic Dimension Estimate: Recent
results indicate manifold learning
algorithms such as the Levina-Bickel
algorithm more meaningfully encode # of
state variables needed [Chen et al. 2022]
than reducing the size of the latent
representation alone. We find an estimated
intrinsic dimension between 2 – 3 for
collision coalescence (right).

Results: (Left) Uniform Manifold
Approximation and Projection (UMAP)
of the learned latent variables in 2D,
colored by the log of the full moments
are relatively consistent for different nLat
and show differences for larger and
smaller Mi. (Above) Visualization of the
latent space for the first two principal
components of nLat=10.

Outlook: Investigate dependence of latent variables on different regimes (when auto-
conversion or accretion, as determined by typical two-category approximation, is
dominant). Does the intrinsic dimension of collision-coalescence increase in more realistic
conditions (such as 3d simulations?)


