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FAAOT Al & M R geIcH H FIFAHNOT THRAT HT 30T (Simulation) AT 3R IROTHETET
UIcd GegAl Eelcd (Mass density) e &1 STEle 3faclichell & HTY Jolell Al eMfAST ATl 20,000 dehs
1 3af 7 ther 200 TAN F FATed Fh, eI SMUAC AEET & HiAS [APE H cof ATl AR
sy eraea Al 3R argFEsHT Siaee aifchT & @ & Jacihe HEHT AR & dies H PySDM @t
3T # el wXa €, SR 3507 aut ufEanst f g 'esT St § 3R avor gt
# GUR el ¢

ABSTRACT. The microphysical processes like nucleation, condensation, evaporation and coalescence are pivotal
in precipitation formation. However, the parameterization of these processes are a major source of uncertainty in
numerical weather prediction models (NWP) due to their complex and highly variable nature. Warm clouds,
characterized by temperatures above freezing, play a significant role in precipitation generation through processes like
collision-coalescence. In this study, we explore the coalescence dynamics of warm rain using a stochastic coalescence
model (SCM) implemented within the Python framework for the super droplet model (PySDM). We utilized RD-80
Impact Disdrometer data to validate the model results, which provide insights into raindrop size distributions and rainfall
characteristics. By Disdrometer, we mean an instrument used to measure the size and velocity of precipitation particles,
providing valuable data for understanding precipitation dynamics. Our experimental setup involved simulating the
coalescence process of super droplets within a designated coalescence cell and comparing the resulting mass density data
with ground observations. By conducting 200 experiments spanning a duration of 20,000 seconds, we captured the
evolution of droplet populations. Our findings demonstrate the utility of PySDM in bridging the observational gap
between ground-level measurements and atmospheric droplet dynamics, thereby enhancing our understanding of warm
rain processes and improving precipitation forecasting capabilities.

Keywords —  Super droplet method, Disdrometer, Cloud microphysics, Monte-Carlo simulation, Coalescence
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1. Introduction

In the dynamic world of atmospheric processes,
warm clouds, characterized by temperatures above
freezing, play a pivotal role in the formation of
precipitation. Within these clouds, tiny water droplets
have the potential to undergo a remarkable transformation.
Through a process known as collision-coalescence, they
merge to create larger drizzle droplets or raindrops,
ranging from a few hundred micrometers to several
millimeters in diameter. This meteorological phenomenon,
often referred to as "warm rain," stands as a significant
contributor to the planet's total precipitation. Notably, it
accounts for approximately 30% of the Earth's overall
rainfall and holds a dominant presence, contributing to
roughly 70% of the total rain area within the tropical
regions (Lau & Wu, 2003). The rapid development of
larger droplets is a common occurrence within maritime
clouds. In contrast, for clouds characteristic of continental
climates, it has been established that the coalescence
mechanism, essential for raindrop formation, necessitates
droplets with a radius exceeding approximately 22p
(Bartlett, J. T. (1966)). Cloud droplets with radii smaller
than 10 to 15 pum effectively enlarge as a result of water
vapor diffusion, while droplets exceeding 30 to 50 pum in
radius efficiently increase in size through gravitational
collisions (Beard and Ochs 1llI, 1993; Pruppacher et al.,
1998). Radar assessments conducted in tropical areas
reveal that the warm rain process can generate
precipitation within cumulus clouds in roughly 15 to 20
minutes (Szumowski et al., 1997; Knight et al., 2002;
Rogers and Yau, 1989). In the atmosphere, microphysics
plays a crucial role in shaping cloud and precipitation
particles, dictating their growth via condensation,
evaporation, and melting. Given the immense number of
particles present, even in a small cloud, it's impractical to
simulate each one individually. Instead, atmospheric
models utilize statistical approaches to capture the overall
evolution of particle populations (Morrison et.al. 2020).

Recent advancements in stochastic modeling for
precipitation focus on improving rainfall variability
representation through high-resolution simulations and
data-driven parameter estimation. Modern stochastic
models integrate machine learning techniques, such as
Bayesian inference and Gaussian processes, to enhance
parameter calibration and uncertainty quantification (Onof
& Arnbjerg-Nielsen, 2009; Northrop, P. J.,, 2024).
Additionally,  stochastic-mechanistic ~ models  now
incorporate non-stationary processes to better account for
seasonal and climate-driven changes in rainfall patterns,
improving short-term rainfall predictions and hydrological
modeling. Machine learning has further contributed to
atmospheric modeling, with deep learning methods like
convolutional neural networks (CNNs) and generative
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adversarial networks (GANSs) refining rainfall predictions
by leveraging large observational datasets, including
disdrometer and radar measurements (Kumar and Sharma,
2025; Zhang et al., 2025; Ma et al., 2024). Furthermore,
ensemble machine learning models have improved
predictions of complex atmospheric processes, as
demonstrated in recent fog prediction studies, where deep
learning and distributed random forests effectively
captured microphysical variations to enhance visibility
forecasting (Shankar, A., 2024). These advancements are
particularly relevant to precipitation modeling, where
understanding microphysical processes—such as droplet
growth, coalescence, and dissipation—is crucial for
improving forecasting accuracy. While our study focuses
on warm rain processes using PySDM, the insights gained
from droplet microphysics contribute to refining machine
learning-based  precipitation ~ models.  Integrating
observational microphysics with advanced computational
techniques presents a promising direction for future
research in rainfall modeling and prediction

2. Data and methodology

2.1. Model Used

In  collision-coalescence  systems, researchers
commonly rely on mean-field equations like

Smoluchowski’s coagulation equation (Smoluchowski’s,
1918) to depict the changes in droplet populations over
time. This equation describes how droplet distributions
evolve due to the interplay of collisions and coalescence
events.

dNp,

— lym-1
& = 5 2k=1 Com-kNikNigm-x =

N 2y Cin kN 1)

Here, Nm represents the mean density of droplets
with a mass equivalent to 'm' elemental mass units per unit
volume at time 't." Cmk denotes the collision kernel
governing interactions between droplets of 'm' and 'k’
sizes. The first component on the right-hand side
represents the rate at which m-sized droplets are generated
through coalescence events involving pairs of smaller
droplets whose combined masses match that of an m-sized
droplet. The second component on the right-hand side
accounts for the rate of reduction resulting from
coalescence events that involve m-sized droplets. This
deterministic equation, known as the Smoluchowski’s
equation or the kinetic collection equation (KCE) (Wang
et. al., 2006).

Python framework for the super droplet model
(PySDM), is built upon the principles of Smoluchowski’s
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Fig. 1. Coalescence of Super droplets (Shima et.al. 2009)

with accuracy (Bartman, P., & Arabas, S. (2021)).
The concept of stochastic coalescence model (SCM)
in the field of cloud physics was initially introduced
by Telford (1955). This model is founded on stochastic

coalescence evolution (SCE) principles, which are
instrumental in examining the temporal growth of
cloud droplets. The analysis of SCM involved the

construction of a function denoted as P (n, m, t),
representing the count of 'm' molecules at time’t," which,
in turn, signifies the number of cloud drops. The evolution
of P (n, m, t) over time was a central aspect of this
investigation (Gillespie, 1972). Furthermore, among
various influencing factors, the drop size distribution
(DSD) is a significant contributor to these dynamics
(Gebauer et al., 2006).

2.2 Stochastic Coalescence of Super Droplet

Each
individual

super-droplet embodies a multitude of
droplets sharing identical attributes and
positions, with the number of constituent droplets
represented by the positive integer. This multiplicity
varies across super-droplets and evolves over time due to
coalescence dynamics. Consequently, each super-droplet
possesses its unique position and attributes, characterizing
the identical droplets encapsulated within. In the context
of warm-rain model, these attributes typically include the
equivalent radius of water and the mass of solute, denoted
as

a,(t) =R, (1), M;(1)]
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Fig. 1 illustrating the coalescence process of super-
droplets. In the upper left panel, two super-droplets with
multiplicities of 2 and 3 respectively, undergo
coalescence. This coalescence represents the merging of
two pairs of droplets, as depicted in the lower panels.
Consequently, the super-droplet with a multiplicity of 2
increases in size, while the multiplicity of the other super-
droplet decreases from 3 to 1, as shown in the upper right
panel (Shima et.al.,2009, Bartman et al., 2021).

2.3. Data Used

In this study we used RD-80 Impact Disdrometer
data, Disdrometer is a scientific instrument used to
measure the size and velocity of precipitation particles
falling to the ground. It provides data that helps in
understanding the characteristics of precipitation, such as
raindrop size distribution, rainfall rate, and rainfall
intensity. One common type is the optical disdrometer,
which utilizes optical sensors like lasers or infrared beams
to detect particles passing through its sensing area. By
analyzing the scattering or blocking of light by the
particles, optical disdrometer determine both the size and
velocity of individual particles. Another type, acoustic
disdrometer, relies on sound waves to detect and
characterize precipitation particles. These instruments
analyze the acoustic signals generated by particle impacts
to estimate particle size and velocity, making them
particularly useful for measuring snowfall and hail.
Impact disdrometer, on the other hand, utilize the
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TABLE 1

Radius bins for RD-80 Disdrometer (Bartholomew 2009)

Classes Radius bins (mm) Classes Radius bins (mm)
Class 1 156.5-202.5 Class 11 874.0-1038.5
Class 2 202.5-252.5 Class 12 1038.5-1205.0
Class 3 252.5-298.0 Class 13 1220.5-1363.5
Class 4 298.0-357.5 Class 14 1363.5-1505.5
Class 5 357.5-413.5 Class 15 1505.5-1692.5
Class 6 413.5-499.5 Class 16 1692.5-1852.0
Class 7 499.5-616.0 Class 17 1852.0-2063.5
Class 8 616.0-714.5 Class 18 2063.5-2286.5
Class 9 714.5-791.0 Class 19 2286.5-2572.5
Class 10 791.0-874.0 Class 20 2572.5-2800.25

coagulation equation. This approach is advantageous as it
doesn't operate on individual droplets but rather on
collections of droplets with similar attributes, known as
super droplets. Super droplets facilitate a Monte Carlo-
inspired probabilistic modeling approach, offering an
efficient means to simulate particle coagulation processes
principle of particle impact to measure precipitation. They
feature a collection surface or array of sensors that detect
particle impacts, allowing for the estimation of particle
size and velocity. (Bartholomew, 2009).

The RD-80 disdrometer predefined classifications
are presented in millimeters, specifically concerning
diameters. To incorporate these classifications into the
drop size distribution for PySDM, we conducted a
conversion procedure. This involved converting the 20
radius bins from millimeters to micrometers. The resulting
converted radius bins are detailed in the table 1.

2.4 Methodology

In this investigation, we employed the Rd-80
Disdrometer radius bin (Table 1) as an input parameter in
the PySDM model. We recorded the mass density of
droplets to analyze their evolution under the coalescence
process within a designated coalescence cell. The
motivation behind utilizing the Disdrometer bin in
PySDM is to facilitate an understanding of the
microphysics of droplets. This approach serves to bridge
the observational gap between ground-level observations
and droplets present in any atmosphere.

Esperimental Sewp H PySDM Simulation H Data Analysis H Comparison with Disdrometer Data

2.5 Experimental Setup

(i) Select Coalescence cell with a volume AV = 10%m3.
Initially, the number density of super droplets is Ng =
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25m~3 Additionally, the initial size distribution of the
droplets conforms to an exponential distribution of droplet
volumeX;, denoted by

1
p(Xi) = ) exp(— Xi/Xo), Xo = (4m/3)R3, R =
30.531 x 107°m %)

(i) Through the stochastic coalescence of super droplets,
all variables undergo updates as prescribed by the
principles of super droplet theory (Shima et.al. 2009).
Subsequently, we capture the values of the mass density
of super droplets using the kernel density estimation
method with a Gaussian kernel, the estimator function is
defined by

gUnR) = =Xi5 EmW,(InR — In R;), W, (Y) =
exp(—Y?/20?). )

1
V2mo

Here, AV is the volume of the coalescence cell, and
o = g,N,"*/® with some constantg, = 0.62.

(iii) PySDM incorporates a Monte Carlo scheme,
introducing randomness in the coalescence process of
super droplet pairs. To account for this inherent
randomness, we conducted 200 experiments within
PySDM. Each experiment spanned a duration of 20,000
seconds, with a minute gap between measurements. By
specifying the radius bin size of the Disdrometer (Table 1)
in PySDM.

(iv) PySDM divides each specific bin into 49 sub-bins
and computes the mass density for each of the resulting 49
droplet sizes. Thus, across a total of 20 bins, we have 980
droplet sizes, with the corresponding mass density data
stored for 200 experiments. For comparison with
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Fig. 2. Temporal evolution of droplets of Disdrometer Radius bin range (156.5-2800.25) micrometers

Disdrometer data, we compute the average mass density
for the first 49 droplets, then proceed similarly for
subsequent sets of 49 droplets, corresponding to the 20
Disdrometer bins.

(v) To compare the ground observations with the
observed values through PySDM we fileted the
Disdrometer data and obtained the continuous rainfall data
for 150 minutes in which rain rate (R (mm/h) > 10) which
we took for Ahmedabad 2005 august data as 2005 is the
flood year for Ahmedabad and converted the number of
droplets into mass density data by formulae

MD(g/mg)z(NXVXD)Xlooo, (4)
where, MD is the mass density of droplets, N is the
number of droplets, V represents the volume of each
droplet and D represents the density of water. The volume
of each droplet was calculated using the formula for the
volume of a sphere: 4/3 * tR® Where, R radius of droplet
is known.

3. Results and discussion

The coalescence in the droplets is influenced by
many factors: droplet size, temperature, relative humidity,
updrafts and downdrafts but one major factor is the size of
droplets. The evolution of drop size distribution over time
is primarily governed by rates of drop breakage and
coalescence, which are inherently dependent on the sizes
of the drops themselves (Kopriwa et.al. 2012).
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Fig. 2 illustrates the variation of droplet mass density
with radius and time. The maximum mass density,
represented by the red regions, occurs at different times
for different droplet radii. Notably, larger droplets reach
their peak mass density much later than smaller ones. This
behavior is more clearly visualized in Figs. 3 and 4.

Fig. 3 illustrates the density distribution of droplets
within each size bin, following a Gaussian-like pattern.
This distribution suggests that within any given size range,
most droplets cluster around a central mass density, while
fewer exist at the extremes. However, the timing of this
distribution varies across different bins, as depicted in
Figs. 4 (a & b).

In real-world scenarios, this behavior plays a crucial
role in rainfall formation, cloud microphysics, and
weather prediction. During the early stages of cloud
development, small droplets dominate, undergoing rapid
coalescence, which leads to an increase in their size and
mass density (Pruppacher & Klett, 1998). As this process
continues, droplets grow and shift into larger size bins,
causing the peak mass density to move progressively
toward higher droplet sizes. This phase is critical for
precipitation initiation, as larger droplets have a higher
probability of falling as raindrops (Beard & Ochs, 1993).
However, beyond this peak, other microphysical processes
come into play. One such process is the breakup, where
larger droplets collide with sufficient force, causing them
to split into smaller fragments (Ko & Ryou, 2005).
These smaller fragments contribute to a reduction in mass
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Fig. 4 (a&b). a) Time for initiation and cessation of coalescence in each bin. b) The maximum density of droplets observed
within each radius bin, alongside the corresponding time at which this maximum density is achieved

density within the size bin as they disperse across
smaller categories. Thus, the transition from the
dominant coalescence stage to the breakup stage marks a
shift in the dynamics of droplet interactions, ultimately
influencing the mass density distribution within the
size bin.

This shift between size bins has practical
applications in weather forecasting, radar-based rainfall
estimation, and cloud modeling. In convective storms,
strong updrafts sustain smaller droplets in the cloud for
longer durations, allowing for extended coalescence and
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larger raindrop formation, leading to heavy rainfall events.
Conversely, in arid regions, rapid evaporation and weaker
coalescence result in smaller, short-lived raindrops,
affecting rainfall efficiency. Understanding how droplets
change size and shift between bins helps improve satellite-
based precipitation retrieval algorithms, which rely on
accurate droplet size distributions for estimating rainfall
rates (Seifert, A., et.al., 2005). Recognizing the transition
from coalescence-dominated growth to fragmentation
provides insights into cloud lifetime and precipitation
efficiency, contributing to improved weather prediction
and climate modeling.
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Fig. 5 (a&b) (a) Temporal evolution of droplets of Disdrometer size bin (156.5-2800.25) micrometer by PySDM. (b) Temporal
evolution of mass density of droplets through the actual event measured by Disdrometer for rain rate > 10 mm/h

This phenomenon is additionally represented through
mathematical modeling using the Gaussian equation
which is accurately approximated shown in Fig. 3.

)2> +a,exp (— ( )2> (5)

ai = 0.58, a2 = 0.31, b1 = 51.5, b2 = 63.1, ¢c1 = 8.05,
and c2 = 14.6.

(x=by

£ = ayexp (=

(x—by

C1 2

where a; and a, are the amplitudes or heights of the two
Gaussian components; b, and b represent the means or
centers of the two Gaussian components; c¢i1 and c:
represents the standard deviations that control the widths
of the two components (Hossain et al.,2014; Seshadri V.
(2012)).
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The efficiency of coalescence is intricately linked to
droplet size, a relationship vividly portrayed in Fig. 3 and
Fig. 4a. Notably, as the size bin increases, the
commencement of coalescence within each bin is delayed,
suggesting an earlier onset for smaller droplets compared
to their larger counterparts. This phenomenon stems from
the inherent characteristics of larger droplets, which
possess a higher surface area-to-volume ratio, leading to
increased drag forces and consequently a prolonged time
to attain terminal velocity (Bowen (1950) and Twomey
(1966)). Despite this delay, once terminal velocity is
reached, coalescence unfolds more rapidly for larger
droplets, as evidenced by Fig. 3b, where coalescence
concludes sooner for this group. This indicates a greater
inclination for coalescence among larger droplets.
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The relationship between droplet size and the time it
takes to reach peak mass density is shown in Fig. 4b. The
maximum  density attained by droplets varies
between(0.70 ~ 0.78)g/m3.

In the size range of Binl13-Binl5, spanning from
12205 to 1692.5 mm, droplets display a transient
behavior, indicating a swift passage through this range
without prolonged retention. This transience primarily
arises from coalescence, where droplets merge and
subsequently migrate to other size bins. Consequently,
Bin13-Binl5 serves as a zone where droplets swiftly
traverse, contributing to its transient nature within the
broader dynamics of droplet distribution and density.
Conversely, beyond bin 15, larger droplets demonstrate
stability, characterized by a higher maximum density
across all bins. This acceleration is attributed to the
heightened propensity for coalescence among larger
droplets.

Ground observations of rain droplets exhibit a
pattern that resembles a Gaussian distribution, particularly
evident within a short duration of 1800 seconds, as
illustrated in Fig. 5. However, it's important to note that
variations can occur due to the involvement of other
atmospheric dynamics or external factors. These factors
may introduce deviations from the ideal Gaussian
distribution, leading to observed variations in the
distribution of rain droplets over time.

4. Conclusions
In conclusion, our research unveils the interplay of
factors influencing droplet coalescence and its

consequences for rain droplet distribution. By examining
ground observations and employing mathematical models,
we deciphered significant insights into droplet behavior
over time. Foremost among our discoveries is the pivotal
role of droplet size in determining coalescence efficiency,
with larger droplets exhibiting distinct dynamics
compared to smaller ones. These findings deepen our
understanding of precipitation processes and highlight the
need for comprehensive consideration of various factors,
including atmospheric conditions and external influences.
Our study not only advances scientific understanding but
also holds practical implications for weather prediction,
hydrological modeling, and climate research. Through
continued exploration of these phenomena, we aim to
refine our understanding of precipitation dynamics and
enhance our ability to forecast and manage water
resources effectively.

Future research will focus on incorporating
additional atmospheric processes, such as turbulence and
evaporation, to refine the model. Comparing results with
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observational data from multiple geographical regions will
help validate findings and improve the accuracy of rainfall
estimation.
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