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Abstract—Understanding and quantifying the persistence
and evolution of cloud patterns is critical for improving climate
modeling and prediction. In this work, we present a novel
interdisciplinary framework that integrates empirical measure-
ments from a distributed Arduino-based sensor network with
theoretical modeling of cloud dynamics through information
theory. By conceptualizing spatial cloud density patterns as
information “codebooks” stored within the atmosphere’s fluid
medium, we derive a capacity-like metric representing the
atmosphere’s ability to preserve cloud information over time
despite stochastic perturbations. We propose a cloud evolution
model driven by solar forcing captured by sunlight intensity and
angle measurements, coupled with stochastic noise modeling at-
mospheric turbulence and weather variability. Our framework
extends to extreme weather phenomena such as hurricanes,
where information loss and pattern disruption are pronounced.
The proposed methodology enables empirical validation via
real-time Arduino sensor data and offers new avenues to
connect physical climate dynamics with information-theoretic
measures.

I. Introduction

Climate systems represent a complex interplay between
solar forcing, atmospheric fluid dynamics, and stochastic
environmental influences. Clouds play a pivotal role in
modulating Earth’s energy balance by reflecting, absorb-
ing, and transmitting solar radiation, thereby influencing
surface temperature, precipitation, and weather patterns.
Despite advances in satellite remote sensing and numerical
modeling, capturing the persistence and evolution of cloud
spatial patterns remains challenging due to the inherent
turbulence and variability of the atmosphere. In this work,
we introduce a novel perspective on cloud pattern dy-
namics by modeling spatial cloud density as a distributed
information pattern subjected to noisy dynamical evolu-
tion. Our approach leverages a network of Arduino-based
sunlight sensors distributed over 500 cities, providing high-
resolution empirical data on solar irradiance and angle of
incidence, which serve as input forcing for cloud evolution
models. By adopting concepts from information theory,
particularly mutual information and channel capacity, we
quantify the atmosphere’s ability to store and transmit
cloud pattern information over time, yielding a “capacity
of cloud cover” metric that reflects persistence and re-
silience. This formulation opens the door for integration
with extreme weather analysis, including hurricane impact
studies, facilitating a deeper understanding of climate
information flow and predictability.

II. Modeling Framework

Our framework begins with defining the initial state
of the atmosphere in terms of a spatial cloud density

vector Cy = [c1,c¢a,...,cy] over N = 500 cities. This
vector represents a high-dimensional “codeword” in the
information-theoretic sense, capturing the spatial hetero-
geneity of cloud cover or optical thickness. The atmosphere
is conceptualized as a complex fluid medium exhibiting
inertia and resistance to rapid changes due to the coupled
fluid dynamic and thermodynamic processes governing
cloud formation and dissipation. The spatial pattern thus
behaves like stored information that persists over time
T despite exposure to stochastic noise and deterministic
forcing.

Cloud evolution is modeled by a stochastic differential
equation of the form

R (0.1,0) +n(0),

dt
where C(t) is the cloud density vector at time ¢, F' is
a deterministic function capturing cloud dynamics influ-
enced by solar irradiance intensity I and solar incidence
angle 6, and 7(t) is a stochastic noise term modeling
atmospheric turbulence and weather variability. The func-
tion F' encodes the physics of cloud response to sunlight,
including evaporation, condensation, and transport effects,
and is parameterized using real-time measurements from
our Arduino sensor network. The noise term 7(t) intro-
duces randomness consistent with observed variability in
atmospheric conditions.

Over the storage interval T, the initial pattern Cj
evolves into an output pattern Cp, representing the cloud
distribution after time 7. The dynamical system thus
defines a noisy communication channel through which
information about Cj is transmitted to Cr with distortion
arising from noise and nonlinear cloud dynamics.

ITI. Information-Theoretic Quantification

To quantify the fidelity of cloud pattern persistence,
we model the initial and evolved cloud density vectors
as random variables X and Y, respectively. The joint
distribution P(X,Y’) captures the probabilistic relation-
ship induced by the stochastic evolution equation. Mutual
information I(X;Y) is then employed to measure the
shared information between the initial and final cloud
patterns:

I(X;Y) =) P(x,y)log

z,Y

P(z,y)
P(z)P(y)’

where the summation is over all possible cloud pattern
realizations. Mutual information quantifies the amount



of information preserved after transmission through the
atmospheric “channel” over duration 7.

By optimizing the input distribution P(X) and ana-
lyzing mutual information as a function of T' and noise
intensity, we define the capacity of cloud cover as the
maximum achievable mutual information rate that the
atmosphere can sustain, reflecting its information storage
and transmission capabilities with respect to cloud pat-
terns. High capacity implies robust memory of initial cloud
states and predictability, while low capacity signals rapid
decorrelation and unpredictability.

IV. Integration with Empirical Arduino Data

A unique feature of our framework is the integration
of physical measurements from an Arduino-based dis-
tributed sensor network. Each sensor node records sunlight
intensity and solar incidence angle at its geographic
location, providing real-time forcing inputs I,6 for the
cloud evolution model F. The sensor network’s spatial
density and synchronization enable precise mapping of
solar forcing heterogeneity, critical for modeling cloud
dynamics accurately.

Additionally, local cloud proxies can be inferred from
sensor signal fluctuations or complemented with satellite-
derived cloud optical thickness data to calibrate and
validate C(t). The stochastic noise term 7(t) is likewise
parameterized based on measured weather variability and
turbulence indices to ensure realism in the simulated cloud
evolution.

This hybrid empirical-model approach enables iterative
refinement of cloud dynamics models, improved estimation
of atmospheric noise characteristics, and validation of
the theoretical capacity metric through comparison of
predicted and observed cloud pattern persistence.

V. Extreme Event Modeling and Hurricane Impact

Extreme weather phenomena such as hurricanes rep-
resent severe perturbations to atmospheric state and
dynamics. These events introduce elevated turbulence,
strong wind shear, and rapid thermal and moisture flux
changes, substantially increasing the noise level 7(t) and
altering the deterministic forcing F. Our framework ac-
counts for these effects by incorporating event-driven noise
amplifications and modified forcing terms to simulate
hurricane impacts on cloud pattern evolution.

Studying the cloud cover capacity under such extreme
conditions reveals how information persistence degrades
during and after hurricanes. This analysis identifies char-
acteristic timescales of pattern disruption and recovery,
shedding light on the resilience and fragility of cloud
memory in the face of climate extremes. Such insights
have implications for improving weather forecasts and
understanding climate feedback mechanisms linked to
extreme events.

VI. Implementation and Future Work

Implementing the proposed framework involves several
interconnected components. The Arduino sensor network
deployment and data acquisition must ensure high spatial
and temporal resolution of sunlight and cloud proxy
measurements, with robust synchronization and data in-
tegrity protocols. The cloud evolution model F' requires
careful parameterization using combined sensor data and
physical models of cloud microphysics and solar radiation
interaction.

Numerical simulation of the stochastic differential equa-
tions governing cloud evolution can be performed using
established solvers and stochastic integration techniques.
Estimating joint probability distributions for mutual infor-
mation calculations entails generating large ensembles of
cloud pattern evolutions, which may be computationally
demanding but can be optimized using dimensionality
reduction and machine learning methods.

For the extreme event module, hurricane forcing scenar-
ios can be constructed from historical data or synthetic
models, enabling systematic study of capacity variations
under different intensities and durations.

Future extensions include expanding sensor networks,
incorporating additional environmental variables such as
humidity and wind, and exploring machine learning frame-
works to approximate F' and noise characteristics from
data directly.

VII. Conclusion

We have presented a novel interdisciplinary framework
connecting cloud dynamics, solar forcing, and information
theory to quantify the persistence and evolution of cloud
spatial patterns. By treating cloud density distributions
as information patterns evolving through a noisy atmo-
spheric channel, we define a theoretical capacity metric
that can be empirically validated using Arduino sensor
networks measuring sunlight intensity and angle. Our
model accounts for stochastic atmospheric variability and
extends naturally to extreme weather phenomena such as
hurricanes. This work opens new avenues for linking physi-
cal climate dynamics with information-theoretic measures,
offering potential improvements in climate prediction,
resilience analysis, and the fundamental understanding
of atmospheric memory. Once the capacity is known, we
can upper bound the number of hurricanes and extreme
events that are allowable within that limit. This would
be a dramatic relief to many, given the present worsening
climate globally.

Appendix

Extrapolating Sunlight Data and Solar Motion Globally
Using Two Arduino Sensors and Solar Geometry

Instead of deploying sensors in 500 locations, sunlight
properties and the sun’s apparent speed across the sky
at any location on Earth can be estimated by combining
measurements from just two Arduino+NodeMCU sensor
setups with standard solar geometry models. The two



sensors, positioned at different geographic locations, mea-
sure local sunlight intensity and angle of incidence in
real time, capturing the sun’s motion as it rises and sets.
This measured solar motion (apparent angular speed and
trajectory) serves as a key calibration reference.

Using these local real-world measurements, we compute
the sun’s instantaneous speed and angle changes at the
sensor sites. Standard solar geometry formulas then ex-
trapolate this motion to any other location on Earth based
on latitude, longitude, date, and time. The solar position
parameters (elevation, azimuth) and theoretical irradiance
for any target location are calculated using these formulas.

To incorporate atmospheric effects observed locally, the
ratio between measured and modeled sunlight intensity
at each sensor site defines a scaling factor that adjusts
theoretical irradiance predictions globally. By weighting
the two sensors’ scaling factors based on geographic
proximity or climatic similarity, irradiance at any location
can be estimated more accurately.

Thus, the combined approach uses the two Arduino
sensors both as real-world anchors to capture the sun’s
local speed and intensity patterns, and as calibration
points to adjust solar geometry models. This allows for
extrapolating sunlight features—including the sun’s speed
of motion, incidence angles, and intensity—to anywhere
on Earth with improved fidelity over purely theoretical
models. Such extrapolated data can then feed into cloud
dynamics and climate information frameworks with min-
imal sensor deployment.

In summary, by leveraging solar motion derived from
two calibrated Arduino sensors plus universal solar geom-
etry, we can efficiently and realistically estimate sunlight
properties across the globe. Once this is done, we essen-
tially have our 500 city database in real time, with only
two sensors. The rest of the study as in the main paper
can be carried out as is.



