
Advancing Large-Scale Snow Modeling with
Data-Driven Parameterizations

Thesis by
Andrew J. Charbonneau

In Partial Fulfillment of the Requirements for the
Degree of

Doctorate of Philosophy in Applied Physics

CALIFORNIA INSTITUTE OF TECHNOLOGY
Pasadena, California

2026
Defended May 11th, 2026



ii

© 2026

Andrew J. Charbonneau
ORCID: 0009-0004-3269-5713

All rights reserved except where otherwise noted



iii

ACKNOWLEDGEMENTS

If I have seen further, it is by standing on the shoulders of Giants.

– Isaac Newton, 1675

As I reflect on my doctoral journey, I am reminded that you never end up where
you thought you were going — not due to wandering; lost in a sea of confusion
(at least, not all the time), but instead from assessing your larger goals, seizing the
lucky opportunities as they appear, and riding the current wherever it takes you. I
entered Caltech expecting to study optimization of metamaterials and the physics of
small-scale interactions, only to find myself steered along the way towards climate
modeling, and problems of physical exchange spanning much, much, larger scales.
From a global pandemic, the rise of artificial intelligence, fire evacuations, and a
now-precedented level of “unprecedented" events, I am thankful for the recognition
that the journey I am on and how to navigate it are as important as the destination,
and that no work is ever truly alone — it takes a village.

I would foremost like to thank Tapio Schneider and Katherine Deck, for volunteering
their time in helping a graduate student in their professional development. For me to
begin in the CliMA group with next to no climate background but reach where I am
today is primarily due to the two of you. Your guidance, wisdom, and immeasurable
patience has not gone unnoticed nor unappreciated. Your support and insight has
shaped this piece and my overall approach to scientific investigation in ways that
cannot be summarized in words, and I will carry these lessons forward wherever
the currents lead me next. To both of you, I want to acknowledge in writing the
innumerable informal and formal meetings to discuss physics, careers, academics,
and life in general — you have been there for me from my first meeting at CliMA,
and have been far more than just mentors. Something perhaps even more clear and
important to me than your advice has been your enthusiasm for your own work and
for assisting others; your intrigue and thoughtfulness is inspiring, and I would not
be where I am today if it were not for you. You have both played an integral role as
I have learned, once again, how to learn. It has been a privilege to associate with
the both of you, and I look forward to further correspondence.

So too I would like to thank the rest of my committee, Andrei Faraon and Andy
Thompson. It was Andrei’s choice to interview and believe in a curious undergradu-
ate student over 6 years ago that allowed me to ultimately put forth this dissertation,



iv

and I am thrilled to close the loop of this period with your participation in my de-
fense. I am thankful for your recognition of my broad interests, and my excitement
to apply the world of physics in new and expanding ways wherever I go. To Andy, I
am thankful for your readiness to join my candidacy and my defense on a moment’s
notice, and our meetings before both. Your insight has also shaped my approach to
these upcoming pages, and your enthusiasm for both your field and those related has
been contagious. I am honored to be but the next in a long line of students defending
under you and Tapio, and I hope that in the tools I present here that you might find
utility in your own work; that I might begin to reciprocate what you have provided
for me during my time at Caltech.

No acknowledgements would be complete without thanking the most important
people for getting me to this point, and that is my mother, father, and sister. You
have been there for every celebration, frustrated rant, and so much more from the
(literal) first day. You have provided all the support and advice (and food) where
nobody else could, as well as all the affection and fun times I could ever need. So
too this shout-out goes to Grandma and Grandpa, Memere and Pepere, my faithful
Godparents, and my cousins who have always been there to check in and cheer me
on. There is too much for me to put into one paragraph for everyone — I love you
all, and I am excited to see where the next few years take us.

I am extremely grateful for the administrators and staff of CliMA and my depart-
ments who have also encouraged and supported me during my PhD — you are the
true machine that keeps research running, and your dedication is forever appreci-
ated. Chiefly in this group lies Leilani Rivera-Dotson, Nora Oshima, and Jennifer
Blankenship.

Nothing greases the gears in academia like funding, and my fellowships played a
large role in making some room where there otherwise would not have been. For
that, there are many to thank for their part in these programs and in my professional
development. Specifically, to Eric Harper, Momo Wolapaye, and Chiara Daraio,
your support in reading, evaluating, and advising me on science, on leadership, and
on life will stick with me well into my career, and I cannot thank you enough.

With advisers, teachers, family, role models, and mentors out of the way, this last
section is devoted to those who somehow manage to act as a combination of all five
— my friends. I have no doubt the relationships I have formed in this period will
last long beyond our time in Pasadena, and look forward to seeing you in the years
to come. To Rohit Dilip and Tinashe Handina, you have been there through ups and



v

downs, late nights, late rants, hundreds of messages, and much more, since before
this experience began. To Arda Seçme, Daniel Murphy, Miles Johnson, and Alex
Johnson, from the beginning you have been there to help me take a break, hear me
out, and everything in between. To Mikhail Hameedi, Will Lawrence, Eva Kerčmar,
Kent Leslie, Adam Artymowicz, Theresa Tsaggaris, and Jessica Nassimi, thank you
for becoming all the above in half the time. To everyone here, you have likely taught
me as much as the professors and scientists listed above. I will recall our time fondly
here and am excited to see your names in journals, news, and awards, and cannot
wait to catch up and continue to make more memories. As always, a shoutout to my
TJ crew for keeping it going for 14 years, and my brother in Christ, Caton Yang, for
all we have overcome these past few years. Last, but certainly not least, to the CliMA
collaboration, and the house that made my research into a home, and a family. To
all, a few sentences will never capture my gratitude, and I look forward to what lies
ahead.

And, as always, to my loyal proofreaders, whose only mistake was being regarded
highly enough that I asked them to check:

Steven & Tracy Charbonneau.



vi

ABSTRACT

Snow is a key component of the terrestrial cryosphere, governing surface energy ex-
change, water storage, and hydrological variability across seasonal to multi-decadal
timescales. Despite its importance, snow dynamics remain among the most chal-
lenging earth system components to model. This difficulty arises from the strong
coupling of microphysical, radiative, and mechanical processes across scales span-
ning orders of magnitude, from grain-scale metamorphism to global atmospheric
circulation. This dissertation develops physics-informed parameterizations for snow
depth, albedo, and surface temperature for usage within large-scale snow models.
For snow depth and albedo, this work develops and evaluates a hybrid physics-
machine learning framework, designed to reconcile the expressive flexibility of
data-driven methods with the structural constraints required for physically consistent
simulation. The proposed approach embeds physical guardrails directly into a neural
dynamical system, enabling small, computationally efficient models to learn nonlin-
ear updates while remaining stable, bounded, and compatible with coupled global
climate model architectures. Across both site-level and global-scale evaluations, the
developed schemes match or exceed established empirical and process-based param-
eterizations. This performance extends from the modeled variables to downstream
effects like snow season timing, and generalizes across a range of climate types. The
hybrid parameterization framework substantially improves generalization compared
to unconstrained approaches. Further assessment suggests observational efforts and
available training ranges remain critical for further improvement, rather than defi-
ciencies in the modeling framework itself. Overall, this work demonstrates that a
hybrid framework — and the choice of simple, yet flexible structures, instead of de-
tailed but strict formulations — offers a viable and scalable alternative to traditional
snow parameterizations, achieving improved accuracy at reduced cost. Outcomes
reinforce the idea that embedding even minimal physical structure into data-driven
or basic schemes can yield robust improvements in complicated physical systems.
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C h a p t e r 1

INTRODUCTION

1.1 Problem Definition

Figure 1.1: Overview of Snow on the Land Surface. Snow represents a critical component of
the land surface, and is one of the areas most in need of improvement in land surface modeling.

Snow, or the accumulated precipitation of small ice crystals, constitutes a significant
component of the terrestrial cryosphere and hydrological cycle. As a cold and
reflective source of frozen water, snow acts as a regulator on the Earth’s climate
system and a hydrological reservoir which influences global ecosystems and human
civilization at large. At high latitudes and mountainous regions, snow accumulates
and stores water during the winter months, which is either accumulated in glaciers
or slowly released as it melts, which sustains and stabilizes river flow and water
availability throughout the year as well as over super-annual timescales [80]. Snow
is more reflective than other land cover types and has a lower thermal conductivity,
which insulates the underlying ground, cools the surrounding atmosphere, and
reflects solar radiation away from Earth that would otherwise warm the terrestrial
surface [8]. Overall, snow conceptually provides a hydrological and thermal inertia
to the land surface, which serves as a buffer and stabilizing agent to otherwise faster
cycles in the global water energy and mass balance (see Fig. 1.1).

The mechanisms of snow presence further influence the biosphere, impacting soil
microbial activity and plant life cycles, with downstream effects for agriculture,
tourism, and other human activity [67]. Snow also serves as a hazard with impacts
on traffic, housing, and larger scale natural disasters [39, 67]. Particularly in the
western United States, snow serves an important role in society as a power source in
addition to a source of water, through hydroelectric power generation and providing
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a majority of the region’s water supply [9, 20]. These numerous socioeconomic
impacts have spurred roughly a century of study in the tracking and forecasting of
snow presence and its seasonal dynamics in ever-more quantitative ways, especially
as its impact on the global climate has become apparent [5]. Accurate representation
of snow processes is essential not only for hydrological prediction, but also for
reliable simulation of climate sensitivity and future climate change.

Despite ongoing efforts, snow modeling remains an open field of research in hy-
drological and climate sciences, and is understood to be one of the areas most in
need of improvement in land surface modeling [65]. The inertial effects of snow in
the cryosphere leave the climate sensitive and susceptible to the creation and persis-
tence of snow, yet the climate-scale circulation patterns which dictate precipitation
are also the very mechanisms by which snow is created [24]. Radiative feedbacks
from snow reflection (see Fig. 1.2) can propagate from local and watershed lev-
els to entire hemisphere circulation patterns [38], or amplify the effects of cooling
or warming at extreme latitudes in a phenomenon known as polar amplification
[66]. Such deeply coupled feedback loops mean that errors in simulated snow will
diffuse and scale into large-scale biases in surface temperature and atmospheric
circulation, with downstream influence on simulations of water availability, hazard
prediction, and ultimately regional climate evolution. Improving representation of
snow in large-scale models is therefore a problem of both scientific and societal
significance.

1.2 Representing Snow
Overview
Most of the properties relevant to snow and its impact on society and climate are bulk
properties (macroscopic scales), such as the depth of the snow, the amount of water
in the snow, its reflectivity, or its temperature. In the larger-scale modeling found in
global climate models (GCMs), this is further abstracted to focusing on constraining
the bulk energy and mass content of water stored as snow for consideration of the
mass and energy budget of hydrosphere — however, the rates at which mass and
energy exchange occur between the cryosphere and other model components are
still dictated by these human-scale bulk properties [14].

Representing these properties constitutes a challenging combination of scales (Fig.
1.2). At the smallest levels, quantum interactions dictate the shape of the water
molecule that enables the complex geometries of snowflakes, and molecular diffu-



3

Figure 1.2: Diagram of considerations of snow modeling. Conceptual difficulty in representing
snow at large scales stems from two particular issues, 1) its deep coupling to the radiative energy
flow throughout the earth system, and 2) the multi-scale nature of snow.

sion enables the growth of snowflakes in a variety of shapes, with most snowflakes
achieving a diameter on the order of a few millimeters by the time they reach the
ground [53]. Their shape influences their packing properties, and thus the overall
snow density (and depth, when the mass is known). Mie scattering dictates how
each snowflake shape reflects radiation, which accumulates into how the bulk snow
surface reflects radiation. Each shape and snow type has its own thermal properties
which dictate how heat permeates the snowpack, which governs melting and liquid
percolation. This drives the metamorphosis of snow grains into new shapes with new
properties as the snow ages and accumulates deposited pollution, impurities, and
aerosols [5, 81]. On the other hand, snow layers can form that vary over short dis-
tances and timescales which remain sensitive to local topography and wind patterns
[59]. Each of these layers exhibits their own bulk thermal and optical properties, and
the presence of vegetation or cloud cover can convolve with these effects, linking
processes across a variety of spatial scales and land processes. Ultimately, the atmo-
spheric properties that drive these microphysical processes within a snowpack are
themselves driven by snow presence at much larger characteristic scales [8] — full
physical modeling of snow over long time-scales would thus require simultaneous
representation of processes spanning nearly 10 orders of magnitude.

No input data resolution nor computational bandwidth presently exists to resolve
and track all these properties within their physically relevant regimes and their
heterogeneity, especially when running simulations over a global domain. This in-
tractable mismatch between the spatial and temporal scales at which snow processes
occur and at which they must be represented in models constitutes a fundamental
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source of uncertainty. Some parameterization, assumptions, and coarse-graining
must occur for snow modeling to remain tractable, which can introduce systematic
and resolution-dependent biases [62].

Within the snow modeling community, the breadth of modeling choices with respect
to variable parameterization is expansive, with very few definitive standards having
emerged over decades of research [54, 56]. However, all fundamentally track the
dynamics and conservation of water mass and energy within the snowpack, and
therefore also across the hydrological modeling domain. Water mass conservation
obeys

𝑑SWE
𝑑𝑡

= 𝑃 − 𝑅 + 𝑆 − 𝐸 (1.1)

where Snow Water Equivalent1 (SWE) represents the total mass of water in the
snowpack, 𝑃 represents water sourced from precipitation from the atmosphere, 𝑅
represents a mass sink of water to the land surface due to snowmelt and water loss,
𝐸 represents mass gain (or loss) from vapor transfer like evaporation or sublimation,
and 𝑆 represents environmental source terms like water upwelling or blowing snow
from nearby snowpacks. Each term has units of mass flux (mass per unit area of snow
per unit time), though conventionally they are often represented via normalization
against the density of liquid water (𝜌𝑙 , 1000 kg m−3), allowing SWE to be interpreted
as a single height (just like snow depth), and the fluxes as a contributed change in
height per unit time. The total energy (𝑈) conservation equation dictates

𝑑𝑈

𝑑𝑡
= 𝑅𝑛𝑒𝑡 +𝑄𝑃 −𝑄𝑅 +𝑄𝑆 −𝑄𝐸 +𝑄𝑆𝐻𝐹 (1.2)

where each of the sources mentioned in mass conservation can add or detract energy
from the snowpack (advection or kinetic or potential energy from precipitation,
latent and convective energy from evaporation/sublimation, conductive fluxes from
the ground surface, water and energy lost in runoff, etc.), in addition to the net
radiative energy 𝑅𝑛𝑒𝑡 (usually split into shortwave and longwave) and sensible
heat (𝑆𝐻𝐹) contributions to the snowpack. This equation is often presented per
unit volume and then integrated over the snow depth (usually denoted 𝑧) to yield
an energy-per-area equation where the right-hand side components of Eq. 1.2
have energy flux units. Some implement this mass and energy system as one
bulk equation for the entire snowpack at once, or implement a number of snow
layers with a coupled set of conservation ordinary differential equations (ODEs) per

1For Chapter 4, SWE will instead be denoted as 𝑆 in accordance with its associated model
convention, though we avoid that here due to its usage throughout the rest of the dissertation.
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layer [49, 79], which allows for additional modeling of diffusive mass and energy
fluxes between layers. From here, different assumptions and modeling choices
enable the representation of different bulk, intrinsic, or microphysical properties to
quantify these different mass and energy fluxes. Detailed models account for more
complexity and processes but face notable computational scaling issues when scaled
beyond single-site applications. Single bulk models instead capture aggregated
statistical behavior well and can be applied globally, but often fail to exhibit sufficient
variability [1].

Large-Scale Representation of Snow: Climate Models
The interaction of snow with so many other environmental processes requires snow
to be simulated in tandem with other systems (or driven by representative data of
these systems) to properly forecast snow effects on larger spatial or temporal scales
[40]. Likewise, evaluating a snow model for its holistic efficacy requires bench-
marking over a large range of possible climate types and timescales. Climate models
provide a leading option for simulating the coupled dynamics of the cryosphere and
atmosphere in this manner. Unlike weather prediction models, which are utilized to
constrain local estimates over short time periods, climate models aim to represent
the statistical behavior of a larger system over decades to centuries [13], with less
sensitivity to initial conditions. This distinction emphasizes different features of
model development, as climate model choices must balance achieving physical real-
ism and generalizability against maintaining computational efficiency and (for more
empirical models) long-term stability. The horizontal resolution of contemporary
climate models is on the order of tens to hundreds of kilometers, which precludes
explicit representation of the typical scales of snow heterogeneity [21]. This neces-
sitates the use of parameterizations for approximating subgrid-scale variability, or
the coarse-graining of the necessary physics.

When extending snow conservation equations to domains where each modeling
cell dwarfs potential snow extent, a snow cover fraction2 is often parameterized
to quantify subgrid spatial variability in snow cover. When included, it serves to
modify Eq. 1.1 and Eq. 1.2 (not shown here) by multiplying non-snow-precipitation
mass and energy fluxes [21]. Models can also take advantage of the fundamental
relation of bulk/effective snow density (𝜌𝑠) to 𝑧 and SWE:

𝜌𝑙SWE = 𝜌𝑠𝑧 . (1.3)
2This variable is usually denoted as 𝑓 , or 𝜎.
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This means that to derive bulk density or depth, one only need pick a parameter-
ization for the other variable (see Chapter 2). This can be applied for the whole
snowpack or within a single layer, and the derived value used in other physical
equations or parameterizations.

Another common approach in larger-scale modeling involves neglecting the contri-
bution of internal air and impurities to the heat capacity of the snowpack. When this
assumption is combined with the choice to model the liquid fraction of snow (i.e.,
what fraction of total SWE is ice versus how much is water), this enables simple
diagnosis of a snow temperature (𝑇) in relation to the snow energy:

𝑈 = 𝜌𝑙SWE
[ (
𝑞𝑙𝑐𝑝,𝑙 + (1 − 𝑞𝑙) 𝑐𝑝,𝑖

) (
𝑇 − 𝑇0

)
− (1 − 𝑞𝑙) 𝐿 𝑓

]
(1.4)

where 𝑞𝑙 represents the fraction of SWE that is in liquid instead of solid (ice) form,
𝑇0 represents a reference temperature (the triple point of water, 273.16 K, or 0◦C),
𝐿 𝑓 represents the latent heat of fusion of water (334 J/g at standard temperature
and pressure), and 𝑐𝑝,𝑙 , 𝑐𝑝,𝑖 represent the heat capacity of water and ice at constant
pressure, respectively. Like bulk density or depth, this can be derived per-layer or
once for the whole snowpack.

In larger scale models, constraining the surface energy balance also carries elevated
importance, as it plays a central role in determining snow temperature and ensuing
phase changes [79]. Two critical variables in the surface energy balance are the snow
surface temperature (𝑇𝑠𝑢𝑟 𝑓 ), which quantifies the rate of heat flux into the snowpack
from surface interactions, and the snow surface albedo (𝛼), which quantifies the
reflectivity of the snow surface to incoming radiation. Both are integral to formu-
lating the energy fluxes found in Eq. 1.2 like 𝑅𝑛𝑒𝑡 , 𝑄𝑆𝐻𝐹 , 𝑄𝐸 , and must frequently
be parameterized from available simulation information. Derived temperatures like
𝑇 from Eq. 1.4 are often minimally necessary for a bulk model in constraining
𝛼, 𝑇𝑠𝑢𝑟 𝑓 , or surface energy fluxes, though such simplistic approaches often lack
the expressive capacity necessary to portray their variability across different snow
environments [21, 79]. This is especially noticeable in the snow-albedo feedback
[69], where small relative reductions in snow reflectivity cause larger relative in-
creases in absorbed radiation, which amplifies further surface warming. For surface
temperature, failing to capture the full range of expected variability can instead lead
to slower energy accumulation and delayed melt.

Bulk formulations like the above provide a tractable way to represent snow in large-
scale models, but they necessarily obscure the complexity of the underlying physical
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processes. Many important behaviors emerge from smaller-scale interactions, rais-
ing challenges for parameterization and model fidelity. Much of this thesis will be
devoted to efforts in permitting more faithful representation without exorbitant need
of additional physical insight or information, for primarily snow depth (Chapter 2)
and snow albedo (Chapter 3), as well as surface temperature (Chapter 4).

1.3 History and Context of Snow Modeling
Quantitative snow modeling as a standalone discipline is a relatively newer field,
around 60 years old, though its constituent elements have existed for much longer.
The Scientific Revolution brought about the invention of more direct measurements
for meteorology like precipitation, snow depth and temperature in the late 1600s
[86], introducing quantitative environmental science. The idea of snow albedo and
its impact on the quantification of Earth’s albedo was recognized as early as the
conceptualization of albedo itself in the Photometria in 1760 by Johann Lambert
[48]. Its comparatively high value compared to other materials was grasped but
debated without quantification [12, 75], with explicit measurement only appearing
singularly by Zöllner in 1865 [85] prior to the 1900s, mostly for quantifying albedo
of astronomical bodies and not Earth. The climate definition of albedo3 was also
not formalized until around this time [12].

The theories of radiative balance were developed concurrently to these concepts
throughout the 1800s [35, 68]. This culminated in the application of albedo and
the Stefan-Boltzmann Law in radiative balance to earth modeling by Arrhenius in
1896 [6]; recognized as the inception of energy-balance climate modeling [27].
Initial observation-based estimates of Earth’s albedo occurred in 1901 and 1908
[45, 61] using Zöllner’s snow measurements, after which more investigations to
observe and characterize snow properties begin to appear globally [17, 44] in the
ensuing decades. The equations for turbulent energy transfer and numerical weather
modeling are developed during this period [47, 72], though any explicit application
of these theories to snow does not appear until 1935 [73] and more theoretical snow
inquiry stalls after this, due to the analytic intensity of climate calculations by hand
and World War II.

During this period, the U.S. Weather Bureau and Army Corps of Engineers (ACE)
began to independently organize extensive snow monitoring and characterization in

3Lambert’s initial conceptualization of albedo applied well to diffuse reflection from rough
surfaces, but required extension to more rigorously define the total reflectivity fraction of all incident
radiation. This form of albedo is formally known as the Bond Albedo.



8

the 1920s and 1930s from the recognition of snow’s importance in water storage and
hydropower generation, as well as for military interests [2]. Their studies, alongside
the advent of the digital computer in the 1950s, spurred a resurgence in numerical
environmental prediction efforts for the purposes of hydrological forecasts. This led
to the introduction of empirical snow subroutines inside hydrology models which
estimated snow behavior using temperature indices, an idea first proposed (but not
quantified) in 1915 [44, 55].

It is from these nascent parameterizations inside groundbreaking programs like the
Stanford Watershed Model [18] and ACE-commissioned research [26] that the field
of snow modeling first emerged standalone, as well as renewed interest in snow
physical properties. Foundational researchers like Eric Anderson began combining
these parameterizations and older theories with new [46] and self-derived [4] the-
oretical works to improve snow forecast accuracy, first at site and watershed scales
before growing towards global scales as computational capability expanded. The
recognition of the need for more rigorous physical foundations was embraced by the
end of the 1960s, alongside the emergence of remotely sensed data from satellites.
Formative mechanical, thermal, and optical physical research [5, 77] as well as
efficient parameterization efforts expanded synergistically with earth modeling and
observational network construction in the 1970s and 1980s, as the mass and energy
effects of snow on the earth system became better understood. Research since the
1990s has focused more on incorporation of remotely-sensed data to constrain sub-
grid snow coverage or albedo [60], characterization of snow microstructure [11],
and development of more complex explicit process-based models for snow modeling
[51, 74], primarily for avalanche research, hydrology studies, and climate models,
as data volume and computational capability continues to expand.

Present snow modeling efforts have access to much more observational data to tune
their formulations compared to their predecessors, but few large and coordinated
observational efforts exist. Most high-quality data comes from a handful of small
individual site measurements in the US or Europe over a number of decades [56].
Remote data can also be utilized, which has the benefit of global coverage, but
consists of coarse resolution and high-uncertainty values indirectly derived from
satellite radiation band ratios [76]. Few intermediaries between these extremes exist,
other than the United States Snow Telemetry (SNOTEL) observation network or
NASA’s Airborne Snow Observatory [63], which are biased towards coverage in the
western United States. Sources like remote sensing can suffer obfuscation and lack
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the resolution to capture localized snow processes or internal snow structure, while
ground sensors can capture local effects but face challenges like malfunctions, terrain
biases, and sparse/uneven coverage, especially in remote or mountain environments
[8, 22, 43, 58].

Alternatively, climate model outputs can be integrated with observations to offer
an additional source of continuous reanalysis data to complement observations.
However, they inherit and propagate the uncertainty of their observational basis,
and combine this with the biases inherent in model assumptions. Incorporating
these sources to inform large-scale modeling can result in circular bias instead of
independent improvement [10]. The difficulty in explicitly measuring several snow
properties as well as a lack of widespread conventions on measurement type and
quality control contribute to continuing observational challenges [14, 71]. A limited
set of variables exists from which to develop parameterizations [7, 71] or provide
inputs to models, with varying degrees of uncertainty and inconsistency against
other data products [41].

1.4 Contemporary Snow Models
Present snow models populate a spectrum of physical versus empirical parameter-
izations. Simple empirical models from historical hydrological works still persist
in modern studies, which are computationally efficient and require minimal inputs,
maximizing their usability across a variety of applications. However, they fail to
resolve internal snow structure, and their underlying mechanism often fails to ex-
press sufficient output variability [1] to apply to all environmental conditions. Their
singular tuning for hydrology applications (i.e., optimizing only SWE and runoff
reproduction) also leads to inadequate energy tracking [14, 74].

Detailed process-based physical models have now been developed [51, 74] to im-
prove the energy balance issues of simple schemes, representing multiple snow
layers and phenomena like snow grain metamorphosis, aerosol impact on albedo,
or vertical percolation of liquid within the snowpack [31]. These models provide
more fine-tuned control and physical realism, but are comparatively sensitive to re-
quired inputs that are unavailable or exhibit much higher uncertainty at GCM scales,
throttling their functional accuracy. Their underlying terms are often themselves
parameterizations, which lack direct physical observability and must be calibrated
against sparse or indirect measurements, or instead incorporate additional assump-
tions which impact overall model bias. This leads to systematic errors when applied
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beyond the site for which they were calibrated, sometimes even being outperformed
by their simpler counterparts [30]. More importantly, their increased computational
load cannot always scale for global simulations [29, 42].

The range of parameterization options for a given process also varies. Almost
all widespread snow models within GCMs use some form of the snow density
parameterization developed decades ago by Anderson [14], with little difference
between them other than fine-tuning parameter values. On the other hand, dozens
of snow albedo formulations have been proposed, though none have been able
to stand out among their competitors under a comprehensive range of simulation
environments and conditions [29, 54, 64]. Similar variation exists for surface
temperature, thermal conductivity, or other bulk properties.

Generalizability, stability, and scalability continue to remain key issues in contem-
porary snow modeling. Both simpler and more complex models struggle to maintain
similar performance across both global scales and individual site simulations for a
given calibration [52]. Persistent biases in snow cover extent, the decay of snow
albedo during the melt-out period, and particularly the timing of snowpack dis-
appearance [41] indicate that important processes remain inadequately captured.
Scale-dependent uncertainties in data due to the aggregation of sub-grid variabil-
ity in topography, vegetation, and meteorological input data only complicate such
development and evaluation efforts. Furthermore, snow model input sensitivity is
exaggerated when coupled within a GCM, as simulation error from the bias of other
external systems are additionally propagated into snow model inputs.

Taken together, these core issues highlight a central theme in modern snow modeling:
the need to represent complex, small-scale processes within computationally
efficient, large-scale frameworks. This theme will only become more apparent
among contemporary pushes to increase the resolution of GCMs to resolve sub-grid
variability [3, 67, 78], as this further constrains available computational resources
while necessitating scheme performance against the inherent variability in small-
scale physical processes.

1.5 Emerging Paradigms: Machine Learning
Continued growth of data volume and computational power throughout the 2000s
and 2010s across scientific industries revitalized previous investigation into artifi-
cial intelligence (AI) and other statistical prediction methods, like machine learning
(ML; [50]). ML methods permit the ability to summarize and encapsulate under-
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Figure 1.3: Machine Learning (ML) in snow modeling. ML is showing promise in constraining
or creating new data sources in contemporary snow modeling, but has yet to be operationally
implemented within a large-scale global climate model. This is due to key issues surrounding
conceptual and computational issues with ML approaches, primarily in enabling physical consistency
of models while preserving physical consistency, as well as in minimizing computational overhead.

lying behavior directly or indirectly from provided data, without presupposing or
prescribing a functional form. They more easily represent nonlinear interactions
between inputs and have been shown to be more robust to input uncertainty, as well
as more flexible than other empirical methods to data nonstationarity, or the ten-
dency of a timeseries’ statistics to shift over time [19, 22, 34]. They are especially
well-suited to multi-scale and high-dimensional systems with large data volume,
which makes them uniquely advantageous for climate modeling applications.

Within the context of snow modeling, ML offers several potential advantages. Data-
driven methods can capture complex relationships that are difficult to represent
with traditional parameterizations. They can also leverage diverse or even multi-
modal datasets, including remote sensing products and reanalysis outputs, to learn
patterns across different spatial and temporal scales. Numerous studies now exist
applying ML techniques to problems in climate sciences like data interpolation,
sub-grid estimation and super-resolution, as well as enhanced masking or even
short-timescale forecasting of snow bulk properties [22], though their extension to
longer-term future climate domains remains limited.

Adoption of ML into operational climate applications has remained limited despite
widespread consensus of their performance potential in literature [32]. A well-cited
limitation to purely data-driven methods is their unconstrained black-box nature,
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which can lack physical interpretability and produce outputs that violate known
physical constraints [33, 36], restricting their utility within coupled models or those
requiring long-term stability. Another practical limitation is that the older and less
modular code frameworks (upon which many climate models are built) do not have
libraries that can support most modern ML architectures [14, 37, 57]. Another
common theme across ML literature in the climate sciences is long training and
inference times, which can throttle prototyping and development in research appli-
cations, limit willingness to implement an ML scheme in an operational model that
could potentially require future recalibration, or bottleneck computational resources
in an already busy computational environment [16, 25].

These considerations have motivated investigation into hybrid physics-ML ap-
proaches, which seek to complement existing physical insight with a range of ML
techniques [28, 70, 82, 83]. These approaches can enable more physically con-
strained modeling of conserved quantities, which can aid model generalization to
future climates. Hybrid frameworks have been explored for hydrological model-
ing in general, but their extension to snow parameterization specifically remains a
limited area of research. Many models require inputs which preclude their usage
in a forecasting environment, where inputs like satellite band ratios at future times
would be unavailable [15, 23]. As such, much of the existing literature in these
approaches applies to data or model output post-processing, especially for remotely-
sensed data [15, 23, 84]. Similar to other applications of ML in climate, concerns of
large training/inference resources, system portability, generalizability, and physical
consistency remain open questions regarding global-scale snow modeling.

1.6 Thesis Outline
This thesis addresses the challenge of improving snow parameterizations in large-
scale climate forecasting through the development and application of a hybrid
physics-ML parameterization framework. The framework guarantees compliance
with prescribed physical bounds while maintaining generalizability and nonlinear
expressivity for small black-box models. This approach enables the benefits of
emergent ML techniques within the field while ensuring physical consistency, cre-
ating models that can run inexpensively within a GCM setting. It can demonstrably
outperform other snow parameterizations both when compared directly as well as
when compared within the more uncertain environment of a climate model. These
improvements likewise extend from the simulated variables themselves to down-
stream interactions like melt timing, progressing in longstanding snow modeling



13

hurdles. Its performance extends not only across climate types, but across a range
of spatiotemporal scales as well, matching or outperforming more complex and
state-of-the art alternatives.

Chapter 2 introduces the parameterization framework, first conceptualized in 2022,
which is used to construct a parameterization for snow depth and compared to the
longstanding Anderson parameterization. The developed ML parameterization is
benchmarked against the leading alternative at over 40 different locations across the
globe. It discusses the computational benefits of the framework in detail, as well as
exhibiting the benefits of the physically-bound scheme in comparison to applying
the same constraints post hoc to a purely ML-based scheme which is trained without
constraints.

Chapter 3 extends the developed framework to address present challenges in the field
of snow albedo modeling within GCMs. The developed albedo parameterization is
(to the author’s knowledge) the first ML parameterization of snow albedo capable
of operation embedded within a climate model, and is able to outperform over 20
established parameterizations within the field when assessed over 700 locations at
coarse resolution and 30 site-level locations.

Chapter 4 introduces a non-ML surface temperature parameterization to comple-
ment the two neural parameterizations, within the context of the integration of the
depth and albedo parameterizations into the ClimaLand snow model. The surface
temperature parameterization is still built upon the same principles of incorporat-
ing a few physical insights to an otherwise expressive yet lightweight structural
form. All the new parameterizations are then benchmarked within a coupled setting
over global and site-level simulations, in comparison against the initial ClimaLand
parameterizations as well as another simulation run using parameterizations imple-
mented in prevalent GCMs. The new parameterizations demonstrate an ability to
improve upon a number of simulation variables, as well as improve snow seasonality
metrics.

Finally, Chapter 5 synthesizes the findings of the dissertation, discusses their impli-
cations, and outlines directions for future research.

Together, the presented studies provide an exhibition of a powerful parameterization
technique that is adaptive to future data streams and modeling needs as snow mod-
eling and climate modeling evolve. They highlight the potential and challenges of
hybrid data-driven frameworks, underscoring the importance of continued research
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and observation at the intersection of applied physics and machine learning in the
earth sciences. Constrained, data-driven parameterizations can serve as effective
and efficient alternatives to traditional empirical or highly complex process-based
schemes, both in global-scale snow modeling and applied physical parameterization
beyond.
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ABSTRACT

This chapter presents a physics-constrained neural differential equation framework
for parameterization, and employs it to model the time evolution of seasonal snow
depth given hydrometeorological forcings. When trained on data from multiple
SNOTEL sites, the parameterization predicts daily snow depth with under 9% me-
dian error and Nash Sutcliffe Efficiencies over 0.94 across a wide variety of snow
climates. The parameterization also generalizes to new sites not seen during training,
which is not often true for calibrated snow models. Requiring the parameterization
to predict snow water equivalent in addition to snow depth only increases error
to ∼12%. The structure of the approach guarantees the satisfaction of physical
constraints, enables these constraints during model training, and allows modeling
at different temporal resolutions without additional retraining of the parameteriza-
tion. These benefits hold potential in climate modeling, and could extend to other
dynamical systems with physical constraints.

2.1 Introduction
Seasonal snowpacks help regulate the Earth’s energy balance, provide freshwater
storage, and are crucial for understanding Earth’s climate. They hold economic and
ecological significance, supplying a majority of the western United States’ (and a
sixth of the world’s) water supply and influencing agriculture, flood, drought, and
avalanche hazards [16, 25]. Their seasonal importance and susceptibility to climate
change emphasize the need for ongoing modeling and monitoring on both seasonal
and multi-decadal timescales.

Modeling the evolution of seasonal snow for regional or global climate applications
offers a challenging problem of scales; it is the bulk properties of the snow (albedo,
snow cover fraction, snow temperature, and snow water content) that are critical,
yet microphysical and location-specific processes control these properties and must
be taken into account. The most detailed models represent vertically-resolved
snowpacks, including liquid percolation, phase changes, metamorphism effects,
and other types of compaction; they are often calibrated and used on the site-
level (e.g., [17]). Models used in global climate simulations range in complexity
from single-layer/bulk models to multi-layer models with parameterizations for bulk
properties that are calibrated with observational data [48]; the horizontal resolution
of these models is typically ∼10–100 km where microscopic processes cannot
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be tractably resolved. While the laws of physics ultimately govern the evolution
of snowpacks, uncertainty in how to relate essential but unresolved small-scale
processes to snowpack bulk properties on the spatial scales of global models makes
developing snow models a challenging task [5, 34]. This challenge is exacerbated
by data availability [36, 48].

Among bulk variables in global snow models, the snow water equivalent, SWE
(units of m), represents the total water storage in snow. It relates to the snow depth
𝑧 (units of m) through the bulk snow density 𝜌snow (units of kg m−3) and the density
of liquid water 𝜌water (1000 kg m−3) as

SWE = (𝜌snow/𝜌water) 𝑧; (2.1)

it is typically used as a prognostic variable in bulk models for determining snowpack
mass balance. Density and depth are critical in climate models for determining
the snowpack energy balance, as they influence thermal, mechanical, and optical
properties, impacting mass/energy fluxes, water retention, and spring thaw [9, 36].
However, for a given SWE, the snow depth and bulk density can vary considerably
over time at a single location, or between locations under similar forcings, due to
compaction, melt/refreeze cycles, and changes in the density of falling snow. These
variations give rise to ongoing challenges in snow modeling.

Many prevalent snow models rely on the seminal parameterizations of Kojima [35]
and Anderson [1] to derive snow density and depth from modeled SWE. These
works modeled compaction and microstructure metamorphism by assuming a linear
relationship between the strain rate of compaction and the weight of the overly-
ing snow and suggested empirical parameterizations that were calibrated from a
select number of observational sites and laboratory experiments and analytically
extended1. Snow evolution in models such as Snow17, iSnobal, Noah/NoahMP,
CLM5, HTESSEL, and others [2, 21, 38, 46, 48, 53] employ this simplified formu-
lation based on small-scale representations; thus, it is integral to most current US
and European global snow predictions.

However, these parameterizations were primarily developed for the hydrological
community instead of earth system models, and their calibration to prioritize accu-
rate SWE and subsequent local runoff induces a trade-off in density/depth errors.
Such errors impact the snowpack energy balance, which is as crucial as mass balance

1Post-Publishing Note: more explicitly, they assumed 𝑑𝜌/𝑑𝑡 = 𝜌 ∗ 𝐶 ∗ SWE for some constant
𝐶 which was fit with minimal data, with later addition of temperature-dependent effects.
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in global climate simulations [18, 78], and snow depth errors remain problematic in
climate predictions [48]. The inadequacy for energy tracking in these formulations
has been recognized for decades and spurred development of more detailed and real-
istic alternatives such as CROCUS or SNOWPACK, which evolve the metamorphism
of snow microstructure [11, 40, 71]. While these complex models address the limi-
tations of Anderson’s and Kojima’s original formulations, they require site-specific
calibration and struggle with computational scalability for global applications. This
necessitates more efficient representations for global models that can accurately pre-
dict snow depth/density. With the push toward even finer localized (1–10 km) land
modeling, simple yet accurate models are increasingly essential for computational
efficiency [6, 14, 59].

Advances in computing and sensing technology have led to initiatives in data as-
similation and machine learning (ML) aimed at disrupting longstanding parame-
terizations. Today, extensive snow depth observations surpass the resolution and
precision of SWE and density data/estimates [10, 24]. Improving snow models with
these resources has become a dominant avenue of hydrology research, with a bias
towards SWE modeling, like incorporating remotely sensed depth into iSnobal to
infer SWE [27]. Several ML models (e.g., [5, 20, 47, 65]) predict SWE or depth
from meteorological and topographical inputs in specific regions. Such models
show satisfactory snowpack estimation but frequently yield errors over 15% when
tested, especially beyond their training or calibration locations [22, 47, 70]. The
ability of these empirical models to generalize to new locations or future climates
and act as a universal model is limited, and their statistical or black-box nature
does not inherently respect physical constraints, impeding their integration into land
models [16, 25]. Combining depth observations and ML techniques to improve
depth/density parameterizations has the potential to lead to improved simulation of
key variables, benefiting global climate modeling. Capitalizing on this opportunity
demands a representation that can generalize to many snowpacks and integrate with
existing large-scale models.

This work presents a novel hybrid approach to parameterization, combining phys-
ical principles with empirical modeling that structurally guarantees compliance
with prescribed bounds (for example, physical consistency or conservation condi-
tions). We showcase its utility in designing an alternative parameterization for snow
depth, with ramifications for global climate and seasonal simulations. We also cre-
ate a quality-controlled dataset for snow modeling and make it publicly available.
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Learning physically-informed representations from observational data across many
locations enables robust performance that can generalize to new locations without
recalibration. The customizability of the approach permits straightforward adapta-
tion to different operational requirements and constraints, demonstrating additional
capabilities with minimal adjustment. This offers a flexible, efficient, and scalable
framework that is adaptable as the field evolves. The proposed approach exhibits a
versatile means for enforcing (or learning) any function-based threshold on an op-
timizable model without modification of the training metrics, which can contribute
to contemporary global snow modeling as well as other physics/ML hybrid models.

2.2 Methodology
Overview
Our model choices leverage ML for seasonal snow simulation in climate models, pri-
oritizing generalizability and computational efficiency. Contemporary paradigms in
hydrology research focus on parameterizing SWE from 𝑧 and other data to constrain
its value over global grids. However, within global climate models, SWE evolution
is already well-constrained by explicitly implemented physical laws enforcing mass
conservation and relatively well-understood fluxes such as sublimation, precipita-
tion, and melt. The subsequent conversion of simulated SWE to variables like 𝑧 or
𝜌snow is typically left to longstanding parameterizations. These parameterizations
can be pre-calibrated offline prior to use in a snow model, or are often further
tuned “online” within a snow model. The data used for calibration can be indirect
(non-SWE data), such as energy and water fluxes or land surface albedo, or be
direct measurements of snow depth or density, or even gridded SWE estimates. The
resulting global simulations are sometimes employed in refining gridded SWE for
calibrating other models, creating circular estimation and biases.

Given the relative abundance of observations of snow depth 𝑧 alongside additional
snow variables, this instead justifies parameterizing 𝑧 (from physics-constrained
SWE) as an alternative to established formulations to address these limitations, so
that tighter relationships can be determined and evaluated on the basis of direct, high-
quality data. By using primary observational data instead of assimilated/reanalysis
data, this approach can avoid biases and inaccuracies, ensuring more faithful repre-
sentations of the underlying processes.

We model the rate of change in snowpack height (units of m s−1) by an ordinary
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differential equation (ODE) represented by an artificial neural network 𝑀:

𝑑𝑧

𝑑𝑡
= 𝑀 (𝑧, SWE, 𝜑, 𝑅, 𝑣, 𝑇air, 𝑃snow) , (2.2)

where SWE is the snow-water equivalent (m), 𝜑 is the relative humidity (between 0
and 1, the used data are measured with respect to liquid water), 𝑅 is the broadband
solar radiative energy flux (W m−2), 𝑣 is the wind speed (m s−1), 𝑇air is the air
temperature (◦C), and 𝑃snow is the liquid water-equivalent rate of snowfall (m s−1).
The 1D column approach permits application over any spatial grid. The chosen
input variables only indirectly encode location and time dependencies through the
environmental input variables, allowing the model to function in areas where to-
pographical or temporal information is unavailable. This choice aims to enable
learning about universal linear and nonlinear physical processes that apply indepen-
dent of time, season, and location. Using a feed-forward neural network dependent
only on the current system state aligns with land-surface models, as it matches the
differential equation format used for other variables. This model is also adaptable
for different applications or when SWE is unavailable (see sections 2.2 “Model
Structure" and 2.2 “Training" below).

Model Structure
The model 𝑀 consists of two components. The first is a “predictive” network
with trainable weights to generate a 𝑑𝑧/𝑑𝑡 prediction (Fig. 2.1). For computational
simplicity, only two hidden layers were used, which can also be interpreted as a
regression on once-transformed features, with the transformational layer width set
by the hyperparameter 𝑛 scaled by the number of input features 𝑘 (see Fig. 2.1).
Inputs are easily exchangeable for alternative use cases or target predictions.

The second component consists of fixed-weight dense layers with Rectified Lin-
ear Unit (ReLU) activation, designed to impose explicit (“hard") constraints on
the predictive model. This approach allows for enforcing min/max thresholds on
any predictive model, without introducing penalties into the calibration metrics.
Although more advanced methods exist in literature or modern coding packages
[7, 19, 33], our simplistic approach offers multiple advantages. Primarily, con-
straints are applied throughout training, leading to better gradient updates within
prescribed limits (see Table 2.4 for comparison). This flexible framework supports
most functions or specialized constructions, including “learned" constraints, and
can be scalably implemented in environments with minimal to no ML support,
offering potential for many fields (for more on this process, see Appendix A). By
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guaranteeing physical constraints, it ensures stability during time-stepping and is
conducive for integration into larger models without violating prescribed bounds
such as conservation or consistency equations.

Figure 2.1: Structure of the model’s predictive component. Blue lines indicate a trainable linear
transformation of the input (of 𝑘 scalar variables), including a bias. Colors indicate the activation
function used upon collection at the node (ReLU = Rectified Linear Unit, ELU = Exponential Linear
Unit, Id = Identity), as noted in the legend. The hyperparameter 𝑛 sets the width of the internal
mixing layer.

Threshold Constraints for Snowpack Prediction
Constraints for 𝑑𝑧/𝑑𝑡 should keep the depth tendency within physical limits to
enable generalizability and stability when 𝑀 is integrated over time. This initial
study selected the following basic constraints:

• Enforce depth non-negativity within a time step Δ𝑡, i.e., 𝑀 ≥ −𝑧/Δ𝑡;

• Enforce depth inability to increase without snowfall, i.e., 𝑃snow = 0 =⇒
𝑀 ≤ 0. Processes like wind drift violate this constraint, but such effects are
small in our data (see Appendix B).

These constraints can be expressed as threshold functions, the lower as 𝑓− = −𝑧/Δ𝑡
and the upper as 𝑓+ = ReLU(𝑝) × 1{𝑃snow>0}, where 𝑝 is the output of the predictive
component and 1 is the indicator function. For these choices, 𝑓− is nonpositive and
𝑓+ is nonnegative, which simplifies the constraint layer structure (see Appendix A),
resulting in a final structure for 𝑀 as depicted in Fig. 2.2.
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Figure 2.2: Architecture of 𝑀 , highlighting the constraint component attached to the pre-
dictive component (the grey pentagon) described in Fig. 2.1. The chosen structure enforces
increasing snow depth only under precipitation and non-negativity of snowpack height, and is equiv-
alent to a max/min block on the output. Weight colors indicate the constant’s sign and activation
functions follow the color scheme given in Fig. 2.1.

The first constraint includes the time step Δ𝑡, but this does not explicitly affect the
time dependency or resolution of the parameterization. The predictive component
contains no time nor time-step dependence. Adjusting Δ𝑡 scales the constraint ap-
propriately without altering the predictive component’s output, enabling the model’s
use in adaptive time-step schemes (re-scaling the constraint per time step). This
means the model in principle only requires training with data at one temporal reso-
lution, though we would anticipate improved time-step independence if training data
incorporated varied time intervals, or 𝑑𝑧/𝑑𝑡 values in the minimum range anticipated
during usage.

Data
We required training data with simultaneous snow and meteorological measure-
ments, preferring collocated primary ground observations over reanalysis data due
to known discrepancies [49]. One primary source is the US Snow Telemetry Net-
work (SNOTEL) by the Natural Resources Conservation Service (NRCS). Data
from 44 total SNOTEL sites in the contiguous United States (CONUS) have simul-
taneous availability of the necessary inputs, of which the entire reporting history
until February 1st, 2024 was collected. These sites span diverse climates (see Fig.
2.3), enhancing generalizability. For testing, 7 total Alaskan SNOTEL sites had the
necessary inputs and were similarly collected, plus standard evaluation data from
Kühtai, Austria [37], Col de Porte, France [41], and the Reynolds Mountain East
catchment [58] to assess the 𝑀’s ability to generalize to out-of-sample data. We
additionally used data from Sodankylä, Finland [23], the upper Rofental [74], and
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Yala Basecamp [61, 66] in the Himalayas to test performance across uncalibrated
elevations and climate types.

SNOTEL data have known quality issues, such as underrepresenting complex moun-
tainous terrain and underreporting precipitation [50, 60], along with periods of bi-
ased or unphysical values [28]. To ensure data suitability for model training, we
applied established cleaning defined by Serreze et al. [60] and refined by Yan et al.
[79] to SNOTEL daily snowpack data. Gauge undercatch was corrected as in Livneh
et al. [43] and temperature biases addressed following the SNOTEL correction re-
lease [4]. Since no consistent quality control exists for SNOTEL meteorological
or snow depth data beyond outlier tests by Hill et al. [28], we developed a custom
procedure (see Appendix B). Snow fraction (to obtain snowfall from total precipita-
tion) was estimated using the (𝑇air, 𝜑) bivariate logistic model from Jennings et al.
[32], shown to have over 88% accuracy. From the cleaned data, we derived 𝑑𝑧/𝑑𝑡,
𝑑SWE/𝑑𝑡, and 𝑃snow for days with complete data, excluding all data with Δ𝑡 > 1
day.

The training data were averaged (preserving start-of-window 𝑧 and SWE) over a
consecutive 𝑁-day moving window, with 𝑁 as a hyperparameter. This enabled
exploration of the tradeoff of spreading out discretized SNOTEL data (𝑧 to the
inch, SWE to 0.1 inch) for smoother regression learning against preserving extreme
values critical for predictions. Days with unphysical values (zero SWE and nonzero
𝑧) or no snowpack were removed to eliminate uninformative zeros in the target
space. Features were scaled by their standard deviations, and the target by its
absolute maximum, with scaling constants fixed in 𝑀 to spare user preprocessing.
This resulted in 58,484 usable sensor-days out of 105,636 for training, and 35,618
sensor-days for testing. The complete dataset and generating code are publicly
available (see Data Availability).

Training
Accurate prediction of extreme values is vital in snowpack modeling. Underpre-
dicting extreme 𝑑𝑧/𝑑𝑡 can prevent rapid snowpack growth or depletion, lagging
snow presence early in the season or maintaining snow into the summer, which
skews albedo, runoff, and energy calculations. Models like Noah, CROCUS, and
SNOWPACK have struggled with this challenge [25, 44, 45, 72, 76]. Standard
regression tends to under-predict extremes, so we used a custom loss function that
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Figure 2.3: Distribution of SNOTEL sites used for training the network. (a) Training sites
as visualized over the United States. (b) Training sites visualized with elevation vs their average
nonzero snowpack height, 𝑧+. The color bar is a visual indicator of 𝑧+ for visualization on the spatial
map.

can emphasize extreme values:

𝐿 =
1
𝑁𝑑

𝑁𝑑∑︁
𝑖=1

𝑤𝑖 |𝑦𝑖 − 𝑦̂𝑖 |𝑛1 , 𝑤𝑖 = 1 + |𝑦𝑖 |𝑛2 . (2.3)

Here, 𝑁𝑑 is the number of batched training data, 𝑦̂𝑖 and 𝑦𝑖 are the prediction and
target data, and 𝑛1 and 𝑛2 are constant positive numbers. Using (𝑛1 = 1, 𝑛2 = 0) or
(𝑛1 = 2, 𝑛2 = 0) is equivalent to optimizing the average 𝐿1 or 𝐿2 losses, respectively.
Hyperparameter tuning followed a leave-one-out approach, using averaged and fil-
tered data from 43 of 44 sites. Validation scores were generated over the remaining
sites using unaveraged, unfiltered data, and averaged to guide hyperparameter se-
lection. For timestepping (see section 2.2 “Testing"), the optimal 𝑛1 was found with
𝐿2 training and 𝑛2 > 0, highlighting the importance of extreme points. We note
that optimal hyperparameters varied between regression and timeseries tasks; see
Appendix C for more details.

The model was implemented in Julia and the Flux framework [30, 31], with the
RMSProp optimizer [29]. Training for 100 epochs (100 passes over all data) takes
under 30 seconds on one Intel i9 CPU without GPU usage, with model storage under
3 kilobytes. Time and memory benchmarking of the network are listed in Table 2.6
in Appendix C.
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Testing
Model performance was tested by timestepping the 𝑑𝑧/𝑑𝑡 equation with an explicit
Euler method:

𝑧𝑖+𝐾 = 𝑧𝑖 + (𝐾Δ𝑡)𝑀 (𝑧𝑖, SWE𝑖, 𝜑𝑖, 𝑅𝑖, 𝑣𝑖, 𝑇air,𝑖, 𝑃snow,𝑖). (2.4)

The integer 𝐾 specifies sequential data transitions (𝐾 = 1) or “gaps” to traverse in
timeseries data (𝐾 > 1) due to missing or cleaned data. 𝑀’s built-in constraints
ensure non-negative 𝑧 values when the step size is the designated Δ𝑡 (i.e., when
𝐾 = 1; for providing other Δ𝑡 see Section 2.3 “Finer Resolution Predictions"),
though this choice of time-stepping procedure can create negative 𝑧 when 𝐾 > 1
(rates constrained for step-size Δ𝑡 are applied over 𝐾Δ𝑡 > Δ𝑡). In such cases,
negative 𝑧 values were set to zero, and similarly, timeseries were “reset” to observed
values 𝑧𝑖+𝐾 = 𝑧𝑖+𝐾 whenever 𝐾 > 𝐾max = 5 days, to avoid attributing error from
the method choice to 𝑀 for fair evaluation. When 𝑀 is used within a global
model simulation, such gaps would not occur since the inputs would be available
at every step, allowing all 𝑧𝑖 to obey prescribed bounds. Selecting 𝐾max > 1 day
additionally reduced the number of resets that would otherwise beneficially skew
performance metrics, with 𝐾max = 5 ensuring resets in less than 2.3% of cases
(median frequency 0.19%), with many over whole years or no-snow periods (not
impacting snow simulation). Evaluation metrics included root mean square error
(RMSE), mean absolute error (MAE), bias (B), and median percent error (MPE, on
𝑑𝑧/𝑑𝑡 for regression and 𝑧 for timeseries). For timeseries, we included the Nash-
Sutcliffe efficiency (NSE; [52]) and snowpack percent error (SPE), MAE/𝑧+, where
𝑧+ is the mean nonzero height.

By swapping SWE and 𝑧 features, the network can also be trained to predict
𝑑SWE/𝑑𝑡 from 𝑧, allowing SWE to be simulated from depth data. This enables
standalone modeling using only weather inputs, with two networks 𝑀̃𝑧 and 𝑀̃SWE,
separately trained to run in a coupled fashion:�SWE𝑖+𝐾 = �SWE𝑖 + (𝐾Δ𝑡)𝑀̃SWE(𝑧𝑖, �SWE𝑖, 𝜑𝑖, 𝑅𝑖, 𝑣𝑖, 𝑇air,𝑖, 𝑃snow,𝑖), (2.5)

and
𝑧𝑖+𝐾 = 𝑧𝑖 + (𝐾Δ𝑡)𝑀̃𝑧 (𝑧𝑖, �SWE𝑖, 𝜑𝑖, 𝑅𝑖, 𝑣𝑖, 𝑇air,𝑖, 𝑃snow,𝑖). (2.6)

The only change to ensure physical consistency is to alter the lower bound of 𝑀̃𝑧 (𝑀̃𝑧

= 𝑀 otherwise) such that the 𝑧 update obeys 𝑧𝑖+𝐾 ≥ SWE𝑖+𝐾 to enforce 𝑧 ≥ SWE,
so SWE𝑖+𝐾 was calculated first before 𝑑𝑧/𝑑𝑡. This permits comparison with other
models without inputting observational SWE.
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To compare the neural model to established parameterizations, the Snow17 temperature-
index model [2] was implemented and evaluated on the same data. Snow17 (de-
signed for modeling runoff) models SWE and infers depth through Anderson’s
density parameterization, and it can also assimilate observed SWE, allowing com-
prehensive comparisons. We performed two comparisons: (1) 𝑀 (the one-network
depth parameterization) against Snow17 with both assimilating observational SWE,
and (2) the two-network standalone model 𝑀̃ (subcomponents 𝑀̃𝑧 and 𝑀̃SWE) against
Snow17, both using only meteorological inputs. To avoid confusion, Snow17 pre-
dicting versus assimilating SWE are labeled as “SN17” and “SN17O," respectively.
We used the Snow17 parameters from the Wang et al. [73] SN17-B-CONUS model,
calibrated over CONUS to account for regional climates. Both models were restarted
with accurate depth when resets occurred, and computational benchmarking is com-
pared in Table 2.6. Significance in differences between RMSE metrics were eval-
uated via a Wilcoxon signed rank test [77] with 𝑝 = 0.05, which does not assume
normal distributions or variance homogeneity.

In addition to depth, bulk density timeseries can be generated from 𝑧 and SWE
data and model outputs according to Eq. 2.1 and compared. The data is discrete
while the model outputs are continuous, so densities were compared at sites with
collocated SWE and 𝑧 sensors (see Appendix B) only when both models and data
yielded physical values (0 < 𝜌snow/𝜌water < 1). Counts of “false non-snowpacks”
(models show 𝑧 = 0 while 𝑧 > 0 in the data) and “false snowpacks” (models show
𝑧 > 0 while 𝑧 = 0 in the data) were recorded, along with instances of unphysical
densities.

To further assess physical consistency, the estimated rates 𝑑SWE/𝑑𝑡 by 𝑀̃SWE were
compared to the snowfall rate data 𝑃snow. When the air temperature is below freezing
(𝑇air < 0), the conservation of mass implies these rates should be roughly equivalent,
limited by factors such as runoff, sublimation, snow transport, and data precision.
While it is possible to directly impose conservation of mass as a threshold in this
framework, forgoing this specific bound allows for an investigation of the model’s
ability to represent physical constraints beyond those explicitly encoded.

Assessing physical consistency in the model directly per feature is nuanced due to
strong correlations among the inputs, which confounds most interpretation methods
like partial dependence, permutation, LIME, and tractable SHAP values [51]. To
isolate feature effects on model output, we calculated first-order Accumulated Local
Effects (ALE) plots [3]. This method shows the average change in model output
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accumulated over sequential bins of feature values. For feature 𝑋 at grid point 𝑥𝑖,
data in the window [𝑥𝑖 −Δ, 𝑥𝑖 +Δ] are evaluated setting 𝑋 = 𝑥𝑖 −Δ and 𝑋 = 𝑥𝑖 +Δ,
storing the average of the differences Δ𝑀𝑥𝑖 = 𝑀 (𝑥𝑖 + Δ) − 𝑀 (𝑥𝑖 − Δ). The final
(centered) ALE value ¯Δ𝑀 at 𝑥𝑖 is the sum over all Δ𝑀𝑥𝑘 with 𝑥𝑘 ≤ 𝑥𝑖, minus the
average of all uncentered ALE values. This isolates changes solely from feature
variations, and bins are defined by quantiles to ensure equal data instances in each
window. The shape and slope of the ALE curve are more pertinent for interpreting
physicality than the offset, especially when the feature distribution is skewed. The
range of Δ𝑀̄ over the feature indirectly measures feature importance in influencing
model output, as the ALE value can be interpreted as a departure from the average
model prediction. Further information for interpreting ALE plots can be found in
Molnar [51].

2.3 Results
Depth Timeseries

Figure 2.4: Performance of 𝑀 and 𝑀̃ against Snow17 with (SN17O) and without (SN17)
observational SWE data for generating 𝑧 timeseries over the 44 validation sites. RMSE indicates
root mean square error, NSE the Nash-Sutcliffe Efficiency, and SPE the average 𝐿1 error normalized
to the average nonzero depth, to measure percent error. Boxes outline the 25% to 75% quantiles,
with the bar at the median, while whiskers mark the extremes and dots indicate outliers, which lie
beyond 1.5 times the interquartile range (box width) from the box. Vertical axes limits are chosen to
show all data points.

Over validation sites, neural configurations performed similarly to Snow17 inde-
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pendent of including observed SWE (Fig. 2.4). Both models exhibit similarly tight
spreads, though 𝑀 exhibited larger spreads than SN17O when utilizing SWE data.
Conversely, when simulating SWE, the spread was larger for SN17 compared to
the coupled neural model 𝑀̃ , which is more indicative of usage under SWE un-
certainty or provision of SWE within a separate model. Statistically significant
improvements in RMSE were found for both SWE and 𝑧 modeling by 𝑀̃ compared
to SN17 (𝑝 = 0.029 and 𝑝 = 0.0006, respectively). No significant difference was
observed for 𝑀 against SN17O using SWE data for depth parameterization alone
(𝑝 = 0.673), which is unsurprising as both models were calibrated for performance
over the locations represented in this data.

Figure 2.5: Performance of the neural parameterization against Snow17 over the 14 testing
sites in depth timeseries generation. Labeling convention follows that in Fig. 2.4. One outlier for
SN17 with an NSE of -2.8 is not shown on the plot to aid in the scaling of the other values.

The model performance over all testing sites is summarized in Fig. 2.5, with example
timeseries in Fig. 2.6, and medians and averages reported in Appendix C (Table 2.4).
Although the performance distributions are non-symmetric, both mean and median
metrics are important for gauging potential (median) and consistency (mean) for
generalizing to out-of-sample regimes. The neural configurations showed tighter
performance spreads across testing sites and climates not included in the training
data, despite no recalibration. Average neural NSE was 0.87 and 0.94 (without and
with SWE data, respectively), compared to 0.35 and 0.78 for Snow17 — median
differences were smaller, but still favored neural models. Snow17’s mean SPE



40

Figure 2.6: 𝑧 and SWE timeseries over two subsets of the Alaskan testing sites. Data gaps
(missing or cleaned data) are shaded in grey. All models perform similarly, though the neural models
seem to perform poorly whenever Snow17 also performs poorly, like the winter of 2016 at Site 1070.
This suggests the neural parameterization is at least an efficient surrogate for Snow17, or could
insinuate a data inconsistency if both models fail similarly.

was 15% even with observational SWE, comparable to other established models
without site-specific calibration [12, 16, 22, 25, 44, 47, 70, 71], and nearly doubled
to 28% without SWE data. In contrast, the neural parameterization maintained
mean SPE under 15%, increasing modestly from 9.5% to 13.4% without SWE
data, demonstrating greater robustness and consistency out-of-sample despite the
simplicity of its predictive component and lack of past snow depth state storage.

Model 𝑀 demonstrates strong generalizability, with similar performance and tighter
spreads across test and validation sites, without retuning. Although the neural model
did not exhibit significant RMSE improvements over Snow17 on out-of-sample data
at the 𝑝 = 0.05 level (𝑝 = 0.14 for 𝑧, 𝑝 = 0.27 for SWE), it did outperform Snow17
as a parameterization (𝑝 = 0.01). This suggests that when paired with a reliable
SWE predictor within a larger model, the neural approach offers advantages over
prevailing alternatives in extrapolating to uncalibrated locations.
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Table 2.1: Results of bulk density timeseries generation for each model. The median score
over all validation and viable testing sites is presented, and scores are derived from all predictions
of physical densities during observed snowpacks, or otherwise tallied in the presented counts. The
integer count gives the median number of occurrences across sites, while the percentage normalizes
each count against the length of the timeseries.

Parameter 𝑀̃ 𝑀 SN17 SN17O
RMSE (%) 9.1 9.5 7.4 7.6
Bias (%) -1.9 -1.8 0.6 0.9
MPE (%) 11.3 12.9 14.1 14.9

False Non-Snowpacks 4 (0.13%) 2 (0.08%) 14 (0.68%) 0 (0%)
False Snowpacks 183 (8.6%) 136 (6.1%) 45 (3.2%) 2 (0.10%)
Unphysical Points 3 (0.17%) 3 (0.12%) 0 (0%) 0 (0%)

Figure 2.7: Bulk density timeseries (normalized against 𝜌water) over the same series as Fig.
2.6. Poor representation at the start/end of the season for small snowpacks are exacerbated by data
discretization and lack thereof in the models, particularly in 𝑀̃ and SN17, or from simpler constraints
in 𝑀 and 𝑀̃ . Such fluctuations severely skew the NSE and SPE metrics and confound their measure
of model performance. Timeseries are only shown where models and data show a relative density
between 0 and 1.

Density Timeseries
For validation and testing sites with collocated 𝑧 and SWE measurements (see Ap-
pendix B), Table 2.1 compares timeseries statistics for derived bulk density, and
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Fig. 2.7 displays estimates from the same data as Fig. 2.6. RMSE values reflect
relative error since density is normalized by 𝜌water. Both SN17 and 𝑀̃ lack SWE
discretization, inflating errors for small snowpacks compared to their assimilated
counterparts. Neural unphysical densities source from a lack of constraint enforcing
SWE = 0 =⇒ 𝑧 = 0 (in both 𝑀̃, 𝑀) or 𝑧 > SWE (in 𝑀), though different
constraint choices could eliminate this2. Snow17 is roughly 3× better at mitigating
false snowpacks with lower RMSE (less extreme errors), but our models are roughly
3× better at reducing false snow-absence and exhibit improved individual density
predictions, crucial for estimating other snowpack properties. Thus, the advantage
between models depends on which features are prioritized. Otherwise, the two
perform similarly, despite 𝑀 being designed for snow depth while the compara-
ble parameterization within Snow17 is explicitly formulated for density. Among
evaluated sites, the best and worst performances by 𝑀 were better than those of
SN17O.

Predicted 𝑑𝑧/𝑑𝑡
Fig. 2.8 shows a histogram comparing predicted versus true 𝑑𝑧/𝑑𝑡 values from 𝑀

(Pearson correlation 𝑟 = 0.78) and 𝑀̃ (𝑟 = 0.77) during timeseries generation. Both
still display a tendency to under-predict extreme values. This is likely from exposure
to much more training data with small 𝑑𝑧/𝑑𝑡, which could result in better predictions
of small values at the expense of extremes without applying other methods like class
balancing.

Physical Behavior of Model
For SNOTEL instances with 𝑇air,𝑖 < 0, 𝑀̃SWE violated the 𝑑SWE/𝑑𝑡 ≤ 𝑃snow

condition only 0.6% of the time, with all violations under 1 mm/day and 95% under
0.75 mm/day. About half the instances showed 𝑑SWE/𝑑𝑡 < 𝑃snow (prescribed
bounds yielded equivalence in the rest), but the mean residual of these was -2
mm/day, with 95% above -5 mm/day, aligning with typical sublimation rates [42, 64]
and effects not explicitly modeled. Given the SNOTEL data precision (2.54 mm)
and negative average temperatures obscuring instantaneous positive temperatures,
these results suggest strong adherence to mass conservation, even without explicitly
enforcing it (as simple as choosing 𝑓+ = 𝑃snow for the upper bound of 𝑀̃SWE),
highlighting the model’s ability to learn physical representations from data beyond

2Post-Publishing Note: For example, let the lower bound of the depth network be SWE−𝑧
Δ𝑡

+𝑀SWE,
where 𝑀SWE is the output of the (evaluated first) SWE network.
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Figure 2.8: Predicted vs. true 𝑑𝑧/𝑑𝑡 and residuals against the modeled target by the 𝑀 and 𝑀̃
models. Both models continue to under-predict extremes, despite the bias given to extremes during
training. The magnitude of data in small 𝑑𝑧/𝑑𝑡 ranges relative to extremes could contribute to this
phenomenon.

those prescribed.

The ALE plots for each feature are shown in Fig. 2.9. The average prediction of 𝑀
is ≈ 0, with negligible centering offsets, indicating a tendency to predict negative
𝑑𝑧/𝑑𝑡 after 𝑇air > 0. 𝑀 also exhibits a linear relationship in 𝑑𝑧/𝑑𝑡 with 𝑃snow

and stabilization at low 𝑇air (where a minimum snowfall density would emerge), all
aligning with physical expectations. Additionally, decreases in 𝑑𝑧/𝑑𝑡 are observed
with increased solar radiation and wind speeds, reflecting the model’s learning
of understood destructive processes. However, data availability and artifacts may
influence these results; for instance, while higher relative humidity could lead to
more condensation and surface melt, it also lowers estimated snowfall fraction
under the data preparation used. Moreover, snow accumulation on sensors during
heavy snowfall may produce saturated humidity readings linked to large 𝑑𝑧/𝑑𝑡, and
location biases may affect the value ranges.
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Figure 2.9: Accumulated Local Effects (ALE) plot for 𝑀’s predictive features. The ALE
mitigates effects of feature correlations, providing a rough indication of feature importance in
determining 𝑀’s output magnitude and a visual measure of physicality. x-axes mark the range of
each feature, while y-axes show the change in 𝑀 relative to the average prediction. Curves are binned
by quantiles so each bin has at least 50 samples.

𝑀 can be directly queried over “slices" of its multidimensional input space, facili-
tating exploration of the model’s behavior in anticipated input regions that may not
be observed in the current data. Unlike partial dependence plots, these slices are not
averaged over training data ranges, allowing them to display outputs in regimes of
inputs that are not physically viable. Additionally, patterns observed in one “slice”
may not be conserved across others. Fig. 2.10 illustrates these slices, with areas
lacking data slightly masked.

In Fig. 2.10a, contours reflect physical expectations, with even spacing indicating
𝑑𝑧/𝑑𝑡 is linear in 𝑃snow, 𝑇air becoming the dominant feature around 𝑇air = 0, and
the constraint Δ𝑧 ≥ −𝑧. Fig. 2.10b examines how 𝑇air and insolation impact snow
depth at zero snowfall, showing depletion begins once 𝑇air > 0 and with increasing
𝑅. All output values at zero snowfall remain nonpositive, adhering to the prescribed
threshold. This slice demonstrates limited sensitivity to solar insolation at low 𝑅,
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Figure 2.10: 𝑀 outputs for two snow states, with other inputs held constant. In each case one
threshold (𝑑𝑧 > −𝑧 or 𝑑𝑧/𝑑𝑡 < 0 for 𝑃snow = 0) is visible. “Shaded” or “masked” pixels (partially
greyed out) indicate areas of the visible parameter space with ranges not represented in the data,
either from being unphysical or unobserved.

suggesting𝑇air is the dominant variable. This insensitivity may arise from high snow
reflectivity at low incidence angles (and normal sensor orientation), shading effects
reducing melting until higher radiation levels are exposed, or latent melting effects
prevailing at low irradiance. Positive feedback loops where accumulating surface
melt alters albedo could explain the transition in this slice. Overall, the model aligns
with expected physical behavior over available data, though incorporating more data
into extrapolated (shaded) regions could enhance universality.

Generalizability
To assess generalizability, Fig. 2.11 shows elevation vs. mean nonzero snow depth
𝑧+ for all training and testing sites, similar to Fig. 2.3. Sites are colored by the
performance of 𝑀 for SPE, RMSE, and NSE on 𝑧 timeseries, along with density
RMSE. The model succeeds comprehensively, with SPE errors under 20% for nearly
all sites and most under 10%, while density errors remain predominantly below
15% RMSE3. It performs comparably on testing data from different elevations
and climates, indicating robust generalizability, even for density calculations. No
discernible trend with elevation appears, corroborating generalizability rather than
elevation-induced effects.

3Post-Publishing Note: That is to say, we are seeing errors predominantly below the 15%
threshold that is rarely broken in other literature.



46

Figure 2.11: Performance of 𝑀 across all training and testing sites with regards to RMSE,
NSE, and SPE of depth timeseries, as well as RMSE for density timeseries over the sites where
density was evaluated (see Appendix B). Testing sites are marked with squares instead of circles.

Finer Resolution Predictions
Time units only appear as rates in 𝑀 via precipitation, the lower bound, and the
output. By predicting rates 𝑑𝑧/𝑑𝑡 instead of accumulated 𝑑𝑧, 𝑀 can be evaluated at
varying time-steps without retraining, by merely resetting the constraint function’s
scaling of 1/Δ𝑡 without altering the trained predictive weights (which were trained
only once in section 2.2 “Training", with Δ𝑡 = 1 day). This flexibility allows testing
at resolutions up to data limits, which for Kühtai is a maximum resolution of 15-
minute intervals. While sub-hourly time resolutions are rarer in larger earth models,
they are used in land models and will become increasingly frequent as research ad-
vances in fine-scale land-atmosphere interactions [6, 59]. Similarly, while multiday
resolutions are rare, data availability can necessitate their use. Benchmarking across
scales above and below the daily resolution used for training offers insights into the
model’s limits and potential applications. However, beyond a week, average input
variables do not effectively capture critical input dynamics (e.g., monthly average
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𝑇air would not reliably indicate time above freezing), leading to suppressed variations
that undermine meaningful outputs, and alternative model choices would be more
appropriate. Results of repeating the timeseries generation with 𝑀 as described in
Section 2.2 (“Testing") for the Kühtai data with different values of Δ𝑡 in the con-
straint but identical weights otherwise, spanning 15-minute to weekly resolutions,
are shown in Fig. 2.12 and Table 2.2.

Table 2.2: Performance of 𝑀 at varying resolutions for 𝑧 timeseries generation. Error jumps
beyond the daily training resolution, but performance remains near-constant between hourly and
15-minute resolution.

Statistic/Resolution Weekly Daily Hourly 30-Minute 15-Minute
RMSE (m) 0.1762 0.1437 0.2008 0.1989 0.1999

NSE 0.759 0.806 0.708 0.710 0.709
SPE (%) 23.90 19.54 30.9 31.0 31.1

Figure 2.12: Output of 𝑀 at different resolutions for a subset of the site data from Kühtai,
Austria. The graph overlays outputs at different resolutions for direct comparison. Sub-hourly (15
min, 30 min) curves are nearly indistinguishable from the hourly curve.

The timeseries shown at this site exhibit a low bias; however, for all resolutions,
𝑀 achieved over a 40% reduction in RMSE compared to Snow17 (not tabulated).
RMSE increases at timesteps outside the daily interval used for training, though
all sub-hourly resolutions yield nearly identical results without further trends. This
performance loss may arise from the extreme values of 𝑑𝑧/𝑑𝑡 and precipitation
observed at higher resolutions. While daily data show gradual snowpack increases,
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finer resolutions might capture the same deposition over a few hours, leading to
𝑑𝑧/𝑑𝑡 values 10–20 times larger than those in the training data. Conversely, weekly
averages smooth out extreme events, which can reduce the variance of outputs.
Overall, 𝑀 demonstrates an ability to transfer across temporal resolutions, though
performance would likely improve with a broader range of 𝑑𝑧/𝑑𝑡 training values
(for instance, incorporating both hourly and daily data).

2.4 Discussion
This study explored a simple, versatile data-driven framework to enhance physical
parameterizations, focusing on generalizable snow parameterizations for climate
modeling applications. Many choices were results-driven and informed by data
availability, such as selecting widely measured variables to increase model ap-
plicability, though other choices could likely enable representation of additional
processes. Data requirements limited sources to the SNOTEL network, which,
while useful for local relationships, has quality issues compared to validation sites
such as Col de Porte and Kühtai [49, 50], fails to represent large-scale heterogeneity
effects, especially in mountain regimes [49], and lacks coverage of extreme condi-
tions in scarcely sampled tundra and taiga biomes. The approach’s ability to extend
to these unsampled terrains or perform on coarser grids with explicit large-scale
effects within an Earth system model remains untested and will be the subject of
a future paper4. Further adaptation of these models in a world of growing data
volume, frequency, and quality offers an exciting opportunity for future research.

The neural model 𝑀 generalizes well across locations, a crucial feature for both
global consistency and local-scale modeling, particularly as climate change skews
site statistics to become “new” locations. Snow17 struggles with such shifts, limiting
its application on longer timescales [8, 49]. Our physics/ML hybrid approach offers
a viable alternative. Generalizability is key for ML in climate models. For instance,
the random forest model by Yang et al. [81]’s when applied to Chinese sites showed
high out-of-sample biases and SPE compared to our model, despite similar RMSE.
Their ML approach and others like Duan et al. [20] or Yang et al. [82] rely on
location-specific variables (slope, aspect, topographic/vegetative indices, etc.) or

4Post-Publishing Note: This “paper” refers to Chapter 4, where the model shows reasonable
ability to simulate in these regimes, though this was evaluated only at coarse resolution. Developing
different networks for different biomes would be one possible approach, but this would require extra
storage and dynamic identification of each grid cell’s land-type to indicate which parameter set to
use. This also does not circumvent the issue of some biomes lacking sufficient observational data
to train their respective networks, so augmenting the existing training data with results of future
observational efforts would likely prove a more robust approach.
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features like historical averages and microwave measurements [15, 63, 67, 69, 82],
which hinder usage within earth system models. In contrast, Wang et al. [73]
simulated SWE with recurrent neural networks using physical inputs with similarly
high NSE scores and moderate generalizability, but required over 240 previous states
for updates. Duan et al. [20] also used 180 days of forcing data per SWE prediction
with various models at SNOTEL sites, requiring training times of 5–26 hours and
hours of simulation time on a GPU. Our memoryless neural ODE model achieves
comparable results to Wang et al. [73] with guaranteed consistency with physical
bounds. It exhibits improved median MAE, RMSE, and NSE against all models from
Duan et al. [20], with fewer inputs and significantly fewer computational resources
(see Table 2.6). Steele et al. [65] used the same inputs as ours for a standalone
ML model and a post-processing model for physical models. Both yielded higher
SWE RMSEs (6 cm and 13 cm vs. ∼4 cm in our model, see Table 2.4) and poorer
generalization, though a slightly better derived density RMSE (implying 𝑧 errors
were similarly scaled to SWE errors). Both models required addition of a binary
snow-presence variable to reset unphysical summer snowpacks, while our approach
naturally adheres to prescribed bounds, eliminating such unphysical departures.

The best hyperparameters for timeseries generation differed from those for direct re-
gression, underscoring better 𝑑𝑧/𝑑𝑡 predictions do not guarantee better accumulated
seasonal timeseries. This further supports that our choices are going beyond merely
matching magnitudes, and instead summarizing universal, memoryless physical pro-
cesses. Notably, the parameterization faltered only when new climates introduced
target magnitudes absent in the training data, rather than when locations presented
different input feature magnitudes. While output magnitude extrapolation is lim-
ited as with many data-driven models, the input generalizability is a less common
result, highlighting the benefits of enabling physical consistency. This underscores
the need for more widespread snow sensing, particularly in extreme climates, to
improve predictive power of such models.

The framework’s application of prescribed constraints around black-box models
like neural networks enables easy modification of constraints or input variables.
This interchangeability supported rapid experimentation and prototyping, and is
synergistic for integration as a “plug-and-play" model that can adapt to available
inputs and operational constraints. The approach provides linear scaling in input
size with low computational overhead, which can reduce computational budgets
while maintaining or improving accuracy compared to advanced models, permitting
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simulations longer into the future or over finer grids. It can demonstrably act as a
standalone predictive tool wherever inputs can be measured or inferred, which could
be through observations, remote sensing, weather forecasts, or coupled models. This
framework could be used, for example, for forecasting applications such as weekly
skiing or hiking terrain predictions from weather forecasts, or tested for water
supply simulation given snowpack data. The model structure is a strong candidate
for simulating many types of constrained physical systems beyond snow, offering
further avenues for investigation (see Appendix A).

Beyond testing the neural model 𝑀 globally in a coupled setting with an entire
climate model, other future directions of research could involve adapting 𝑀 to
continuous neural ODE structures [13] or more general timestepping schemes.
While this study focused on localized relationships and comparisons with similarly-
formulated standards, it did not address large-scale heterogeneity effects. Future
adaptations to directly incorporate these effects might aid usage within coarser-scale
(∼100 km) models. Additional improvements could involve integrating data from
NOHRSC/MADIS or detailed snow layer data to simulate temperature profiles.
Alternative training strategies, such as using timeseries error as the loss function or
gradient-free update rules to bypass recursive timeseries gradient issues could also
be explored.

2.5 Conclusion
Using a location-agnostic and physically constrained neural ODE framework to pa-
rameterize the rate of change of snow depth, we were able to simulate seasonal
snow depth with a median error of 8.8% across sites with varying climates and
elevations, including some not seen during training. Though the parameterization
was trained with daily data, it shows an ability to perform with moderate accuracy
at other temporal resolutions without additional retraining of the model; however,
retraining with higher-resolution training data may lead to further improvement.
The parameterization’s structure reduces computational overhead while maintain-
ing performance in depth simulation at the level of established, cutting-edge, or
more detailed models. The design is conducive for usage in prognostic models or
can be adapted to alternatively predict variables such as SWE. When driven solely
by meteorological data as a standalone model, the parameterization framework can
recreate seasonal timeseries with comparable error without retraining or site cali-
bration — an improvement over other established models. In most cases, it matches
or outperforms the Anderson Snow17 model in simulating seasonal snow depth,
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offering an efficient formulation for use within physical models and an alternative
to prevailing parameterizations.

The proposed framework demonstrates potential for a wide array of applications for
both long-term climate simulations as well as short-term forecasting applications.
The means of enforcing hard constraints structurally provides a simple but powerful
technique for predictive modeling that can be applied beyond snowpack modeling
to different climate processes or physical parameterizations.

2.6 Data Availability
The SNOTEL data utilized in this study was available via the National Water and Cli-
mate Center, which lies under the United States Department of Agriculture. Data re-
ports of the SNOTEL data were generated using the online portal found at https://
www.nrcs.usda.gov/wps/portal/wcc/home/. The data from Col De Porte [41]
can be found at the Observatoire des Sciences de l’Univers de Grenoble DOI portal
https://doi.osug.fr/public/CRYOBSCLIM_CDP/CRYOBSCLIM.CDP.2018.html,
and data from Kühtai [37] can be found as the supplementary material from https:
//doi.org/10.1002/2017WR020445. Raw data from Sodankyla [23] can be
found from the Intensive Observation (sensors 8, 11) data portal https://litdb.
fmi.fi/ioa.php and automated weather station (sensor 15, portal https://
litdb.fmi.fi/luo0015_data.php. Reynolds Mountain East [58] data was ob-
tained from an ESM-SnowMIP repositoryhttps://www.geos.ed.ac.uk/~ressery/
ESM-SnowMIP.html. Raw Yala Basecamp [61, 66] data was retrieved from https:
//rds.icimod.org/Home/DataDetail?metadataId=26859 andhttps://rds.
icimod.org/Home/DataDetail?metadataId=1972554. Rofental [74] data was
retrieved fromhttps://datapub.gfz-potsdam.de/download/10.5880.FIDGEO.
2023.037-MNveB/.

The data in this study was processed from these sources. Code for scraping and clean-
ing SNOTEL data and tutorials for data retrieval and training/modifying the neu-
ral models, are available at https://clima.github.io/ClimaLand.jl/dev/
generated/standalone/Snow/base_tutorial/. CSVs of the training/testing
data are also available here, as a quality-controlled fully observational dataset of
physical variables for calibration and ML applications.

https://www.nrcs.usda.gov/wps/portal/wcc/home/
https://www.nrcs.usda.gov/wps/portal/wcc/home/
https://doi.osug.fr/public/CRYOBSCLIM_CDP/CRYOBSCLIM.CDP.2018.html
https://doi.org/10.1002/2017WR020445
https://doi.org/10.1002/2017WR020445
https://litdb.fmi.fi/ioa.php
https://litdb.fmi.fi/ioa.php
https://litdb.fmi.fi/luo0015_data.php
https://litdb.fmi.fi/luo0015_data.php
https://www.geos.ed.ac.uk/~ressery/ESM-SnowMIP.html
https://www.geos.ed.ac.uk/~ressery/ESM-SnowMIP.html
https://rds.icimod.org/Home/DataDetail?metadataId=26859
https://rds.icimod.org/Home/DataDetail?metadataId=26859
https://rds.icimod.org/Home/DataDetail?metadataId=1972554
https://rds.icimod.org/Home/DataDetail?metadataId=1972554
https://datapub.gfz-potsdam.de/download/10.5880.FIDGEO.2023.037-MNveB/
https://datapub.gfz-potsdam.de/download/10.5880.FIDGEO.2023.037-MNveB/
https://clima.github.io/ClimaLand.jl/dev/generated/standalone/Snow/base_tutorial/
https://clima.github.io/ClimaLand.jl/dev/generated/standalone/Snow/base_tutorial/
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2.A Threshold Constraint Layers
Defining Threshold Constraint Layers
Since ReLU(x) = max(𝑥, 0), we can re-express the minimum and maximum func-
tions as

max(𝑥, 𝑦) = 𝑦 + ReLU (𝑥 − 𝑦) =
ReLU (𝑦) − ReLU (−𝑦) + ReLU (𝑥 − 𝑦) = max(𝑦, 𝑥), (2.7)

min(𝑥, 𝑦) = 𝑦 − ReLU (𝑦 − 𝑥) =
ReLU (𝑦) − ReLU (−𝑦) − ReLU (𝑦 − 𝑥) = min(𝑦, 𝑥). (2.8)

Then for a model output 𝑝 and any construction 𝑓 serving to threshold 𝑝, the bounds
max( 𝑓 , 𝑝) or min( 𝑓 , 𝑝) can be explicitly implemented with a single depth-3 fixed-
weight layer with no biases acting on input [𝑝, 𝑓 ]⊤ with ReLU activation, followed
by an accumulation with no activation:

[
±1 1 −1

]
× ReLU

©­­«

±1 ∓1
0 1
0 −1
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𝑝

𝑓

]ª®®¬ = A⊤
1± ReLU

(
A⊤

2±

[
𝑝

𝑓

])
(2.9)

where+ indicates max( 𝑓 , 𝑝) and− indicates min( 𝑓 , 𝑝), and the ReLU acts element-
wise. Eq. 2.9 offers a simple formulation, but the symmetry of the max and min
functions permits resonant structures — different weights yielding the same output.
If the signs of 𝑝 or 𝑓 are unknown, both + 𝑓 and − 𝑓 (or +𝑝 and −𝑝) must be
passed through the ReLU, along with 𝑝 − 𝑓 , to preserve all necessary information.
However, if 𝑓 is always nonnegative (or nonpositive), the layer can be simplified
from three layers to two, as passing − 𝑓 (or + 𝑓 ) becomes redundant and its ReLU
always evaluates to zero. Similarly, if the threshold obeys 𝑓 ≥ 𝐶 (or 𝑝 ≥ 𝐶) for
some constant 𝐶, a similar reduction is possible by including a bias term along with
𝐴2± and 𝐴1±. The same reductions apply if 𝑝 also exhibits similar properties. Fig.
2.13a illustrates the generalized structure for one-sided threshold constraints on a
predictive component discussed in section 2.2 “Model Structure."

Likewise, for a simultaneous upper bound 𝑓+ and lower bound 𝑓− on 𝑝 for any
constructions 𝑓+, 𝑓− satisfying 𝑓+ ≥ 𝑓−, we have

max(min(𝑝, 𝑓+), 𝑓−) = ReLU( 𝑓−) − ReLU(− 𝑓−) + ReLU(𝛼), (2.10)

where

𝛼 = ReLU( 𝑓+) −ReLU(− 𝑓+) −ReLU( 𝑓−) +ReLU(− 𝑓−) −ReLU( 𝑓+ − 𝑝), (2.11)
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so the threshold can be explicitly implemented with a sequence of two fixed-weight
layers containing no biases acting on input [𝑝, 𝑓+, 𝑓−]⊤, followed by an accumulation
with no activation:

[
1 1 −1

]
× ReLU
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which takes advantage of the identity ReLU(ReLU(𝑥)) = ReLU(𝑥). Like the one-
sided threshold example, many resonant structures exist according to symmetry,
and bounds on the thresholds or 𝑝 permit layer reductions. Fig. 2.13b shows the
generalized structure for a two-sided threshold constraint function 𝑓 outputting
𝑓+, 𝑓− on the predictive component given in section 2.2 “Model Structure."

Figure 2.13: General Framework Structures. In all graphics, inputs are on the left, with
predictions on the right, and the grey pentagon depicts the predictive component from Fig. 2.1.
Knowledge of function 𝑓 can simplify layers by removing certain orange (ReLU) nodes, with
resonant structures possible from the max,min symmetry. Black weights are fixed at +1 or -1, with
no biases or training. (a) General structure for a one-sided constraint (max or min) on the prediction.
(b) General structure for a two-sided constraint (enforced range) on the prediction.

These constraint structures can adapt to any functional constraint 𝑓 of any input
(including those independent of predictive inputs) or even the predictive component
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output 𝑝. This versatile framework exhibits minimal computational overhead with-
out increasing runtime complexity. This thresholds an output rather than imposing
an invariance or zeroing of a derivative, but this constraint class is relevant to many
physical or nonnatural systems. This provides a simple means for emulating many
systems when paired with universally approximating predictive models, or integrat-
ing data-driven parameterizations into larger models while enforcing constraints
like physics or conservation laws. Absolute boundaries also enhance stability in
time-stepping by keeping outputs realistic.

Many code packages and languages cannot compute gradients for logical branches
or min/max functions. This structure bypasses that limitation, allowing constraints
to be enforced during training, even on legacy systems with minimal functionality.
This mitigates the need to penalize the loss function, which can impede learning
of the main objective [55]. Enforcing constraints during training enables gradients
and weight updates better-suited for predicting values within the boundaries. Unlike
other penalty-free approaches like projecting outputs into constrained spaces, this
method does not require constant or predefined thresholds and can explicitly pre-
dict boundary values rather than asymptotically approach them, which can inhibit
learning by reducing gradient magnitudes [39]. Constraints under this construction
can be analytically defined, or even parameterized and “learned” from data during
training, even simultaneously with the predictive component (e.g., a network for pre-
diction and a network for boundary values, trained simultaneously), predicting both
thresholds and values for entirely data-driven modeling5. These functional forms
can also be combined and stacked in larger networks or applied to non-network
models. Figure 2.13 depicts the threshold constraint layers enveloping the predic-
tive component from section 2.2 (“Model Structure"), but they could be placed
inside larger networks, layered, or stacked as part of a larger predictive model, or
applied on any non-network model.

The primary benefit of this framework is enabling analytically prescribed bounds
for trainable models during training. However, by representing the “if over, then
change" condition as a vectorized algebraic operation rather than logical branches, it
eliminates branch misprediction in compilers and maximizes scalability for broad-

5Post-Publishing Note: Constraints can also be altered after training, without altering the learned
weights of the predictive model. This preserves the predictive model without modification but
changes which ranges of outputs get clamped to the supplied bounds. Such changes are useful
for applications like adaptive time-stepping, like was explored in this study, but could conceivably
“uncover"/expose regimes of model outputs with poorer accuracy due to their lack of emphasis
during the original training.
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casting and parallelization at large scale. This has performance implications for
CPUs (see Table 2.6) but especially for GPUs with different (or no) protocols for
branching [54]. When inputs for both 𝑝 and 𝑓 are similar, constraints can be imple-
mented with one skip connection, streamlining the architecture. These constraint
structures could be equivalently expressed using Maxout [26] or nested networks for
a given constraint, but maintaining a single-network form with one skip connection
results in faster training and sufficient variety in constraint expression.

In the bigger picture, the framework’s adaptability and guarantee of constraints
makes it a strong candidate for emulating systems where complex processes defy
full analytical modeling but are bound by defined limits. This versatility opens doors
for use-cases even beyond snow modeling. For instance, in two-sided threshold
scenarios, 𝑀 can be viewed as interpolating between two boundaries, which we
anticipate as offering utility in areas like predicting drag between turbulent and
viscous limits or, transport in superdiffusive regimes. The approach holds potential
to contribute to a comprehensive understanding of global dynamics, opening exciting
avenues for future investigation.

2.B Data Methods
Snow data comes from ground stations, aerial lidar surveys, or satellite images
calibrated with ground measurements [62]. Remote sensing offers broader coverage
crucial for global modeling but can suffer obfuscation and lack the resolution to
capture localized snow processes. Ground sensors can capture local effects but
face challenges like malfunctions, terrain biases, and limited coverage, and aerial
surveys track fewer variables. The SNOTEL network, with over 900 sites, uses
automated sensors like snow pillows for SWE, ultrasonic sensors for depth, and
weather instruments, transmitting data via ionospheric radio reflection [75].

The SNOTEL network is rare in providing simultaneous collocated hydromete-
orological data across varied climates, but faces notable data uncertainties like
precipitation gauge undercatch or unphysical sensor values [28, 57]. Not all sites
measure all variables [56], with many in wind-shielded or flat terrain, limiting cli-
mate diversity for “universal” model calibration. All sites measure SWE, 𝑧, and
precipitation, but availability of variables like 𝑇snow, 𝑇soil, 𝑅, 𝜑, and 𝑣 vary. Remov-
ing 𝑇soil (due to its correlation with ReLU(𝑇air)) and 𝑇snow increased the usable sites
to 44 in the continental U.S. and 7 in Alaska post-processing.

Established snow science evaluation sites like Col De Porte [41], Kühtai [37],
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Reynolds Mountain East [58], and Sodankyla [23] were tested alongside Alaska
SNOTEL data, which biases the evaluation towards lower elevations and similar
𝑧+. To address this, data from Yala Basecamp [61, 66] and two Rofental sites [74]
were included, though additional daily observational timeseries for all variables
are presently minimal. Non-collocated measurements of snow depth (𝑧), snow
water equivalent (SWE), or snow density (𝜌snow) can lead to inconsistencies and
biases in bulk density estimates. Training on such inconsistencies could benefit
accuracy in large-scale climate modeling with gridded data, as it better matches
the anticipated variability from coarse-graining, but it can also introduce validation
biases if observation protocols differ from the training data. Therefore, all training
and testing sites were assessed for the collocation of 𝑧 and SWE data collection using
literature, imagery like [62], or direct communication with site representatives. This
limited density evaluations to Kühtai and CONUS/Alaskan SNOTEL sites.

Phenomena like wind drift can confound snow pillow data, as strong winds away
from the wind sensor can push snow onto the pillow, creating positive measured
𝑑𝑧/𝑑𝑡 with no precipitation and insufficient wind speeds for drift, as observed by
[50] in some SNOTEL sites. Our constraints in section 2.2 (“Model Structure")
can be violated by such events. However, only 1.5% of the training data and 2.2%
of the testing data showed 𝑑𝑧/𝑑𝑡 > 0 without precipitation, and established models
like Crocus and SNOWPACK also do not account for positive growth due to wind
redistribution when run standalone. These models instead focus on the compaction
or erosion of snow by wind [40, 71]; destructive effects our model captures. On-
going work aims to integrate redistribution effects into snow models, and as this
paper serves to introduce a framework compared to existing parameterizations, we
find accounting for such effects beyond the scope of this study, representing an
exciting area for future research. We invite interested parties to revise the variables,
thresholds, and datasets in this initial formulation to the benefit of the community,
as we envision broader adoption of this proposal beyond our specific formulation
and calibration.

Data Cleaning Procedures
Established methods exist for cleaning SNOTEL daily SWE, 𝑇𝑎𝑖𝑟 , and precipitation
values, beginning with Serreze et al. [60] and extended by Yan et al. [79], but little
consensus exists for depth or meteorological variables, particularly those available
at hourly frequencies.



57

Raw hourly and daily timeseries for all input variables were retrieved from the NRCS
database, covering all entries available up to 2024-02-02. Bounds were applied to
each sensor based on physical limits and limits in the SNOTEL sensor handbook
[68], removing any violative data. All solar, humidity, and wind speed timeseries
were manually inspected, and any suspect or unphysical periods were flagged (see
the function manual_filter() in the code repository for a list of suspect periods,
listed in Data Availability). The following steps were then taken in order per site:

1. Weekly maximum hourly wind speeds were determined, and the median ˜𝑤𝑚𝑎𝑥
and interquartile range IQR were calculated. Observed wind values 𝑤𝑖 were
flagged if 𝑤𝑖− ˜𝑤𝑚𝑎𝑥

IQR > 6. For timeseries with over 24 flagged values, “blocks”
of flagged values were grown in 72-hour steps until no further flags existed. If
more than 5% of values in a block were flagged, all observations in that block
were flagged.

2. Unflagged hourly wind speed, solar radiation, relative humidity, and air tem-
perature observations were binned into two-week windows and by hour, with
the mean calculated for each hourly bin to generate an annual profile (24 hours
per 26 biweeks). Gaps of 6 hours or less were filled using linear interpolation,
while gaps of 6 to 24 hours were filled using the appropriate profile.

3. For hourly 𝑧 data, for each non-missing/flagged observation 𝑧𝑖, the values
𝑑𝑧+ = 𝑧𝑖+1 − 𝑧𝑖, 𝑑𝑧− = 𝑧𝑖 − 𝑧𝑖−1, and 𝑑𝑡+ = 𝑡𝑧𝑖+1 − 𝑡𝑧𝑖 were calculated. A
threshold 𝑍 = 20 inches was picked and 𝑧𝑖 having 𝑑𝑧− ≥ 𝑍 and 𝑑𝑧+ ≤ −𝑍 ,
or 𝑑𝑧− ≤ −𝑍 and 𝑑𝑧+ ≥ −𝑍 were flagged. A “rut” of bad data began when
𝑑𝑧− ≥ 𝑍 and |𝑑𝑧+ | ≤ 𝑍 , and continued until |𝑑𝑧+ | ≥ 𝑍 , all observations in a
rut were flagged. A rut lasting more than 20 observations or 𝑑𝑡+ > 30 days
resulted in all observations being flagged until 𝑧𝑖 = 0. From April through
August, after the first time reaching 𝑧𝑖 = 0, nonzero 𝑧𝑖 were flagged. All
𝑧𝑖 having 𝑧𝑖

SWEi
less than 1, over 50, or missing SWEi were flagged. This

procedure was iterated until no more 𝑧𝑖 were flagged, and was designed based
on the structure of sensor errors in the hourly 𝑧 data. This was only for the
hourly data, as daily SNOTEL depth data are quality checked.

4. All hourly timeseries were then binned into three 8-hour bins per day. For
solar radiation, wind speed, air temperature, and humidity, the mean of all
non-missing/flagged values per bin determined (if all were missing, a missing
value was given). These three averages were averaged to create the daily
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values, and a daily value reported as missing if any 8-hour bin average was
missing. For hourly 𝑧, the day’s value was the first available observation, or
missing if all observations that day were missing.

5. The annual maximums of all generated daily solar radiation observations
were determined, and the median ˜𝑅𝑚𝑎𝑥 and interquartile range IQR of these
maximums determined, and all daily solar values 𝑅𝑖 with a score 𝑅𝑖− ˜𝑅𝑚𝑎𝑥

IQR > 2
were excised. This only removed a handful of individual irregular spikes in
the rolled-up data and left most sites unaltered.

6. The converted daily timeseries was coalesced with the daily raw timeseries to
form a complete daily timeseries for the site. Raw daily 𝑧 and air temperature
values took priority over converted-hourly values if both values existed, and
converted-hourly values for solar radiation, relative humidity, wind speed took
priority over daily values if both existed (only the raw daily data was used for
SWE and accumulated precipitation).

7. Air temperature corrections to the air temperature data were applied in accor-
dance with [4] and associated metadata of which sites to correct, as of May
2024.

8. Standard quality control procedures and flagging for SWE, accumulated pre-
cipitation values, and air temperature as given in [60] and extended by [79]
were implemented. Inconsistent water years with maximum SWE at least 5%
greater than the associated accumulated precipitation value were excised in
accordance with this protocol.

9. Remaining accumulated precipitation observations were edited to account for
gauge undercatch, following the procedure outlined in [43] used in [80].

10. Daily timeseries of 𝑧 were compared to the quality controlled SWE, and any
values showing 𝑧𝑖

SWEi
less than 1, over 50, or missing SWEi were excised.

11. For all variables, gaps of 3 days or less were then filled via linear interpolation.

12. All data was then scaled into SI units (𝑧, SWE, and accumulated precipitation
to meters from inches, relative humidity scaled from 0-1, and wind speed to
meters per second from kilometers per hour).

13. Only days with complete cases (no missing values in all variables) were ex-
tracted, and sequential differences Δ𝑧𝑖 = 𝑧𝑖+1 − 𝑧𝑖, ΔSWE𝑖 = SWE𝑖+1 −SWEi,
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𝑝𝑖 = 𝐴𝑃𝑖+1 − 𝐴𝑃𝑖 were calculated, where 𝐴𝑃 is accumulated precipitation.
Only values where Δ𝑡𝑖 = 𝑡𝑖+1 − 𝑡𝑖 = 1 day were kept, and the target 𝑑𝑧

𝑑𝑡 𝑖
≈ Δ𝑧𝑖

Δ𝑡𝑖

created, as well as analogous 𝑑SWE
𝑑𝑡 𝑖

and 𝑃𝑖 = 𝑝𝑖/Δ𝑡𝑖. Days with 𝑃𝑖 < 0 due
to resetting of the water year were changed to 𝑃𝑖 = 0.

The data at this point was saved. Upon importing for usage in model training,
precipitation 𝑃𝑖 was split into snow 𝑃snow and rain 𝑃rain based off temperature
and humidity values using the snow fraction equation from [32] with over an 88%
success rate across the northern hemisphere:

𝑓snow =
1

1 + 𝑒𝛼+𝛽𝑇air+𝛾𝜑
, (2.14)

with 𝛼 = −10.04, 𝛽 = 1.41 ◦C−1, and 𝛾 = 9 (with the relative humidity 𝜑 ∈ [0, 1]).
The correlation of 𝑃rain data after quality control procedures and feature engineering
to 𝑑𝑧/𝑑𝑡 and 𝑑SWE/𝑑𝑡 was the lowest of all variables among the training data at
r = -0.016 and 0.005, respectively, informing the choice to also remove it from
the dataset to further increase computational simplicity and scalability of the final
model. Reintroduction and retraining including the variable on the optimized model
structure to verify this choice resulted in negligible changes in performance at the
site level and on average.

Three exceptions apply to the above procedure specifically for this set of training
data, which might not apply for other SNOTEL sites, and are as follows:

1. Air temperatures in the continental US were bounded below by −40◦C and air
temperatures in Alaska were bounded below by −50◦C instead of the instru-
ment limit of −60◦C to remove on average 1-2 individual suspect temperature
spikes per site.

2. All raw 𝑧𝑖 > 175 inches were flagged (a bound solely for removing unphys-
ical sensor spikes in this specific training data, and should be checked for
alternative data).

3. For SNOTEL site 1122, the averaged air temperature hourly timeseries took
priority over the daily timeseries when coalescing data.

The code to scrape SNOTEL data from the NCRS database as and apply the above
processing as well as a tutorial has been made publicly available in the code reposi-
tory.
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The other sites were provided varying degrees of quality control beyond unit conver-
sion and generation of targets 𝑑𝑧/𝑑𝑡 and 𝑑SWE/𝑑𝑡 from the resulting data. For Col
De Porte, Kühtai, and Reynolds Mountain East, no action was taken beyond collect-
ing data into daily timeseries (averaging all data except taking the first available 𝑧,
SWE measurement per day, no need for intermediate 8-hour blocks). Precipitation
was also split into rain and snow following the same procedure as SNOTEL data for
Kühtai. In the Rofental’s Bella Vista site data, a nonzero offset of precipitation data
was subtracted from dates after 2022-01-01, and otherwise both sites were collected
to daily data directly and treated with the same precipitation undercatch procedures
as the SNOTEL data. At the Yala Basecamp site, only the 2018 year was taken due
to feature availability. All negative SWE, 𝑧 values were set to zero, and gaps in the
SWE data up to 9 consecutive values were filled with linear interpolation. The same
undercatch procedures as SNOTEL were provided, and data was aggregated to the
day level directly (for 𝑧, the median was taken to ignore sensor spikes, otherwise the
mean for all variables). For Sodankyla, the following measures were taken from the
raw data series beyond unit conversion, target feature creation in the same manner
as the SNOTEL sites, and direct aggregation to daily level:

1. 1-minute SWE data was aggregated to the 10-minute level (the same level as
other variables).

2. All 10-minute variables had gaps up to 9 consecutive values filled with linear
interpolation.

3. All solar radiation data less than zero was set to zero.

4. Missing 𝑧 data from May to November 2016 was set to zero.

5. The same undercatch procedure was applied to precipitation data as the SNO-
TEL data.

2.C Hyperparameters and Model Benchmarking
Hyperparameters
Optimal hyperparameters are summarized in Table 2.3. Scores were evaluated using
44-fold leave-one-out cross-validation with a batch size of 64, tracking performance
every 10 epochs over 200 epochs. Most timeseries trials performed optimally
when training for approximately 100 epochs. A nonzero value of 𝑛2 emphasized
extreme points in the custom loss function, enhancing accumulated predictions,
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particularly for datasets with few extreme samples. The optimal hyperparameters
yielded a network size of 435 trainable parameters for the 𝑧 network and 540 for the
SWE network, compared to around 50 empirically tuned constants (parameters and
internal code) in Snow17 for predicting SWE and 𝑧.

Table 2.3: Hyperparameter results. For timeseries, NSE and RMSE were the primary metrics,
while RMSE was the main metric for regression. 𝑛1 = 2 (𝐿2-like metric) provided the lowest RMSE
for all choices, which is unsurprising. However, it is interesting that 𝑛1 = 2 also minimized SPE (an
𝐿1-like metric) compared to 𝑛1 = 1. 𝑁 represents the number of consecutive days averaged when
building training data, 𝑛 represents the width of the model’s mixing layer, 𝑛1 represents the power
scaling of the prediction error in the loss function, and 𝑛2 represents the power scaling of the target
magnitude in the loss function. The best value is shown for each of timeseries generation (“Series")
as well as direct regression over the data (“Regression").

Parameter Range Series (𝑧) Series (SWE) Regression (𝑑𝑧/𝑑𝑡)
𝑁 1, 2, 3 1 1 1
𝑛 3, 4, 5, 6 4 5 6
𝑛1 1, 2 2 2 2
𝑛2 0, 0.1, 1, 2, 4 4 2 2

Model Benchmarking
Table 2.4 presents the means and medians of different model configurations for
timeseries generation at the testing sites. The neural parameterization is also com-
pared to another network, 𝑀ifelse, which has identical predictive structure but has no
boundaries during training and only calculates and applies thresholds post-training
through vectorized if/else logic. The regression RMSE scores between𝑀 and𝑀ifelse

on training and testing data were within 1-2 mm/day, with 𝑀ifelse performing better
on training regression, despite notable superiority in 𝑀 for timeseries accuracy.
This trend of better training regression for 𝑀ifelse but worse timeseries generation
persisted across repeated training trials, reinforcing the notion that incorporating
bounds during training enhances physical representation and generalizability, rather
than minimizing training loss at the expense of other beneficial properties.

Table 2.5 lists the p-values from Wilcoxon Signed Rank tests used in this study. This
non-parametric test assesses the significance of differences between matched sam-
ples (timeseries RMSE, in this case), comparing the performance of the presented
framework over Snow17 and𝑀ifelse. The lack of significance for𝑀 at validation sites
was expected, as all models were calibrated for performance on this data. However,
significant improvements in out-of-sample testing data highlight the advantages of
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Table 2.4: Performance of the models (for SWE and 𝑧) and parameterizations (for 𝑧) in this
study across testing sites, using labels from section 2.2 (“Testing"). Medians are listed, with
the mean in parenthesis alongside the median. Another network 𝑀ifelse has been included, which
trains without constraints and applies them during testing with if/else statements, to highlight the
performance gains over out-of-sample data from including the framework developed in this paper.
Subscripts on metrics indicate whether depth or SWE was benchmarked.

Metric Standalone Model (SWE, 𝑧) Parameterization (𝑧)
𝑀̃ SN17 𝑀 SN17O 𝑀ifelse

MAE𝑧 (cm) 6.9 (7.8) 8.2 (16.1) 4.6 (5.9) 6.9 (8.9) 6.4 (8.0)
RMSE𝑧 (cm) 11.3 (12.9) 12.9 (23.7) 8.3 (9.6) 10.1 (14.3) 10.6 (13.0)

NSE𝑧 0.915 (0.870) 0.914 (0.347) 0.955 (0.936) 0.937 (0.782) 0.925 (0.875)
SPE𝑧 (%) 11.9 (13.4) 11.5 (27.6) 8.8 (9.6) 9.8 (15.4) 11.5 (13.5)

MAESWE (cm) 2.1 (2.3) 2.5 (4.2) - - -
RMSESWE (cm) 3.7 (4.1) 4.4 (7.4) - - -

NSESWE 0.931 (0.862) 0.933 (0.663) - - -
SPESWE (%) 11.3 (14.2) 11.3 (21.4) - - -

the presented approach. 𝑀̃’s significant difference from Snow17 in validation sites
was unexpected, potentially due to Snow17’s calibration prioritizing SWE directly
(one variable), while 𝑀̃ benefits from optimizing 𝑧 and SWE as direct inputs for
SWE prediction.

Table 2.5: Statistical significance testing of model RMSE at validation and testing sites.
p-values of the Wilcoxon Signed Rank test are shown, which compares the predictive power of
two models. Labels follow those in Table 2.4. Significant (𝑝 < 0.05) values are highlighted in
bold. 𝑀ifelse has been added to underscore the significant improvement on out-of-sample data when
applying the demonstrated framework.

Site RMSE 𝑀 vs. SN17O (𝑧) 𝑀̃ vs. SN17 (𝑧) 𝑀̃ vs. SN17 (SWE) 𝑀 vs. 𝑀ifelse (𝑧)
Validation Sites 0.673 0.006 0.029 0.903

Testing Sites 0.013 0.135 0.268 0.0003

Table 2.6 presents time/memory benchmarking. Testing was conducted on one Intel
i9 CPU (no GPU). Models were tested in “Column" mode, processing one location’s
inputs at a time (like a site simulation), and in “1.5M Grid" and “15M Grid" modes,
evaluating input vectors of ∼1.5 million and ∼15 million locations’ inputs at once
(like a global model at 10km or ∼3km land resolution), by stacking 14 or 141 copies
of all SNOTEL inputs, respectively. Average memory/time for a single evaluation
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(excluding garbage collection and compilation) were tracked and normalized by
the number of inputs. Column mode was averaged over 10 SNOTEL data passes
(1.06 million trials), while 1.5M and 15M Grid results were averaged over 250
trials. Snow17 can only iterate between locations in a Column-like mode. Both
𝑀 and 𝑀ifelse determine boundaries and adjust outputs accordingly, but 𝑀 does
this structurally, while 𝑀ifelse uses vectorized boundary creation and broadcasts
conditional if/else logic, creating the opportunity for branch misprediction effects.

While 𝑀ifelse is slightly faster with less memory in Column mode (comparing and
adjusting one value against two values is quicker than processing three values through
matrix multiplication), 𝑀 is faster by about 10% over gridded inputs (0.147 and
1.47 seconds total for all 1.5 million and 15 million inputs, respectively). Snow17
with data assimilation requires more time and memory than without, as assimilation
occurs after the primary evaluation. 𝑀̃ is larger than standalone Snow17 (and about
twice that of 𝑀 , as expected) but evaluates faster, which benefits long simulations
across many locations in global models. However, 𝑀 is quicker and requires
less memory than Snow17. Results may vary based on programming languages,
libraries, compilers, or protocols used for implementation, but one could always
train utilizing the framework (the main benefit) and alter boundary implementation
afterwards as desired. We anticipate these findings would extend to GPUs that
often lack optimized branching, suggesting further advantages for large-scale model
integration. Additional comprehensive benchmarking remains an avenue for future
research.

Table 2.6: Time and memory benchmarking of all models (for 𝑧 and SWE) and parameter-
izations (for 𝑧), listing required resources per evaluation for single-instances (“Column”) or
per-instance over roughly 1.5 million or 15 million instances (“1.5M Grid” and “15M Grid”)
simultaneously. Snow17 only evaluates single instances, and 𝑀ifelse is listed to compare constraint
layers against vectorized if/else post-processing. All benchmarks were evaluated on a single Intel i9
CPU.

Metric Standalone Model (𝑧, SWE) Parameterization (𝑧)
𝑀̃ SN17 𝑀 SN17O 𝑀ifelse

Column, 𝑇 (𝜇s) 2.6 3.6 1.3 3.8 1.0
Column, Allocated Memory (KB) 2.5 1.6 1.2 1.7 1.1

1.5M Grid, 𝑇 (𝜇s) 0.21 - 0.099 - 0.11
1.5M Grid, Allocated Memory (KB) 0.80 - 0.37 - 0.34

15M Grid, 𝑇 (𝜇s) 0.21 - 0.099 - 0.11
15M Grid, Allocated Memory (KB) 0.80 - 0.37 - 0.34
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C h a p t e r 3

A NEXT-GENERATION SNOW ALBEDO
PARAMETERIZATION FOR CLIMATE MODELING USING

CONSTRAINED MACHINE LEARNING

At the time of publication for this thesis, this chapter is under a sec-
ond review for Journal of Geophysical Research: Machine Learn-
ing and Computation, from the American Geophysical Union. No
digital article identifier or formal citation exists for this work at
this time. The format and content of this chapter may exhibit slight
differences from the version found in its affiliated version published
in a journal.

This article has associated Supplementary Information (referred to within the chapter
as “Supporting Information." This material will be hyperlinked where referenced,
though this material can be found athttps://doi.org/10.22002/cd37q-bd803.

References within this work to “previous work" the developed “framework," or
citation 19 in this chapter all refer to the study detailed in Chapter 2.
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ABSTRACT

We demonstrate a data-driven parameterization for snow albedo using a constrained
neural differential equation framework that directly predicts a range of snow albedo
tendencies from standard snow and meteorological inputs. After training with multi-
year in-situ and satellite observations from a wide variety of locations, the scheme
effectively reproduces daily albedo evolution across diverse climate zones, with
median error under 7.5% (RMSE ≈ 0.05), a 10-30% improvement over established
models. Furthermore, the model generalizes to sites not seen during training and
scales from coarser grids to point locations. The scheme can easily incorporate new
features as observational networks expand, offering an adaptive and computationally
lightweight framework for next-generation land and climate models.

3.1 Introduction
Seasonal snowpacks play a crucial role in the cryosphere, influencing climate at
small and large scales. They constitute an integrated response to a region’s weather,
covering nearly half the Northern Hemisphere land surface in winter while also
ranking among the fastest-changing land covers by season [33, 55, 72]. They
play a significant role in terrestrial energy and water fluxes, with consequences
for ecosystem and economic functions such as water supply, agriculture, supply
chains, tourism, and environmental hazards [57, 63, 78]. However, snowpacks are
sensitive to changing climates, and historical norms of accumulation and melt no
longer reliably capture present-day patterns and timing [3, 112]. Snow dynamics
remain one of the most challenging aspects to represent in simulations of the water
cycle [105], emphasizing the need for improved snow models that can adapt and
generalize to a range of possible futures at seasonal and multidecadal timescales.

Within snow models, one of the most critical parameters affecting the climate system
is the snowpack albedo (𝛼), the ratio of reflected to incident shortwave radiation
from the snow surface. Broadband snow albedo integrates wavelength-dependent
snow albedo over the spectrum of incoming radiation [9]:

𝛼 =

∫ 𝜆2
𝜆1
𝛼(𝜆)𝑆(𝜆)𝑑𝜆∫ 𝜆2
𝜆1
𝑆(𝜆)𝑑𝜆

(3.1)

where 𝛼(𝜆) is the snow’s spectrally-resolved albedo, 𝑆(𝜆) is the solar spectral irra-
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diance at the snow surface, and 𝜆1 = 250 nm and 𝜆2 = 4000 nm are conventional
cutoffs for the solar shortwave spectrum. Snow exhibits some of the highest natu-
ral albedos on Earth (0.7–0.9), making snow albedo and subsequent energy fluxes
uniquely sensitive to perturbations or small errors. A small relative reduction in 𝛼
creates a large relative increase in absorbed shortwave energy (1−𝛼) which acceler-
ates melt and lowers albedo further, amplifying a positive feedback on warming [9]
and leading to error propagation within global climate models (GCMs) [106, 128].
Through this mechanism, snow albedo exerts a strong control on the surface energy
balance and overlying air circulation, and thus regional climate patterns and precip-
itation [24, 32, 55, 74, 87]. This influence propagates to global circulation, affecting
processes such as ENSO, monsoons, and poleward retreat [133], underscoring the
need for accurate representation.

Reducing errors in snow albedo is difficult given its variability and multiscale drivers.
Snow albedo is governed by a suite of physical processes, including the shape, size,
scattering properties, and evolution of snow grains, the concentrations of light-
absorbing particles (LAPs) or impurities such as dust and black carbon, snowpack
layering and density, atmospheric state, precipitation history, and solar zenith angle
(see [134, 142]). However, snow albedo also varies strongly across short spatial and
temporal scales due to topography and microclimate [93, 137], and modification
by LAPs often reflects both local and remote sources, decoupling changes from
solely local snowpack processes [9]. Representing the complex interplay of these
processes across scales within physical models demands input availability and pro-
cess fidelity beyond what is contemporarily available at climate scales, leaving even
complex schemes uncertain [25, 49]. Simpler empirical or prescribed formulations
to approximate mean behaviors can be useful in mapping local geographic inputs to
expected long-term trends, but the assumptions for such schemes rarely generalize
beyond their calibration regime. With expanding multi-scale observations span-
ning diverse climates, a new alternative has become possible: to infer relationships
directly from available data, within physical guardrails but without presupposing
their functional form. Such a framework to represent physically consistent map-
pings from local snowpack, climate, and environmental properties to distributions
of albedo behavior must capture the integrated effects of the snow and atmosphere
while preserving generalizability to diverse climates and changing environments.

Most prevalent snow albedo models are built upon two formative ideas from the
1950s. The first was the application of basic scattering theory to model snow albedo
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analytically [35], with later extensions [138] to incorporate multiple scattering,
solar zenith angle, LAPs, and other snowpack properties. The second was the
quantification of empirical surface-age and positive-temperature indices in an Army
Corps of Engineers report [2] to estimate snow albedo decay. These ideas established
the spectrum of theoretical versus empirical approaches to albedo modeling that are
still in use today.

Results of these studies are mixed, with complexity showing limited influence
on overall parameterization skill and no consensus on which approach best suits
large-scale modeling [39, 49, 76, 86, 90]. Empirical age-based schemes reproduce
mean decay rates but struggle to capture their variability under changing conditions,
routinely producing albedo errors of 10–20% and comparable biases outside their
calibration domains [1, 9, 25, 41]. This spurred development of detailed process
models such as SNICAR, TARTES, and SNOWPACK [44, 79] to resolve radiative
transfer, microstructure, and spectral effects with higher accuracy, though their
usage is generally associated with a larger computational cost at regional scales
or modern GCM grids (∼10-100km) [18, 25, 39, 47, 49, 59, 132]. These and
intermediate-complexity models are also sensitive to input uncertainties, which are
poorly constrained at GCM resolutions [1, 9, 47, 57, 90, 131] and often require site-
specific calibration. As a result, they show limited transferability across climates
and error ranges at large scale that frequently converge back to those of simpler
schemes, or can even be outperformed by the latter under uncertain inputs [41, 77,
82, 97, 119, 122].

Therefore, many GCMs continue to rely on combinations of a few simple and older
parameterizations for scalability, with wide performance spreads highly sensitive
to model choice, calibration sites, and validation approaches, especially during
the ablative period [39, 41, 54, 86]. Age-based schemes remain common despite
evidence that more flexible alternatives are superior [9]. Snow albedo modeling
choices have a larger impact on simulations than those for compaction or other
processes, with most impact arising from their aptitude in representing varied albedo
decay rates and their resulting influence on snowpack decay, which can vary the
snow season length by 25-50+ days [1, 39, 41, 66, 78, 101, 117, 133]. Meanwhile,
increasing GCM resolutions and efforts toward finer (∼1–10 km) or even sub-km land
scales to resolve snow albedo variability [3, 31, 47, 131, 141] will further exacerbate
these issues of sensitivity, computational burden, and local errors, highlighting
the need for efficient but accurate finer-scale schemes for next-generation GCMs;
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capable of capturing diverse decay rates [12, 22, 120, 141].

Recent computational advances and data volume have inspired new albedo parame-
terization efforts emphasizing grain size, LAP concentration, and spectral resolution
to replicate the success of models such as SNICAR/SNICAR-ADv3 with greater
efficiency. Studies such as [9], [49], [118], and [127] report accurate performance
across snow conditions, yet these schemes still require complex inputs and inherit
the input sensitivity of their predecessors, limiting their utility in GCMs where nec-
essary inputs are often unavailable [47, 49, 54, 57, 141]. Machine learning (ML)
alternatives offer potential as they easily represent nonlinear interactions and are
more robust to uncertainty and nonstationarity [25, 29, 46], yet efforts specific to
snow albedo modeling remain scarce. Many focus on snow coverage to improve
data fidelity, or largely post-process input reflectance products or predetermined
albedo, lacking the physical basis for incorporation into GCMs where such inputs
are unavailable [20, 31, 143]. These efforts presently find limited transferability be-
yond calibration sites, with many errors still plateauing near ∼10% [29, 31, 70], and
many ML-based approaches do not inherently respect physical constraints [26, 48].

This work presents a novel parameterization, which uses the machine learning
framework developed in 2022 and described in Charbonneau et al. [19] to predict
the time derivative of the snow albedo given environmental features and snow state
as input. The predictive model output, which obeys prescribed constraints, is then
integrated to obtain the broadband snow albedo. It is able to outperform a suite of
established models over a large variety of sites from only a single calibration on
coarse-scale data, with results that extend from the coarser scales of present data
products to fine-scale point validation without recalibration. We use the U.S. Snow
Telemetry (SNOTEL) network to gather site-level snow state data, in combination
with the STC/MODSCAG-MODDRFS 500-m albedo product [114] to create coarse-
level data, along with established validation site data and automated weather station
data to allow testing over a variety of climates. The approach is also accessible
to many computational systems and fast to train and prototype (under one minute
for training on a single CPU, and able to process millions of inputs per second).
It is adaptable as new variables (e.g., characterizing aerosol deposition) become
available, demonstrating versatile capability for advancing climate modeling.
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3.2 Methodology
We utilize the framework introduced in Charbonneau et al. [19] to construct our
parameterization, which enforces prescribed constraints (supplied analytical func-
tions, additional parameterizations, etc.) using fixed layers during both training and
operation, enabling constrained learning without penalizing the loss function. This
scheme was shown to enable efficient, physically consistent, and generalizable pa-
rameterizations from simple predictive structures, applicable to a variety of systems
and capable of performing on par with more complex models. We combine remotely
sensed data in addition to point observations to support benchmarking across scales
and a variety of climates. By prioritizing observational data rather than age-based
or assimilated features, we avoid circular bias from reanalysis-driven inputs, break
from continued reliance on age indices, and achieve more faithful representations
of underlying snow processes for usage within GCMs.

Model
We model the rate of change in snow albedo with a simple neural network, 𝑀 driving
an ordinary differential equation for the evolution of snow albedo:

𝑑𝛼

𝑑𝑡
= 𝑀 (𝛼, 𝑇𝑎, 𝑃, 𝜇) (3.2)

where 𝑇𝑎 is air temperature (◦C), 𝑃 is liquid water-equivalent snowfall rate (m s−1),
𝜇 is the cosine of the solar zenith angle (at solar noon for daily data), and 𝛼 is current
albedo (0–1). The network structure is shown in Fig. 3.1, and constraint functions
are picked only to limit the subsequently updated snow albedo value between an
applicable range of 0.3 and 1 [60]. The constraints are enacted by fixed layers
that remain during both training and inference, guaranteeing physically admissible
outputs by construction (prohibiting unphysical outputs that would arise from their
removal) and improving gradient updates within valid bounds during training. This
eliminates the need to add loss function penalties, which can impede optimization of
the primary objective [107], and was shown to protect against overfitting and enable
learning of more extrapolative final models, compared to identical models trained
without constraints that were only applied afterwards [19]. Unlike our previous
work and other schemes, we did not want to a priori restrict albedo increases to
occur only under precipitation with the selected constraints, since phenomena like
the smoothing of the snow surface during melt or overnight freezing can increase
the albedo absent new precipitation. Choosing initial boundaries solely to maintain
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Figure 3.1: Structure of 𝑀 . The predictive portion of the parameterization consists of a simple
3-layer dense neural network with an aggregation to a final output. Nodes are colored by their
aggregation function, trainable weights (and a bias term) are shown in blue, and fixed weights (no
bias term) are shown in yellow (+1) or purple (-1). One hyperparameter 𝑛 determines the layer
widths. The white “×" indicates multiplication to allow usage of the cross-term inputs 𝛼𝑇𝑎 and 𝛼𝑃.
A threshold constraint layer (see Appendix A in [19]) is included around the predictive component
to keep the accumulated albedo between 0.3 and 1 for time-step Δ𝑡, even during training.

expected global limits did not presuppose any assumptions about albedo dynamics,
and additionally allowed us to explore the extent of the model to learn physically
consistent relationships absent additional structure. This prognostic form mirrors
the differential equations used for other GCM variables, aiding integration, and
reflects findings that prognostic parameterizations are more consistent than other
forms [39]. Learning the rate of change directly via a neural network permits a
nonlinear expression of a diverse range of rates from an otherwise simplistic input
space, addressing one of the main limitations in previous simple or prognostic
schemes [1, 41] and improving representative capacity to observed variability. We
also note that without an inclusion of snow timing, we break from conventional
reliance on snow age, preferring to focus on more direct state-related snow features.

We deliberately employ a small black-box neural network (NN) as the internal
predictive model within the constraint structure, rather than linear regression, tree-
based methods, or other ML approaches. For training volumes available in climate
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parameterizations and this study, reported tabular-data advantages of tree ensembles
diminish [51, 53], while NNs exhibit stronger expressive capacity for the continuous
nonlinear interactions governing albedo. While white-box models like single trees
are interpretable, ensemble methods lose most structural transparency, offering little
practical interpretability over an intentionally compact NN for GCM integration.
Explicit cross-terms and ReLU in the first layer reduce the required depth/width
to otherwise learn multiplication and enable explicit representation of “controlled"
behaviors (e.g., (𝛼 − 𝛼0) ∗ 𝐻 (𝑃 − 𝑃0); 𝐻 is the Heaviside function) with fewer
parameters and operations. Unlike trees, inference with a NN is continuous, fully
differentiable, more GPU/cache-scalable without conditional branching, and more
compatible with Kalman/gradient-based calibration workflows utilized in GCM
sub-model tuning. Our framework with NNs was also shown to permit physically
generalizable extrapolation beyond the convex hull of the training targets [19],
whereas tree models cannot, which is important in evolving climate systems where
no data is wholly representative. Convolutional or spatiotemporal networks were not
pursued, as the governing processes are effectively localized in the selected input
features at GCM-relevant scales, and spatial aggregation amplifies missing-data
and uncertainty propagation. We emphasize these choices showcase an informed
baseline rather than a final architecture, as the framework remains extensible to
alternative model classes and other constraint choices.

Since model complexity shows little correlation with model skill, using a simple
network aids computational efficiency, robustness to input uncertainty, and pro-
tection against overfitting; all necessary for high-resolution GCMs [39, 86]. Like
snowfall timing or LAP-affiliated features where few training samples from different
climates are available1, grain size is deliberately excluded — though often improv-
ing diagnostic accuracy, using grain size increases model sensitivity and couples
performance to an uncertain or unavailable input at GCM scales, it is less directly
linked to albedo derivatives than variables like temperature or precipitation [1, 41],
and measurements transfer poorly across regions, risking bias and reduced general-
izability. Using a 1D model over well-characterized local state variables (i.e., not
directly ingesting/requiring spatiotemporal information) allows broad applicability

1While LAP-affiliated features would be useful for capturing explicit representation of darkening
processes, their relative data sparsity would leave a model more sensitive to otherwise uncertain
inputs at GCM scales, and severely limit training data availability. Leaving LAP-related variables
out mitigates these issues and permits more higher-quality training data from a wide variety of
locations, which is critical for learning robust relationships that generalize to different climate types.
As observational efforts expand and these effects become better sampled across different climate
types, adapting the network to receive such inputs remains straightforward.
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over any spatial grid and better representation of inherently universal processes,
while the lack of explicit time dependence within the predictive component (only
time-step dependence in the constraints) ensures the scheme can be run at any GCM
time step without retraining [19].

Data
We combined in-situ observations from the U.S. Snow Telemetry (SNOTEL) net-
work with the remotely sensed STC/MODSCAG-MODDRFS 500-m albedo product
(hereafter “SMM"). SNOTEL provides collocated ground measurements of snow
and meteorological variables. In recent years, over 20 SNOTEL sites have also
begun to collect surface radiation data, enabling direct snow albedo derivation for
site-level validation. For earlier periods, snow albedo timeseries were extracted
from the corresponding SMM grid point. SMM improves on earlier MODIS-
based products through enhanced corrections for clouds, canopy viewing angle,
and ground slope, reducing errors by nearly threefold against widely used products
(e.g., MOD10A1), especially in forested regions where most SNOTEL sensors are
located. It more accurately represents snow albedo instead of mixed surface albedo
as well as snow onset, disappearance, and melt season dynamics down to lower
snow cover fractions [3, 57, 111, 112, 119, 125], with typical validation errors of
0.05–0.08 [9, 33, 58, 100, 101, 103, 137]. Usage of SMM has yielded 10–25%
gains in hydrological modeling skill, especially during melt season, underscoring
its suitability for next-generation models [46]. We are additionally not aware of
prior studies using the new SNOTEL albedo data for model validation, offering a
novel benchmark. To further test generalization and provide comparable bench-
marks, we incorporated standard evaluation sites from Col de Porte [80], Kühtai
[75], and Mammoth Mountain [8], and include additional data from Sodankylä [40],
the Upper Rofental [135], the Himalayas [123, 124], and one site in Chile from the
Centro de Estudios Avanzados en Zonas Áridas (CEAZA) meteorological network,
to test performance across out-of-sample elevations and climates.

Both SMM and site sensor data have known quality issues. For SMM, accuracy
varies by location and with vegetation cover, and it can exhibit geolocation errors
of up to one pixel (500m) [9, 10, 29, 112]. SMM’s underlying calibration data is
not inherently representative of all climates [69] and can influence poor distinction
between snow types [57], which can bias snow cover fractions and subsequently de-
rived albedos ([78]; see Appendix A). Systematic underestimation of snow-covered
areas, summertime values, and misrepresentation of shallow snowpacks (<5 cm)
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suggest non-snow albedo continues to contaminate reported values [31, 71, 103].
For SNOTEL and other site sensors, precipitation is often underreported, and sensor
records can contain biased or unphysical values [61, 91, 135]. Because no univer-
sal cleaning methods exist — particularly for the new SNOTEL albedo records —
we developed a custom procedure (see Appendix A) to quality-control, de-noise,
smooth, and scale albedo timeseries, supplemented with established methods for
other variables [7, 85, 121, 140]. From cleaned records, 𝑑𝛼/𝑑𝑡 was derived for days
with complete data (excluding Δ𝑡 > 1), creating a table of input feature values and
an associated target 𝑑𝛼/𝑑𝑡 that could be shuffled for training. Daily zenith angle
cosine was computed with Insolations.jl [23], and snow-rain fractions were
derived using the parameterization from Jennings et al. [65], shown to be over 85%
accurate. Data scaling constants (standard deviation for inputs, absolute maximum
for targets) were fixed in the neural model for reproducibility. This yielded roughly
1.6 million site-days with SMM albedo and 15,300 with direct observations.

Training and Testing
The combination of SNOTEL sites with the SMM values along with the other
validation sites provides two albedo spatial scales for model evaluation: point-
scale timeseries from ground sensors to assess encapsulation of underlying albedo
processes, and extracted 500 m grid-point timeseries to gauge representation of
coarse-grained dynamics more relevant for climate models and evolving GCM needs.
To emphasize generalizability, the model was trained on a small subset of the coarser
SMM data, saving the rest for coarse-scale testing. We also used the same resulting
calibration to test over out-of-sample ground-level records from varying climate
types, forcing a more stringent test of the parameterization’s capacity to extract
and learn relationships that should transfer across scales. We used only the daily
data from the 40 SNOTEL sites overlapping with our previous study for training,
as these were shown to exhibit sufficient diversity in elevation and local climate to
enable robust parameterization (see spread in altitude and snowpack types in Fig.
3 from Charbonneau et al. [19], as well as Fig. S1 in the Supporting Information
for all sites in this study). This left 700 unused SNOTEL sites for coarser testing
and 31 site-level test locations, providing extensive performance statistics while
highlighting the framework’s ability to generalize from a relatively smaller training
sample (∼87000 batched and shuffled site-day samples from SMM). The model was
trained with 𝐿2 loss, using 𝑛 = 2 for the width hyperparameter (see Appendix C for
hyperparameter selection), creating a total of 331 weights. Training for 100 epochs

https://doi.org/10.22002/cd37q-bd803
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(100 passes over all training data) with batch sizes of 256 requires <30 s on a single
Intel i9 CPU, with a storage footprint under 2 kB. This likewise competes with
the usual training time advantage associated with tree ensembles and other non-
adjoint machine learning approaches. Training was implemented in Julia’s Flux
framework [64] using the root-mean-square propagation (RMSProp) optimizer [62].
Data sources and variables are summarized in Table 3.1.
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Table 3.1: Summary of data and variables. This table denotes the names of utilized data sources and their purpose, as well as the variables mentioned throughout
the paper. The Days column refers to the number of sensor days with complete records of at least 𝛼, 𝑃, and 𝑇𝑎. “Water equivalent" is abbreviated as “w. eq." Bulk
Density is represented as a unitless fraction of the density of liquid water, 1000 kg m3. Only variables listed in Eq. 3.2 are used within 𝑀 . The spread of snowpack
types and geographic locations of all sites can be found in Fig. S1 of the Supporting Information.

Data Variables
Source Sites Days Scale Purpose Symbol Units Name Description
SNOTEL/SMM Albedo 40 86841 500m Training 𝛼 None Snow Albedo Derived, see Appendix A
SNOTEL/SMM Albedo 700 1527868 500m Testing 𝑃 ms−1 Snowfall (w.eq.) Direct or derived (Appendix A)
SNOTEL/SNOTEL Radiation 23 5318 Point Testing 𝑇𝑎

◦C Air Temp. Averaged to daily level
Col De Porte, France 1 2340 Point Testing 𝜇 None Zenith Angle Cosine at solar noon
Kühtai, Austria 1 4532 Point Testing 𝑧 m Snow depth Direct data
Sodankyla, Finland 1 317 Point Testing SWE m Snow w.eq. Direct data
Bella Vista, Upper Rofental 1 457 Point Testing 𝜌 None Bulk Density Derived as SWE/𝑧
Proviantdepot, Upper Rofental 1 741 Point Testing 𝜏 days Snow Age See below & Appendix A
Yala Basecamp, Himalayas 1 126 Point Testing 𝛼𝑔 None Ground Albedo Derived, see Appendix A
El Tapado, Chile (CEAZA Network) 1 268 Point Testing DOY None Day of Year Derived from Date
Dozier Snow Study Site (CUES) 1 1490 Point Testing Date Date Date Direct data
TOTAL 771 1630298 𝑇𝑠

◦C Surface Temp. Estimated, min (0, 𝑇𝑎)

https://doi.org/10.22002/cd37q-bd803
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Magnusson et al. [86] notes new parameterizations are often benchmarked with-
out comparison against existing models, limiting assessment of their true value.
To address this, we compare our parameterization against a comprehensive set of
alternatives (Table 3.2), representative of those used in current GCMs [78] or pro-
posed in prior studies. Consistent with Magnusson et al. [86] and similar efforts,
alternative schemes are primarily compared as-published beyond adjusting time-
step-dependent parameters to daily resolution, since many have already been tuned
for global use. Additional recalibration may reduce absolute errors but rarely alters
the rough ranking or performance categories of schemes [39], making such adjust-
ments unnecessary. However, since our neural parameterization must be calibrated
to be compared, for fair and holistic comparison a supplemental benchmarking
was included for all schemes upon recalibrating them to the same data (see the
Supporting Information for equations and parameter values).

The benchmarked schemes fall into diagnostic or prognostic classes, with some
incorporating internal snow-age or other “latent-state" formulations which rendered
them unable to be trained via regression like the neural scheme (see below). All
schemes except ours predict albedo directly rather than its derivative, with scheme
output equal to the snow albedo at the next time-step, rather than an albedo tendency
or rate relative to the present albedo. This reflects historical convention, a need for
computational simplicity, and represents a leading cause for the lack of a variety of
growth/decay rates in present albedo schemes, which we intend to circumvent with
our continuous prognostic scheme. The distinction between these modeling forms
leads to three possible equations for generating time-stepped outputs, diagnostic
(Eq. 3.3), prognostic-value (Eq. 3.4), and prognostic-rate (Eq. 3.5, our neural
parameterization):

𝛼𝑖 = 𝑓 (𝜃𝑖) (3.3)

𝛼𝑖 = 𝑓 (𝛼𝑖−1, 𝜃𝑖) (3.4)

𝛼𝑖+𝐾 = 𝛼𝑖 + (𝐾Δ𝑡) 𝑀
(
𝛼𝑖, 𝑃𝑖, 𝑇𝑎,𝑖, 𝜇𝑖

)
(3.5)

where a hat indicates the model prediction (and no hat for the observation) and 𝜃𝑖
indicate the scheme’s (denoted 𝑓 ) relevant set of non-albedo input variables at step

https://doi.org/10.22002/cd37q-bd803
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𝑖. For the neural scheme, the integer 𝐾 denotes the step size across sequential days
(𝐾=1) or “gaps" from missing/cleaned/no-snow periods (𝐾 >1). We note that when
traversing data gaps via an Euler step with 𝐾 > 1, the resulting albedo could violate
the bounds dictated by the predictive model (designed for step-size 𝐾 = 1), though
such error should be attributed to the time-stepping choice, not the parameterization
itself. To mitigate this, following our previous work [19], a maximum gap size of
𝐾max = 5 days was permitted before timeseries were “reset" to observed2 values
𝛼𝑖+𝐾 = 𝛼𝑖+𝐾 if 𝐾 > 𝐾max, and unphysical albedos from 1 < 𝐾 < 𝐾max traversals
were likewise clamped to [0.3,1] to avoid attributing error from the time-stepping
choice to the parameterization for fair evaluation, as such issues would not occur
within a global model setting. Other schemes were reset for any gaps, giving them
a “best-case" comparison. Latent-state schemes were not resumed upon reaching
a gap until receiving at least 𝑄0 = 3 mm of liquid-equivalent new snowfall to
reinitialize internal snow “age"/state from an otherwise indeterminate value (unless
𝑄0 was specified differently in their documentation), consistent with theoretical
analysis from Wiscombe and Warren [138], though age/state dynamics after such
initialization were dictated only by the scheme.

2Input data was only defined as non-missing where observational values for albedo also existed,
instead of keeping data where inputs existed but not observed albedo. This mitigated the issue of
needing to reset the scheme to an observed albedo value when none existed.
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Table 3.2: Parameterizations compared in this study. We benchmark the proposed parameterization against an exhaustive (and fundamental, as others are
similar to those below) list of other simple forms (no grain size, only available macroscopic state variables) used in past and present GCMs or proposed in literature,
noting their original appearance and reference consulted for parameter values. The table denotes each scheme’s symbol for usage throughout the paper, as well
as the model type (prognostic-rate, prognostic-value, or diagnostic, as PR, PV, and D, respectively), whether the scheme uses a continually- (C) or threshold- (T)
based reset of internal snow age/indices, and whether the scheme was calibrated autoregressively (AR) or via regression (yes[Y]/no[N], see below). Equations are
provided in the Supporting Information. Models explicitly found in CMIP6 [42] are denoted with an asterisk. Some other CMIP6 parameterizations are very similar
to listed table members (e.g., UTOPIA, BATS, 𝑇𝑎 Interpolation), or constant values. Other listed schemes have also been used in non-CMIP6 global or regional
modeling. Some schemes are more similar than others, though the entire range exhibits a wide spread of possible functional forms, expressive capacity, and utilized
input features.

Name Symbol Identifiable Origins Referenced Paper Variables Type 𝑃 Reset AR Has Been In:
ACE Curve, Polynomial 𝐴𝐶 1956 [93] 𝜏 D T N
Exponential Decay (Snow Age) 𝐸𝐷 1969 [73] 𝜏 D T N US ACE HEC-HMS
Exponential Decay (𝑇𝑎 Index) 𝐸𝑇 1991 [109] 𝑃,𝑇𝑎 D T Y
Logistic/Exponential Decay (Ta Index) 𝐿𝐸 2024 [104] 𝑃,𝑇𝑎, 𝑧 D T Y -
VAS 𝑉𝐴 2014 [87] 𝑃,𝑇𝑎, 𝑧, 𝛼𝑔 D T Y -
Brock 2000 𝐵𝑅 2000 [14] 𝑃,𝑇𝑎, SWE, 𝛼𝑔 D T Y -
Marshall (“Simple" Depth) 𝑀𝐷 1989 1989 𝜏, SWE, 𝛼𝑔 D T N -
Oerlemans & Knap 𝑂𝐾 1998 [83] 𝜏, 𝑧, 𝛼𝑔 D T N Noah
ESCIMO 𝐸𝐶 1991 [126] 𝜏, 𝑇𝑎 D T N ESCIMO
Interpolation (𝑇𝑎)* 𝐼𝑇 1992 [94] 𝑇𝑎 D - N ECHAM, ECMWF, JSBACH3
Interpolation (Density) 𝐼𝐷 1994 [52] 𝜌 D - N SOMARS, RACMO2, CLSM
Noah Exponential 𝐿𝑉 1968 [84] 𝜏, DOY D T N Noah, DHSVM, VIC
SNOWPACK-like 𝑆𝑃 2002 This 𝑃,𝑇𝑎, 𝜇, 𝑧, 𝜌 D - N SNOWPACK
Zhongyuan & Ohata Density 𝑍𝑂 1989 [142] 𝜌 D - N -
NASA GISS* 𝑁𝐺 1983 [56] 𝑃 D C Y GISS Model II, ORCHIDEE, CLSM
CLASS* 𝐶𝐿 1991 [81] 𝑃, 𝛼 PV C Y Noah-MP, ISBA, CLASS
UTOPIA 𝑈𝑇 1991, 1990 [17] 𝑃, 𝛼, 𝑇𝑠, 𝜇 PV C Y UTOPIA
HTESSEL* 𝐻𝑇 1991, 1990 [36] 𝛼, 𝑃, SWE, 𝑇𝑠 PV C Y HTESSEL/ECMWF
Giddings and La Chapelle 𝐺𝐶 1961 [99] 𝑧, 𝛼𝑔 D - N -
JULES* 𝐽𝐿 2001 [13] 𝑃,𝑇𝑠 D C Y JULES
Marks 1988 𝑀𝑆 1988 [88] 𝜏, 𝜇 D T N SNOBAL
BATS* 𝐵𝐴 1986 [1] 𝑃,𝑇𝑠, 𝜇 D C Y Many (Noah-MP, WRF CoLM...)
ISBA* 𝐼𝑆 1992 [27] 𝑧, 𝑇𝑠, 𝑇𝑎, 𝑃 D C Y Crocus, ISBA MAR
Neural Network 𝑁𝑁 Prev. Work, 2025 This 𝛼, 𝑃, 𝑇𝑎, 𝜇 PR - N -
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Calibration of Existing Schemes

Most schemes with an internal snow age (𝜏) utilized a simplistic threshold for-
mulation equal to the number of days since the last snowfall event (𝑃Δ𝑡 > 𝑄0),
allowing a priori external engineering of the 𝜏 feature and training of such schemes
via regression over the same batches as the neural scheme. However, some latent-
state schemes used continuous or adaptive expressions, requiring autoregressive
sequence-based training. In such cases, “batches" were constructed from contigu-
ous cleaned data segments of at least four days. To avoid indeterminate initial latent
states, new sequences were only started at days with 𝑃Δ𝑡 > 𝑄0 liquid-equivalent
snowfall. Each sequence was initialized with a new latent state and stepped forward
by the parameterization using the appropriate form from Eq. (3.3-3.5), scoring
sequences by comparing simulated and observed albedos using the 𝐿2 norm. All
schemes could be trained on their respective batches with the same 𝐿2 optimization
framework. The neural scheme (and others) could also be trained in this autore-
gressive manner if desired, though such training was slower (roughly 5×) without
necessarily leading to better results compared to regression on single-day inputs and
targets, leading to autoregressive training being reserved only for the models labeled
“Y" for “AR" in Table 3.2.

Statistical Analysis
Evaluation metrics included root-mean-square error (RMSE), root-mean-square per-
centage error (RMSE%), bias (B), and bias-percentage (B%) between simulated and
observed albedo timeseries. Statistical significance of RMSE and RMSE% differ-
ences across validation and test sites was assessed using the Wilcoxon signed-rank
test [136] at a 𝑝 = 0.05 significance level, a nonparametric method over matched
samples that avoids assumptions of normality or equal variance. The input features
of the model exhibit non-negligible correlation, which confounds more traditional
interpretability methods like Shapley additive explanations (SHAP) analysis, per-
mutation importance, or local interpretable model-agnostic explanations (LIME)
[92]. Therefore, to qualitatively assess physical consistency, we derived a first-order
accumulated local effects (ALE) plot of the neural parameterization, which isolates
the influence of individual features even under correlated inputs. Additional discus-
sion of ALE construction and interpretation is available in Charbonneau et al. [19],
Apley and Zhu [6], and Molnar [92].
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3.3 Results
Model Benchmarking
By expressing a variety of growth rates, the neural model can better track the seasonal
dynamics compared with other models with more rigid evolution structures or a finite
set of growth and depletion rates. This is reflected by our scheme exhibiting the
lowest spread in RMSE% for daily timeseries generation compared to all other
schemes as-published. The distribution of RMSE% scores from all schemes as-
published (various symbols, see Table 3.2) and our approach over both coarser
(500-m scale) and site-level (point observations) daily data not seen during training
can be seen in Fig. 3.2. All generated albedos by our scheme (𝑁𝑁) show a
correlation against observations of 𝑅2 = 0.786 over the coarse data and 𝑅2 = 0.677
over the site-level data. The average correlation scores over each testing site can be
further compared against other schemes in the modified Taylor Diagrams [37], which
show both standard deviations and correlations of simulations and observations (Fig.
3.3). Table 3.3 in Appendix B displays numerical RMSE%, RMSE, B, B%, and
Wilcoxon Signed Rank [136] scores comparing our scheme to other schemes.

Our model exhibits a median snow albedo RMSE of 0.049 (RMSE% of 6.8%) across
all coarse sites, increasing by less than 1% (RMSE 0.056) for point observations,
and with less than 0.01 bias at both scales, improving over 30% from other schemes
and surpassing the routine 10% error found in other studies. The distribution of
RMSE% scores of our scheme is narrower than that of other schemes, showing a
consistent range of performance, with fewer outliers (Fig. 3.2). The two halves
of the violin plot are relatively symmetric in addition to exhibiting narrow range,
suggesting good generalizability across different climates (consistency across sites)
as well as generalizability across spatial scales (500 m and site-level sites). This is
further corroborated by a lack of distinct patterns in performance with regards to
location or snowpack type (see Fig. S1 in the Supporting Information), suggesting
broad applicability. With only one calibration at coarser scales, our scheme shows
an ability to readily compete against other models that are specifically calibrated for
global usage across a range of locations and resolutions.

Most other schemes show less of an ability to maintain consistent performance when
transferring across spatial scales — while 𝑁𝑁 shows slightly better performance on
coarse data than site data, other schemes tend to show slightly better performance
on site data, which could be influenced by the calibration data used for these
models compared to the explicit calibration to coarse data in our approach. The

https://doi.org/10.22002/cd37q-bd803
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Figure 3.2: Relative Root Mean Square errors of the new parameterization (𝑁𝑁) versus
existing parameterizations. This split-violin plot shows the distribution of RMSE% scores for each
scheme in daily timeseries generation across all evaluated sites (700 500m scale sites on the left
in orange, 31 point observational sites on the right in blue), with the median of each set marked
by the horizontal bars. Parameterization symbols match those described in Table 3.2, and our
scheme is highlighted in gray to the left of the other schemes (organized alphabetically; scheme
parameters taken as published). Our proposed scheme outperforms all other compared schemes,
with the bulk of sites below the marked 10% error threshold (dotted red line) common in snow
albedo parameterizations. It also shows good generalizability; with a short tail (a tight spread of
scores) and relatively symmetric halves between validation and testing sites (consistent performance
across varied out-of-sample regimes). All scores are visible on the plot.

lack of schemes near the unity normalized standard deviation contour in Fig. 3.3
also indicates our model is more capable at replicating the variability of snow
albedo observations. Our approach also shows the highest average correlation to
observations. All comparisons were significant at the 5% level (𝑝 < 0.05 for all
Wilcoxon tests, with 700 samples for coarse sites and 31 for point-observation sites),
detailed in Table 3.3.

Model Consistency
Timeseries of our scheme output versus that of well-known top-quintile alternative
schemes like BATS (BA), JULES (JL), ISBA (IS), and HTESSEL (HT) are given
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Figure 3.3: Modified Taylor Diagrams of all schemes over all ground (left) and coarse (right)
testing data. The polar coordinates of each scheme mark the standard deviation of daily timeseries
outputs (normalized to that of the observations; the radial coordinate) and the Pearson correlation
of daily timeseries outputs against the observations (the azimuth), averaged over all testing sites.
The geometric relationship between standard deviation, correlation, and error means the Euclidean
distance from each scheme’s marker to the observations is equal to the centered root-mean-squared
(RMS) error against the observations (also equal to the standard deviation in model error), for which
contours of centered RMS error are marked in green, contours of normalized standard deviation are
marked in blue, and contours of correlation in black. Scheme markers are colored in accordance
with their B% score, and the legend is ordered in terms of increasing |%B|, with the value listed
next to the symbol. For both types of data, our scheme (circled in red) is best able to replicate the
observations with one of the best %B scores.

in Fig. 3.4. Compared to the other schemes, our approach is more able to trace
the trends of the albedo within the growth and melt season and match the range of
slopes created by the observations across different conditions. While tracking overall
seasonal dynamics via a wider variety of output ranges is useful over accumulated
seasonal timescales (and thus useful for gauging the accuracy of accumulated energy
fluxes within a GCM), we do note this approach does not capture the abrupt increase
in albedo due to new snowfall or fast decreases as well as the other schemes,
preferring to instead more smoothly climb and fall and transition between different
growth and depletion rates, which is likely influenced by our use of training data at
coarser scales, 𝐿2 loss, and data cleaning approaches. At higher temporal resolutions
where high-frequency albedo changes can occur from snowfall or intraday zenith
angle dependencies, our approach will likely track fluctuations less but track the
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Figure 3.4: Timeseries of albedo generated by various schemes. This figure details generated
timeseries over a selection of site-level testing sites compared to the processed timeseries data,
using symbols provided in Table 3.2. While other schemes show a better capability at creating fast
fluctuations or jumps from snowfall, our scheme shows a better ability to follow the overall trend of
the albedo throughout the snow season. The shown years were selected to highlight the difference
between the trend-tracking behavior of our model vs the fluctuations of other parameterizations.

average well. This emphasis is more conducive to the needs of climate models
and long-term studies, where low systematic bias in trends and integrated fluxes is
critical over sub-weekly variation or transient fluctuations [95, 96].

An Accumulated Local Effects (ALE) plot of our scheme is shown in Fig. 3.5
below. The ALE plot displays the centered changes in model output (the change in
output 𝑑𝛼/𝑑𝑡 compared to the average output 𝑑𝛼/𝑑𝑡), accumulated over sequential
bins of feature values. The accumulation of centered changes instead of displaying
averaged outputs over data subsets isolates the model changes independent of feature
correlations, allowing interpretation of curve shape (but less so scale) to gauge
physical consistency.

The mean prediction of our model over all data is 𝑑𝛼/𝑑𝑡 ≈ 0, meaning the average
changes in model output by feature value align well with physical expectations.
Albedo tends to decrease unless there is a minimal amount of snowfall (∼5 mm
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Figure 3.5: ALE Plot for features of 𝑁𝑁 . The horizontal axes give the range of each of the four
input variables (present albedo 𝛼, water-equivalent snowfall 𝑃, cosine of solar noon zenith angle 𝜇,
and air temperature 𝑇𝑎) while the vertical axes show the average change in the scheme relative to the
average prediction of albedo change per day (which is 𝑑𝛼/𝑑𝑡 ≈ 0). Curves are binned so that each
bin has at least 50 samples to average. The rough patch for 𝑃 after ∼5.5 cm d−1 is an artifact of very
limited sample sizes in this range, towards the extremes of the available data.

liquid-equivalent, see Fig. 3.5), which then increases but levels off as the amount
of snowfall increases after a certain threshold. Similarly, the model begins to
tend towards predicting decreases in albedo as temperatures approach and increase
past the melting temperature, with a slower rate of change in output near colder
temperatures where less melting would occur. While intraday albedo changes
decrease and then increase as the sun enters and exits at low zenith angles, the daily
albedo trained here uses the zenith angle cosine at local noon, which increases during
warmer seasons. The plot thus shows the tendency for albedo to decrease during
warmer days of the year, again aligning with physical expectations. However, data
limitations can influence these results — the concavity at higher 𝑇𝑎 could indicate
the slowing rate of albedo decrease as albedo approaches its minimal values due
to low/no snowpack at the temperature ranges shown, or could alternatively be
influenced by the number of samples in the bins at the extreme ranges of the data
(there are orders of magnitude less samples after 𝑇𝑎 > 15 ◦C or after P > 6 cm/day
compared to elsewhere along the curve, so statistics can become slightly skewed or
the curve become less smooth compared to other feature ranges).

Calibrated Results
A “best-case" ancillary consideration for holistic comparison against our scheme was
also examined, by additionally calibrating all other schemes (already designed for
global usage) directly to the data to examine the best performance their functional
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Figure 3.6: RMSE% scores of all calibrated parameterizations. Format follows that seen in
Fig. 3.2 for daily timeseries generation, though this time the red dotted line is placed at an RMSE%
of 8% instead of 10% to help better distinguish scheme performance. Our scheme remains clearly
separated from other schemes.

form could achieve (see Overview in the Supporting Information). Calibrating
specifically to the same data did not change the overall conclusions and rough
scheme ranking, in alignment with findings from Magnusson et al. [86] and Essery
et al. [39]. Many other schemes still show a large number of sites with errors
in the 10-20% range after calibration (see Fig. 3.6), while the bulk of sites at
both scales by our model are in the < 10% error range. Even after calibrating the
other schemes (maintaining our scheme’s original calibration), our model exhibited
significant improvement in RMSE and RMSE% at the 5% level for daily timeseries
generation at both coarse and point resolution, except for one insignificant RMSE%
score (𝑝 ≈ 0.21) yet a near-significant improvement in the corresponding RMSE
score (𝑝 = 0.0695) against the HTESSEL scheme (HT), for only the point-level
data — our model still showed significant improvement over HTESSEL at the
coarse level. Despite this, our scheme still showed roughly 0.5 RMSE% (RMSE
0.007) better performance over point-level sites than HTESSEL, and reduced bias
by nearly an order of magnitude (see Table 3.4 in Appendix B). The BATS (BA)
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Figure 3.7: Modified Taylor Diagrams of Calibrated parameterizations. Format follows
that seen in Fig. 3.3 for daily timeseries generation. Our model still exhibits the highest average
correlation and is the closest to the observed values, though the spread is unsurprisingly tighter than
in the uncalibrated case. Our scheme also shows a stronger ability than the other models to match
the observational variation in albedo, and is still among the better performers with regards to bias,
especially at point scales.

and JULES (JL) schemes were still among the better schemes after calibration,
though the HTESSEL (HT) scheme increased in competitive ranking. That our
model and other prognostic schemes are among the top performers corroborates
earlier findings from Essery et al. [39], implying prognostic schemes fare better than
diagnostic schemes. Even after calibration to the same data, most other schemes
still exhibit better performance at the site level than the coarse level — this could
be due to their tendency to fluctuate more than the 𝑁𝑁 , impacting their ability to
emphasize the lower-frequency trends that dominate at coarse-grained scales. Fig.
3.7 shows that calibration aided all schemes in reproducing the variability seen in
the data, though our proposed scheme continues to be the best at reproducing the
observations, having the second lowest mean B% and top quintile of median B% for
point observations. All scheme equations and both their published and calibrated
parameters are provided in the Supporting Information.

https://doi.org/10.22002/cd37q-bd803
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3.4 Discussion
Our parameterization improves accuracy by 10–30% relative to standard schemes
while maintaining generalizability — a single quick calibration transfers across di-
verse locations and scales, from site-level ground observations to coarser 500 m
grid-point data. This consistency suggests the approach is extracting physically
meaningful processes from the input environmental and snow state data that can
translate across scales. The results mirror our earlier work developing a simi-
lar neural model for snow thickness [19], reinforcing the promise of the utilized
framework for usage in ever-finer-resolution GCMs. Despite its simplicity, the net-
work maintains accuracy across diverse climate types, which is beneficial both for
consistency at global scales and accuracy for local applications. This could aid
robustness against nonstationarity and long-term forecasts as climate regimes shift
over time, compared to other parameterizations more sensitive to their initial cal-
ibration regime. The minimal variable set also decouples the output albedo from
compounding errors in other simulated or uncertain inputs that are necessary in
alternative schemes, further aiding robustness. Performance levels are within the
0.05-0.08 RMSE ranges of more complex schemes from radiative-transfer theory
like SNICAR [122] or full physical models such as Crocus (using the IS scheme)
[4, 47] when optimized within a simulation. In real simulation contexts, where
coarser scales and uncertain inputs degrade accuracy, these advanced models typi-
cally exceed 0.1 RMSE [57, 82, 97, 101], whereas our scheme will not require such
intermediate modeling inputs.

The model also demonstrates competitive skill within the ML space. To our knowl-
edge, this is the first application of ML specifically for the parameterization of
snow albedo from physical inputs, which can be applied within a GCM for future
albedo simulation. Previous work like that of Ding et al. [31] retrieved snow albedo
using non-state inputs such as day of year, top-of-atmosphere reflectance values,
and satellite band ratios, but also reanalysis-derived albedo, or that of Zhao et al.
[143] which used gradient-boosted trees and other ML models to predict snow sur-
face albedo from satellite surface reflectance values, trained using simulated data
from an atmospheric radiative transfer model. Both studies found their designs
improved prediction consistency against site-level observations, achieving mean
RMSE ∼ 0.055 − 0.075 (about 7.5-10.3%), over 101 worldwide sites or 26 sites in
Greenland. However, by relying on reanalysis or satellite inputs, it cannot forecast
albedo forward in time from the present within coupled systems, limiting the ap-
proach to post-processing instead of prognostic use. Comparable ML efforts (e.g.,
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[20, 68, 70]) and statistical approaches (e.g., [67, 141]) achieve similar accuracy but
rely on geographic indices or predictors such as satellite band ratios, which con-
strain resolution and applicability and reduce physical interpretability, Our smaller,
simpler scheme achieves similar results to these state-of-the-art studies and other
ML techniques, while trained on only ∼5% of available samples and only physi-
cal inputs, ensuring interpretability and long-term applicability. Chevrollier et al.
[21] trained a neural network to emulate SNICAR along with a network inversion
technique to additionally infer surface properties from input albedo spectra. Their
approach achieved substantial speed-up relative to the full radiative transfer model
while diagnosing spectrally resolved albedo (212 bands) with albedo errors below
0.01. However, the emulator needed over 5 million training samples to train 12 layers
and 266k parameters, orders of magnitude more parameters than entire GCMs; lim-
iting feasibility for online fine-tuning within GCM ensembles. As with the SNICAR
model they emulate, their performance depends on precise input availability (snow
grain size, liquid water content, pollutant concentrations, or full 212-band spectra
for inversion), requirements unlikely to be met in near-term climate modeling. The
reported cost of inversion to obtain such surface properties (∼0.1 s per grid point)
likewise severely constrains scalability for global models. In contrast, our stan-
dalone albedo dynamics model is nearly 1000x smaller, enabling online tuning and
rapid prototyping, and achieves our results with 100x less data, requiring under 2 𝜇s
per grid point. More notably, it does not inherit the assumptions in an underlying
model (e.g., constant snow density and semi-infinite snow depth for the SNICAR
emulator), thereby avoiding associated downstream biases.

The model outcomes are constrained by the context, uncertainty, and limitations of
the available data. The SNOTEL network and site-level observations capture local-
ized relationships but are noisy, prone to quality issues, and do not represent large-
scale heterogeneity, particularly in complex terrain [61, 91]. The STC/MODSCAG-
MODDRFS product likewise suffers terrain as well as cloud effects and is less
accurate in forests, partly because its reference spectra exclude burned vegetation.
This omission is noteworthy as soot- or fire-derived LAPs increasingly drive abrupt
albedo darkening in forested regions, where most SNOTEL sensors reside [66]. Both
data sources are affected by persistent obfuscation from debris, vegetation, or shad-
ows, and lack coverage in extreme snow environments like tundra and taiga biomes,
leaving our model’s extension to these domains untested. The utilized SNOTEL
sites express a range of possible LAP environments, but are not wholly encom-
passing, so it is possible that areas with more extreme sand or soot content could
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yield biased model estimates. The tradeoff between smoothing noisy timeseries
and preserving short-lived fluctuations is difficult to avoid. We favor smoothing in
our methodology (see Appendix A for more detail), which provides a stable repre-
sentation of the trends relevant for climate modeling, though this can blur the true
input-output relationships; potentially limiting model extension to sub-daily scale
variability without retraining. Separability of learnable albedo responses is also
restricted by the chosen inputs, which cannot capture LAP concentrations, wildfires
[58], grain size, snow chemistry [119], or atmospheric state. Aggregating these
influences into one broadband albedo, rather than spectral or direct/diffuse com-
ponents, compounds this challenge, especially near more extreme 𝑑𝛼/𝑑𝑡. While
additional variables could represent more processes, direct measurement of such
effects is rare, uncertain, or infeasible at GCM scales [8, 54, 102]. Our framework,
however, can readily adapt if such data becomes available. Our errors are already
reaching the uncertainty range of modern data efforts themselves, underscoring
the effectiveness of the modeling paradigm but implying further model gains are
unlikely without significant advances in observational quality and availability.

The model captures a diverse range of 𝑑𝛼/𝑑𝑡 well but struggles with sharp increases
from new snowfall at the site level. This limitation likely reflects data separability
issues for extreme 𝑑𝛼/𝑑𝑡 from both the input variable choice (the feature values
associated with extreme 𝑑𝛼/𝑑𝑡 are also associated with other non-extreme targets
within the spread of data) and the cleaning techniques, as well as the selected 𝐿2

loss, which emphasizes long-term statistics over individual predictions. Prognostic
schemes also require an initial albedo value at the onset of a new snowpack, which
can vary by environment [1], leading to spin-up effects. However, high-frequency
albedo variation at point-scales will be suppressed in the coarse-graining over grid
cells within a GCM. While replicating extreme and sub-weekly variability are im-
portant for event-level and point-scale studies in the earth sciences, seasonal energy
balance and time-integrated radiative effects dominate evolution within an earth
system model and long-term simulations, as these govern large-scale feedbacks and
equilibrium responses [95, 106]. This leaves our computationally efficient approach
well-suited for GCM integration.

A small network structure can approximate a variety of nonlinear functions while
maintaining linear computational scalability. This also lowers overfitting risk while
evading the rigidity of symbolic functions with even fewer parameters. This contrasts
with competing age-based parameterizations, which rely on precise knowledge of
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snowfall timing that are uncertain at large scales [9]. The proposed scheme adapts
better to inherent uncertainty, enables rapid iteration, and can readily incorporate
new inputs, motivating broader adoption as observational capacity expands. We
note the physically consistent behavior with precipitation was learned even without
choosing boundary functions to explicitly enforce it, illustrating the potential for
this approach. Further experimentation with alternative analytical boundaries could
also enforce other desirable behaviors or further increase consistency beyond this
initial investigation.

The parameterization performs well at point scales and timeseries from 500 m
resolution. Still, these resolutions are finer than the resolutions of current GCMs,
where even more coarse-graining may introduce additional variability. However,
the continuing push for finer-resolution highlights our approach as a candidate for
the growing needs of next-generation climate models. Benchmarking accuracy and
spatial structure within a full model over contemporaneous spatial grids at global
scale or by land type was not assessed here, and is addressed in a companion study3

where the prognostic model is integrated into a new land surface model [28]. Other
additional avenues for research include sub-daily time-step evaluation, validation
across global flux tower networks, or adapting the framework for spectrally resolved
albedo using alternative MODIS products (e.g., MCD43D) to compare against more
complex parameterizations.

3.5 Conclusion
By developing a simple prognostic parameterization for snow-albedo change that
breaks from a continued reliance on snow-age, we simulated seasonal daily snow
albedo with a median relative error of under 7.5% across diverse locations (me-
dian RMSE of ∼ 0.05 at both coarse and point scales). Training over a wide data
set creates more generalizable results. Our performance extends from point-scale
to coarse-grained data and multiple climate types; outperforming or matching ad-
vanced data products, complex physical models, and contemporary ML approaches
using only standard physical inputs at low computational burden. This reinforces
the potential of a physics-informed, data-driven framework that preserves physical
consistency while offering accuracy, scalability, and adaptability for next-generation
Earth system models. The approach can be used within larger models and can ac-
commodate evolving observational availability. Because snow cover at different
altitudes and locations samples situations that may arise in a future, warmer climate

3See Chapter 4.
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(where snowlines generally move to higher altitudes and latitudes), the generaliz-
ability we demonstrated will likely translate to generalizability to different climate
states. This first-time application of physics-based ML for snow albedo model-
ing shows potential for developing more accurate forecasts and effective mitigation
strategies in an evolving climate, and offers a flexible path for integrating ML into
physical modeling without compromising interpretability or physical consistency.

3.6 Data Availability
All utilized data are publicly available. The SNOTEL data utilized in this study are
available via the National Water and Climate Center. SNOTEL Data reports were
generated using the online portal found at https://www.nrcs.usda.gov/wps/
portal/wcc/home/. Links to raw and processed data for Col De Porte [80], Kühtai
[75], Sodankyla [40], Yala [123, 124], and Upper Rofental [135] data can be found in
our previous work [19]. SMM data can be found at the Snow Today website, hosted
by the National Snow and Ice Data Center (NSIDC) https://nsidc.org/data/
stc_modscgdrf_hist/versions/1 [114]. El Tapado raw data was retrieved
from the CEAZA meteorological network data portal at https://www.ceazamet.
cl/index.php?e_cod=TPF&pag=mod_estacion, and CUES data can be found
for download athttps://snow.ucsb.edu/index.php/level-2-model-ready
[8]. The Insolations.jl package is developed by the Climate Modeling Alliance
(CliMA), able to be downloaded at https://clima.github.io/Insolation.
jl/dev/ [23], while the API for time-zone retrieval can be found at https:
//timezonedb.com/api. As in our previous work, code for scraping and cleaning
data, CSVs of data, and tutorials for data retrieval and modifying our (or building cus-
tom) constrained neural networks are available at https://clima.github.io/
ClimaLand.jl/dev/generated/standalone/Snow/base_tutorial/, to pro-
vide quality-controlled datasets for calibration and ML applications. All data clean-
ing procedures are described above in Appendix A. Time-stepping is described in
the main text. Descriptions and equations of the compared models are provided in
the Supporting Information.

3.A Data Methods
Remote Data
Many remotely-sensed snow albedo products exist, with MODIS-derived (∼500 m,
daily) products remaining standard despite the emergence of finer but less frequent
(<250 m) imagery. The STC/MODSCAG-MODDRFS 500-m albedo product (here-

https://www.nrcs.usda.gov/wps/portal/wcc/home/
https://www.nrcs.usda.gov/wps/portal/wcc/home/
https://nsidc.org/data/stc_modscgdrf_hist/versions/1
https://nsidc.org/data/stc_modscgdrf_hist/versions/1
https://www.ceazamet.cl/index.php?e_cod=TPF&pag=mod_estacion
https://www.ceazamet.cl/index.php?e_cod=TPF&pag=mod_estacion
https://snow.ucsb.edu/index.php/level-2-model-ready
https://clima.github.io/Insolation.jl/dev/
https://clima.github.io/Insolation.jl/dev/
https://timezonedb.com/api
https://timezonedb.com/api
https://clima.github.io/ClimaLand.jl/dev/generated/standalone/Snow/base_tutorial/
https://clima.github.io/ClimaLand.jl/dev/generated/standalone/Snow/base_tutorial/
https://doi.org/10.22002/cd37q-bd803
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after “SMM") product [66, 100, 101, 112, 114] applies spectral unmixing of MODIS
reflectances against simulated radiative-transfer and observational libraries to isolate
snow albedo, outperforming empirical products like MOD10A1 that more readily
represent the mixed total land surface albedo [46]. SMM has been recommended for
next-generation model calibration [46], though many studies still rely on outdated
products, impairing parameterization accuracy and performance interpretability [3].
SMM ownership recently transferred to Snow Today via the National Snow and Ice
Data Center (NSIDC).

Work continues on improving known limitations in SMM data, including pixel geolo-
cation errors (∼1 pixel), high solar-zenith-angle albedos, vegetation/cloud/topographic
interference, spectral library representativeness, and inherent one-to-many ambigu-
ity in the unmixing algorithm [9, 29, 57, 66, 69, 112]. Sensor drift in the Terra/Aqua
MODIS sensors also introduces minor bias [43], though effects are minimal among
the temporal ranges and quality measures present in SMM and this study. NSIDC re-
cently prioritized SPIReS, a newer unmixing algorithm [113], but we used SMM due
to broader validation, minor differences in accuracy [57, 125], and better availability
during much of this study.

In-Situ Data
In-situ data measure collocated snow and meteorological variables, though coverage
and variable selection vary widely, with few stations reporting full GCM-relevant
parameters [108]. Example instruments for automated measurements include ul-
trasonic depth sensors, snow pillows, and tipping-bucket gauges, which often are
noisy, downtime-prone, or yield unphysical values [45, 61]. Some QC standards
exist in some networks, such as SNOTEL (e.g., [121]), though many data streams
remain raw.

In prior work establishing our parameterization framework [19], established quality
control protocols were extended across additional variables and sites. Subsets of
these procedures (denoted “CQC" henceforth) were reused/modified in this work for
snow albedo and SMM integration. MODIS and SNOTEL products generally agree
once snow depth exceeds 5 cm [71]. While site slope/topography data are more
rare, most SNOTEL stations are built on cleared flat ground, reducing the need for
additional correction.
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Data Cleaning Methods
For each of the 804 SNOTEL sites inside SMM bounds, from Oct 1 2000 to
Oct 1 2023, daily albedo_dirty_terrain_corrected, snow_fraction, and
days_without_observationfields from the corresponding SMM pixel (and 8 sur-
rounding pixels) were paired with SNOTEL snow depth (𝑧), snow water equivalent
(SWE), air temperatures (daily average), and accumulated precipitation (𝐴𝑃). Site-
years beginning collection after the start of the water-year (October 1st) or sites hav-
ing under 60 SWE/precipitation values were excluded. SNOTEL values beyond in-
strument limits [129] were set to missing, and CQC steps 7–13 were applied. Zenith
angle (𝑍𝐴) at solar noon was calculated using Insolations.jl [23] with UTC off-
sets derived from the free TimeZoneDB API (https://timezonedb.com/api),
and precipitation was split into rain and snow using the bivariate logistics model
from [65] (>85% accuracy):

𝑓 =
1

1 + 𝑒𝛾+𝛽𝑇𝑎
(3.6)

where 𝛽 = 1.24◦C−1 (temperature in Celsius) and 𝛾 = -1.54. SNOTEL sites with
radiation data used the same steps from June 1 2023 to June 1 2025, with the
additional steps for hourly incoming (𝑆𝑊INC) and outgoing (𝑆𝑊OUT) shortwave
radiation instead of the three SMM fields:

1. Set negative radiation values to zero.

2. Derive hourly albedo 𝛼𝑖 as 𝑆𝑊OUT,i/ 𝑆𝑊INC,i.

3. Excise all 𝛼𝑖 outside [0-1].

4. Excise 𝛼𝑖 with timestamp 𝑍𝐴 > 90◦ (using Insolations.jl).

5. Aggregate all 𝛼𝑖 ≤ 0.4 to daily level (mean), and estimate 𝛼𝑔 as the minimum
of 0.1 or the median of all aggregated values having 𝑧 = 0 and 𝑃 = 0.

6. Aggregate all 𝛼𝑖 > 0.35 to daily level (mean) to make 𝛼snow timeseries.

7. Excise 𝛼snow,i where 𝑧𝑖 or SWE𝑖 are 0, missing, or SWE𝑖 > 𝑧𝑖.

8. Excise 𝛼snow,i where 𝑃𝑖 = 0 but 𝑑SWE/𝑑𝑡𝑖 > 0 (avoid 𝑑𝛼/𝑑𝑡 samples under
indeterminate snowfall).

9. Fill holes of 5 days or less in remaining 𝛼snow via linear interpolation.

https://timezonedb.com/api
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10. Exclude sites with < 60 remaining albedo values.

For the SMM albedos (0-100), we used the following steps per site:

1. Excise albedo_dirty_terrain_corrected𝑖 having
days_without_observation𝑖 > 10, according to Rittger et al. [114].

2. Apply a power mean (𝑝=3) over the remaining 3×3 pixels of
albedo_dirty_terrain_corrected to mitigate geolocation error, extract
the most representative “snowy" estimate (mitigate non-snow or erroneous
snow-fraction contamination, with a smoother non-max norm to avoid am-
plifying high-frequency noise or biasing towards possible cloud albedos, but
more inclined to higher values than an arithmetic mean), and create a more
complete 𝛼snow timeseries estimate. The count and standard deviation of
utilized pixels was tracked.

3. Similarly apply a power mean (𝑝= -3, now more inclined to lower values) over
the same 3×3 pixels of albedo_dirty_terrain_corrected, and estimate
𝛼𝑔 as the median of all means ≤ 40 where 𝑧𝑖 = SWE𝑖 = 𝑃𝑖 = 𝑃𝑖−1 =

days_without_observation𝑖 = 0. Exclude sites lacking any samples for
this estimate.

4. Repeat steps 7-10 from above, excising 𝛼snow,i < 35 as ground-contaminated
signal (this choice was corroborated by the standard deviation over utilized
3×3 pixels at such values being < 8, while snowy pixels exhibited abruptly
higher variation).

5. Scale resulting albedo timeseries by 100 (to [0-1]).

Finally, all albedos with 𝑧 < 5 cm were excised to avoid small snowpack discrepan-
cies.

Pre-Training Procedures
Remaining series exhibited unrealistic high-frequency oscillations, especially in-situ
or during peak season, exceeding expected daily changes [8, 119]. These could arise
from transient shadows or wind-driven debris, local heterogeneity contamination
from the above cleaning procedures, or systematic sensor issues requiring further
consideration. At both coarse and site scales, persistent non-snow surfaces (rocks,
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vegetation, shadows, sensor arrays) can also skew true snow fraction even when
reported snow cover fraction is 100% at large snowpack, biasing reported albedo
downward [10, 41]. To address these issues, we applied a two-step correction:

Exponential Smoothing

An exponential moving average (EMA) was applied as a low-pass filter to dampen
noise, extracting the trends relevant for climate modeling scales:

𝐸𝑀𝐴𝑖 = 𝑤𝛼𝑖 + (1 − 𝑤) 𝐸𝑀𝐴𝑖−1. (3.7)

Other smoothing approaches exist (e.g., [16, 141], though we prefer the EMA due
to simpler implementation, true low-pass filtering compared to techniques like max-
filtering which can amplify noise, and better preservation of precipitation-driven
albedo changes via weighting bias to recent samples. This approach will smooth
out some more abrupt authentic transitions and influence the smoothness of the
learned dynamics, but also aids in filling out the otherwise more discrete space
of raw 𝑑𝛼/𝑑𝑡 targets due to data precision, which can throttle a neural network’s
learning ability. We chose 𝑤 = 0.33 for SMM and 𝑤 = 0.1 for noisier in-situ data
to balance noise suppression against preserving physically relevant trends. Each
time the EMA was restarted due to missing/cleaned values, the first 5 values were
discarded for sufficient burn-in.

Rescaling

A maximum-scaling was applied to correct for persistent non-snow contamination.
Measured albedo is a mix of background (𝛼𝑏𝑔) and snow signals weighted by snow
fraction, 𝑓 :

𝛼𝑜𝑏𝑠 = (1 − 𝑓𝑠𝑛𝑜𝑤) 𝛼𝑏𝑔 + 𝑓𝑠𝑛𝑜𝑤𝛼𝑠𝑛𝑜𝑤 . (3.8)

If persistent non-snow contamination prevents full snow coverage ( 𝑓max < 1) even
for peak snowpack in a state of maximum possible albedo (𝛼theory,max), the measured
maximum albedo (𝛼obs,max) will be reduced:

𝛼obs,max = (1 − 𝑓max) 𝛼𝑏𝑔 + 𝑓max𝛼theory,max. (3.9)
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Suitable choice of 𝛼theory,max and 𝛼𝑏𝑔 knowledge thus allows estimation of 𝑓max and
a scaling transformation to rescale albedos:

𝑓max =
𝛼obs,max − 𝛼𝑏𝑔
𝛼theory,max − 𝛼𝑏𝑔

, 𝛼𝑖 =
𝛼𝑜𝑏𝑠,𝑖 − 𝛼𝑏𝑔 (1 − 𝑓max)

𝑓max
. (3.10)

Although the best 𝛼theory,max (i.e., fresh pure snowfall on large snowpack) choice
could fluctuate by site, it should exhibit tight range across climates and be well-
represented within multi-year records, enabling estimation of 𝑓max. The top 5% of
all in-situ sites’ cleaned albedos were collected, using the mean of these values to
estimate 𝛼theory,max = 0.88, which aligns with theoretical maximums of broadband
albedo [34]. This rescaling serves to reduce non-snow contamination and potential
unmeasured slope effects, and recorrects EMA-induced downward bias while also
leaving series with 𝛼obs,max ≈ 𝛼theory,max largely unchanged. 𝛼obs,max was estimated
with the 95th percentile of each site’s cleaned and smoothed albedo measurements,
removing and interpolating any 𝛼snow > 1 after the transformation.

Daily 𝑑𝛼/𝑑𝑡 was then computed as 𝛼𝑖+1−𝛼𝑖
𝑡𝑖+1−𝑡𝑖 , retaining only consecutive days (when

𝑡𝑖+1 − 𝑡𝑖 = 1 day). The final training set excluded cases with snow_fraction <
0.05 (the mean over the available 3×3 pixels) and 𝑧/SWE = 1, though these were
kept in testing data. Sites offering less than 30 training samples were excluded from
the study.

For non-SNOTEL sites (excluding El Tapado and CUES), non-albedo cleaning is
described in CQC, and albedo cleaning followed the steps for SNOTEL above.
Col de Porte already gives daily albedo, requiring steps 5,7,8,9 only. For CUES,
relative humidity was capped at 1, only albedo steps 4,6,8,9 were used, and snowfall
was estimated using the Zwart parameterization [145] from positive changes in 𝑧,
in accordance with a site representative. No ground albedo was determined but
𝛼obs,max was sufficiently high to only apply the EMA. For El Tapado, the following
steps were used:

1. Excise negative 𝑧, SWE, and 𝐴𝑃; 𝐴𝑃 > 1 m, 𝑇𝑎 > 20◦C (sensor noise).

2. Use only 2017 and 2019 water years from availability and quality concerns
(per site correspondence).

3. Fill 𝑇𝑎 in 2017 via lapse-rate interpolation, in accordance with Voordendag
et al. [131].
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4. Calculate changes in 𝐴𝑃, setting values < 0.5 mm or negative to zero, then
reconstruct cumulative AP from these differences.

5. Apply all SNOTEL albedo steps and CQC steps 9-13.

The feature set was largely driven by near-term availability, computational simplicity,
and quality considerations. Although rain can affect albedo [139], including 𝑃rain

had negligible impact on outcome (as in our prior study) and was omitted for
computational simplicity. A 12-h offset exists between SNOTEL precipitation
(local midnight) and SMM albedo (roughly local noon) measurements, which can
blur interpretation of albedo changes and relationship “separability." However, the
EMA already coarse-grains changes and additional methods would likely further
blur these relationships, so no further adjustment was applied.

3.B Performance Statistics
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Table 3.3: Parameterization scores over as-published parameterizations. Performance of the different schemes in this study across both validation and testing
sites, denoting models using their labels provided in Table 3.2 in the main text. Medians are listed, with the mean in parentheses alongside the median, for each
of the performance metrics discussed in the text. For both coarse and point-level sites, each scheme also lists the 𝑝-value from the Wilcoxon signed-rank tests in
this study, comparing each scheme to our proposed scheme (𝑁𝑁). Significant 𝑝-values (< 0.05) are listed in bold, as well as the top scheme within each metric,
unless no clear winner was determinable. Our scheme is one of the top performers for most metrics, and all statistical tests are significant (𝑝 < 0.05) comparing the
proposed scheme with regards to RMSE and RMSE%. Scores are also similar between coarse and point-level sites for our model, indicating generalizability across
spatial scales.

Coarse Testing Data (500 m) Significance Site Testing Data (Point Observation) Significance
Model RMSE% RMSE Bias% Bias RMSE% RMSE RMSE% RMSE Bias% Bias RMSE% RMSE
𝑁𝑁 6.84 (7.29) 0.0494 (0.0509) 0.46 (0.57) 0.0059 (0.0079) - - 7.51 (8.05) 0.0555 (0.0584) 0.48 (-0.12) 0.0076 (0.0038) - -
𝐶𝐿 14.83 (14.9) 0.1095 (0.1089) 2.93 (2.85) 0.0282 (0.0288) 2.87E-116 2.87E-116 14.03 (14.43) 0.1050 (0.1061) 2.15 (2.13) 0.0199 (0.0223) 9.31E-10 1.86E-09
𝑂𝐾 13.02 (13.56) 0.0929 (0.0959) -0.26 (-0.02) 0.0042 (0.0075) 2.88E-116 2.96E-116 12.05 (13.3) 0.0872 (0.0945) -0.46 (0.17) -0.0004 (0.0067) 6.52E-09 1.3E-8
𝐿𝑉 24.64 (24.84) 0.1905 (0.1918) 18.27 (18.04) 0.1433 (0.1429) 2.87E-116 2.87E-116 22.28 (23.82) 0.1706 (0.1843) 15.06 (15.73) 0.1192 (0.1259) 9.31E-10 9.31E-10
𝑀𝐷 12.27 (12.88) 0.0858 (0.0870) -2.4 (-2.71) -0.0109 (-0.0126) 6.06E-116 1.02E-115 11.67 (12.91) 0.0855 (0.0887) -2.11 (-2.84) -0.0104 (-0.0144) 9.31E-10 1.86E-09
𝐽𝐿 11.06 (11.59) 0.0732 (0.0741) -4.44 (-4.68) -0.0276 (-0.0283) 1.3E-111 1.51E-104 10.56 (12.15) 0.0723 (0.0800) -4.77 (-5.99) -0.0311 (-0.0376) 6.52E-08 4.0E-6
𝑆𝑃 29.29 (29.91) 0.2082 (0.2157) 1.68 (2.97) 0.0046 (0.015) 2.87E-116 2.87E-116 29.26 (29.85) 0.2123 (0.2167) -8.52 (-6.59) -0.0761 (-0.0509) 9.31E-10 9.31E-10
𝑀𝑆 14.21 (14.25) 0.1097 (0.1093) 7.39 (7.11) 0.0634 (0.0612) 2.87E-116 2.87E-116 13.5 (14.11) 0.1041 (0.1081) 6.61 (5.68) 0.0564 (0.0503) 9.31E-10 9.31E-10
𝑈𝑇 17.14 (17.35) 0.1261 (0.1294) 4.95 (5.24) 0.0435 (0.0462) 2.87E-116 2.87E-116 16.39 (17.02) 0.1183 (0.1256) 3.28 (4.62) 0.0306 (0.0398) 9.31E-10 9.31E-10
𝐻𝑇 13.57 (13.92) 0.0986 (0.1011) 3.7 (3.96) 0.0309 (0.0339) 2.87E-116 2.87E-116 13.94 (13.76) 0.0985 (0.1011) 2.27 (2.39) 0.0205 (0.022) 9.31E-10 2.79E-09
𝐸𝐶 15.98 (16.32) 0.1147 (0.1157) -1.71 (-1.74) -0.0105 (-0.0089) 2.87E-116 2.87E-116 15.71 (16.4) 0.1154 (0.1163) -3.2 (-3.33) -0.0227 (-0.0204) 9.31E-10 1.86E-09
𝑍𝑂 28.9 (29.91) 0.2267 (0.2329) 27.18 (27.91) 0.2138 (0.2178) 2.87E-116 2.87E-116 29.29 (29.45) 0.2348 (0.2301) 26.75 (25.9) 0.2113 (0.2045) 9.31E-10 9.31E-10
𝐼𝑇 39.17 (39.09) 0.3059 (0.3063) 37.87 (37.83) 0.2946 (0.2948) 2.87E-116 2.87E-116 35.74 (36.26) 0.2816 (0.2851) 33.02 (34.28) 0.2582 (0.2673) 9.31E-10 9.31E-10
𝐼𝐷 13.2 (13.56) 0.0859 (0.0865) -7.99 (-8.0) -0.0545 (-0.0534) 4.46E-115 1.02E-112 12.19 (14.22) 0.0874 (0.0939) -8.33 (-8.87) -0.06 (-0.0594) 1.86E-09 1.77E-08
𝐵𝐴 11.32 (11.69) 0.0778 (0.0795) -0.24 (-0.29) 0.0029 (0.0037) 2.87E-116 2.88E-116 11.43 (11.72) 0.0813 (0.0810) -1.42 (-1.77) -0.0058 (-0.007) 1.3E-8 2.86E-7
𝑉𝐴 21.55 (23.13) 0.1588 (0.1740) 4.46 (6.62) 0.0371 (0.0555) 2.87E-116 2.87E-116 24.28 (26.5) 0.1776 (0.1900) 4.1 (6.83) 0.0321 (0.0525) 9.31E-10 9.31E-10
𝐿𝐸 15.31 (16.07) 0.1047 (0.1101) 2.44 (2.62) 0.0228 (0.0245) 2.87E-116 2.87E-116 12.4 (13.27) 0.0846 (0.0898) 0.32 (0.06) 0.0073 (0.0054) 6.52E-08 2.36E-7
𝐴𝐶 28.02 (27.89) 0.2192 (0.2175) 20.22 (19.78) 0.1612 (0.1577) 2.87E-116 2.87E-116 26.09 (27.44) 0.2040 (0.2124) 17.16 (19.07) 0.1357 (0.1507) 9.31E-10 9.31E-10
𝐺𝐶 16.4 (16.67) 0.1065 (0.1065) -10.73 (-10.88) -0.0734 (-0.0737) 3.88E-116 7.07E-116 16.22 (16.68) 0.1062 (0.1090) -10.97 (-11.43) -0.0746 (-0.0776) 1.86E-09 2.79E-09
𝑁𝐺 15.84 (15.8) 0.1178 (0.1181) 5.31 (5.24) 0.0464 (0.0464) 2.87E-116 2.87E-116 15.46 (15.59) 0.1130 (0.1169) 4.25 (4.96) 0.0375 (0.0434) 9.31E-10 9.31E-10
𝐸𝐷 27.88 (27.77) 0.2167 (0.2159) 18.42 (17.93) 0.1464 (0.1433) 2.87E-116 2.87E-116 26.3 (27.38) 0.2022 (0.2111) 15.35 (17.08) 0.1201 (0.1353) 9.31E-10 9.31E-10
𝐸𝑇 23.42 (23.43) 0.1722 (0.1748) 12.04 (12.47) 0.0935 (0.0972) 2.87E-116 2.87E-116 21.24 (22.2) 0.1625 (0.1656) 7.66 (9.57) 0.0643 (0.0759) 9.31E-10 9.31E-10
𝐵𝑅 25.78 (26.08) 0.2028 (0.2054) 22.91 (23.06) 0.1808 (0.1825) 2.87E-116 2.87E-116 24.4 (25.07) 0.1939 (0.1961) 21.86 (21.97) 0.1741 (0.1724) 1.86E-09 9.31E-10
𝐼𝑆 11.46 (11.91) 0.0756 (0.0773) -4.24 (-4.35) -0.0255 (-0.0255) 4.02E-113 4.2E-110 10.73 (11.99) 0.0751 (0.0796) -4.38 (-5.24) -0.028 (-0.0322) 1.57E-07 7.01E-6
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Table 3.4: Parameterization scores over calibrated parameterizations. Labeling and formatting follows that as described in Table 3.3. In this case, the
proposed scheme is still dominant in many metrics. Results of statistical tests are again all significant (𝑝 < 0.05) with the exceptions of 𝐻𝑇 over point-level data.

Coarse Testing Data (500 m) Significance Site Testing Data (Point Observation) Significance
Model RMSE% RMSE Bias% Bias RMSE% RMSE RMSE% RMSE Bias% Bias RMSE% RMSE
𝑁𝑁 6.84 (7.29) 0.0494 (0.0509) 0.46 (0.57) 0.0059 (0.0079) - - 7.51 (8.05) 0.0555 (0.0584) 0.48 (-0.12) 0.0076 (0.0038) - -
𝐶𝐿 9.62 (10.1) 0.0674 (0.0680) -1.14 (-1.23) -0.0029 (-0.0024) 8.03E-109 4.46E-104 8.8 (9.83) 0.0646 (0.0677) -0.7 (-1.34) -0.0017 (-0.0031) 3.15E-04 4.44E-03
𝑂𝐾 10.84 (11.52) 0.0750 (0.0770) -0.94 (-1.24) 0.0003 (-0.0005) 1.46E-114 7.17E-113 10.14 (11.17) 0.0723 (0.0770) -0.77 (-1.62) 0.001 (-0.0039) 1.93E-07 4.99E-07
𝐿𝑉 10.21 (10.85) 0.0720 (0.0737) -0.28 (-0.41) 0.0045 (0.0049) 1.51E-114 1.26E-112 9.91 (11.47) 0.0758 (0.0792) -0.68 (-1.77) 0.0001 (-0.0049) 4.00E-08 1.57E-07
𝑀𝐷 10.96 (11.55) 0.0760 (0.0777) -0.46 (-0.79) 0.0037 (0.0031) 4.68E-115 6.86E-114 10.13 (11.43) 0.0722 (0.0790) -0.2 (-1.11) 0.005 (-0.0001) 5.12E-08 1.02E-07
𝐽𝐿 8.65 (9.26) 0.0639 (0.0653) 1.65 (1.57) 0.0171 (0.0179) 2.32E-109 2.39E-112 8.26 (9.43) 0.0639 (0.0670) -0.11 (-0.44) 0.0064 (0.0032) 1.04E-02 9.15E-03
𝑆𝑃 8.49 (9.01) 0.0596 (0.0609) -0.02 (0.08) 0.0047 (0.0062) 3.66E-107 1.43E-96 9.7 (10.56) 0.0673 (0.0732) -1.99 (-2.49) -0.012 (-0.0122) 1.19E-05 2.82E-05
𝑀𝑆 8.36 (9.11) 0.0591 (0.0612) -0.29 (-0.44) 0.0023 (0.0022) 6.45E-107 1.63E-92 11.11 (11.89) 0.0815 (0.0831) -3.22 (-2.77) -0.0167 (-0.0138) 1.28E-07 4.16E-07
𝑈𝑇 9.71 (10.16) 0.0682 (0.0691) -0.99 (-1.01) -0.0013 (-0.001) 1.38E-111 4.58E-109 8.94 (10.11) 0.0635 (0.0707) 0.05 (-0.58) 0.0034 (0.0025) 1.18E-04 1.72E-03
𝐻𝑇 8.26 (8.54) 0.0599 (0.0617) 1.63 (1.89) 0.016 (0.0192) 1.18E-87 1.79E-98 7.97 (8.5) 0.0633 (0.0638) 3.36 (2.06) 0.0283 (0.0209) 2.39E-01 6.64E-02
𝐸𝐶 9.72 (10.43) 0.0680 (0.0703) -0.35 (-0.46) 0.0038 (0.0036) 2.34E-115 1.25E-114 9.71 (10.9) 0.0692 (0.0750) -1.18 (-2.14) -0.0043 (-0.0086) 1.57E-07 2.57E-06
𝑍𝑂 9.78 (10.26) 0.0666 (0.0686) -0.77 (-0.62) 0.0008 (0.0025) 8.1E-114 6.06E-110 10.46 (11.7) 0.0762 (0.0810) -0.73 (-1.79) -0.0003 (-0.0054) 4.99E-07 3.46E-06
𝐼𝑇 9.25 (9.81) 0.0657 (0.0666) 0.03 (-0.01) 0.0058 (0.0066) 7.01E-115 2.82E-113 9.52 (10.96) 0.0693 (0.0762) -2.06 (-2.33) -0.0096 (-0.0102) 2.86E-07 2.57E-06
𝐼𝐷 9.53 (9.99) 0.0648 (0.0668) -0.7 (-0.57) 0.0003 (0.0024) 2.99E-112 1.09E-106 10.05 (11.26) 0.0734 (0.0783) -1.12 (-1.93) -0.0012 (-0.0067) 1.38E-06 1.35E-05
𝐵𝐴 9.28 (9.92) 0.0656 (0.0674) -0.28 (-0.41) 0.0029 (0.0032) 2.53E-112 8.42E-113 8.8 (9.95) 0.0617 (0.0684) -1.29 (-2.31) -0.0041 (-0.011) 3.15E-04 1.47E-03
𝑉𝐴 10.19 (10.72) 0.0754 (0.0768) 2.67 (2.47) 0.0276 (0.027) 4.32E-116 4.33E-116 9.75 (10.83) 0.0725 (0.0782) 1.92 (1.19) 0.0214 (0.0173) 2.21E-06 3.46E-06
𝐿𝐸 10.02 (10.62) 0.0693 (0.0714) -0.47 (-0.57) 0.0028 (0.0028) 1.36E-115 6.25E-115 9.19 (10.83) 0.0655 (0.0735) -1.47 (-2.33) -0.0056 (-0.01) 1.17E-06 3.57E-05
𝐴𝐶 10.97 (11.64) 0.0782 (0.0796) 0.2 (-0.12) 0.0093 (0.0081) 1.37E-115 5.74E-115 10.14 (11.21) 0.0732 (0.0781) 0.13 (-0.88) 0.0081 (0.002) 1.93E-07 5.96E-07
𝐺𝐶 11.18 (11.75) 0.0778 (0.0801) 0.01 (-0.13) 0.0091 (0.0086) 7.01E-116 2.09E-115 10.26 (11.33) 0.0737 (0.0795) 0.54 (-0.48) 0.008 (0.0054) 8.42E-07 1.90E-06
𝑁𝐺 10.65 (11.27) 0.0755 (0.0768) 0.09 (-0.27) 0.0084 (0.0067) 1.12E-114 1.11E-113 9.52 (10.66) 0.0693 (0.0738) 0.29 (-0.89) 0.008 (0.0016) 2.99E-06 8.02E-06
𝐸𝐷 10.78 (11.39) 0.0776 (0.0789) 1.03 (0.73) 0.0156 (0.0147) 2.16E-115 5.09E-115 9.79 (10.92) 0.0722 (0.0771) 1.02 (0.09) 0.0139 (0.0095) 7.10E-07 1.17E-06
𝐸𝑇 9.37 (10.0) 0.0648 (0.0669) -0.46 (-0.55) 0.003 (0.0027) 8.56E-114 5.1E-111 8.92 (10.5) 0.0639 (0.0716) -1.55 (-2.34) -0.0057 (-0.0103) 9.16E-06 2.15E-04
𝐵𝑅 10.17 (10.81) 0.0730 (0.0741) 0.58 (0.33) 0.0115 (0.0107) 1.77E-115 5.55E-115 8.9 (10.27) 0.0662 (0.0727) 0.97 (-0.35) 0.0134 (0.0048) 4.00E-06 6.11E-06
𝐼𝑆 8.92 (9.62) 0.0634 (0.0649) -0.33 (-0.4) 0.0026 (0.0032) 4.54E-109 1.95E-108 8.56 (10.07) 0.0641 (0.0694) -1.86 (-2.39) -0.0077 (-0.0114) 2.15E-04 1.59E-03
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3.C Hyperparameters
Similar to our previous work [19], we made use of a custom loss-function:

𝐿 =
1
𝑁𝑑

𝑁𝑑∑︁
𝑖=1

𝑤𝑖 |𝑦𝑖 − 𝑦̂𝑖 |𝑛1 , 𝑤𝑖 = 1 + |𝑦𝑖 |𝑛2 . (3.11)

where 𝑁𝑑 is the number of batched training data, 𝑦̂𝑖 and 𝑦𝑖 are the (scaled) predic-
tion and target data, and 𝑛1 and 𝑛2 are constant positive numbers. Using (𝑛1 = 1,
𝑛2 = 0) or (𝑛1 = 2, 𝑛2 = 0) is equivalent to optimizing the average 𝐿1 or 𝐿2 losses,
respectively. This function enables investigation of emphasizing extremes, which
can be important in prognostic (accumulated) modeling as undershooting one ex-
treme 𝑑𝛼/𝑑𝑡 can propagate the offset to future time steps. Optimal hyperparameters
and the assessed values are summarized in Table C1, for 𝑛1, 𝑛2, and layer width
hyperparameter 𝑛. Scores for each configuration were evaluated using leave-one-out
validation (training on 39 of the 40 sites, tracking the timeseries RMSE% and bias
(B) of the remaining site, and averaging over the 40 possible combinations) with
a batch size of 256, tracking performance every 10 epochs over 200 epochs. Most
timeseries trials performed optimally when training for approximately 100 epochs
with the small network, similar to our previous findings.

Table 3.5: Hyperparameter results. Timeseries RMSE% and B% were used as the primary
metrics. 𝑛1 = 2 (𝐿2-like metric) provided the lowest RMSE% for all choices.

Parameter Description Range Best Value
𝑛 Width of Mixing Layer 2, 3, 4, 5 2
𝑛1 Power Scaling of Prediction Error 1, 2, 3 2
𝑛2 Power Scaling of Target Magnitude 0, 0.1, 1, 2 0

The configuration of 𝑛 = 2, 𝑛1 = 2, and 𝑛2 = 0 showed optimal performance for
both timeseries RMSE% and B. As 𝑛2 = 0 matches the 𝐿2 loss function, true 𝐿2

was used for final model training. We note 𝑛2 ≠ 0 and/or 𝑛1 = 1 did often exhibit
timeseries that better replicated sub-weekly variation4, but at the expense of whole-
timeseries offsets that skewed overall performance statistics (which would similarly

4This is unsurprising as 𝑛2 ≠ 0 and/or 𝑛1 = 1 choices do not suppress variance (which can lead
to larger abrupt changes in model outputs) as much as training with mean squared error. Squared
error for an autoregressive model is more akin to learning the mean output conditioned on the given
input, while absolute error is more akin to learning the median output conditioned on the given input.
For input data with smaller representation at its extremes (distribution tails), the difference between
the conditional median and conditional mean in these regimes can suppress more extreme outputs
when using 𝑛1 = 2 compared to 𝑛1 = 1.
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skew the energy balance within a GCM) to favor 𝑛2 = 0. As 𝐿2 loss is associated
with RMSE, it is less surprising that 𝑛1 = 2 exhibited optimal RMSE%, though
optimal 𝑛2 = 0 differs from our previous study. This optimal configuration is likely
influenced by the relative lack of variation in the coarse-scale (and cleaned) albedo
data used for training, compared to the testing site-level data with more variation or
the site-level snow depth data in our previous work.
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ABSTRACT

Snow exerts a strong control on land-atmosphere energy exchange and freshwater
availability, yet it remains a major source of uncertainty in land and climate models
due to challenges in modeling snow processes across multiple temporal and spatial
scales. Here we present updates to the snow model in ClimaLand, a land surface
model used in climate simulations and for weather prediction. Specifically, we in-
corporate physics-constrained neural network parameterizations for snow depth and
albedo, with an equilibrium-gradient formulation for snow surface temperature that
improves surface energy exchange. At point scales, the updated model reduces er-
rors in snow depth and snow water equivalent and improves melt timing. At global
scales forced with reanalysis data, the new parameterizations reduce widespread
discrepancies in bulk snow properties while maintaining comparable skill across
spatial and temporal metrics and evaluation scale. Snow albedo shows the largest
improvement, with global bias reduced by nearly a factor of two compared to leading
alternatives, leading to improved surface energy budgets. Similar to the site-level
results, these changes translate into more realistic snow phenology, including earlier
and more accurate timing of peak snowpack and melt-out. Performance remains
comparable or improved to previous and established empirical schemes, while re-
maining spatial discrepancies are associated with environments underrepresented
in the training data. The results demonstrate that lightweight and flexible physics-
informed frameworks can provide accurate, efficient, and scalable alternatives to
traditional approaches for large-scale snow modeling.

4.1 Introduction
Snow is a critical component of Earth’s climate system. Snow serves as an en-
ergy insulator and as a natural capacitor for water, modifying and delaying the
mass transport between the atmosphere and underlying land surface. These effects
drive complex feedbacks that impact climate at local and global scales [15]. Snow
processes also govern many socioeconomic and ecological phenomena, including
agricultural irrigation, hydropower generation, and natural disasters [31, 55]. There-
fore, characterization and prediction of seasonal snow processes remain important
for various natural and societal concerns, especially since snow cover changes with
the evolving climate state [2, 31, 32].

Accurately modeling snow is not a straightforward task, as snow evolution encom-
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passes various processes that span a range of spatiotemporal scales and underlying
physical interactions. Snow density and depth influence the insulation properties
of the snowpack [9, 36], while its high reflectivity drives strong radiative feedbacks
that are sensitive to warming [11, 15, 37, 59]. Local modification of surface air tem-
peratures by snow can propagate to the large-scale precipitation patterns that dictate
snow cover extent, or couple large-scale dynamics to the local topographic com-
plexity and aerosol/pollutant transport that affect snow radiative properties [8, 20].
Global energy balance and water mass distribution is thus susceptible to variability
in snow accumulation and distribution, particularly in mid-latitude regions, where
snow cover and local processes exhibit the highest variation [10, 37]. Uncertain
inputs and imprecise formulations can propagate errors through simulations [60].

Limiting these errors in land models at global scales requires faithful representation
of numerous processes where inputs might be unresolved, uncertain, or unavailable.
The best choice of snow parameterizations for global climate models (GCMs) re-
mains an open area of research, with myriad contenders and comparisons as data
volume and computational access expand [38, 46, 54]. Model outputs vary consid-
erably with parameterization selection [23, 55], yet the tradeoffs of computational
complexity, input sensitivity, expressivity, and generalizability continue to limit the
emergence of a clear winner for any given snow process [23, 29, 38].

Snow parameterization research for land modeling exhibits a wide spectrum of
techniques, physical realism, and complexity, though several common structural
and practical bottlenecks have emerged. Intermodel variability remains high, with
albedo or density schemes driving large discrepancies in snow cover duration and ra-
diative forcing, especially during the ablation period where observational agreement
is weakest [15, 23]. These errors are intertwined with the spatial scales represented
by the model. Parameterizations are often calibrated/evaluated over localized or
more homogeneous regions, which then fail to generalize across resolutions, ele-
vations, or locations, as unresolved heterogeneity in topography, precipitation, or
pollutant concentration introduces scale-dependent biases [32, 33, 55]. Approaches
calibrated at large scales, however, often fail to exhibit sufficient variability for
higher-resolution accuracy or generalizability to evolving climate statistics [1, 24].

At the same time, schemes are often monolithic within specific land model imple-
mentations, or embedded within legacy languages/infrastructure [28, 48]. This can
obfuscate the ability to add, isolate, or compare alternative formulations within a
consistent framework. Rigid implementation can limit applicability in other models
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run with different time-steps, hinder incorporation of newer approaches such as
machine learning (ML), or limit their usage on parallelizable hardware like GPUs.
These weaknesses throttle a model’s ability to take full advantage of contemporary
computational advances [13, 18]. For both modular and more rigid land models, high
dimensionality and correlation of overall parameter spaces can limit computational
efficiency and hinder more comprehensive online calibration or uncertainty quantifi-
cation, beyond the computational cost of already-expensive forward simulations and
spin-up times [17, 40]. There is growing recognition that fine-scale processes, in
both space and time, affect coarse-grained behavior, driving ever-higher resolution
modeling [2, 15, 31, 37, 55, 65], yet many of these processes are not resolved in
global climate simulations because both the data required to constrain them and the
input variables required to drive them are not available. These challenges motivate
the development of modeling frameworks designed for flexibility, scalability, and
systematic experimentation.

ClimaLand, the land component of the Climate Modeling Alliance (“CliMA") Earth
system model, was released (version 1.0) in late 2025 [18]. It is built in a high-
level language (Julia) to be modular and abstract, with ML library support for
the easy development, incorporation, and experimentation of different subprocess
parameterizations. ClimaLand is also designed to run natively on GPUs. This
yields performance gains permitting global simulations without the need for super-
computers (e.g., on single machines), greatly facilitating online calibration. These
design principles reflect the potential of an emerging hybrid paradigm where ML
is used not as a replacement for physics, but as a complement, embedding flexible
data-driven parameterizations directly from growing observational data volumes
within the guardrails of a physical model infrastructure. This allows the nonlinear
expressiveness of ML methods [16, 19, 26] to be leveraged while avoiding the in-
consistencies of completely unconstrained approaches or the rigidity of formulaic
assumptions. Parameterizations which maintain physical consistency yet also are
able to model a range of outputs will be crucial for forecasting an evolving climate
at ever-higher resolutions, as regional statistics and extremes shift over time, and it
becomes necessary to generalize beyond fixed singular calibration regimes.

This article introduces updates to the ClimaLand Snow model, to catalog new
parameterization developments (Section 4.3) and benchmark them (Section 4.4)
over point-level site simulations and global spatial scales. We first introduce ML
parameterizations for snow depth (4.2 “Snow Depth Parameterization") and snow
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albedo (4.2 “Snow Albedo Parameterization") based upon a physics-constrained
neural network framework first developed in 2022 and described in [13] that ex-
hibit lightweight performance and can adapt to growing model needs as resolution
increases. We then also introduce a lightweight surface temperature scheme (4.2
“Snow Surface Temperature Parameterization") to enable stronger surface tempera-
ture variance. Simulation discrepancies are then evaluated at point and global scales
(Section 4.4) for the updated variables as well as additional bulk and radiative prop-
erties. Snow phenology effects as a result of the parameter updates are explicitly
investigated. Findings suggest that the choice of simple, yet flexible schemes instead
of detailed formulations offer lightweight and competitive alternatives to traditional
approaches. Outcomes are contextualized against those of the previous schemes and
widely used alternatives [3, 21].

4.2 Model Description
The ClimaLand snow model (hereafter abbreviated as “CLS”) is a 1D bulk model
tracking overall internal energy and water balance per column. CLS is modular and
allows users to implement and compare custom parameterizations within the scope
of the snow model API, without the need to touch model internal code. A more
detailed description of the original model can be found in the original technical
documentation (Section 2.2. of [18]).

Snow Depth Parameterization
The snow depth and density are required to determine heat fluxes through the
snowpack, as well as the rate meltwater leaves the snowpack [18]. CLS always
tracks snow water equivalent (𝑆), which is related to snow depth (𝑧) and bulk snow
density (𝜌𝑠 ≤ 𝜌𝑤) via liquid water density (𝜌𝑤):

𝑆 =

(
𝜌𝑠

𝜌𝑤

)
𝑧 (4.1)

which allows tracking of all three variables via a choice of a depth or a density
parameterization.

Most prevalent snow models choose to parameterize 𝜌𝑠 and derive 𝑧, with many
employing the empirical formulation originating in Kojima [34] that was analytically
extended by Anderson [3]. Small deviations exist amongst implementations, but
most stay close to the original calibrated parameters, with downstream deviation
arising from differing estimations of new-snowfall density [23, 55]. Despite its
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central role in U.S. and European snow prediction systems, the parameterization
is sensitive to the climate used for its calibration (with limited transferability to
other climate types) and not robust to uncertainty in snow liquid content, a required
input [6, 13]. CLS also tracks snow liquid content (𝑆𝑙), enabling density diagnosis
from the liquid fraction without additional state variables. CLS originally reduced
calibration sensitivity to a single minimum-density parameter:

𝜌𝑠 = (1 − 𝑞𝑙) 𝜌min + 𝑞𝑙𝜌𝑤, 𝑞𝑙 =
𝑆𝑙

𝑆
. (4.2)

This parameterization has been replaced by an ML scheme, employing a parameter-
ization framework developed in 2022 by Charbonneau et al. [13] that is applicable to
various physical systems. The approach uses fixed matrices to enforce supplied con-
straints (analytical functions, other trainable structures, etc.) upon a model without
the need to penalize the loss function during gradient-based training. This focuses
parameter updates solely on conformant performance during constrained learning
and guarantees compliant outputs in operation. The framework was shown to en-
able consistent and generalizable schemes from simple model structures, capable
of competing with more complex models at minimal computational cost. It also
exhibited faster and more accurate inference compared to clamping the outputs of
the same structures trained without constraints, with better GPU scalability [13].
This parameterization evolves state variable 𝑧, according to

𝑑𝑧

𝑑𝑡
= 𝑀𝑧

(
𝑧, 𝑆, 𝜑, 𝑅, 𝑣, 𝑇𝑎𝑖𝑟 , 𝑃𝑠𝑛𝑜𝑤

)
(4.3)

where 𝑀𝑧 is a small constrained feed-forward neural network, and 𝜑 (0-1) is relative
humidity, 𝑅 (W/m2) is received downward shortwave radiation, 𝑣 (m/s) is surface
wind speed, 𝑇𝑎𝑖𝑟 (◦C) is the air temperature, and 𝑃𝑠𝑛𝑜𝑤 (m/s) is the liquid-equivalent
rate of snowfall. The variable overbars reflect the scheme being trained offline
with SNOTEL station daily averages (but instantaneous 𝑧, 𝑆), so a 24-hour moving
average input for these features is approximated within CLS by an exponential
moving average (EMA). One additional constraint is imposed to maintain
𝑆𝑛𝑒𝑤 ≤ 𝑧 + Δ𝑡 · 𝑑𝑧/𝑑𝑡 ≤ 𝑆𝑛𝑒𝑤𝜌𝑤/𝜌𝑚𝑖𝑛, with 𝜌𝑚𝑖𝑛 picked as 50 kg m−3 and
𝑆𝑛𝑒𝑤 = 𝑆 + Δ𝑡 · 𝑑𝑆/𝑑𝑡 once the prognostic update for 𝑆 has been determined.
Training data was compiled from different site locations so as to learn one set of
coefficients that should apply independent of local climate. It was shown to exhibit
lower error than the Anderson parameterization across numerous site simulations
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both when prescribing observational 𝑆 and when simulating input 𝑆 (an 𝑆 network
for this scheme versus Anderson’s Snow17model), and due to being 1D can be used
in all CLS domain types [13].

This scheme was briefly specified in the initial ClimaLand report. However, the
framework has been abstracted into a more performant module since its direct
implementation, enabling further parameterization development within CLS (see
2.3) or adoption by interested researchers (see Data Availability). The scheme
has been evaluated standalone at the site-level to date, though never within the
land model and not at global scales, allowing first-time investigation of spatial and
coupled performance in this work.

Snow Albedo Parameterization
Snow shortwave albedo (𝛼) governs the fraction of incoming shortwave radiation
reflected to the atmosphere, and together with soil and canopy albedo dictates the
grid-cell reflectivity. Acting as a direct land-atmosphere coupling, its high values
(70–90%) amplify sensitivity to small perturbations or uncertainty [8]. Biases
in snow albedo have been linked to overestimates of snow depth and snow cover
duration [55], and studies identify albedo parameterizations as among the most
influential, yet under-characterized, controls on radiative fluxes during the snow
ablative period [38, 56].

Despite its importance, a leading approach for snow albedo modeling in GCMs
remains elusive. 𝛼 depends on wavelength, pollutant concentration, snow age,
and morphology [67], encompassing processes from many spatiotemporal scales.
Complex models such as SNICAR/SNICAR-ADv3 within the Community Land
Model (CLM; [40]) can provide precise spectrally-resolved estimates, but require
inputs such as grain size/shape or pollutant concentration that are uncertain or
unavailable at computationally tractable scales. This can yield errors comparable to
simpler schemes at higher computational cost [24, 43]. Meanwhile, simple schemes
rely on precise knowledge of snowfall timing and struggle with generalizability,
especially in representing diverse decay rates with a single set of parameters [1, 8].
Consequently, modest differences in parameterization can produce large divergences
in simulated snowpack properties [23, 30, 46, 55].

CLS initially offered a constant albedo scheme, or a diagnostic albedo dependent on
solar zenith angle cosine (𝜇) and snow density as a fraction of 𝜌𝑤 (𝜌̃ = 𝜌𝑠/𝜌𝑤):
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𝛼(𝜇, 𝜌̃) = 𝛽( 𝜌̃) · (𝑎0 + 𝑎1𝑒
−𝑘𝜇), 𝛽( 𝜌̃) = min (1 − 𝑏0( 𝜌̃ − 𝜌̃0), 1) (4.4)

with calibrated parameters 𝑎0, 𝑎1, 𝑘, 𝑏0, 𝜌̃0, and scheme output being clamped be-
tween 0 and 1. Like the depth model, the snow albedo has been added as a prognostic
state variable, and evolves according to a small constrained neural network based
upon the aforementioned constrained model framework:

𝑑𝛼

𝑑𝑡
= 𝑀𝛼 (𝛼, 𝑇𝑎𝑖𝑟 , 𝑃𝑠𝑛𝑜𝑤, 𝜇𝐿𝑁 ) (4.5)

where all inputs are instantaneous save 𝜇𝐿𝑁 , the zenith angle cosine at that day’s local
solar noon for the column (calculated via a broadcasted function over the domain,
the same as 𝜇). Whenever a snowpack disappears and a new snowpack appears
(𝑆 < 1mm, 𝑃𝑠𝑛𝑜𝑤 > 3mm/d), 𝛼 is reinitialized as a constant parameter that we set
as 0.8. These inputs reflect training with daily albedo products [57] and deliberate
choice of widely available inputs. Similar to the depth parameterization, the lack
of explicit time or location dependence enables one set of weights to be learned
that can be applied at any time/location. This developed ML scheme was shown to
outperform over 20 existing or prevalent snow albedo schemes across hundreds of
site evaluations at point-site and coarser 500m evaluation while maintaining physical
consistency (Chapter 3), though like the depth parameterization, this study serves as
an initial analysis of spatial performance at contemporary GCM resolutions when
coupled to a larger model environment.

Snow Surface Temperature Parameterization
Heat exchanges between the snowpack and the atmosphere are quantified by the
temperature gradient at the snow surface. While the whole snowpack has a high
thermal inertia, the surface temperature can fluctuate on minute timescales [5],
necessitating distinct modeling from the bulk for accurate accumulated energy flux
into the snowpack over time.

This need is often invoked as justification for implementing multilayer snow mod-
els, as their additional degrees of freedom provide more range to express diurnal
surface variability, clear distinction from the bulk and soil surface temperatures, and
better representation of nonlinear gradients [55, 66]. However, multiple layers add
complexity and computational load, requiring construction of a full vertical temper-
ature profile even when only the surface slope governs heat flux. Implementation
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also requires additional assumptions or inputs about the internal snowpack, many
poorly constrained or unavailable in GCMs (nor widely observed), limiting their
robustness and evaluability across climates [66]. A direct estimation of only the
surface slope for a bulk model like CLS can bypass the computational bottleneck
of a matrix system solve at each grid point, while improving surface flux resolution
that ultimately governs melt timing and snow season duration.

The original CLS release lacked a surface temperature parameterization, using only
the bulk temperature (𝑇𝑠) in a rough approximation of surface heat flux. This was
linked to a high bias in S and noticeably delayed melting compared to observations
[18], an issue observed across many snow models [27, 45, 61, 62]. The updated
version implements an “equilibrium-gradient” approach inspired by the Utah Energy
Balance model (UEB; [66]), identifying the gradient that equilibrates the net surface
fluxes. A gradient between the surface and bulk temperatures is quantified in
accordance with Fourier’s Law via numerically solving a nonlinear equation for 𝑇∗:

SWnet + LWnet(𝑇∗) + LHF(𝑇∗) + SHF(𝑇∗) =
− 𝜅 (𝑇∗ − 𝑇𝑠)

𝑑
(4.6)

where SWnet, LWnet, LHF, SHF represent the net shortwave flux, net longwave flux,
latent heat flux, and sensible heat flux at the snow surface, respectively (all are
positive if upwards). All except the shortwave radiative flux are nonlinear functions
of 𝑇∗, calculated with the Thermodynamics.jl module [64]. If 𝑇∗ is less than the
freezing temperature (𝑇 𝑓 ), 𝑇∗ is set as the surface temperature. If not, the surface
temperature is set to the freezing temperature, and the leftover energy flux

𝐹𝑠𝑢𝑟 𝑓 , 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 =
−𝜅

(
𝑇∗ − 𝑇 𝑓

)
𝑑

(4.7)

is added to the total energy flux for the bulk snow energy. The reference distance 𝑑
is selected as

𝑑 = 𝑑0

(
1 − exp

(
− 𝑧

𝑑0

))
, 𝑑0 =

√︄
𝜅 𝐷

𝜋𝑐𝑝,𝑖𝜌𝑠
(4.8)

where 𝜅 is snow thermal conductivity and 𝑐𝑝,𝑖 is the specific heat capacity of ice.
The right-hand-side of Eq. 4.6 and 𝑑0 match the surface slope found from solving
the diffusive heat transfer equation using periodic boundary conditions with a period
(𝐷 = 86400 s) of 1 day [66]. This means 𝑑0 represents the e-folding length of the
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expected temperature-deviation quenching scale in a diurnally-varying snowpack.
The exponential modification to 𝑑 from 𝑑0 ensures the reference depth remains
inside the snowpack as the snowpack becomes small. Eq. 4.6 is numerically solved
via the secant method, using a maximum of 8 iterations and a tolerance of 0.1
K, which was found to be sufficient in nearly all cases. In the few cases where
the algorithm fails to converge, the bulk temperature is instead used as the surface
temperature.

4.3 Methodology
Data
Point-location snow observations are necessary to constrain the timing and mag-
nitude of accumulation and melt [32], but in-situ networks remain sparse, lim-
iting their representativeness at GCM scales. Consequently, spatially resolved
continental-scale snow cover must instead be evaluated using satellite retrievals
and/or reanalysis products [37]. To permit comprehensive evaluation under both
considerations, model evaluation was conducted across point-scale and global data
to assess simulated snowpack evolution, spatial structure, and variability.

Atmospheric forcing data for global simulations were obtained from ERA5 reanal-
ysis data at 1-degree resolution [12]; the forcing data was loaded at 3-hour intervals
and then linearly interpolated to the simulation time. The simulation also prescribes
leaf area index from MODIS [53](see section 4.3 of the initial release for a more
comprehensive description of all model inputs, including static surface parame-
ters). Model outputs were compared to those of ERA5-Land (“ERA5L"; [52]),
which downscales the land surface model outputs of ERA5 (forced with ERA5
atmospheric reanalysis) to 9km resolution, plus altitudinal corrections (lapse-rate
based) for air temperature, humidity, and pressure [22]. ERA5 and ERA5L have
been found to perform well compared to other reanalyses, particularly in albedo
consistency [37]. Grid cell albedo was derived from the ratio of net and downward
shortwave radiation, as in Kouki et al. [37]. We note that ERA5 and ERA5-Land
products are themselves model-constrained reanalyses and therefore do not constitute
independent ground truth as a means of absolute valuation, with numerous studies
outlining the structural biases in these sources (e.g., [33, 37]). However, this allows
scheme comparison against a widely-used baseline to permit structural evaluation
of discrepancies over more climate types than those used in model development.

At point scales, site-level data from Col de Porte (“CDP"; [42]) from 2008 to 2012
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was used. In addition, the same analysis was carried out using data from the Senator
Beck (“SNB") and Swamp Angel (“SWA") snow data collection sites [39], which
were used in the same intercomparison project as Col de Porte [38, 47]. The same
data preparation for CDP was used for SWA and SNB, converting precipitation mass
fluxes into water-equivalent volume fluxes via division by 𝜌𝑤. For these simulations,
in addition to 𝑧, 𝑆, and surface temperature (𝑇𝑠𝑢𝑟 𝑓 ), ground albedo 𝛼𝑔 was compared
to the sensor-derived albedo, combining effects of snow cover fraction, snow albedo,
and underlying soil albedo.

Experimental Design
Global simulations were run at 1◦ × 1◦ spatial resolution, with 15 soil layers in
the vertical direction. An implicit-explicit euler scheme (forward-backward Euler,
or “ARS111"; [7]) with a time-step of 7.5 minutes was used to step the model,
with three iterations per implicit solve. Global simulations were run from summer
2000 through summer 2020 to generate 20 total snowpack cycles in the northern
hemisphere, with outputs saved at daily resolution. Single-site simulations were run
from 2008-2012 with only the snow model standalone (only explicit time-stepping
required) and a time-step of 1 hour, saving all outputs. For additional details on
global simulations, we refer the reader to Sections 4.2.2, 4.3 in [18]).

Spin-up procedure for model initial conditions involved loading the same spin-up
state as was generated for the initial ClimaLand report, which has zero flux at the
bottom of the soil domain. Any existing snow is initialized with a liquid fraction of
0. This loaded state does not specify initial snow depth, density, or albedo due to
the form of the original CLS parameterizations (see Section 4.3), so any initial snow
in the spin-up file was assigned a density of 250 kg/m3 (𝑧 = 4𝑆) in accordance
with observed settled snow densities [41]. The spin-up state initializes on March 1st
2000, with the model stepped until data collection starting summer 2000 when most
snow had melted. For single-site simulations, all initial conditions were provided
by the first observational values.

One simulation was run with the original CLS parameterizations, and another was
run with all updated parameterizations. To further compare CLS in context with
other snow modeling initiatives, an additional simulation was run using the prevalent
Anderson density parameterization found in the Snow17 model [4], and the albedo
scheme from HTESSEL [21] (parameterization equations are provided in Appendix
4.A). This albedo scheme is used in ECMWF and was the leading non-ML GCM
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albedo scheme during albedo parameterization development (Chapter 3). This third
simulation configuration also utilized the new snow temperature parameterization.
All simulations otherwise used ClimaLand v1.7 defaults to isolate differences from
only snow parameterizations. For site simulations, snow water content results are
further contextualized against the summary statistics of the 27 snow models used in
the Snow Model Intercomparison Project (ESM-SNOWMIP; [47]).

Previous studies acknowledge a dearth of evaluations explicitly assessing snow
phenology and interannual variability within snow models, or correlations in bias
[33]. Furthermore, equifinality oversight from assessing only the updated variables
can mask underlying compensating biases (e.g., high snow albedo offset by low
snow cover fraction) or internal deviations from otherwise similar outputs. Direct
comparison of only updated variables is more acceptable in point-scale and short-
term applications, but can amplify uncertainty over large domains and timescales
[32]. Therefore, additional intermediaries such as radiative fluxes, snow cover, 𝑆,
snow season duration, and annual snow maxima were also evaluated to mitigate these
limitations. As improvements in individual state variables may reflect compensating
structural errors, emphasis was placed on assessing larger patterns and consistency
across snow mass, albedo, and phenology rather than isolated metric optimization.

Analysis / Metrics
For global outputs, daily timeseries per column were aggregated (mean) to monthly
values, assessing root mean square error (RMSE), bias, and 𝑅2 of monthly timeseries
to analyze long-period climatology and statistical behavior rather than instantaneous
variation. For site-simulation timeseries, a snowpack percentage error (SPE; the
mean absolute error relative to the average nonzero value) was also assessed. For
global-simulation albedo, root mean square percentage error (RMSE%) and bias per-
centage error (B%) were assessed alongside their absolute counterparts. For spatial
analysis, output maps were compared to reanalysis with the Structural Similarity
Index Measure (SSIM) metric and 𝑅2 over space instead of time. We distinguish
between grid-𝑅2 for one given time step with 𝑅2

𝑠 and timeseries-𝑅2 for one column
with 𝑅2

𝑡 . For snow cover fraction, in addition to previously mentioned metrics,
outputs per column were next denoted as snow/no-snow at each time-step with a
threshold of 0.5, enabling assessment of binary classification metrics (i.e., scores
derived from the confusion matrix of true positives, true negatives, false positives,
and false negatives) in addition to regression scores, such as accuracy and critical
success index (CSI). The significance of the difference between paired outputs for all
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metrics (among different simulations) were assessed with a Wilcoxon signed-rank
test [63] at a 𝑝 = 0.05 significance level, a non-parametric method that avoids as-
sumptions of normality or equal variance. All model metric differences were found
to be statistically significant beyond the 𝑝 = 0.05 significance level, so 𝑝-values are
not reported here.

For 𝑧, 𝑆, snow cover, and snow phenology, outputs were only compared over columns
where snow existed, excluding pixels with less than 1 mm of snow throughout the
whole simulation. Columns identified as glaciers by the ERA5L glacial mask were
also excluded, since CLS does not yet incorporate the conversion of condensed
snow to glacial ice. Snow albedos were compared only where snow cover exceeded
95% to minimize contamination from non-snow signals. To assess phenology of
seasonal snow, outputs were analyzed only over columns where at least 2 months of
continuous no-snow cover (< 5 cm snow depth) could be identified. Snow presence
in viable columns was counted only if the snow achieved a depth of at least 5 cm
for at least two weeks. All other outputs are compared over all time over the entire
land surface. For radiative fluxes, metrics are reported as integrated over the entire
land area (area-weighted), while all other point properties are reported as a direct
aggregation over the modeling grid.

4.4 Results
Site Simulations
Output statistics for the three site simulations are provided in Table 4.1, and outputs
for CDP are displayed in Fig. 4.1. Outputs for SWA and SNB are provided in 4.B.
Overall, the new parameterizations provide a competitive alternative to established
parameterizations and represent an improvement over the old parameterizations.
The delayed melting due to the older scheme and high bias in simulated 𝑆 is visible
for CDP and even more apparent for SWA and SNB. While the bulk temperature
more closely estimates the observed snow surface temperature for SWA and SNB,
the new scheme mitigates above-freezing surface temperatures, which were a notable
issue in the initial release [18].

For site simulations, the HTESSEL albedo scheme exhibits stronger high-frequency
variability than the new albedo scheme, which instead tracks the seasonal statistics
of albedo more than the sub-weekly or hourly variability. This corroborates the
findings from testing in a standalone configuration (Chapter 3). Across all site-level
variables, the new parameterizations exhibit slight advantage over the established
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Figure 4.1: Single site simulation timeseries for the Col de Porte snow site. The above plot
shows the results of the tested simulation configurations over site data. Each simulation corresponds
to the curve color indicated in the legend, while observations are shown as black points. In the curve
for Snow Water Equivalent (𝑆), gray bands indicate the maximum/minimum simulation values by the
27 models in ESM-SNOWMIP, light blue bands indicate the 25th to 75th percentiles, while a dotted
orange line indicates the median. The delayed melting and positive surface temperature phenomena
from the old CLS parameterizations are apparent, while the new parameterizations mitigate these
issues. The old albedo parameterization appears as a block due to the fast-varying nature of the
zenith angle within a day in addition to its variance throughout the year.

Anderson/HTESSEL (henceforth referred to as “A/H") parameterizations in their
ability to reduce relative and absolute error, though with slightly higher bias. These
results also mimic previous analyses finding the new depth parameterization yields
correlated 𝑧 and 𝑆 biases while the Anderson parameterization tends to more holis-
tically under-predict 𝑆 and over-predict 𝑧 [13].

The Anderson parameterization more closely matches the median estimation of 𝑆
among the ensemble of simulations in the ESM-SNOWMIP comparison, but this
is less surprising as most of the models in this ensemble utilize a form of that
parameterization. For these site simulations, the new neural parameterization is
better at tracking the ensemble prediction during meltout, while the combination of
the A/H parameterizations tends to melt a few days too early. At the site level, the
largest benefit is sourced from the melt-timing improvement due to the improved
surface temperature parameterization, and the neural snow depth parameterization
offers an effective option in snow depth modeling.
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Table 4.1: Site Performance Statistics. The RMSE, Bias, and SPE (the MAE divided by its mean
nonzero value) are displayed for each site and each simulation (with the new parameterizations, old
parameterizations, and established Anderson/HTESSEL parameterizations labeled as “New," “Old,"
and “A/H," respectively, with the best for each site highlighted in bold.

RMSE Bias SPE
Var Site New Old A/H New Old A/H New Old A/H

𝑧

cdp 0.103 0.26 0.254 0.029 0.154 0.207 0.121 0.293 0.323
swa 0.26 1.08 0.277 -0.152 0.874 0.119 0.133 0.597 0.154
snb 0.605 0.601 0.529 -0.49 0.355 0.273 0.388 0.341 0.343

𝛼𝑔

cdp 0.092 0.124 0.076 0.03 0.003 -0.014 0.136 0.181 0.112
swa 0.131 0.444 0.101 0.034 0.341 -0.013 0.154 0.695 0.129
snb 0.11 0.289 0.114 -0.003 0.169 -0.042 0.112 0.302 0.132

𝑇𝑠𝑢𝑟 𝑓

cdp 3.303 4.259 3.599 -0.718 0.387 -0.68 0.009 0.012 0.01
swa 7.141 6.402 8.635 5.835 -3.713 7.478 0.024 0.019 0.029
snb 5.034 4.146 6.908 3.939 -1.078 5.947 0.017 0.01 0.023

𝑆

cdp 0.052 0.072 0.04 0.044 0.062 0.01 0.21 0.296 0.152
swa 0.102 0.359 0.135 -0.014 0.314 -0.11 0.133 0.604 0.211
snb 0.13 0.17 0.168 0.039 0.106 -0.061 0.24 0.299 0.296
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Global Simulations
Snow Depth and Water Equivalent

Figure 4.2: 𝑧 performance of updated parameterizations. These plots shows the bias against
ERA5-Land data in snow depth for the new (top-left) versus old (top-right) parameterizations, as well
as the difference between the new and old models (bottom-left), and the 𝑅2

𝑡 value per grid point over
the entire 20-year simulation (bottom-right). Glacial pixels with perennial snow as well as no-snow
pixels were excluded from this evaluation. The new parameterizations serve to reduce the one-sided
bias of the original configuration, though this reduction over-corrects in more northern latitudes.

Fig. 4.2 and 4.3 outline model differences and performance from the new param-
eterizations compared to the original schemes, while Table 4.2 summarizes global
simulation statistics. Spatial differences in bias arise from the difference in sim-
ulation forcing data at each location on account of varying climate types across
the globe, as well as the trained parameterizations’ abilities to generalize to these
climates and their snowpack scenarios. The original CLS configuration exhibits
global high positive bias in snow depth compared to ERA5L that is mitigated by
the new parameterizations. This correction is stronger in the northern latitudes,
resulting in a smaller but overall negative snow depth bias that is emphasized near
the Arctic circle. However, the new configuration mitigates most bias in the Middle
East and western North America. This is unsurprising, as despite the snow depth
neural network exhibiting capable generalizability, the locations with more (less)
bias align with the climate and snowpack types with less (more) representation in
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Figure 4.3: 𝑆 performance of updated parameterizations. These plots follow the format
outlined in Fig. 4.2, using the same pixel mask. For snow water equivalent, the bias reduction is
more effective globally, reducing the absolute magnitude of the bias. Like snow depth and results,
the temporal 𝑅2

𝑡 values for snowy columns remain holistically high.

the developed training data [13]. For 𝑆, the correction is more effective at mitigating
bias overall regardless of original direction, reducing the bias magnitude globally.

The new parameterizations show overall improved snow depth RMSE and 𝑅2
𝑡 over

each column, but slight regression in spatial aggregation metrics. For snow wa-
ter equivalent, the absolute difference between new and old parameterizations is
smaller but favors the new parameterizations more holistically. The medians for the
new parameterizations are better than their means, suggesting the neural parame-
terizations are performing well globally but struggling to fully generalize to more
extreme environments where less training data was available. However, they show
a dramatic improvement in reducing the bias of total water mass accounting in the
global snow system.

While all configurations exhibit capable performance, the A/H configuration per-
forms slightly better in snow depth in most metrics except for bias, in a reversal
from its ranking at the site level. However, the same configuration also shows worse
performance with regards to representing the water mass budget of the snow climate
system, with some of the worst bias and spatial representation metrics. Similar to
the neural parameterizations, this could be an artifact of the limited climate regimes
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Table 4.2: 𝑧 and 𝑆 performance statistics. The mean and median performance scores (see
section 4.3 “Analysis") over the global surface are reported for the three simulation configurations.
For each metric, the best median and mean score are highlighted. The new parameterizations improve
temporal scores such as RMSE and 𝑅2

𝑡 in snow depth compared to the old parameterizations, but
exhibit slightly worse spatial (SSIM, 𝑅2

𝑠) scores. The new parameterization configuration also
performs best with regard to snow water equivalent, though all configurations remain close and high-
capability. The configuration utilizing the Anderson depth parameterization exhibits slightly better
snow depth performance, yet exhibits worse overall 𝑆 performance, with the worst performance in
spatial reconstruction of 𝑆 and worst bias in 𝑆.

𝑧

Setup RMSE Bias 𝑅2
𝑡 SSIM 𝑅2

𝑠

New mean 0.077 -0.033 0.838 0.831 0.854
median 0.058 -6E-03 0.894 0.797 0.847

Old mean 0.084 0.015 0.834 0.883 0.875
median 0.072 0.002 0.87 0.891 0.891

A/H mean 0.071 -0.04 0.904 0.898 0.917
median 0.058 -0.026 0.933 0.874 0.931

𝑆

Setup RMSE Bias 𝑅2
𝑡 SSIM 𝑅2

𝑠

New mean 0.01 -0.001 0.875 0.955 0.903
median 0.008 1E-05 0.945 0.963 0.948

Old mean 0.011 0.002 0.874 0.955 0.928
median 0.01 0.001 0.944 0.951 0.944

A/H mean 0.011 -0.003 0.901 0.95 0.899
median 0.007 -0.001 0.944 0.963 0.941

present in the original calibration data for this scheme.



150

Snow Coverage

Figure 4.4: Snow Cover performance of updated parameterizations. These plots follow the
format outlined in Fig. 4.2, using the same pixel mask. Like the snow depth results, one-sided biases
are reduced by the new parameterizations.

Snow coverage results are analogous to those for snow depth, with overall reduction
of positive bias across both hemispheres compared to the old parameterizations.
Results of snow coverage simulations are displayed in Fig. 4.4 and summarized
in Table 4.3. The original CLS configuration exhibited a positive bias in snow
cover fraction against ERA5L over the northern hemisphere and Chilean Matorral
which has been reduced globally by the new parameterizations, except for similar
or increased bias over the Tibetan/Mongolian Plateaus. This overall reduction in
bias leads to improved snow cover bias scores and precision in the new configura-
tion, particularly in Canada and southern Europe, though it now exhibits slightly
higher RMSE and other binary comparison metrics. These changes propagate to
accumulated energy fluxes and dynamics in the climate model due to the relative
gap between normal surface albedos and snow albedos.

For this variable, the established parameterizations outperform the CLS parameter-
izations. However, performance difference between all configurations for a given
metric and aggregation is small, with nearly all within ∼0.05 and many within
∼0.02. Even for the worst-performing configuration, the 𝑅2

𝑇
scores for each column

in the snow regimes of the northern hemisphere remain high. We note that the snow
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Table 4.3: Snow Cover performance statistics. Table formatting follows that in Table 4.2,
showing scores for snow depth and snow water equivalent. For all schemes, most performance is
high and similar within ∼0.05, suggesting all would be effective within a GCM setting. Compared
to the old parameterizations, the new parameterizations reduce the bias, though are slightly lower for
other scores.

Setup RMSE Bias 𝑅2
𝑡 SSIM 𝑅2

𝑠 Accuracy Precision CSI

New mean 0.095 0.011 0.868 0.74 0.869 0.955 0.904 0.793
median 0.075 -2E-4 0.945 0.727 0.875 0.948 0.916 0.853

Old mean 0.083 0.024 0.909 0.8 0.891 0.963 0.852 0.815
median 0.064 0.01 0.965 0.805 0.901 0.958 0.91 0.888

A/H mean 0.072 -0.007 0.934 0.811 0.925 0.972 0.945 0.841
median 0.062 -0.009 0.963 0.779 0.944 0.971 0.972 0.881

cover fraction parameterization scheme among the simulations is identical (a simple
asymptotic fractional threshold, ∝ 𝑧/(𝑧 + 𝑧0)), so these performance differences are
contextualized not only against the depth schema differences within each simulation,
but also largely against the sensitivity of the snow cover fraction scheme’s calibra-
tion parameters, which have not yet been optimized holistically in CLS nor for each
simulation’s scheme choice. Work in ClimaLand remains ongoing to develop a
more complex scheme for this subsystem to accompany the new parameterizations
and reduce present alternative metrics.
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Albedo

Figure 4.5: Surface Albedo performance of updated parameterizations. These plots follow
the format outlined in Fig. 4.2, with the entire global surface analyzed. With only the snow
parameterizations changed, it is unsurprising there is no difference in radiative fluxes over the
columns without snow presence. The new parameterizations improve the overall model biases over
Greenland and Antarctica, with some reduction at snowy latitudes due to the snow albedo reduction
(see below). Other biases remain about the same globally.

Albedo outputs for the global surface albedo are displayed in Fig. 4.5, and results
for surface and snow-only albedo are summarized in Table 4.4. Visualization of
snow albedo changes are also provided in 4.B. The new parameterizations this time
demonstrate a notable improvement in simulation fidelity compared to the alter-
native simulation configurations, dominating improvement or closely matching the
top performer in most metrics. Compared to performance in the site-level hourly
simulations, the tendency of the new albedo scheme to track expected seasonal ten-
dencies reduces simulation bias across the globe by nearly a factor of two compared
to other schemes, implying improved radiative energy flux simulation. The snow
albedo RMSE and RMSE% scores of the new parameterization are also similar
to those found during standalone development and benchmarking at site-level and
500m coarse data from a variety of locations, highlighting the strong extrapolative
capability of the new scheme (Chapter 3).

There is a notable drop in temporal correlation of surface albedo over locations
without snow. This could relate to prescribing static non-ERA5L soil parameters,
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Table 4.4: Surface and Snow-Only albedo statistics. Table formatting follows that in Table 4.2
The new parameterizations show a dramatic improvement compared to the alternative simulation
configurations for these variables, though the temporal correlation with ERA5L reanalysis data is
low.

𝛼𝑠𝑢𝑟 𝑓

Setup RMSE RMSE% Bias Bias% 𝑅2
𝑡 SSIM 𝑅2

𝑠

New mean 0.078 0.281 -0.003 0.088 0.352 0.532 0.892
median 0.055 0.245 -0.002 0.007 0.217 0.543 0.91

Old mean 0.102 0.312 0.032 0.138 0.357 0.559 0.889
median 0.1 0.246 0.062 0.079 0.229 0.566 0.916

A/H mean 0.145 0.353 -0.082 -0.014 0.364 0.438 0.775
median 0.119 0.317 -0.046 -0.062 0.228 0.438 0.819

𝛼𝑠𝑛𝑜𝑤

Setup RMSE RMSE% Bias Bias% 𝑅2
𝑡 SSIM 𝑅2

𝑠

New mean 0.07 0.103 0.035 0.056 0.239 0.641 0.226
median 0.05 0.062 0.011 0.014 0.155 0.65 0.203

Old mean 0.152 0.21 0.129 0.178 0.286 0.658 0.36
median 0.108 0.127 0.067 0.079 0.244 0.629 0.412

A/H mean 0.148 0.182 -0.097 -0.109 0.553 0.471 0.152
median 0.133 0.18 -0.082 -0.097 0.607 0.496 0.116

instead of dynamically modeling or prescribing ERA5L soil parameters (though soil
moisture, energy, and subsequent impact on soil albedo are dynamically modeled).
Compared to the A/H configuration, snow albedo simulation is greatly improved
but exhibits worse temporal correlation scores among just-snow albedo values. This
is likely an artifact of the mean-tracking behavior of the neural parameterization
compared to other schemes that better attempt to represent higher-frequency variance
in snow albedo timeseries.
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Radiative Fluxes

Figure 4.6: Latent Heat Flux performance of updated parameterizations. These plots follow
the format outlined in Fig. 4.2, with the entire global surface analyzed. Like the surface albedo,
changes are only discernible over snowy areas. The new parameterizations serve to reduce negative
bias in the upper latitudes, though they exacerbate already-positive bias within non-glacial arctic
columns.

Similar to the albedo results, the radiative latent and sensible heat fluxes over the
global surface (Fig. 4.6 and Fig. 4.7, summarized in Table 4.5) show improvement
in RMSE and bias between the new and the old parameterizations, with both out-
performing the established A/H parameterizations. The opposite sign of latent and
heat flux biases mimics findings in the original ClimaLand release [18] which can
be attributed to remaining model structural error and yet-uncalibrated parameters.
However, the new CLS updates lessen the magnitude of these biases, especially
over glacial columns in Greenland and Antarctica. In ClimaLand, negative fluxes
are downward (into the snow), so the new parameterizations show overall averaged
increase in absorbed surface energy (sensible heat flux) and additional evaporation
(upward latent heat flux). These are consistent with the overall average decrease in
surface albedo, though we note temporally aggregating the configuration differences
and overall biases can mask more nuanced interactions.

The different configurations overall show little difference regarding shortwave and
longwave upward radiation (see Table 4.6, also visualized in 4.B) beyond worse
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Figure 4.7: Sensible Heat Flux performance of updated parameterizations. These plots follow
the format outlined in Fig. 4.2, with the entire global surface analyzed. Like Fig. 4.5, model changes
are distinguishable only in columns with snow presence. Changes are mostly localized to Greenland
and Antarctica, which serve to help reduce global bias statistics.

performance by the A/H configuration for shortwave, though the new parameteri-
zations serve to reduce model bias over Greenland. Like the original ClimaLand
release, the land surface is still too bright, though the older parameterizations re-
main a stronger predictor of longwave radiation. Radiative changes should not be
qualitatively compared in a direct manner to snow changes due to different temporal
aggregation (all times vs. periods with sufficient snow coverage) and the combined
effects of the canopy, soil, or snow season duration changes.

Summary

The below table (Table 4.7) summarizes the leading performer over simulated vari-
ables with regards to RMSE, Bias, and SSIM. In most cases, the new parameter-
izations lead to the best improvement compared to ERA5-L or site observations,
providing the leading or second-best score.
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Table 4.5: Latent and Sensible Heat Flux statistics. Table formatting follows that in Table
4.2. Similar to albedo improvements, the new parameterizations tend to perform best with regard to
the evaluated metrics and show holistic improvement compared to the old parameterizations, except
for temporal correlation scores aggregated over columns. In these tables, the mean and median
refer to direct aggregations over the modeling grid, while the “

∫
g" statistic refers to the integrated

average (area-weighted) over the grid. As SSIM and 𝑅2
𝑠 are one scalar per modeling grid and instead

aggregated directly across time (while RMSE, bias, and 𝑅2
𝑡 are assessed per pixel and then aggregated

across space), no area-weighted score exists for these values.

LHF
Setup RMSE Bias 𝑅2

𝑡 SSIM 𝑅2
𝑠

New
mean 9.49 0.935 0.583 0.434 0.884

median 8.492 0.053 0.728 0.431 0.888∫
g 12.614 0.98 0.697 - -

Old
mean 9.773 0.35 0.672 0.413 0.88

median 8.711 0.394 0.788 0.42 0.883∫
g 12.716 0.282 0.722 - -

A/H
mean 11.468 2.412 0.69 0.405 0.868

median 9.642 2.836 0.784 0.413 0.866∫
g 13.157 1.486 0.734 - -

SHF
Setup RMSE Bias 𝑅2

𝑡 SSIM 𝑅2
𝑠

New
mean 13.867 -1.432 0.551 0.351 0.815

median 12.164 -2.064 0.627 0.369 0.819∫
g 14.286 -1.306 0.658 - -

Old
mean 15.782 1.45 0.619 0.289 0.742

median 13.194 2.54 0.708 0.307 0.75∫
g 15.284 -0.11 0.671 - -

A/H
mean 22.633 8.282 0.714 0.317 0.61

median 15.757 4.301 0.797 0.328 0.77∫
g 16.488 2.032 0.71 - -
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Table 4.6: Upward shortwave and longwave radiation statistics. Both CLS parameterizations
improve over the A/H parameterization with regards to shortwave radiation, with slight improvements
using the new parameterizations, however, the differences are minimal regarding longwave radiation
and mostly similar.

𝑆𝑊up
Setup RMSE Bias 𝑅2

𝑡 SSIM 𝑅2
𝑠

New
mean 11.044 2.642 0.877 0.653 0.934

median 9.089 3.533 0.959 0.661 0.942∫
g 10.38 1.72 0.822 - -

Old
mean 12.133 -0.804 0.879 0.645 0.932

median 10.827 -1.301 0.956 0.651 0.934∫
g 10.689 0.429 0.826 - -

A/H
mean 26.261 -11.785 0.892 0.581 0.891

median 12.089 -2.311 0.955 0.575 0.905∫
g 13.879 -3.525 0.85 - -

𝐿𝑊up
Setup RMSE Bias 𝑅2

𝑡 SSIM 𝑅2
𝑠

New
mean 7.166 -1.058 0.971 0.903 0.996

median 6.064 -1.089 0.991 0.904 0.996∫
g 6.864 0.539 0.966 - -

Old
mean 6.27 -0.228 0.97 0.901 0.996

median 5.073 -0.321 0.993 0.902 0.996∫
g 6.345 1.02 0.965 - -

A/H
mean 6.611 1.778 0.979 0.908 0.996

median 6.166 2.193 0.994 0.908 0.997∫
g 6.215 1.756 0.969 - -



158

Table 4.7: Summary of simulation variable results. This table displays the best simulating vari-
able with regards to RMSE, Bias, and SSIM for the discussed variables at the site or global level. The
leading scheme is denoted by “N" for the new parameterizations, “O" for the old parameterizations,
or “A/H" for the Anderson/HTESSEL configuration. When the new parameterizations were not
the leading configuration, the cell is highlighted if the new parameterizations were the second-best
performer. In nearly all cases, the newly developed parameterizations represent an improvement over
previous or prevalent configurations.

Site Global
Variable RMSE Bias SPE RMSE Bias SSIM

𝑧 N N N A/H O A/H
SWE N N N N N N

Albedo - - - N N O
Snow Albedo A/H N A/H N N O

𝑆𝑊up - - - N O N
𝐿𝑊up - - - O O A/H
LHF - - - N O N
SHF - - - N N N
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Phenology

Figure 4.8: Snow cover biases by latitude. These plots show nonzero snow cover fractions
averaged by month of year and across longitudes. The biases against ERA5L are shown, as well as
the difference between the new and old parameterizations (bottom right). The negative difference
at the start of the year in the Northern hemisphere and the later months in the Southern hemisphere
indicates the new parameterizations are reducing the snow season globally, compared to the lag in
the old parameterizations. Like global plots, glacial and no-snow columns were excluded from this
analysis.
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The timing of the snow season for different model configurations is summarized
in Fig. 4.8-4.10 and Table 4.8. The onset of the snow season is similar in all
simulation configurations (later months for northern latitudes in Fig. 4.8, or earlier
months for southern latitudes), with minimal spread in snowpack appearance dates.
In Fig. 4.8, snow cover fraction is unilaterally reduced in the southern hemisphere
compared to the previous paramterizations, which does serve to over-correct snow
coverage bias relative to ERA5L at the beginning and end of the snow season in the
mid-southern latitudes, or at the end of the snow season in the northern hemisphere.
However, the magnitude of the new negative bias is still less than that visible in the
A/H configuration, especially at more extreme latitudes in both hemispheres. This
reflects a shorter snow season duration unilaterally under the new parameterizations,
mimicking the results identified for the site-level simulations. The earlier end to the
snow season also corroborates the average improvements to radiative fluxes, since
the discrepancy between snow and surface albedo in these transient phases is large.

Downstream differences in snow phenology primarily arise from mid- or late-season
differences, rather than the beginning of the snow season. All simulations exhibited
median snowpack appearance dates within 3 days of the data and from each other.
However, simulation distinguishability increases for the season melt-out date (Fig.
4.9) as well as maximum snowpack date (Fig. 4.10), especially at northern latitudes.
In particular, the dates of maximum snowpack height were significantly delayed with
the old CLS parameterizations, which have been mitigated through the addition of
the new parameterizations. Much of this improvement can be attributed to the
added energy flux into the snow throughout the melting season due to the new
surface temperature parameterization, speeding up the melting process.

The new parameterizations serve to reduce the median date of maximum snow
depth by over 4 weeks compared to the old parameterizations, and simulate the
melt-out date with reduced bias compared to the old parameterizations and to the
A/H parameterization when aggregating over all latitude bands (Table 4.8. These
are crucial for mitigating energy flux biases due to the land surface sensitivity to
snow presence. We note the date of maximum snowpack height does not necessarily
indicate the onset date of the melting season for a given latitude, particularly at higher
latitudes where snowpacks can persist without significant depletion or compaction
until later in the season.
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Figure 4.9: Snowpack disappearance date by latitude band. Within applicable latitude bands
where seasonal snow exists, the distribution of snowpack disappearance dates in that band are
visualized on the plot for all simulation configurations and ERA5L data. Distribution medians
are also marked for each band in the same color as their corresponding curve as indicated by the
legend. A small vertical shift from the 0-mass line for each distribution has been added to aid in
distribution visualization. Configuration distinguishability increases at more northern latitudes, with
some configurations performing better than others for any particular latitude band.

Table 4.8: Snowpack timing differences between model configurations. This table displays
the average (in days) across latitude bands for the bias against ERA5L in snowpack onset date,
disappearance date, and maximum depth date, as well as the difference between the old and new
parameterization simulations. Biases are determined from the distribution medians seen in Fig. 4.9
and 4.10.

Date New Old A/H (New-Old) Diff
Onset 2.5 2 0.5 1

Disappearance -0.5 6 -7 -5
Maximum -7.5 23.25 4 -23.5
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Figure 4.10: Date of maximum snowpack height by latitude band. Plot format follows that seen
in Fig. 4.9, though now for the date of maximum snowpack height, which can influence melt-out date
as well as the timing of snow-stored energy and mass in the global climate system. The delay of the
old parameterizations compared to data and new parameterizations is apparent in this visualization.
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Output Structure and Variability

Figure 4.11: Snow Depth and Snow Albedo biases by elevation and average snowpack size.
This plot shows the 20-year bias scores for each global column against that column’s elevation and
average nonzero snowpack depth. Snow albedo bias (already unitless) is presented directly, while
snow depth bias is presented relative to the average nonzero snowpack height. Glacial columns
or those without snow are excluded to assess the parameterization capability in recreating seasonal
snow.

Biases in the new snow depth and albedo parameterizations are contextualized
against elevation and snowpack type (the average nonzero snow depth per column,
across all years) in Fig. 4.11. Overall, both parameterizations show little correlation
between output bias and elevation or snowpack type, suggesting the neural param-
eterizations extrapolate well to a range of elevations and snowpacks not present in
their training data. The spread in biases is wider for low elevations and small snow-
packs than high elevations and large snowpacks, though this is influenced by the
relative abundance of low-elevation columns over the globe. Biases per snowpack
type exhibit a slight positive tendency for small snowpacks and negative bias for
small snowpacks — this regression to the mean is to be expected for small neural
parameterizations that, through training, aim to best replicate the statistics of the
underlying training data.
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Figure 4.12: Snowpack Maxima variability by simulation configuration. The maximum
snowpack height per year for each column are visualized against ERA5L maxima for each of
the three assessed model configurations. All three configurations show good agreement with the
ERA5L reanalysis data. Though showing a slightly lower 𝑅2 score and more under-prediction, the
new parameterizations do a better job at handling the largest snowpack maxima compared to other
parameterizations that tend to overpredict maxima.

Parameterization ability to recreate maximal snowpack depth (and its inherent inter-
annual variability) is compared by simulation configuration in Fig. 4.12. This plot
shows all annual snowpack maxima (per year per column), so a wider spread around
the 1:1 line (dashed) and a lower correlation indicates a configuration is less capable
in recreating seasonal variability in snowpack maxima, in addition to portraying an
over- or under-estimate of snowpack maxima. Again, all three schemes show a strong
and similar ability to replicate maximal snowpack depth, though the new scheme
tends to over-correct the positive snowpack bias exhibited by the old scheme and
Anderson scheme. However, the new scheme does demonstrate a slightly stronger
capability in recreating annual ERA5L maxima in larger snowpacks compared to
the other two schemes, whose extremes bend further away from the 1:1 line.

Interannual variability (IAV) is compared more directly in Fig. 4.13. The standard
deviation in the annual maxima of snow depth and snow albedo (aggregated and
reported in Table 4.9) can be compared for each simulation configuration against
those found in ERA5L, and the biases portrayed globally, indicating where each
configuration exhibits too much or too little variance. The mean-tracking behav-
ior of the neural network parameterizations manifests as an underperformance in
northern latitude IAV and too much variability over more stable glacial regimes
for snow albedo, though similar behavior is visible in all schemes. The new snow
depth parameterization reverses and reduces the positive IAV bias from the older
configuration, offering a competitive alternative to the A/H configuration with bet-



165

ter southern hemisphere performance. The single-sided positive bias in snow depth
maxima IAV for the old configuration likely sources from insufficient melting due
to the lack of a surface temperature parameterization, as well as poor representation
of the range of new-snow densities with its density parameterization, which cou-
ples depth maxima IAV to the higher-IAV precipitation forcing data. Meanwhile,
the single-sided negative bias in snow depth maxima IAV from the new parame-
terizations is more likely from structural under-representation in the neural model
of other input features that could lead to better separability in different snowpack
behavior, instead of regression to the mean within the training data, particularly in
high latitudes where effects like lateral snow transfer and wind loading become more
important. Sufficient snow albedo IAV over eastern Asia in areas like the Tibetan
plateau remains a problem for all configurations, though this is a common issue
across the snow modeling community due to the area’s anomalous environment.
Aggregated globally (Table 4.9), the new snow albedo scheme best replicates the
global variability.

Table 4.9: Global Interannual Variability (IAV) in snow depth and snow albedo by each
simulation and ERA5L. This table summarizes the average variability (standard deviation) in
maximum snowpack depth and snow albedo across all years over the modeling grid, compared to
ERA5. Spatial assessment of these scores can be visualized in Fig. 4.13.

IAV New Old A/H ERA5L
𝑧 0.0823 0.143 0.1212 0.1138

𝛼𝑠𝑛𝑜𝑤 0.0106 0.0055 0.0202 0.0114

In addition to spatial performance of temporal metrics, temporal performance of
spatial metrics can be seen in Fig. 4.14, which visualizes the variation in SSIM
scores by month for the new parameterizations, binned over the 20-year simulation.
The simulation shows consistent performance within each month and larger spread
throughout the year. The higher and narrower range in summer scores is likely due
to the relative consistency of the land surface during the summer months, where
remaining snow cover is more perpetual and homogeneous. For both variables,
the performance at the onset of the Northern hemisphere snow season is higher
than the performance at the end of the season, corroborating the phenology results
and common trends in the snow modeling community. Overall, the inter-annual
variability is well-matched by the new parameterizations, and the improvements in
bias and performance by the new schemes do not show structural error, indicating
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competitive long-term simulation capability by the new parameterizations in global
climate modeling.
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Figure 4.13: Spatial bias in interannual variability (IAV). These plots visualize the difference in the standard deviation in the annual maximum values of snow
depth and snow albedo between each configuration and the ERA5L data, as an indication of each configuration’s capability to replicate the IAV in each variable
across different climates and locations. A negative (blue) bias indicates a model exhibits less variability between years than ERA5L (more similar predictions each
year), while a positive (red) bias indicates too much variability. Snow depth is analyzed over non-glacial columns with annual snow cover, while snow albedo is
analyzed over all spatiotemporal points with > 95% snow cover.
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Figure 4.14: Seasonal variability in spatial SSIM score for the new snow depth (top) and snow
albedo (bottom) parameterizations. As in Fig. 4.11 and Fig. 4.12, only non-glacial columns with
annual snow cover were analyzed, which can over-inflate summer scores (where depth and albedo
are more consistent globally). However, the new parameterizations show consistent performance
within each month/season, with slightly better performance in the early snow season compared to
the end of the snow season. Barplot central bars indicate the median, while boxes span the first and
third quartiles. Points outside the whiskers are at least 1.5x the interquartile range from the median.
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4.5 Discussion
The updated parameterizations constitute a notable advancement over their previous
versions and demonstrate overall competitive performance in simulating snow prop-
erties, providing more relevant representations of the physics that govern terrestrial
fluxes and snowpack state. These updates provide new defaults and optional func-
tionality for future ClimaLand experimentation. We note the improvement in snow
season duration from the surface temperature scheme only required a basic amount
of physical intuition applied to a sufficiently versatile but computationally inexpen-
sive expression, instead of the complexity of multiple snow layers, decoupling this
property from conventional perceptions. The computational footprint of the neural
parameterizations stays comparable to simple empirical schemes, enabling their use
in large-scale simulations. This is in contrast to more detailed schemes or conven-
tional ML model sizes. Both neural parameterizations showed similar accuracy at
global scales when coupled to a model to that in their standalone local runs. This
highlights the potential of the developed parameterization framework in creating
schemes that can generalize in scale as well as climate diversity.

The error ranges seen here with the new parameterizations are on par with or
competitive with those seen in other global models. Models such as CLM or
the Exascale Land Model (ELM) frequently find snowpack depth errors on the
order of 7-10+ cm and 𝑆 bias near 1-2 cm, with snow albedo errors near and
above 0.1 [33, 40]. Both models make use of more complex parameterizations
such as SNICAR or additional input variables like aerosol concentration that can
dramatically increase the computational cost. The new CLS schemes can replicate
or reduce these errors, particularly in 𝑆 and snow albedo, at reduced computational
burden. The schemes are even competitive with the outputs of regional models
such as WRF or AMUNDSEN run with higher-resolution and lower-uncertainty
forcing data [32, 55]. Their architectural flexibility and their ability to perform at
global scales when training only on site data bodes well for future research into the
extension of ClimaLand/CLS to other modeling applications.

Notably, larger and more complex models (or our older schemes) struggle with melt-
out timing with errors on the order of weeks [33, 58], while our new temperature
scheme demonstrates statistical bias of snowpack phenology on the order of days.
The sensitivity of climate models and the seasonal cryosphere to snow presence
suggests our improvement in snow phenology will benefit the accumulated energy
budget of long climate simulations. We further emphasize that a primary benefit of



170

the updated parameterizations lies in improved cross-scale consistency and reduced
tuning fragility, rather than fixation on any single performance metric.

In complex coupled model systems, clear attribution of improvement or impairment
remains challenging, as performance in any single variable or metric in isolation does
not holistically determine scheme suitability. Apparent biases could reflect internal
representation limitations, but could also arise from uncertainties in the forcing or
evaluation data. Despite their roles as state-of-the-art reanalysis sources, ERA5 and
ERA5-Land data are known to exhibit biases in temperature, precipitation, and sub-
sequent snow properties that can vary with elevation [51, 55]. They are also known
to overestimate 𝑆 and melt timing, especially in mountainous regimes [37]. All of
these could recontextualize interpretation of the reported CLS biases. At the same
time, true observations are themselves limited. Sensor networks are sparse and often
unrepresentative of complex terrain, and SNOTEL stations are typically placed on
cleared, flat ground that might not capture substantial subgrid variability in snow-
pack properties [33, 50]. Existing monitoring systems undersample the full range of
elevations, land covers, and terrain classes present in snow-covered environments.
Furthermore, comparisons between gridded data and point observations are inher-
ently affected by strong spatial heterogeneity in snow properties [14, 25, 31]. These
scale mismatches complicate model evaluation, highlighting the need for additional
observational efforts or motivating efforts toward ever-higher-resolution modeling.
Modern studies suggest that high-resolution simulations can better resolve meteo-
rological and snow processes in mountainous regions than observation-constrained
gridded products, which remain limited by measurement difficulty [44, 51]. With
these considerations, the strong site-level performance demonstrated by the updated
parameterizations suggests that these schemes are well-positioned to differentiate
their performance and leverage increased GCM resolution, where improved process
representation can translate more directly into large-scale skill.

Opportunities remain for improving snow process representation in CLS. Formal
assessment of parameter uncertainty or online calibration was not pursued in this
work in order to isolate the changes from behavioral updates alone. These parame-
terization updates demonstrate notable improvement, but leave room for additional
complexity. The characteristic length scale for the surface temperature gradient
is derived assuming homogeneous snow properties. This is acceptable for a bulk
framework, though refinements (e.g., calibrated or parameterized scaling) could fur-
ther improve flux magnitudes. Likewise, the present snow cover fraction parameter-
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ization (not discussed here) or new-snowpack albedo adopt simplified formulations
that remain areas of active development. In particular, equifinality considerations of
the more basic snow cover fraction scheme could be impacting results (tightly cou-
pling coverage error to depth error), and a stronger parameterization could further
distinguish presented scheme performance. Calibrating this scheme for a particular
configuration choice while investigating alternative formulations is a leading priority
for the ClimaLand team. Additional processes such as wind-driven redistribution or
canopy interception are not yet represented, reflecting our focus on computational
efficiency and parsimony at this stage. More holistic benchmarking via ILAMB
protocols also remains an ongoing effort.

Slight performance reduction for a subset of comparisons here likely reflects limited
representation of extreme or sparsely-observed climates in the training data, rather
than an instability in the scheme designs. Similarly, the presented approaches can
embody accurate relationships in accordance with the expressive capacity of the
chosen model class, but cannot eliminate structural errors arising from unavailable
variables. Both ideas underscore the need for increased observation of a variety
of snow properties in undersampled environments, and at scales unresolvable by
present remote sensing capabilities [37, 49].

Our results highlight the potential of ML-based and physically-informed lightweight
parameterizations as a complementary pathway for improving land surface model-
ing. By construction, these approaches offer increased flexibility and robustness to
uncertainty and nonstationarity [16, 19, 26], while avoiding the rigidity of symbolic
functional forms with even fewer parameters. They also provide favorable compu-
tational scaling relative to more complex process-based schemes, enabling efficient
integration into large-scale models. Within ClimaLand, the underlying model engine
is designed to support modularity and extensibility, allowing new parameterizations
to be incorporated, adapted, and evaluated as observational constraints evolve. The
constrained neural model framework also facilitates broader applicability beyond
snow processes, opening the door to alternative representations across land surface
components and related physical systems. As these tools continue to mature, we
look forward to the opportunities that arise from community engagement. Users and
developers are encouraged to contribute feedback, report bugs, or build additional
parameterizations to help advance the next generation of land surface modeling.
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4.6 Conclusion
This study introduced and evaluated updated snow parameterizations within the
ClimaLand snow model, including first-time spatial benchmarking of ML-based
schemes for snow depth and albedo as well as an equilibrium-gradient surface tem-
perature formulation. Across site-level and global simulations, the updated config-
urations demonstrated improved representation of snowpack evolution while main-
taining competitive computational performance. Notably, improvements in melt
timing were achieved without the added complexity of multilayer snow schemes,
and the ML-based parameterizations exhibited capable generalization across cli-
mates and spatial scales relative to established approaches.

The modular yet constrained ML framework enables stable cross-scale snow param-
eterizations with competitive physical behavior while also offering reduced struc-
tural rigidity. Within the architecture of ClimaLand, these updates demonstrate
that data-driven parameterizations can be robustly integrated into physically based
land models and can yield measurable improvements in cryospheric state variables
and coupled surface energy fluxes. Our results imply that the choice of simple,
constrained, yet flexible structures, instead of detailed but strict formulations, can
serve as effective and efficient alternatives to traditional empirical or highly com-
plex process-based schemes in large-scale land models. The modular structure of
ClimaLand further enables systematic testing and integration of such approaches,
supporting continued model development as new data and higher-resolution appli-
cations become available.

4.A Additional Parameterization Equations
Anderson Density Parameterization
This scheme is often formulated as a prognostic equation for (unitless; fraction of
𝜌𝑤) snow density, incorporating effects for temperature-dependent compaction and
microstructure metamorphism

1
𝜌

𝑑𝜌

𝑑𝑡
= 𝑊𝑎𝑏𝑜𝑣𝑒𝑐1 exp

(
𝑐2

(
𝑇𝑠 − 𝑇 𝑓

)
− 𝑐3𝜌

)
+𝑐4 exp

(
𝑐5

(
𝑇𝑠 − 𝑇 𝑓

)
− 𝑐6 max (0, 𝜌 − 𝜌𝑑)

)
(4.9)

with calibrated coefficients 𝑐𝑖 and 𝜌𝑑 , 𝑇𝑠 is the bulk snow temperature, and 𝑊𝑎𝑏𝑜𝑣𝑒

the snow water equivalent or weight of overlying snow. However, this formulation
is mostly associated with multilayer schemes, where 𝑊𝑎𝑏𝑜𝑣𝑒 is readily determined
and density evolves independently in each layer. This is less applicable to a bulk
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snow model where the single snow layer constitutes its own overlying snow, and the
average density over the whole snowpack is desired. As is discussed in Koren et al.
[35], the right-hand side of Eq. 4.9 changes sufficiently slowly within a model time-
step (usually on the order of minutes) that it can be treated as a constant, permitting
a solution that can be integrated over the snowpack height to get a parameterization
for the bulk density evolution. This bulk form of the parameterization is the type
implemented in Snow17 [4], with the formulation:

𝜌 (𝑡 + Δ𝑡) = 𝜌 (𝑡)
(
𝑒𝐴

(
𝑒𝐵·𝑆𝑖 − 1

)
𝐵 · 𝑆𝑖

)
(4.10)

𝐵 = 𝑐1Δ𝑡 exp
(
𝑐2

(
𝑇𝑠 − 𝑇 𝑓

)
− 𝑐3𝜌

)
(4.11)

𝐴 = 𝑐4Δ𝑡 exp
(
𝑐5

(
𝑇𝑠 − 𝑇 𝑓

)
− 𝑐6 max (0, 𝜌 − 𝜌𝑑)

)
(4.12)

with updated densities clamped between a provided minimum (𝜌𝑚𝑖𝑛) and maximum
(𝜌𝑚𝑎𝑥) density. 𝑆𝑖 = (1 − 𝑞𝑙)𝑆 is the ice content of the snowpack. This compaction
scheme is utilized twice; once to determine the depth contribution from new snowfall
once it falls and compacts itself on top of the snowpack (this requires another
parameterization for the density of new snowfall, which is given in Snow17 as
𝜌ns = 𝜌𝑚𝑖𝑛 + 𝑎(𝑇𝑎𝑖𝑟 − 𝑇0)𝑏 ), and once to determine the depth change when the
whole snowpack compacts. These two are combined into one depth change that can
be divided by the time-step to yield a prognostic update for snow depth. Table 4.10
lists typical values for the scheme parameters.

Table 4.10: Parameters for the Bulk Snowpack Anderson Parameterization. Units for temper-
ature difference are given as K−1 since celsius difference and kelvin difference are identical. These
parameters are utilized in many GCMs where the Fortran implementation of this scheme is found.

Parameter Value Parameter Value
𝑐1 0.01 hr−1 cm−1 𝜌𝑑 0.2
𝑐2 0.08 K−1 𝜌𝑚𝑖𝑛 0.05
𝑐3 21 cm3/g 𝜌𝑚𝑎𝑥 0.45
𝑐4 0.01 hr−1 if 𝑞𝑙 = 0, otherwise 0.02 hr−1 𝑎 1.7e-3
𝑐5 0.04 K−1 𝑇0 -15 ◦C
𝑐6 46 𝑏 1.5
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HTESSEL Snow Albedo Parameterization
This simplistic snow albedo scheme uses a continuous precipitation-based albedo
reset as well as either a linear or exponential albedo decay, dictated by the bulk
snow temperature or the presence of melt (negative 𝑑𝑆/𝑑𝑡). The update rules are as
follows:

• 𝛼 (𝑡 + 1) = 𝛼 (𝑡) + min
(
1, 𝑃𝑠𝑛𝑜𝑤Δ𝑡

𝑄0

)
(𝛼max − 𝛼 (𝑡)), when 𝑃𝑠𝑛𝑜𝑤 > 0

• 𝛼 (𝑡 + 1) = 𝛼min + (𝛼 (𝑡) − 𝛼min) 𝑒−𝑘 1Δ𝑡 , when 𝑃𝑠𝑛𝑜𝑤 = 0 and 𝑑𝑆/𝑑𝑡 < 0 or
𝑇𝑠 > −2◦C

• 𝛼 (𝑡 + 1) = 𝛼 (𝑡) − 𝑘2Δ𝑡, otherwise.

Adaptation of this scheme to a prognostic format is straightforward. Table 4.11 lists
typical values for the scheme parameters.

Table 4.11: Parameters for HTESSEL Albedo parameterization.

Parameter Value
𝛼min 0.5
𝛼max 0.85
𝑘1 0.24 d−1

𝑘2 0.008 d−1

𝑄0 1 cm

4.B Additional Plots
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Figure 4.15: Single site simulation timeseries for the Swamp Angel snow site. Formatting
follows that in Fig. 4.1. In this simulation, the melting is sufficiently delayed that the snowpack
never disappears for the old parameterizations.

Figure 4.16: Single site simulation timeseries for the Senator Beck snow site. Formatting
follows that in Fig. 4.1. For this site, all simulations do not perform as well with regards to snow
depth. The new parameterizations tend to under-predict depth, while the A/H parameterization tends
to over-predict depth
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Figure 4.17: Snow Albedo performance of updated parameterizations. These plots follow the
format outlined in Fig. 4.2, with masking over all columns and times where snow cover fraction is
less than 95%. For specifically snow albedo, the reduction in bias magnitude is obvious with little
over-correction.

Figure 4.18: Upward shortwave performance of updated parameterizations. These plots
follow the format outlined in Fig. 4.2, with the entire global surface analyzed. The new parameter-
izations mitigated bias in Greenland and the western United States, but also over-corrected the bias
over glacial areas such as Antarctica, and increased bias over Eastern Asia.
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Figure 4.19: Long-wave upward radiation performance of updated parameterizations. These
plots follow the format outlined in Fig. 4.2, with the entire global surface analyzed. Like the
shortwave radiation results, the new parameterizations over-corrected bias over glacial areas such as
Antarctica, though also mitigating some negative bias in Greenland.
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C h a p t e r 5

CONCLUDING THOUGHTS

In this dissertation, a neural differential equation framework for hybrid physics-ML
parameterizations was developed and applied to snow depth and snow albedo, to
demonstrate the efficacy of ML-informed modeling capabilities in large-scale snow
simulations like global climate modeling. The central challenge in this endeavor
is not an absence of physical understanding of snow processes, but instead the
persistent mismatch between the multiscale coupled nature of snow dynamics and
the limitations of traditional parameterizations in capturing these processes consis-
tently, both when generalizing to a range of climate regimes but also across a range
of spatial and temporal scales. By embedding physical constraints directly into a
neural dynamical system, the presented framework enables data-driven parameteri-
zations that remain numerically stable and consistent with conservation laws while
retaining the flexibility to represent nonlinear process interactions across a variety
of evaluation environments.

In three main areas — snow depth evolution, snow albedo seasonality, and cou-
pled climate model integration — the framework was shown to outperform multiple
established parameterizations at point-scale assessment with quality-controlled ob-
servational data as well as remaining competitive at coarser-scale or even global
surface modeling. These applications of the framework demonstrated an ability to
generalize to physically distinct regions of the cryosphere, benefitting from core
principles of embedding physical behavior and learning nonlinear forcing-response
relationships. Their shared success reveal the advantage of the framework lies not
in process-specific tuning, but in its ability to encode physically consistent state
evolution within a small and flexible functional form, where widespread data is
available. This emphasizes that constraints are more than just regularization. They
are structural priors that explicitly enable cross-domain transfer when combined
with a sufficiently flexible underlying predictive component, an idea on which the
developed framework effectively exploits.

These overall results constitute two key findings: first, that one singular framework
holds the potential for improvement across a range of physical systems, and second,
that such improvements are not confined to solely the variable the framework is em-
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ployed to represent. Improvements in hydrological bulk properties were propagated
(with the help of the new temperature parameterization as well; built upon similar
principles) to other hydrological and even radiative components of the new system.
The act of propagation itself is a straightforward conclusion given the fundamental
nature of the coupling within GCMs, but, more abstractly, this also suggests the
proposed approach serves an important role in encapsulating a more general struc-
ture of snow evolution as a constrained dynamical system, compared to serving only
as a flexible functional approximation for individual variables. Synthesized, these
outcomes reinforce the idea that improvements at the process level can translate
into meaningful system-level gains when embedded within a coupled modeling ar-
chitecture. However, not every variable showed substantial improvement at global
scales, emphasizing that coupling introduces additional interactions that are not
fully captured in point-scale evaluation.

Compared to the very large ML/AI models prevalent in research and industry, the
schemes discussed in this dissertation are unexpectedly diminutive; yielding archi-
tectures that could have been utilized for hydrological modeling on a mainframe
from the 1970s, or that are certainly reproducible on fortran or legacy systems still
used in climate modeling today. It is notable for all three new parameterizations
that adding only limited physical insight and basic boundary functions allows us to
replicate or outclass the performance achievable by comparable physical/empirical
schemes or with pure ML alone. This further highlights the importance of identi-
fying and applying physical insight when it can be employed, even when moving
towards more black-box techniques. A reduced but effective computational footprint
permits more advanced functionality for the same cost in global simulations; offering
a competitive alternative to existing detailed schemes. This reduces computational
slowdown that would otherwise arise from the usage of larger models, or implies a
ready path forward for prototyping and substitution into identified bottlenecks, even
beyond snow modeling specifically. In a similar vein, the usage of the presented
methodology compared to more traditional broadcasted conditional logic permits a
hardware speed-up that is conducive to modern and future computational languages
and hardware. This scalability will be crucial as growing model resolution continues
to push the limits of what is possible in global climate simulations.

Despite the demonstrated performance improvements, several limitations remain.
The framework is fundamentally constrained by the availability and representa-
tiveness of observational training data, which remains spatially uneven and biased
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toward well-instrumented snow regimes. As a result, performance degradation is
observed here in environments that are underrepresented, particularly for complex,
remote, or more extreme terrain, as well as transitional snow climates. Spread in data
temporal and aggregation scale is also as important as climate and spatial diversity.
Improvements over point-scale simulations do not guarantee global improvement,
and the range of extremes in variables like precipitation rates do not readily transfer
between different temporal aggregations, which demonstrably decreased the snow
depth parameterization performance when evaluated at different time-steps. Holis-
tic coverage of data efforts will always remain an issue in global climate modeling,
so incorporating insight from reanalysis or gridded remote sensing data can likely
help in extracting leading order information from under-sampled regimes. However,
when using these products, proper care must be taken to limit the effects of structural
or footprint-dependent biases in their preparation to permit proper generalization.
Benchmarking or pruning remote samples in accordance with existing observational
samples (as was done with the snow albedo gridded data and SNOTEL observations)
plays a critical role in quality assurance to create a pool of physically consistent,
trusted, and informative training samples to enable generalizable learning.

The developed hybrid ML framework demonstrates strong capability to address
many conventional challenges in model generalization, particularly when training
data and feature representations are thoughtfully constructed. Its ability to adapt to
input uncertainty, incorporate new variables, and perform effectively under limited
representative data highlights its potential relative to traditional approaches. How-
ever, as with all data-informed parameterizations, its performance can be tempered
by the availability and representativeness of observational data. In particular, pro-
cesses that remain poorly observed, such as the effects of aerosols or grain-scale
variability in snow albedo, introduce unavoidable sources of uncertainty. Impor-
tantly, this constraint is not unique to the present framework, but reflects a broader
limitation across empirical and hybrid modeling approaches. Indeed, within this
context, the results of this thesis suggest that the proposed methodology is com-
paratively robust to such gaps, while also providing a clear pathway for continued
improvement as new data become available. Rather than representing a limitation
of the framework itself, these challenges identify a critical opportunity for targeted
observational efforts and data collection to further advance snow modeling capabil-
ities. It is important to reiterate that the theoretical foundations of many of these
processes are already well-characterized and fundamentally understood; theoretical
advances in the process-based understanding of snow are presently less impor-
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tant than determining how to faithfully represent these processes at-scale when the
necessary inputs are unavailable or uncertain1. In a few of these cases, further
observational effort can provide much-needed data volume to permit a richer and
better-partitioned learning space for the proposed framework to harness, though for
many processes their closure at coarser scales will necessarily require more indirect
and/or statistical handling of anticipated biases. Spatial assessment of model bias
patterns with regards to land/climate type beyond those seen here could influence
the development of additional climate/location-aware features to introduce more
separability, or identify critical climates for which to gather more observations, in
order to begin mitigating the errors associated with these types of processes.

The ideas of this thesis were exciting to develop, but are far from absolute —
there will always be more ideas to explore. The proof-of-concept boundary func-
tions selected for the presented parameterizations served as a foundational baseline.
This choice was deliberate in these expositional works and debut of the frame-
work, particularly for preliminary assessment of the created methodology and for
exploration of each model’s capacity to learn other physical properties absent more
specific guidelines. With the general behavior now better qualified, the intro-
ductory approach remains flexible to incorporating additional functional forms to
curate further physical consistency. Explicit conservation of mass could be built
into the depth parameterization, or more physical limits on the snow depth upper
bound based on the Zwart parameterization2 could be explored. A more detailed
investigation of the pareto boundary from further physically-informed restriction
against maintaining sufficient expressive flexibility could aid in translating more
qualitative rules-of-thumb into explicit design principles for future application of
the framework. The models presented here were also trained on primarily mixed-
location point-scale data, but not mixed-frequency or global-resolution data. Data
extremes vary with temporal and spatial aggregation, so training on a mixture of
hourly-resolution and daily-resolution data or incorporating reanalysis data could
enhance a scheme’s ability to be run at different time-steps, or over more extreme
climates. Online training (fine-tuning) of model parameters once coupled inside a
global model could also improve downstream simulation fidelity. Another direction

1To put it another way, the problem is not so much of a lack of understanding of snow processes
themselves, but how to manufacture separability of the target variable only from the available obser-
vations/features, in order to create a better one-to-one mapping between the expected process behavior
and the available environmental state (which might necessarily never include that system’s governing
inputs). Until GCMs reach sub-km scales, many inputs will remain too coarse-grained to explicitly
represent their understood behavior to model their column-scale impact to bulk energy/mass.

2See section 3.A in Chapter 3.
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could involve non-local modeling, by incorporating convolutional neural networks
or inputs from other columns to permit representation of lateral fluxes and other
transfer effects. While such approaches are within the scope of the framework,
many lateral processes are inherently tied to specific spatial scales, which throttles
a trained parameterizations ability to generalize over different modeling grids, and
was thus not investigated here. Including transfer effects from other columns is
more representative of many under-represented processes in many GCMs or the
present form of the ClimaLand Snow model, but aggregating non-local information
also exacerbates issues from missing or uncertain inputs, which can further reduce
the available pool for training data. Furthermore, lateral transfer effects are less
important when the horizontal resolution exceeds 10–100km. Further qualification
of the tradeoffs of these considerations remains an avenue for future work.

In a broader sense, the developments of this thesis are not restricted to just deep neural
networks, nor gradient-based training, nor even snow modeling. The architectures
here are adaptable to many classical empirical schemes, or alternative ML methods
like tree-based models, transformers, or even non-parametric schemes. Probabilis-
tic schemes like Bayesian networks could be utilized to create uncertainty-aware
climate parameterizations. The possibilities for representable constraints are even
more vast. Black-box constraints or specific model types like Kolmogorov Arnold
Networks could be learned simultaneously with the data as a form of equation dis-
covery for multi-scale systems with unknown limiting behavior. On modern code
systems, automatic differentiation packages allow the gradient of a neural network
output with respect to its inputs to be passed to a constraint function along with the
prediction, enabling additional transformations on the output that represent a broader
class of physical constraints than bounds alone. This technique could be combined
with the loss-function augmentation techniques seen in other physics-informed net-
work techniques to enable an exciting regime of hybrid physical modeling, in snow
modeling and beyond. I am optimistic for wider interest about the tools presented
here, and have abstracted them into a Julia module to use with your own constraint
functions and predictive models, with tutorials available here. Taken together, I
hope these ideas invite further curiosity and iteration, contributing in a small way to
the continued evolution of physically grounded, data-driven modeling approaches.

The works of this thesis ultimately yield a unified framework for cryosphere pa-
rameterizations, and perhaps the first successful integration of ML-based snow
parameterizations into a GCM. With careful forethought, deliberate construction of

https://clima.github.io/ClimaLand.jl/stable/generated/standalone/Snow/base_tutorial/
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schemes that are computationally efficient yet hold the same expressive capability
as more complex approaches provide improvements in snow modeling that extend
from local to global scales, particularly in snow albedo and their combined effects
on snow seasonality. This demonstration of cross-process generalization is evidence
that ML-physics models can improve climate-relevant outputs without destabilizing
coupled dynamical systems while remaining anchored in physical law, and even go
so far as reduce longstanding biases in snow schemes. This research lays the foun-
dation for next-generation parameterizations in effective and scalable large-scale
climate modeling, or other physical modeling systems.
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