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Abstract

Accurate prediction of variability of polar snowpack is central to understanding global
climate change and its impacts on ecosystems, sea-level rise, and weather patterns.
Traditional, physically based snowpack models commonly fail to capture full range of
complexity that realistic snow dynamics can display, especially under extreme climate
events. On the contrary, machine learning (ML) models can enhance predictive accuracy
but lack interpretability and thus are challenging to apply in scientific contexts. This
research proposes construction of explainable Al models for prediction of polar snow-
pack, emphasizing how to interpret domain knowledge coupled with state-of-the-art
techniques in Al. Physics-informed neural networks are used herein to embed physical
laws, Graph Neural Networks (GNNs) to represent spatial dependencies, and Recurent
Neural Network (RNNs) for temporal sequences. Several post-hoc explanation tech-
niques, such as SHAP and saliency maps, together with the development of causal
inference models, are applied in such a way that the transparency and scientific basis of
the models are preserved.
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Introduction

Snowpack variability predictions are
crucial in polar regions as understanding
such conditions ultimately helps in several
global climate patterns, further affecting
sea-level rise, ecosystems, and human ac-
tivities. Polar areas, which include regions
like Antarctica and Greenland, involve a
very complex interplay of climatic varia-
bles, including temperature, wind patterns,
precipitation, and solar radiation (Pletzer
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et al. 2024, Roy et al. 2018). These factors
affect not only the volume of snow mass
but also its physical properties, further in-
fluencing energy balance, albedo, and re-
gional water cycles (Ru and Ren 2024). Ac-
curate modeling and high-resolution pre-
diction of the snowpack variability is ur-
gent for climate policy and preparation re-
garding extreme weather events driven by
changes in polar environments (Singh et
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al. 2024, Sobota et al. 2020). Traditional
models are usually based on physical sim-
ulation but can rarely capture the full com-
plexity of snow dynamics, given the very
high degree of spatial and temporal vari-
ability associated with polar regions (Spo-
laor et al. 2018, 2021). Machine learning
(ML) models have revealed huge prom-
ise in improving predictive capabilities,
yet lack transparency that prevents climate

Literature Review

Traditionally, snowpack modeling has
been controlled by physical models that
simulate snow dynamics built on known
principles of mass and energy balance
(Arp et al. 2018). These include the Snow
Water Equivalent (SWE) model, that eval-
uates the accumulation and density of
snow, and the Crocus model, that simu-
lates snowpack evolution by explaining
complex thermodynamic equations (Blau
et al. 2021). These models, while built on
well-known physical laws, very frequently
fail to duplicate the complete variability
of the snowpack dynamics and especially
its response to extreme climatic events-
sudden climatic changes triggered in a
time range of hours to several days in-
cluding a sudden rise in temperature or a
burst of heavy precipitation (Bonsoms et
al. 2024). For the same reasons, the com-
putational complication of these models,
maintained as such, sets yet another signif-
icant limit to their scalability, particularly
when lengthy to large spatial domains sim-
ilar to polar regions (Celli et al. 2023).

More recently, methods of ML have
been tried for the prediction of snowpack.
Works investigating deep learning models
for snowpack forecasting, such as those by
Collow et al. (2022) and/or Davesne et al.
(2022), have shown that neural networks
are capable of learning complex patterns in
large datasets to improve predictive accu-
racy (Valt and Salvatori 2016, van Dijk et
al. 2014). Most of these models are "black
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scientists from interpreting or trusting their
output (Spolaor et al. 2014). This gap un-
derlines the need for explainable Al mod-
els, which balance predictive accuracy
with interpretability (Thapa et al. 2024).
Explainable Al models enable users-like
scientists and policy makers-to understand
not only what the model foretells but al-
so why it does so in a particular respect
(Stroeve et al. 2024).

boxes" like physics-based models that of-
fer little insight into the relationships be-
tween input variables and outputs (Docher-
ty et al. 2018). In particular, temperature
and wind are input variables, while snow
depth and melt rates are output variables
(Ebrahimi and Marshall 2016). This lack
of interpretability poses a big challenge
in fields like climate science, where the
processes responsible for driving variabili-
ty are as important to understand as are the
predictions themselves (Ernakovich et al.
2014, Owczarek and Opala 2016).

It was for such challenges that a field
now identified as Explainable Al came in-
to being (Varty et al. 2021, Wahl et al.
2024). Explainable Al-developed methods
that makes ML algorithms more interpret-
able (Weinhart et al. 2021). Some feature
attribution methods applied to provide
insight into model decision-making are
SHapley Additive exPlanations, or SHAP,
and Local Interpretable Model-agnostic
Explanations, LIME (Thapa et al. 2024). A
work by Homan and Kane (2015), showed
how the mentioned techniques help in en-
hancing the interpretability for the deep
learning models (Irannezhad et al. 2016).
However, XAl applications for snowpack
modeling are still in their early days and
have so far been explored only by a few
studies, focusing on how ML is linked to
physical laws controlling snow dynamics
(Jennings and Jones 2015).
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The most promising avenue seems to
be that using Physics-Informed Neural
Networks (PINNs), which encode physical
laws as part of the learning itself (Li et al.
2018) developed PINNs, which constrain

Research Methodology

This section portrays the research meth-
odology for the development of explaina-
ble Al models that predicts snowpack var-
iability within polar regions. This is fo-
cused on model architecture and model
interpretation techniques. For that reason,

Model Development

neural networks with known physical con-
straints that guarantee the predictions to
be consistent with established scientific
theories (Li et al. 2020).

this research methodology has been de-
signed to ensure scientific rigor, accuracy,
and completeness so that stakeholders may
have faith and understand the predictions
made by the AL

Identification of Core Variables and Features

The first step in the development of Al
models for the prediction of snowpack var-
iability is the identification of those physi-
cal and environmental variables that influ-
ence the dynamics of snowpack. Key vari-

ables that control processes of accumula-
tion and snow melting were identified (see
the list below in Table 1). These typically
include those listed below.

Variable Impact on Snowpack

Temperature | Increased temperature enhances the rate of snowmelt, which lowers the
depth of the snowpack.

Wind Wind redistributes the snow by drifting and blowing; this redevelops the

Patterns accumulation and ablation rates.

Albedo The albedo, a factor impacting solar radiation amount absorbed by snow,
evaluates the rate at where snowmelt happens.

Precipitation | Directly impacts snowfall and thus the amount of accumulation.

Atmospheric | If atmospheric pressure, humidity, and storms differ, then accumulation

Conditions and melting change.

Table 1. Core variables and features.

Once these variables have been deter-
mined through the literature review as seen
in Table 1, domain expertise of climate
scientists can be included in order to vali-
date that the choice of variables matches
known climatic processes and snowpack

dynamics. Without the input of such an
expert, the complexity introduced into the
problem by the behavior of the snowpack-
especially at polar latitudes where local in-
fluences may be highly relevant, the mod-
eling cannot be done correctly.

130



S. SIDRA & S. M. WAGAN

Snowpack Prediction Model Selection

We do have a number of ML and deep
learning models that are used to predict
snowpack variability. Since our focus is on

Physics-Informed Neural Networks (PINNs)

Physics-Informed Neural Networks in-
corporate physical laws into the learning
process directly. In the context of snow-
pack modeling, this translates to embed-
ding the basic principles of the conserva-
tion of snow mass and energy fluxes into

developing explainable models, we identi-
fy those showing scientific grounds for in-
terpretability.

the architecture of the network as dis-
played in Figs. 1 and 2. These sets of gov-
erning equations for the conservation in
snow mass and energy can be represented

as: oS
— =P-M+E

Eqn. 1
at "

Fig. 1. Physics-informed neural network combination of nueral networks & physics.

Training a physics-informed
neural network

Fig. 2. Schematic of physics-informed neural network.
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In equation 1 where S is a snowpack
storage, P is precipitation (snowfall), M is
snowmelt, dependent on temperature and
radiation, E shows evaporation and subli-
mation losses. While training, PINNs force
the model by hard-wiring these physical

equations into the model architecture to
ensure that the model behaves as expected
from known scientific laws. The result of
this is better generalization, especially in
regions that might be poorly captured by
the data.

Graph Neural Networks

With spatially dependent snowpack across polar regions, Graph Neural Networks
(GNNs) can be applied to learn relational information from one geographical region to
another. Many a time, snow variability can be very different depending on other sur-
rounding regions due to common climatic patterns the regions share. This kind of struc-
ture in data is what GNNs are designed for; hence, it is eminently suitable for modeling
spatial correlations in snow variability. A typical GNN may be represented as in Fig. 3.

Conv/Recurrent
| Operator {

Sampling
Operator

Pooling

—b
1 Operator

( Output
e, e Loss Function
- e £ Node
/\\ Embedding Training Setting Task
-\, r; GNN GNN - r: Edge r; Supervised * Node-level
Layer Layer d d Embedding + Semi-supervised * Edge-level
+  Unsupervised * Graph-level
Graph
4 Se—— Embedding \ /
-
1.Find graph structure. 4. Build model using computational modules. 3Dt griloss faniceion,
2. Specify graph type and scale. S . P =
Fig. 3. GNN model design.
k+1 k
R = & <W<k> - h 4+ b(k)) Egn. 2
UEN (v)

In equation 2 where h%° is the hidden state of node v representing a geographic
location at layer k, N(v) is the set of neighboring nodes connected to node v, w® and
b® are the weight matrix and bias at layer k, ¢ is an activation function such as ReLU.
GNN:s can, therefore, represent how the snowpack at any given point in the polar region
is linked to neighbouring regions, affording a more holistic and connected forecast snow-
pack variability in polar regions.
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Recurrent Neural Networks (RNNs) / Long Short-Term Memory (LSTM) Networks

These dynamics are not only spatial but also temporal. For capturing this time-
dependent nature, models based on RNNs or LSTMs are appropriate as displayed in
Figs. 4 and 5. These models have been designed for processing sequential data, and,
therefore, are perfectly adapted for modeling snowpack variability in time conditioned
on prior snow measurements and climate variables. The LSTM cell is controlled by the
following set of equations:
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Fig. 4. Recurrent Neural Networks (RNNs) model design.
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Fig. 5. Long Short-Term Memory (LSTM) Networks model design.
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fe = o(Ws - [heey, %] + by) Eqn. 3

ir = oW - [hey, %] + by) Eqn. 4
Cr = tanh(W - [he_q, ] + bc) Eqn. 5
Ce=fr *Ceqg + i+ Cy Eqn. 6

0 = (W, - [he_q, %] + b,) Eqn. 7
h; = o, * tanh(C,) Eqn. 8

In the equations 3, 4, 5, 6, 7 and 8 where f,, i, and o, represent the forget, input, and
output gates, denote the forget, input, and output gates, C; is the cell state, while h, is the
hidden state at time t. This would enable the Al to memorize crucial temporal patterns in
snowpack, including seasonable accumulation and melt cycles.

Explainability-first model design

While developing and training our Al models, the explainability needs to be one of
the high-priority methods intrinsic to interpretability. These are decision trees and rule-
based models where decision paths are easy to trace hence providing better explain-
ability for the reason behind the model making a particular prediction. Hybrid models
are applied when more complicated models are needed. In these models, simple and in-
terpretable components (for instance, linear regression) are combined with more compli-
cated ones that involve deep learning architecture (Thapa et al. 2024). In particular, in
cases where there is a need to explain the relationship between temperature and snow-
melt, a linear model can do that, while spatial dependencies are handled by more com-
plex structures involving GNNs.

Explainability Methods
Post-Hoc Explanation Techniques

Post-hoc techniques provide explanations of predictions after the model is trained.
These are SHAP and Lime. SHAP (SHapley Additive exPlanations) offers an additive
feature attribution method using cooperative game theory. It assigns a "Shapley value" to
each feature, which indicates its contribution to the prediction in Fig. 6. For a feature x;,
the Shapley value is calculated as in equation 9:

[STICN[ =S| -1)!
IN|!

o:(f) =

SEN\{i}

ISADEFIO) Egn. 9
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SHAP )
Output T1 Explanation model 1
Output T2 —” Explanation model 1
Output T3 » Explanation model 1

Fig. 6. SHAP (SHapley Additive exPlanations) design.

By doing this, it is well known what contribution every variable makes. In particular,
temperature or wind gives to the model in making such a prediction about the snowpack.
LIME (this means a Local Interpretable Model-agnostic Explanations) generate a sim-
pler local model around a particular prediction. As a result, it is made rather easy to
understand which features were important for that particular prediction. Saliency maps
show which regions of the input data were most influential to the model's predictions for
CNN/RNN and highlight spatial and temporal hotspots in snowpack variability.

Intrinsic Explainability Approaches

Intrinsic explainability: design models to be transparent by nature. Attention mecha-
nisms in RNNs or transformer models allow a model to "attend" to the most informative
parts of the input sequence, hence providing insight into which variables-or points in
time-were most relevant for a prediction. The obtained attention scores can then be visu-
alized, pointing out critical moments, such as critical temperature shifts. Monotonic neu-
ral networks ensure that known physical relationships, such as the inverse relationship
between temperature and snowpack, are respected within the model. This ensures that
valid scientific outputs outside the model is interpretable from the outset.

Causal Inference Models

Causal inference approaches, including SEMs and Bayesian networks, explicitly
model cause-and-effect relationships among variables. By pointing out exactly how
changes in one variable, say temperature, directly influence another variable, say snow-
pack, these models yield more insightful analysis than typical statistical analyses. CIMs
have the capability of revealing the direct effects of cause-effect (e.g., temperature af-
fecting snowmelt) in a more insightful way as compared to analyses based on correla-
tions. Causal inference models yield a more intuitive and transparent characterization of
the climate processes driving snowpack variability. Given the probability for snowpack
depleting in a Bayesian network in equation 10:

P(Snowpack = low | Temperature = high, Precipitation = low) Egn. 10

The latter allows for more actionable insights, pointing not just at the correlations but
also the causal pathways driving the changes in the snowpack.
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Model Validation and Testing Approaches without Datasets

The goal of this section is to validate the performance, robustness, and scientific
soundness of explainable Al models at predicting snowpack variability in polar regions
without using any real-world datasets. This section introduces some theoretical frame-
works, synthetic environments, and stress-testing methodologies that could be used for
the estimation of model performance under different conditions for predicting snowpack
changes.

Theoretical and Synthetic Validation

Theoretical validation becomes critical for Al models. The primary technique of vali-
dation is the development of synthetic environments based on established physical mod-
els of snow dynamics. These physical models, such as energy balance models, provide a
first-principles-based simulation of accumulation, compaction, and melting processes in
snow. The general equation of energy balance in the snowpack can be written as:

Qnet = Qsw — Quw + Qu + @ + Q¢ Eqn. 11

In equation 11, Q,,, is the net energy flux affecting the snowpack, Qg is the incom-
ing shortwave radiation, Q. is the outgoing longwave radiation, Qg is the sensible heat
flux, Q, is the latent heat flux, Qg is the ground heat flux. The aforementioned energy
fluxes are important in determining snowmelt rates. The Al model should be trained and
validated by the generation of synthetic data in order to produce predictions consistent
with the physical laws governing snow dynamics. For instance, the Al model prediction
of snowpack depletion subsequent to a temperature rise can be checked against synthetic
snowmelt curves generated by an energy balance model for similar conditions. The good
match between the Al model's results and the synthetic model serves as a good indicator
of accuracy and reliability.

Other theoretical validation may come from climate model simulations developed
from GCMs or regional snow models as shown in Table 2.

Validation N Y]
Technique Description Application
Employ physically based Predict snowmelt based on rising
Energy fl inciples t temperatures and validate it with
Balance energy flux principles to p i
Model simulate snow accumulation snowmelt curves generated using
odels and ablation. energy balance equations.
Global Use global climate models to | Compare Al predictions with GCM
Climate drive a generation of syn- simulations of depletion in snowpack
Models thetic scenarios of snowpack | due to increased CO, levels or El Nifio
(GCMs) with various climate forcings. | events.
Focus on the localized be- Compare the predictions of snowpack
. havior of synthetic snowpack | changes given by Al in specific polar
Regional in regional climatic patt ions to regional dels, which
Snow Models | 1 resional climatic patterns. regions to regional snow models, whic
simulate snowfall and ablation using
prevailing conditions.

Table 2. Validation technique and description.
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These models simulate snowpack variability in various climate scenarios, including his-
torical and future projections. It may also include SWE predictions by the GCMs, for
instance, using some climate forcing parameters like CO, concentrations and tempera-
ture increases.

Model Robustness Testing

Model robustness is one of the important paradigms in the validation process of an Al
model, especially in such extremist events as sudden snowmelt or rapid accumulation.
In the absence of real-world data, adversarial testing can be performed to appraise the
model regarding its robustness under extreme and unanticipated situations. Perturbation
of input variables beyond their typical range-for instance, temperature, wind speed, or
precipitation-and sees how the model responds.

This could include testing the model for its response under a hypothetical scenario of
a sudden extreme temperature spike during an Antarctic winter-such as might happen in
a warming climate as seen in Table 3. The Al model's response, in terms of predicting
sudden snowmelt, can then be evaluated both for accuracy and interpretability. It follows
that this kind of stress-testing research ensures the model is capable not only of operating
under average conditions but also of being robust at extremes. Under these perturbed
conditions, the model predictions should be scientifically consistent with the known
physical laws governing the dynamics of snow.

n
1 2
Rext = " (PAl(xi) - Ptheory(xi))
o

i

Egn. 12

In equation 12, P, (x;) is the Al model prediction under the perturbed input x;,
Pijeory (xi) 1s the theoretical model prediction under the same perturbed input, and n is the
total number of test scenarios. Moreover, this ensures that the model has fidelity and
robustness under extreme, rare, or novel climatic conditions.

Test Scenario Description Application
Adversarial testing of the Run a scenario with a temperature
rapid snowmelt prediction rise of +10°C during polar night to

Sudden . . :
under extreme increases in explore whether the model predicts

Snowmelt temperature in the case of that snow is lost as would be dictated
winter. by physical principles.

Stress-testing under Apply a +50% increase in snowfall

Extreme hypothetical heavy over one month and see if the model

Precipitation precipitation periods to appropriately predicts large

Events evaluate model responses. accumulation of snow without snow

density limits being violated.
Testing of model response to | Introduce a 6-month period with no

Prolonged Dry | longer periods with no snowfall and rising temperatures; the

and Warm snowfall together with model should continue with

Periods increasing temperatures. progressive snowmelt, as dictated by

energy balance calculations.

Table 3. Test scenario and description.
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Interpretability Evaluation

Interpretability evaluation also forms the critical basis of the model validation so that
not only does it forecast accurately, but the explanation also makes sense to support al-
ready known scientific principles. Qualitative evaluations by domain experts, such as cli-
mate scientists, especially play an important role in assessing whether explanations pro-
vided by the model make any climatological sense as discussed in Table 4.

Lastly, it is possible for analysts to estimate the interpretability of the model results,
meaning, the degree by which they can make sense out of the model's reason behind
a prediction. In particular, in a case where the model predicts a steep drop in snowpack,
the explanation, perhaps with respect to an atmospheric pressure pattern, should be intu-
itive and make easy sense to climate experts. Here, coherence means that the model's
explanations are compatible with the scientific understanding already laid down. If the
model foresees an increase in snowpack for a rise in temperatures, then this would be-
come a flag. The given explanation would be cross-checked by experts whether or not is
in agreement with so-called physical laws of snow dynamics, such as a negative relation-
ship between temperature and snow accumulation.

Metric Description Application
The ease of the explanation, It should easily explain from a linear
e e . in that the domain expert can relationship with precipitation why it
Simplicity easily understand the model's predicted snow accumulation for the
explanation for a prediction. expert.

The degree to which the model's | The model should explain that, because
explanations are consistent with | of known principles of energy balance,

Coherence prior knowledge and an increase in temperature results in the
fundamental physical laws. melting of snow.
The degree to which the This must be made clear in the
interpretable model is a good explanations of the simplified decision
Fidelity approximation to the behavior tree or rule-based model, while being in
of the complex model. agreement with predictions made by the

deep learning model.

Table 4. Evaluation metrics for interpretability.

n

1
Fidelity = ;Z 1 (Psimplified(xi) = Pcomplex(xi)) Eqn 13

n=1

In equation 13 for fidelity, Pypuseq (%) is the prediction from the simplified, inter-
pretable model, P, (x;) is the prediction from the deep learning, complex model. 1 is
an indicator function: equals 1 in the case where the predictions are the same and
0 otherwise. The above makes sure that the interpretable model keeps consistency with
the behavior of the more complex model, and consequently, provides explanations that
can truly represent the processes underlying the snowpack variability predictions.
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Integration of AI with Domain Knowledge

This is required for enhancing interpretability and reliability in the snowpack predic-
tions on the basis of domain knowledge emanating from polar climate science. In this
regard, one possible effective research could be knowledge distillation-a process utilized
in transferring awareness from complicated, high-performance models (of normally
termed "teacher models") into simpler, more interpretable models (known as "student
models"). The process aims at retaining the most critical decision-making abilities of
a complex Al model with further enhancements for better transparency and interpreta-
bility.

Knowledge Distillation Process

The process of knowledge distillation generally involves a complex model, such as
deep learning-based PINNs or GNNs, which characterizes snow dynamics with complex
patterns both in spatial dependencies and temporal variability. Most of the time, this
model is a much lightweight model, typically a simple decision tree or linear regression,
trained on the task of emulating the teacher model by minimizing the difference in their
predictions as seen in Table 5. The objective function for knowledge distillation can be
written as:

Ldistill = aLstudent(y: y) + (1 - a)Ltransfer(ycomplex‘ y\simple) Egn. 14

In equation 14, Lswden: (v, Y) is the loss between the student model's prediction (¥)
correct results (1), Leansfer (Veomiex, Ysimple) 18 the transfer loss, or the difference between
the complex model's output (Veomprer), and the output of the student model output (Bsimpie),
a is the balance hyperparameter that decides the importance of learning directly from the
dataset and emulating the complex model.

The process provides a simple model with the ability to learn domain knowledge and
learned representations directly from the complex Al model in balance with interpreta-
bility and performance. Another integration method can be the inclusion of heuristic-
based corrections based on polar climate knowledge. The thresholds which are very well
understood can be used to drive model predictions. Snow density (p;s) is one of the most
fundamental parameters in the snowpack's response to many controlling climatic factors.
Domain expertise might give hard constraints, such as in equation 15:

< 600 kg Eqn. 15
S — m3

In polar regions, snow density hardly ever exceeds this value. Expert-driven rules of
this nature can serve to refine the predictions of the Al model, keeping the output values
within physically plausible bounds. These kinds of constraints prevent the models from
generating outputs that clearly violate well-known climatic principles, thereby increase
their reliability and interpretability.
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Iterative Feedback with domain experts

This iterative involvement of climate scientists in the process develops their Al mod-
els for snowpack variability. Such a feedback loop can enable the domain expert to as-
sess predictions and explanations coming from a model and provide insight into neces-
sary adjustments in the model to have the outputs of the Al much better aligned with
physical laws and expert understanding. It provides for an iterative process aimed at
gradual improvement in both accuracy and interpretability of the model.

Il\:llteetﬁl(;?ltlon Description Application

The knowledge transfer is done | Have a deep learning model act as a

using complex models and teacher and a decision tree acting as
K.no.wlec.lge transferred to simpler, more the student model while performing
Distillation interpretable models. predictions on snowpack

accumulation.

Apply domain knowledge- Thresholds for snow density below
Heuristic- based rules in order to constrain | which unrealistic snowpack density
Based model predictions within predictions cannot occur during
Adjustments scientifically accepted limits of | times of rapid accumulation.

the outputs.

Table S. Integration methods.

Improvement Process for Explanations

Polar climate experts iteratively improved the explanations based on the evaluation of
model performance. Assuming an initial iteration of the model yield predictions regard-
ing the variability of snowpack, the experts reviewed the coherence of the prediction
with established climatic phenomena. These phenomena include the relation of the albe-
do of the snow to the solar radiation. According to the model prediction, the snow ac-
cumulation increased when the temperature was high, contrary to the expectations of the
expert. In that case, the experts may propose fine-tuning of the model regarding a better
representation of energy balance equations or its time features. This can be formalized as
a feedback loop below:

Model Prediction: The Al model makes a prediction about snowpack variability from
given atmospheric and environmental inputs.

Expert Evaluation: Climate experts review the predictions for their consistency with well-
known physical processes, such as energy flux balance and laws of snow compaction.
Feedback and Changes: Based on the feedback given by the experts on instances where
the model fails to behave as expected, modification is done either in the model architec-
ture or in the considered features.

Model Refining: The model is revised with the contribution of experts, giving way to bet-
ter levels of physical realism and interpretability.

Model Deployment and Use Case Testing

After refinement and validation, the explainable Al models should be subjected to re-
alistic use-case scenarios. Those relevant to polar regions such as Antarctica and Green-

140



S. SIDRA & S. M. WAGAN

land are the key regions of interest in terms of snowpack modeling because of the high
climatic specifics, the large volume of ice, and the outstanding impact over global sea-
level rise. These are involved with complex climatic interactions that interact signifi-
cantly with the snowpack behavior. Prototype development of decision-support tools has
to be done in order to make the model integrations realistic in applications involving
scientific and policy stakeholders by assisting them in making informed decisions.

Use-Case Scenarios

It might consider, for instance, the snowpack variability under various climate forcing
scenarios in Antarctica. One such use-case could be the determination of snowmelt rates
in response to forecasted temperature rises induced by global warming. The AI model
embedded in a decision-support tool would provide not only the predictions but also ex-
plainable insights, such as the main causes of snowmelt, including increased solar radia-
tion or stronger wind patterns driving sublimation.

In another use-case over Greenland, the model predicts how sudden warming events
or anomalous precipitation would influence snowpack. The decision-support tool enables
users to view the predictions and also the spatial-temporal distribution of key features
controlling snow accumulation and melting. This can be visualized as an interactive visu-
alization in which the user is allowed to navigate the ranking of important variables,
changing the climatic scenarios, and receive real-time information on the snowpack vari-
ability predictions.

Model Deployment Process

This is completed through the following stages of the deployment process: Integration
into decision-support tools: Al models are integrated into interactive tools that allow sci-
entists and policymakers to explore the predictions, explanations, and underlying fea-
tures.

User Testing: Polar researchers and decision-makers test the system under a range of sce-
narios, providing feedback on usability and clarity of explanation as shown in Table 6.
Iterative Improvements: This tool is iteratively improved based on the users' feedback. It
helps in settling users' practical needs, so that the explanations given by the model can
be clear and actionable.

Use-Case Region Scenario Decision-Support Application
Predict snowmelt Modular visual display of drivers of

Predicting . in response to an snowmelt with respect to tempera-

Snowmelt Antaretica | jncreage in tempera- | ture trends and albedo change.

ture and changes in
solar radiation.

Assess how the Hands-on experience-a workstation
Sudden sudden warming where users simulate different
Warming Greenland | eyents would impact | warming scenarios and visualize
Event the stability of their effect on the snowpack through

snowpack. interpretable model outputs.

Table 6. Use-Cases for regions and scenarios.
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In either case, the models can be refined once new scientific understanding becomes
available with the effect of keeping them open towards future insights into polar climate
dynamics.

Equations and Interpretability in Deployment

To help ensure that the results of these models are transparent, equations that drive
such key snow dynamics must be provided within the decision-support tools. Specifi-
cally, users can get explanations referring them to basic physical principles, such as ex-
plaining how temperature relates to snowmelt:

S=—a-TforT > Treeze Egn. 16

In equation 16, S'is the rate of snowmelt, o is a proportionality constant related to
the energy balance, T is the temperature, Tj.... is the freezing temperature. Generally, in-
terpretability is enhanced by providing users both model predictions and relevant physi-
cal equations, since Al outputs relates to scientifically established laws. In this context,
the research makes sure that models are scientifically valid and interpretable, embedding
domain knowledge in AI models, while keeping a feedback loop with experts. Second,
the development of decision-support tools for real-world applications have a result in
making such models theoretically sound while practically useful for those policymakers

and scientists concerned with polar snowpack dynamics.

Discussion

Development of explainable Al models
for predicting variability in polar snow-
pack is a very unique and cross-discipli-
nary approach; it merges ML with domain
knowledge from climate science. Interpret-
able application has developed a clear fo-
cus that in such complex dynamics of the
behavior of the snowpack there is no ex-
plicit dependence on an extensive dataset.
This has also aligned with the current de-
mand for more transparency in Al sys-
tems, especially in critical fields related to
climate science, where model decisions
need to be understandable and scientifical-
ly valid.

Some of the important challenges being
addressed in this research paper involves
applying physical principles to the Al
models, including but not limited to meth-
ods such as Physics-Informed Neural Net-
works. The embedding of fundamental
laws related to snow dynamics, like mass
and energy balance into models, has the

implication of not just being informed by
empirical data but actually constrained
by scientific theory. This hybrid approach
makes up the gap from purely data-driven
methods to physics-based models by keep-
ing the Al system physically realistic.
GNNs and Recurrent Neural Networks
have been used to give spatial and tempo-
ral predictions of snowpack, respectively,
showing the need to capture the interde-
pendence of different regions and time.
Such vast and connected polar regions are
efficiently mapped by GNNs for the varia-
bility of the snowpack, while the RNNs
is very important in handling sequen-
tial climatic events. The challenge is how
far these complex deep learning models
should go while balancing with interpreta-
bility, and it is there that post-hoc explana-
tion techniques such as SHAP and saliency
maps play an important role. This research
is further strengthened by the feedback
loop of climate scientists. It thus creates a
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sort of iteration that helps the continuous
refinement by experts' insights into the
models for better tuning of the Al predic-
tions against real-world physical phenome-
na. As these models continue to evolve,
they start to integrate heuristic-based ad-

Conclusion

This research paper focuses on some
of the solid frameworks that exist to date
in order to build explainable Al models
that suit the desired task of snowpack
variability prediction in polar regions. The
state-of-the-art architectures bring together
PINNs, GNNs, and RNNs with knowledge
distillation and heuristic adjustments to
balance predictive power with interpreta-
bility. This makes them even more inter-
pretable by incorporating techniques from
both causal inference and intrinsic explain-
ability, hence addressing one of the most
significant concerns in applying Al to cli-
mate science.

In our paper, the approach is proposed
wherein Al models are developed to be
surrounded by the basic principles of phys-
ical science while revised iteratively in col-
laboration with domain experts to further
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