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Wet snow avalanches pose significant risks to public safety and infrastructure, yet remain challenging to forecast accurately. This
study presents a two-stage machine learning framework to predict both the occurrence and destructive force of wet avalanches
along Glacier National Park’s Going-to-the-Sun Road corridor using meteorological data. Wet slab and glide snow avalanches
were predicted together due to sharing similar causative factors, while wet loose avalanches were modeled separately. A sliding
window approach was used to structure recent weather data for input into a Long Short-Term Memory (LSTM) model, which
performed binary classification of avalanche days by learning temporal patterns. For predicted avalanche days, an Extreme
Gradient Boosting (XGBoost) regressor was used to estimate destructive force sizes. Hyperparameters for class weighting and
classification thresholds were empirically optimized to address class imbalance. The wet slab and glide snow LSTM model
achieved 98% recall with 80% accuracy, while the wet loose model achieved 90% recall and 79% accuracy, outperforming Random
Forest and Support Vector Machine baselines. The XGBoost model for wet loose avalanches yielded decent predictive accuracy,
although performance was lower for the wet slab and glide snow model. These results demonstrate the potential of temporal,
ensemble-based machine learning methods in forecasting wet avalanches.
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1 Introduction

1.1 Potential of machine learning

Avalanches are incredibly destructive natural hazards that pose
significant threats to human life, wildlife, and critical infrastruc-
ture, particularly in mountainous regions. They have resulted in
mass deaths, widespread wreckage, flash floods, crop failures,
transportation disruptions, and damage to ecosystems'.
Although dry avalanches can be predicted using modelling
systems and current technologies, wet snow avalanches remain
difficult to predict. Because of this, they pose a particular dan-
ger to recreationalists, maintenance crews, roads, and moreZ,
Hence, forecasting wet snow avalanche danger and hazardous
conditions is crucial in reducing the potential destruction caused
by avalanches. One especially important metric of the avalanche
hazard is the destructive force classification, and providing this
to officials ahead of time would be a helpful indicator when
evaluating whether to restrict access to vulnerable areas™.
Recent advancements in machine learning have provided re-
searchers with powerful tools capable of identifying complex
correlations between input features and target outcomes. In
the context of avalanche forecasting, such models can detect
key sequences in meteorological variables that are indicative of
avalanche activity. Using machine learning techniques to predict

avalanches would help provide researchers with critical insights,

enhance the welfare of communities at risk, and support the
protection of infrastructure in high-risk regions.

1.2 Dynamics of Wet Snow Avalanches

Avalanches are influenced by major factors that include precipi-
tation, wind speed, and air temperatures. Wet snow avalanches
occur when wet snow is released and is differentiated from dry
snow avalanches by the presence of flowing water in the snow-
pack. The precise dynamics of wet snow avalanche release are
still poorly understood, and thus are difficult to forecast. This
paper focuses on three major types of wet snow avalanches:
wet loose avalanches, wet slab avalanches, and glide snow
avalanches. Wet slab avalanches are destructive and happen
after rain or warm temperatures cause water to filter through the
snowpack and weaken the bonds between layers, breaking them
apart and triggering large avalanches. Similar conditions, where
liquid water penetrates the snowpack over several days, could
also lead to a glide, in which an entire snow cover is released and
slips downhill. Usually, the water is present as a result of rain or
warm temperatures melting snow. Glide avalanches can often
occur along the same paths and regions, making it a problem
for surrounding infrastructure or transportation routes®, Wet
loose avalanches form in surface or near-surface snow layers
that are dampened by several conditions. Their release is usually
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preceded by warming temperatures, solar radiation, or rain-on-
snow events, which break down bonds between grains of snow?,
Since wet slab and glide snow avalanches have similar causes,
they were predicted together while wet loose avalanches were
separately predicted due to their different causes and conditions.

The focus of this study is the examination of wet snow
avalanche occurrences in the Going-to-the-Sun-Road corridor
in Glacier National Park, Montana, USA, which is one of the
park’s most popular attractions and one that is especially prone
to wet loose, wet slab, and glide snow avalanches during spring
operations. Due to the route’s popularity and its location within
the Rocky Mountain range, this study has the potential for broad
applicability and impact.

Weather variables such as air temperature, snow depth, and
precipitation play an important role in wet snow avalanche oc-
currences and are good indicators of an impending avalanche,
making it possible to forecast with only weather data. This
weather-based forecasting approach is particularly valuable in
avalanche-prone regions lacking advanced monitoring systems
or regular field assessments, enhancing the practical applicabil-
ity and reach of this study’s findings.

Therefore, an effort has been made to explore the impact of
weather patterns on wet snow avalanche occurrences and destruc-
tive force sizes by using machine learning techniques. The ob-
jective is to improve prediction accuracy of wet snow avalanches
based on weather data and historical avalanche records.

1.3 Hypothesis

The Long Short-Term Memory (LSTM) model, a type of Re-
current Neural Network, is designed to process time-series data
and retain information across time steps, making it suitable for
avalanche prediction. This is particularly important for captur-
ing the dependencies required for accurate predictions based on
historical meteorological data. A secondary Extreme Gradient
Boosting (XGBoost) model, chosen for its strong performance
in regression tasks with tabular data, was developed to predict
the maximum size destructive force for a predicted avalanche
day.

Baseline models were established to benchmark the LSTM
model for avalanche prediction. A random forest model was
used as a control case and base of comparison since it is fre-
quently applied to many different classification problems®. As
an additional baseline, a Support Vector Machine (SVM) was
employed due to its consistently strong performance in binary
classification tasks.

This study hypothesizes that machine learning techniques,
specifically a modified Long Short-Term Memory model com-
bined with Extreme Gradient Boosting, can effectively pre-
dict both the occurrence and destructive force of wet snow
avalanches using meteorological data. The LSTM model, en-
hanced with a sliding window approach to focus on recent

weather conditions, is expected to outperform baseline mod-
els by capturing temporal dependencies that lead to avalanche
occurrences.

For dates classified as avalanche-days, an XGBoost regression
model is applied and hypothesized to provide reasonable esti-
mates of avalanche destructive force. Separate ensemble models
were applied to each of the two distinct groups of wet snow
avalanches outlined earlier. The combined use of a temporal-
aware LSTM classifier, a tabular XGBoost regressor, and dif-
ferentiated avalanche groupings represents a novel and targeted
approach in the field of avalanche forecasting.

1.4 Literature Review

Throughout the past several decades, extensive research has been
conducted to develop methodologies and models for avalanche
forecasting and danger levels, with the aim of enabling early
warning systems and informing effective disaster management
strategies.

The history of avalanche mitigation and forecasting in North
America dates back to the early 20th century, when avalanches
frequently caused disasters due to the prominence of mining and
railroad construction in mountainous areas of both the U.S. and
Canada. After World War 11, the decline of industrial activities
was accompanied by a rise in recreational skiing. During this
period, U.S. Forest Service snow rangers in the 1940s and 1950s
emerged as early authorities on snow safety and avalanche pre-
dictionlaying the groundwork for modern avalanche forecasting
practices, with parallel developments occurring in Canada.

In 1949, the first avalanche research center in the U.S. was
established, and the U.S. Forest Service published the first edi-
tion of the Avalanche Handbook in 1961. Early mitigation
techniques included ski cutting, hand-thrown explosives, and
artillery use, with data collection and record-keeping performed
manually. By the 1970s, as recreational skiing grew and be-
came a primary source of avalanche fatalities, the Forest Service
responded by creating backcountry avalanche forecasting op-
erationsnow known as avalanche centersto provide real-time
snowpack, weather, and avalanche information. The first of
these was founded in Colorado in 1973, followed by additional
centers in Seattle and Salt Lake City. Following a lull in the
1980s, avalanche fatalities rose again in the 1990s, driven in part
by the growing popularity of snowmobiles and greater access
to remote terrain. This resurgence led to the establishment of
more avalanche centers through partnerships between the Forest
Service and local communities'’.

Today, avalanche forecasters monitor avalanche danger along
mountain highways, ski areas, and backcountry zones, and make
their decisions based on terrain surveys, snowpack observations,
and weather forecasts. Backcountry avalanche forecasters make
avalanche forecasts, current observations, and real-time weather
information available to the public (Birkeland, 2024)". Mod-
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ern avalanche centers leverage advanced technologies for data
access, including weather models and snowpack stratigraphy;
however, these tools are often used primarily for data collection
rather than for automated decision-making®.

Recent work has introduced machine learning (ML) ap-
proaches into avalanche forecasting, particularly for dry snow
avalanches. Choubin et al.“applied Support Vector Machines to
a dataset of avalanche conditions to identify high avalanche dan-
ger days. Similarly, Mayer et al.l% combined snow simulations
with random forest and linear regression models to estimate the
probability of natural dry-snow avalanches in the Swiss Alps.
While these approaches demonstrate significant potential, they
are primarily designed for dry snow avalanche datasets and do
not account for the sequential weather patterns that lead to wet
snow avalanche formation. In contrast, wet snow avalanches
have received less attention due to their complex dynamics.

LSTM models have been successfully applied to various time
series forecasting tasks but are still underutilized in avalanche
prediction. Similarly, while XGBoost has been recognized for
its performance in regression tasks, there have not been many
studies that have applied it to estimating avalanche destructive
force.

Furthermore, existing research tends to group different wet
snow avalanche types together, including wet loose, wet slab,
and glide avalanches, without accounting for their differing
causes. This study contributes by disaggregating these avalanche
types and adapting the model structure to each type. By combin-
ing an LSTM classifier with an XGBoost regressor, this work
proposes a novel hybrid framework for wet avalanche prediction
based solely on weather data.

2 Study area

2.1 Geographical Region

The study area for the avalanche dataset, as well as the region
that the model makes predictions for, consists of slopes along
the Going-to-the-Sun Road (GTSR) corridor of Glacier National
Park, Montana, USA. This 50-mile scenic road is one of the
most popular in the park and traverses many avalanche paths.
The slopes are located around the Continental Divide, primarily
in the upper reaches of the McDonald Creek drainage. Elevation
ranges from 1,036 meters above sea level at the lowest point
to 2,915 meters at the highest peaks. Logan Pass is the highest
point of the Going-to-the-Sun Road.

2.2 Meteorology

Situated along the Continental Divide, the study area experi-
ences interactions between moist Pacific air masses and cold,
dry continental air. This results in a climate that exhibits char-
acteristics of both maritime and continental systems. From late

December to late June, since both the length of daylight and the
amount of solar radiation vastly increase, the melting of snow is

intensified and avalanches are most likely during springtime.

2.3 Frequency of Wet Snow Avalanche Types

The most common type of avalanche that affects snow removal
along the GTSR corridor are wet loose avalanches, which are a
prominent hazard since large ones can kill workers and destroy
equipment. Due to the road’s shape and proximity to steep cliffs,
even small avalanches could have disastrous effects, including
vehicle displacement or burial hazards.

Although less frequent, wet slab avalanches can be highly
destructive and unsurvivable. They range from smaller class
2 avalanches made up of recent snowfall to larger class 4
avalanches made up of snowpack built up during the entire
season. Smaller wet slab avalanches commonly occur when
spring storms are followed by warm or sunny conditions the
next day.

Glide snow avalanches are rarer than wet loose avalanches
but also pose significant threats to snow removal operations.
Glide activity tends to recur in the same areas every season and
could range from glide snow avalanche occurrences to just the
formation of glide cracks. These events typically occur on the
east or Northeast slopes in the upper McDonald Valley of the
park. They also occur annually in certain locations, such as
the lower slopes of Mt. Gould and a specific glide crack in the
Show Me path in Haystack Creek, which forms most years with

varying outcomes 2,

3 Materials and Methods - Data sources

3.1 Climatological data

Meteorological data used for model training and prediction was
collected from the United States Department of Agriculture
National Resource Conservation Service (NRCS) Snowpack
Telemetry (SNOTEL) site'!. This automated weather station
stores daily weather and water-related information from multi-
ple physical sites. Data from 2003 to 2023 were downloaded
from site number 482, located on Flattop mountain within the
GTSR corridor. For each day the station recorded the snow
water equivalent (measured in inches), the precipitation accu-
mulation (measured in inches), the air temperature observed
(measured in celsius), the maximum air temperature (measured
in celsius), the minimum air temperature (measured in celsius),
the average air temperature (measured in celsius), and the snow
depth (measured in inches).

3.2 Avalanche occurrence data

Data on wet slab, glide snow, and wet loose avalanche occur-
rences were obtained from a database compiled by the U.S. Ge-
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ological Survey and the National Park Service''%. Observations
were made by U.S. Geological Survey avalanche researchers.

Version 3 of the database includes over 20 years of avalanche
observations (spring 2003 to spring 2023) and was used in model
training and development. Along with the dates of avalanche
occurrences, this database also includes avalanche type, path
location, destructive force, and observer comments.

From 2003-2023, 91 wet slab avalanche events occurred,
384 glide snow avalanche events occurred, and 529 wet loose
avalanche events occurred. There were 220 distinct days that
had a wet slab or glide snow avalanche event, and there were
171 distinct days that had a wet loose avalanche event. Of these
wet slab and glide snow avalanches, 1 had a destructive force
size of 0.5, 12 had a size of 1, 26 had a size of 1.5, 49 had a size
of 2, 50 had a size of 2.5, 49 had a size of 3, 19 had a size of
3.5, 6 had a size of 4, 1 had a size of 4.5, and 1 had a size of 5.
Of these wet loose avalanches, 14 had a destructive force size
of 0.5, 36 had a size of 1, 30 had a size of 1.5, 66 had a size of
2, and 11 had a size of 2.5, 6 had a size of 3.

3.3 Combined dataset for model training

A custom dataset to train the model was created by combining in-
formation from the meteorological and avalanche datasets. Two
additional columns were added: a binary indicator of whether
an avalanche occurred, and the maximum destructive force of
relevant avalanche events for each day (ranging from 0.5 to 5.0),
with O representing no avalanche. For days where avalanche
destructive force was unknown, “NA” was recorded. These
“Size NA” entries were included in the classification model but
excluded from the secondary model predicting destructive force.

Two separate custom datasets were created for the two
avalanche groupings: one for wet slab and glide snow avalanches
(combined), and the other for wet loose avalanches. Each
dataset filtered the original records to include only the rele-
vant avalanche types when determining whether an avalanche
event occurred on a specific day.

4 Materials and Methods - Models

4.1 LSTM Model for Classification

An LSTM model was used to solve the binary classification prob-
lem of predicting avalanche-days. It was built using the Tensor-
Flow 2 framework in Python with the Keras API. Since weather
patterns from the preceding days heavily influence avalanche
occurrences, the model uses a sliding window approach that
incorporates weather data from previous days to predict whether
an avalanche will occur on the current day. For the length of the
sliding window, an avalanche researcher recommended testing
out a sliding window of 3,5, and 7 days for wet slab and glide
snow prediction due to the weather conditions necessary for the

Table 1 LSTM Model Architecture Specifications

Parameter Value(s)

Model type LSTM

Input shape (time_steps, 7 features)

Hidden units 50

Activation (LSTM) ReLU

Output layer activation Sigmoid

Loss function Weighted binary cross-
entropy

Optimizer Adam

Batch size 32

Epochs 50

Train-validation split 80%-20%

Sliding window sizes tested 3,5,7
1,2

Decision threshold tested 0.2,0.25, 0.3, 0.35

avalanche occurring over several days. On the contrary, only
lengths of 1 or 2 days were tested for wet loose avalanches due
to the necessary conditions occurring quicker. Each of these
days has 7 input features, as described in the dataset details.

As visible in Table 1, the LSTM architecture consisted of
one hidden layer with 50 units and ReLU activation. This con-
figuration is sufficient for most classification problems with
LSTMs, as they are designed to learn long-term relationships
in sequential data while helping to prevent overfitting. The
model was trained for 50 epochs using the Adam optimizer with
a learning rate of 0.001. Due to the imbalance between the
number of non-avalanche days and avalanche days, a weighted
binary cross-entropy loss function was used. This approach
assigns greater importance to avalanche-days and penalizes the
model more for missing them, incentivizing the model to predict
avalanche-days despite their lower frequency. This is useful for
imbalanced datasets and works well with LSTMs 2.

The dataset was split 80-20, with 80% used for training the
model and 20% for validation. While the non-avalanche day
weight remained at 1.0, the avalanche-day weight was manually
tuned and experimented with from the set of values [5.0, 5.5,
6.0], determined to be an ideal range through empirical testing.
No early stopping or cross-validation was applied.

The class imbalance also led to generally lower sigmoid out-
put scores. Using the standard 0.5 decision threshold would
result in most days being classified as non-avalanche days. To
assess this, the decision threshold was lowered and experimented
upon, which effectively addresses the imbalance and leads to
more predictions of the minority class'#. The set of values on
which the decision threshold was experimented on was from
[0.2, 0.25, 0.3, 0.35], also determined through empirical testing.
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4.2 XGBoost model for Regression

An XGBoost model was developed for the regression task of
predicting the maximum destructive force size of an avalanche
for an avalanche-day and was imported in Python from the
xgboost library.

The learning rate was set to 0.1 and the Mean Squared Error
loss function was used. A gamma value of 0 was chosen because
destructive force sizes differ in increments of 0.5. Using a larger
gamma value would restrict tree growth, leading to a model that
underfits and oversimplifies the complex relationships between
weather and avalanche destructive force.

The model was only trained on days with known avalanche
events, and excluded any with a destructive force labeled as
“NA”. While the model outputs continuous values in the range of
0 to 5, predictions were rounded to the nearest 0.5 to align with
the operational avalanche size classification scale used by fore-
casters. Once trained, the XGBoost model was integrated with
the LSTM classification model, allowing it to make destructive
force predictions for the days that the LSTM model classified as
avalanche-days.

4.3 Random Forest and Support Vector Machine Control
Models

A Random Forest Model was developed as a control classifier,
trained and tested on a dataset similar to the one described in
Section 3.3. In this case, all avalanche types were included, and
a day was labeled an avalanche-day if at least one avalanche
of any type occurred. Unlike the proposed LSTM model, the
Random Forest does not account for temporal dependencies or
incorporate any modifications made for the proposed models.
There is no alternative model to predict destructive force sizes.

A Support Vector Machine classifier was evaluated as another
baseline. Two separate SVM models were trained, one for
each avalanche grouping, using the respective custom datasets
described in Section 3.3. The SVM served as a benchmark due
to its strong performance in binary classification tasks.

The Random Forest model was applied to all avalanche types
combined in order to establish a general baseline for avalanche-
day prediction across the full dataset. In contrast, the SVM
classifiers were applied separately to each avalanche grouping to
maintain consistency with the LSTM approach and to evaluate
the performance of the LSTM models under the same type-
specific conditions.

5 Results

5.1 Wet Slab and Glide Snow Models

Total Days: 1472

Avalanche Days = 42 Actual Non-

Actual Avalanche

Non-avalanche Days = 1430 Day Avalanche Day
Predicted Avalanche Day 41 290
Predicted Non-Avalanche

1 1140

Day

Fig. 1 Confusion matrix for the wet slab and glide snow LSTM model

Table 2 Metrics for the wet slab and glide snow LSTM

LSTM Metrics

Metric Value

Test Loss 0.261428386
Test Accuracy 0.871603251
Training Accuracy 0.8

ROC Curve 0.94

Missed Avalanche Days 6/13/2020
Recall 0.98
Precision 0.12
F1-score 0.22
Specificity 0.8
Balanced Accuracy 0.89
Youden’s J Statistic 0.77

. actual (Rounded)
= Predicted (Rounded)

8

Fig. 2 Wet slab and glide snow XGBoost destructive force predictions
on the testing data compared to the actual size

Event Size (Rounded)
o . ~ ~ w
S o = & s

o

0.0 ill.li.
0 2 a 6

Test Sample Index
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Table 3 XGBoost Metrics and Feature importances (Gain)

XGBoost Metrics:

ror (Rounded):

(XGBoost) Mean Absolute Er-

0.833333333

(Rounded):

(XGBoost) R-squared

-2.083333333

Boost - Gain):

Feature Importances (XG-

Snow Water Equivalent (in):

0.074356087

Precipitation ~ Accumulation

0.118726999

(in):

Air Temperature Observed | 0.075773634
(Celsius):

Air Temperature Maximum | 0.150051445
(Celsius):

Air Temperature Minimum | 0.148323968
(Celsius):

Air Temperature Average (Cel- | 0.088551827
sius):

Snow Depth (in): 0.06422881

5.2 Wet Loose Snow Models

Total Days: 1474
Avalanche Days =59
Non-avalanche Days = 1415

Actual Avalanche Actual Non-

Avalanche Day

Predicted Avalanche Day

Predicted Non-Avalanche
Day

304

1111

Fig. 3 Confusion matrix for the wet loose LSTM model

Predicted vs Actual Event Size for Each Avalanche (Rounded, XGBoost)

0 2 q

data compared

6
Test Sample Index

Fig. 4 Wet loose XGBoost destructive force predictions on the testing

. Actual (Rounded)
W predicted (Rounded)

8 10

12

Table 4 Metrics for the wet loose snow LSTM

LSTM Metrics

Metric Value

Test Loss 0.359223127

Test Accuracy 0.959972858

Training Accuracy 0.79

ROC Curve 0.9

Missed Avalanche Days 6/10/2020, 4/10/2023,
4/11/2023, 4/16/2023,
4/23/2023

Recall 0.9

Precision 0.15

F1-score 0.26

Specificity 0.79

Balanced Accuracy 0.84

Youden’s J Statistic 0.68

Table 5 XGBoost metrics and XGBoost Feature importances (Gain)

XGBoost Metrics:

(XGBoost) Mean Absolute Er- | 0.333333333
ror (Rounded):

(XGBoost) R-squared | 0.445783133
(Rounded):

Feature Importances (XG-
Boost - Gain):

Snow Water Equivalent (in): 0.043218307
Precipitation ~ Accumulation | 0.060601529

(in):

Air Temperature Observed | 0.034335438
(Celsius):

Air Temperature Maximum | 0.059558786
(Celsius):

Air Temperature Minimum | 0.057766031
(Celsius):

Air Temperature Average (Cel- | 0.08211112
sius):

Snow Depth (in): 0.078158647

6 Discussion

There were 2 ensemble models of LSTMs and XGBoosts used
in this study, one to predict wet slab and glide snow avalanche
occurrences and the other to predict wet loose avalanche occur-
rences in the GTSR corridor based on input weather variables.
There was a continuous dataset used from April 2003 to May
2023 for both the training and testing phases.
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6.1 Wet slab and glide snow LSTM model and XGBoost
model analysis

The LSTM classification model for wet slab and glide snow
avalanche prediction presented in this paper had a sliding win-
dow of 5 days, a weight loss function of 1.0 for non-avalanche
days and 5.5 for avalanche days, and a decision threshold of 0.3.
As shown in Fig. 1, it correctly predicted 41 of 42 avalanche-
days in the training set, missing only 6/13/2020, which was the
most commonly missed avalanche day among all hyperparam-
eter configurations. This date corresponds to two glide snow
avalanches likely triggered by a warm-up in temperatures, and
was most likely misclassified since it occurred in mid-June when
avalanches are generally less frequent due to warmer tempera-
tures and lower snow depth.

This specific iteration of the model was chosen to balance
avoiding overfitting and minimizing false positives while accu-
rately predicting the vast majority of avalanche days. Table 2
presents the performance on both the training and independent
test sets. The training accuracy was 80%, while the test accuracy
was 87.16%. The higher test accuracy likely results from tem-
poral differences between the training and test periods, where
the test set contained weather patterns more easily classified
by the model. It had a test loss of 0.2615, a reasonable value
for binary classification problems. These results indicate that
the model performs well at correctly classifying avalanche days
while producing a moderate amount of false positives. When it
comes to avalanche forecasting, there are two types of errors to
consider with different importance. A false positive will result
in heightened awareness for the region on that day, even if no
avalanche occurred. A false negative is more severe since an
avalanche would occur on a day where no avalanche is predicted,
which would pose a significant threat to human safety. Thus, it
is desirable to have a higher number of false positives to reduce
instances of false negatives.

Given the highly imbalanced nature of the dataset, the overall
accuracy metric can be misleading. Instead, several imbalance-
appropriate metrics were used to more comprehensively eval-
uate model performance. The recall was 0.98, meaning that
the model correctly predicted nearly all true avalanche days.
The balanced accuracy, which averages recall and specificity,
was 0.89, indicating strong performance across both classes.
Additionally, Youden’s J statistic - a performance metric that
balances sensitivity and specificity - was 0.77, which further
supports the model’s effectiveness. Precision and F1 scores
were lower due to the higher rate of false positives. Overall,
the model’s high recall and balanced accuracy suggest that it
is well-suited for real-world use, as it predicts most avalanche
days while maintaining a reasonable control over false positives.

The XGBoost model for predicting the destructive force size
of wet slab and glide snow avalanches performed poorly, as
indicated by a negative R-squared value and a mean absolute

error of 0.83, as visible in Table 3. A negative R-squared implies
that the model underperformed compared to a simple mean
baseline, indicating it failed to capture meaningful patterns in
the data. As shown in Fig. 2, many predictions differed from
observed magnitudes by 1.0 - a significant discrepancy given the
logarithmic nature of the destructive force scale. This disparity
likely resulted from the absence of several influential factors
such as avalanche speed, mass, and density, which were not
included in the dataset due to practical measurement constraints.
Avalanche speed requires in-field observation, and mass depends
on snowpack characteristics. Without these variables, predicting
destructive force based solely on weather data is inherently
limited for wet slab and glide avalanches.

6.2 Wetloose LSTM model analysis and XGBoost model
analysis

The LSTM classification model for wet loose avalanche predic-
tion presented in this paper had a sliding window of 2 days, a
weight loss function of 1.0 for non-avalanche days and 5.5 for
avalanche days, and a decision threshold of 0.2. As shown in Fig.
3, it predicted 53 out of 59 avalanche days in the training set,
missing six days: 6/10/2020, 4/10/2023, 4/11/2023, 4/16/2023,
4/23/2023, 4/25/2023. These avalanche days were the most com-
monly missed across all hyperparameter configurations. There
was one wet loose avalanche on 6/10/2020 with confirmed date
accuracy that had a size destructive force of 1. There was one
wet loose avalanche of magnitude 1.5 on 4/10/2023 and three on
4/11/2023 with magnitudes 1.5, 1.5, and 2, all with approximate
date accuracies, which suggests that this wet loose avalanche
cycle was missed. There were two avalanches on 4/16/2023
with a size destructive force of 1.5. There were six avalanches
on 4/23/2023 with two of size 1, three of size 1.5, and one of
size 2. There were two avalanches on 4/25/2023 that had de-
structive forces of 1.5 and 2. All of these missed avalanches
had low destructive force sizes, so the patterns in the weather
may not have been strong enough to be detected and warrant a
prediction. Another interesting observation is that 5 out of the
6 missed avalanche days were within a span of 15 days in the
month of April of 2023, and there were no other avalanche days
in that month, suggesting that this weather pattern sequence was
missed, which could indicate that the model is slightly better
at predicting avalanche occurrences based on patterns learned
from earlier years. Despite these few omissions, the model
captured the vast majority of avalanches with a recall of 0.90,
showing that it correctly identified 90% of true avalanche days.
It achieved a balanced accuracy of 0.84, which fairly evaluates
performance across both classes by averaging recall and speci-
ficity (0.79). The Youden’s J statistic was 0.68, showing that the
model can distinguish between avalanche and non-avalanche
days despite imbalance. As shown in Table 4, the model had a
training accuracy of 79% and a test accuracy of 96%. The test ac-
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curacy may have been higher than the training accuracy because
the testing set contained clearer, more distinguishable weather
patterns that were easier to classify. The test loss was 0.359, a
reasonable value for binary classification problems. Although
precision and F1-score were lower due to a higher false positive
rate, this tradeoff is acceptable due to the effects of an avalanche
occurring outweighing a false alarm. These results indicate that
the model performs well at correctly classifying avalanche days
while having a balanced number of false positives.

The XGBoost model for wet loose avalanches performs com-
paratively better on the testing data than the wet slab and glide
snow XGBoost, with 5/12 accurate predictions, 6/12 predictions
that were off by 0.5, and only 1/12 prediction that was off by
1.0, as can be seen in Fig. 4. A difference of 0.5 in destruc-
tive force is acceptable as it still conveys the necessary level of
danger and warning. Some instances of these slight differences
between predicted and recorded values could have resulted from
subjectivity by the recorder, as multiple observation notes indi-
cated uncertainty between two possible values that differed by
0.5. The results in Fig. 4 indicate that to an extent, this model
can predict maximum destructive force of a day for wet loose
avalanches. Overall, 11/12 of the maximum size destructive
force predictions being within a 0.5 range of error is desirable,
especially based solely on weather. The feature importance
metric for gain, as visible in Table 5, finds that the average air
temperature and snow depth are the most significant factors in
influencing destructive force size for wet loose avalanches, in
that order. The significance of air temperature and snow depth’s
influences on wet snow avalanches is corroborated by other pa-
pers, including Soukov et al.>. However, one unexpected result
was that the snow water equivalent was found to be not as impor-
tant as the other features for wet loose avalanches. This could
be because it was measured at the Flattop mountain site, where
the snow water equivalent loss may not be consistent with the
snow water equivalent loss in the starting zones of avalanches,
which tend to be in much higher elevations and may receive
more precipitation,

6.3 Comparisons to other methods

The Random Forest control model, used to predict all types
of avalanches, had a testing accuracy of 72.55%, yet it only
predicted 10.3% of avalanche days. In contrast, both LSTM
models demonstrated significantly higher training and testing
accuracies, recall, and balanced accuracies.

For each of the avalanche groupings, separate SVMs were
applied as baselines. The wet slab and glide snow avalanche
SVM had 994 true negatives, 439 false positives, 2 false neg-
atives, and 38 true positives, resulting in an accuracy of 0.70,
recall of 0.95, balanced accuracy of 0.82, precision of 0.08, and
an F1-Score of 0.15. The wet slab and glide snow LSTM model
had significantly higher scores in all of these metrics. Moreover,

McNemar’s test comparing these two models resulted in a test
statistic of 331.0 and the p-value of 1.36e-77, indicating a major
difference in their predictions.

The wet loose snow avalanche SVM had 1010 true negatives,
437 false positives, 0 false negatives, and 27 true positives, with
an accuracy of 0.70, a precision of 0.06, and an F1-Score of
0.11. The wet loose snow LSTM model surpassed these scores
and provided better balance between false positives and false
negatives. McNemar’s test for these models reported a test
statistic of 357.0 and a p-value of 1.996e-72, demonstrating a
major difference in their predictions.

Overall, the developed LSTM models effectively predicted
the majority of avalanche days and exhibited significant im-
provements over several baseline models.

Unlike traditional avalanche forecasting methods that heavily
rely on expert knowledge and snowpack observations, this study
demonstrates that machine learning models, particularly the
developed framework, can learn temporal and nonlinear patterns
directly from meteorological data. This can be applied to regions
where direct snowpack measurements are sparse. While these
models are not meant to replace expert forecasters, they can
serve as effective complementary tools that can promote safety
and advance warning.

Additionally, some avalanche events in the dataset were
recorded with approximate dates due to limitations in field obser-
vations, particularly for weekend events or remote areas. This
temporal uncertainty introduces label noise into the training
data, where real-world avalanche days may be misclassified
as non-avalanche days and vice versa. This could lead the
LSTM classifier to train on misleading examples or result in
real-world true positives being classified as statistical false posi-
tives, thereby underestimating the model’s actual performance.
However, although some estimations may lack precision, these
approximations were based on the best judgements of expe-
rienced avalanche scientists and so the labeled dates should
reasonably be considered representative of actual avalanche oc-
currences. Nonetheless, future work could benefit from more
precise event recording.

6.4 Applications of Proposed Models

The LSTM and XGBoost models for the two groupings as they
are could be applied in Glacier National Park and provide ad-
vance warning to tourists or maintenance crews traversing the
GTSR corridor. These models might also be applicable to other
locations along the Rocky Mountains with similar weather pat-
terns if there is access to relevant data. More generally, future
studies could develop and train similar models over longer pe-
riods of time and in additional geographic regions to further
explore the relationship between weather data and avalanche
occurrence, while also forecasting avalanche danger and serving
communities. Alternatively, researchers may choose to develop
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localized predictive models for more specific subregions and
would incorporate additional features such as slope angles and
detailed snowpack measurements.

7 Conclusion

This study examines the effects of weather variables such as
air temperature, snow depth, precipitation accumulation, and
snow water equivalent on the occurrence and destructive force
of wet snow avalanches. Using 21 years of meteorological data,
ensemble models were developed to classify avalanche days and
predict destructive force for two distinct groupings of wet snow
avalanche types: wet slab and glide snow avalanches, and wet
loose avalanches. An LSTM model was used for classification,
while an XGBoost was applied for regression. These models
performed well on the training data and were further validated
on the testing data. Compared to previous methods like Random
Forest and Support Vector Machines, this approach - utilizing
LSTM models and other important tools - led to significantly
better predictive abilities.

The XGBoost model for wet loose avalanches achieved pre-
dictions close to actual sizes, highlighting the importance of
variables like average air temperature and snow depth. This
supports the wet loose LSTM model’s predictions by also pre-
dicting the extent of danger. However, the wet slab and glide
snow XGBoost model showed lower accuracy, likely due to
the absence of important factors such as avalanche speed or
snowpack density.

By leveraging the LSTM model’s ability to model sequen-
tial weather patterns and XGBoost’s strength in regression, this
study demonstrates the effectiveness of these machine learning
models in avalanche forecasting. Future research could adapt
this ensemble approach to different regions and incorporate ad-
ditional features. Given the devastating impact of avalanches,
this approach offers a promising tool for improving forecast-
ing, protecting communities at risk, and mitigating the harmful
effects of avalanches.
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