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ABSTRACT: Avalanche forecasters in the U.S. and Canada use the five-level North American Public
Avalanche Danger Scale (NAPADS) as a tool to communicate avalanche risk to backcountry recrea-
tionists. Forecasters consider the avalanche problem type, distribution, sensitivity, size, and likelihood
to assign an appropriate danger rating for a given forecast period. While there is ongoing progress in
standardizing this decision-making process, there remains a large degree of subjective judgment based
on professional experience. This project develops two novel decision support tools for assigning daily
danger ratings. The first incorporates weather station data, previous avalanche forecasts, and reas-
sessed avalanche forecast data to identify established patterns in public avalanche forecasts and predict
daily danger ratings. We assess the performance of Extreme Gradient Boosting (XGB) and Super-Or-
ganizing Maps (SOM) and compare the predicted danger ratings using the machine learning models to
those issued by human forecasters. We find 73-79% agreement between the models and professional
forecasters, with the XGB model outperforming the SOM. The second tool uses a national record of
avalanche forecasts to identify relationships between avalanche size, likelihood, and assigned danger
rating, fully implementing the workflow described in the Conceptual Model of Avalanche Hazard (CMAH),
and clearly defining the relationship between avalanche size/distribution/sensitivity and predicted danger
rating. The final products of this research are (1) a machine learning tool that uses weather and ava-
lanche variables to predict the avalanche danger rating for an avalanche center in Southcentral Alaska,
and (2) an online interactive tool to visually guide the user through the CMAH workflow, linking avalanche
size and likelihood to the predicted danger rating using data from 24 avalanche centers across the U.S.
Both of these forecasting tools incorporate visual representations of uncertainty in the predicted danger
rating based on historical records. These tools aim to assist backcountry avalanche forecasters in pre-
dicting avalanche danger ratings and quantifying uncertainty in the assigned rating. We believe this work
will leverage modern machine learning methods and archived forecast data to capture the institutional
knowledge of avalanche centers, which can support the decisions of newer forecasters and help sea-
soned practitioners identify personal biases in their forecasts.
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1. INTRODUCTION trast to the European Avalanche Warning Ser-
vice, which has established the EAWS matrix as
a decision support tool to connect avalanche
size, likelihood, and danger rating for regional av-
alanche forecasts (Mdller et al., 2025). This ma-
trix style of generating daily danger ratings is
more prescriptive, but also has the potential to be
more objective across different forecasters and
forecast regions.

Public backcountry avalanche forecasting re-
quires an assessment of the size and likelihood
of a specific type of avalanche problem(s), and
assigning an appropriate danger rating for the
forecast period. Statham et al. (2018) introduced
the Conceptual Model for Avalanche Hazard
(CMAH), which defined a clear framework to
identify the avalanche problem type, and then as-

sess the sensitivity, distribution, and size of ex- While the CMAH framework may be relatively
pected avalanche activity. This established a new, the practice of monitoring weather and
consistent workflow and terminology that many snowpack properties to predict size and likeli-
avalanche practitioners use today. This terminol- hood of avalanches has been in place for dec-
ogy has been incorporated into the North Ameri- ades (e.g. Atwater, 1954; LaChapelle, 1966). Un-
can Public Avalanche Danger Scale, but there re- til fairly recently, this process has largely involved
mains a large amount of subjectivity in connect- incorporating manual field observations and nu-
ing avalanche size and likelihood to an appropri- meric weather models to make decisions based
ate danger rating in North America. This is in con- almost entirely on professional experience and

expert judgement. However, modern tools are
quickly becoming available to support these deci-
sions with model output. The majority of the
emerging tools use a combination of process-
based snowpack model output, numerical
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weather output, weather station observations,
and machine learning algorithms to detect unsta-
ble layers within the snowpack (e.g. Herla et al.,
2024; Mayer et al.,, 2022), estimate the size
and/or likelihood of avalanches (Mayer et al.,
2023, van Herwijnen et al., 2023) and predict av-
alanche danger (Perez-Guillen et al., 2025).

Models are approaching accuracy rates similar to
human forecasters (Techel et al., 2025), with
roughly 66-75% agreement between models and
human-forecasted danger rating (Perez-Guillen
et al., 2025), 75% probability of detecting weak
layers within a snowpack (Herla et al., 2024), and
69% recall/75% specificity for detecting ava-
lanche and non-avalanche days (Mayer et al.,
2022) compared to testing data. Davis et al.
(2026) investigated reassessed human-issued
avalanche forecasts for U.S. avalanche centers
and found the maximum predicted danger rating
matched the maximum reassessed danger rating
for 84% of the days on record across all ava-
lanche centers, with rates varying between 68%
and 97% for individual avalanche centers. Techel
et al. (2024) compared assessments between
two different forecasters on the same day, and
found agreement rates of 87% in Switzerland,
and 76% in Norway.

With model accuracy approaching that of human
forecasters, avalanche centers are increas-
ingly incorporating model output in daily work-
flows. However, the ability and success of imple-
menting these models depends on (1) accuracy
of numerical weather output in the forecast area;
(2) the capacity to run a model chain for an area
of interest; and (3) the ability to display the model
output in a way that is both informative and easy
to understand.

In an effort to address the gap in connecting size,
likelihood and danger rating in the CMAH work-
flow and provide tools for avalanche centers fac-
ing the model limitations described above, we in-
troduce two tools that are computationally inex-
pensive and easy to incorporate in an avalanche
forecasting workflow:

1. A web-based user-interface that navigates
the CMAH workflow, and overlays the defined av-
alanche size/likelihood over a danger rating ma-
trix where each cell displays a distribution of pre-
viously assigned danger ratings for the specified
combination of size and likelihood. This is based
on a national dataset incorporating forecasts from
across the U.S.

2. A machine learning based decision-support
tool that predicts the daily danger rating based on
user-specified weather and avalanche parame-
ters. Whereas the CMAH dashboard is not loca-
tion-dependent, this tool is developed using
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weather and avalanche data from the CNFAC
Turnagain Pass zone and is only applicable for
that location.

Both of these tools incorporate uncertainty into
the output display, showing a distribution of pre-
dicted danger ratings for the user-defined condi-
tions. These can help improve consistency, re-
duce bias, and add historical context for challeng-
ing forecast scenarios.

2. METHODS

2.1 CMAH Dashboard

The CMAH Dashboard tool (cmah-dash-
board.onrender.com) features three sliders
where the user defines the sensitivity, distribu-
tion, and expected size for an avalanche problem
(Fig. 1a). These three inputs feed two output dis-
plays. The first (Fig. 1b) is a sensitivity/distribu-
tion display as defined in Statham et al. (2018).
The second is a color-coded matrix of NAPADS
danger ratings corresponding with combinations
of avalanche size and likelihood (Fig. 1c).

Unlikely Possible Almost Certain

Very Likely

- -

Unlikely Unlikely Possible

=8 n=517 n=334 =578

H.s ..=1. n

612

Figure 1: Output displayed on the CMAH dash-
board. The user adjusts the sliders to specify sen-
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sitivity, distribution, and size for the primary ava-
lanche problem (1a). This defines the area of a
box that is overlain on the sensitivity/distribu-
tion/likelihood matrix (1b). The lower plot (1c)
shows the size/likelihood/danger rating matrix.
Danger rating histograms are generated from the
NAC dataset.

The histograms displayed on the size/likelihood
danger matrix are built using data from the U.S.
Forest Service National Avalanche Center
(NAC). This dataset includes 32,518 forecasts
over 14 seasons from 24 avalanche centers
across the US. The number of forecasts in the
record varies among avalanche centers, with the
Bridger-Teton Avalanche Center (BTAC), Colo-
rado Avalanche Information Center (CAIC), and
Northwest Avalanche Center (NWAC) account-
ing for the majority of the forecasts on record (Fig.
2). Most daily forecasts include more than one
avalanche problem. When there are multiple av-
alanche problems on a given day, we record the
assigned danger rating for the size and likelihood
defined in Problem 1. The cells in the matrix are
color-coded based on the danger rating with the
highest count for that cell.

Number of Forecasts by Avalanche Center
NAC dataset
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Figure 2: Number of forecasts recorded by each
avalanche center in the NAC dataset. BTAC,
CAIC, and NWAC account for the majority of all
forecasts, but the dataset includes data from 24
different avalanche centers.

2.2 Danger Rating Prediction Tool

For the danger rating prediction decision-support
tool, we compare performance of two different
types of machine learning models — an Extreme
Gradient Boosting (XGB) model (Chen and
Guestrin, 2016) and an ensemble of Super-Or-
ganizing Maps (Wehrens and Buydens, 2007).
These models were trained using avalanche fore-
cast and weather station data from the Chugach
National Forest Avalanche Center (CNFAC)
Turnagain Pass forecast zone from December
2009 through April 2025.
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The CNFAC has been reassessing forecasts
since Nov. 2021. This involves a daily assess-
ment in which the forecaster on duty assigns an
observed danger rating for the previous forecast
period. For the 2021/22-2024/25 seasons, we
use the reassessed danger ratings when there is
a discrepancy between the predicted and reas-
sessed values.

In addition to the avalanche forecast data, we
also use weather station data taken from three
weather stations on Turnagain Pass: the Sun-
burst weather station is situated above treeline at
1,158 m (3,800 ft), Seattle Ridge at 731 m (2,400
ft), and Turnagain Pass SNOTEL at 573 m
(1,880 ft).

Avalanche danger rating data is treated as an or-
dered categorical variable. We treated the ava-
lanche problem type as a binary variable using
one-hot encoding (Cerda et al., 2018), effectively
including 11 binary variables where each variable
represents one avalanche problem type (includ-
ing one variable for ‘none’ and one for ‘springtime
diurnal’ per the standard practices of CNFAC).
For a given day, each avalanche problem listed
in the forecast discussion has its own set of 11
binary avalanche problem type variables. The 24
weather station variables are treated as continu-
ous numeric variables.

The models are trained on 80% of the data set,
with 20% of the data set aside as a testing da-
taset. Since the avalanche danger dataset is
highly autocorrelated, we use a block cross-vali-
dation sampling strategy (Roberts et al., 2017),
randomly selecting entire seasons to be withheld
as test data, rather than individual days to desig-
nate the test and training groups.

Extreme Gradient Boosting

We trained a separate Extreme Gradient Boost-
ing classifier (Chen and Guestrin, 2016) for each
elevation band. The target was the issued NA-
PADS rating, replaced by the next-day reassess-
ment when one existed. Alpine and treeline mod-
els used the five danger classes (Low—Extreme).
Below-treeline days recorded as No Rating (typi-
cally insufficient low-elevation snow) were ex-
cluded from BTL training and evaluation, be-
cause that label is determined by snow cover ra-
ther than the weather and problem features avail-
able to the model. Extreme danger occurred only
once in the record (18 February 2010) and is ab-
sent from the test seasons.

Predictors combined (i) same-day avalanche-
problem type, likelihood, and expected size for up
to three problems, (ii) the previous day’s danger
rating and problem characterization, (iii) 24 daily
weather variables from Sunburst, Seattle Ridge,
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and the Turnagain Pass SNOTEL, and (iv) calen-
dar month and two era indicators marking when
problem type (17 November 2012) and likelihood
(1 January 2018) entered the archive. Problem
type was one-hot encoded (Cerda et al., 2018).
This feature set matches the intended operational
use, in which the forecaster first specifies today’s
avalanche problems, then the model returns a
danger-class probability distribution. It is not a
weather-only nowcast.

Hyperparameters were selected by randomized
search with chronological cross-validation inside
the training window. The final models used a soft-
max multi-class objective so that each prediction
is a probability vector over danger classes (Fig.
4). Early stopping used the 2022/23 season,
which is inside the training window, and never the
held-out test seasons.

Super-Organizing Map Ensemble

Super-Organizing Maps (SOM) are a special ap-
plication of Self-Organizing Maps (Kohonen,
1998) that allow categorical, binary, and continu-
ous variables to be applied as separate layers to
test and train the model. The algorithm organizes
observations with multiple dimensions by analyz-
ing the dataset and creating a grid of bins, or
‘nodes’ that covers the extent of the variability
within the dataset, then assigning each observa-
tion to the node that best represents that obser-
vation. In this case, that means that days with
similar weather and avalanche forecast variables
should be grouped in similar nodes. A dataset
may be represented by any number of nodes. In
this case we train 16 different SOM models with
square arrays (i.e. 5x5 to 20x20), and hexagonal
geometry resulting in a suite of models with 25 to
400 nodes.

To use the SOM ensemble for prediction for a
given day, we feed the models all of the variables
except the danger ratings for each elevation.
Each model assigns that day to the node which
most nearly represents the given conditions, and
then predicts the danger rating by taking a count
of the danger rating assigned to each day within
that node. For example, if a day matches a node
in which 25 days are assigned ‘Moderate’ and 35
are assigned ‘Considerable’, the model would
predict the danger rating for that day to be ‘Con-
siderable’. We then tally up the ‘winning’ danger
rating that each of the 16 SOM models assign,
and use the winner as the predicted value for that
day.

Model Performance

We measure model performance with a weighted
F1 score for each elevation band (Sasaki, 2007).

We also include F1 scores for a persistence fore-
cast baseline (yesterday’s danger rating) so that
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model predictive skill can be interpreted relative
to the strong day-to-day autocorrelation in danger
ratings.

2.3 Forecast Reassessment

We use the reassessment dataset to estimate the
baseline accuracy for a human forecaster as an-
other means of assessing model performance.
We calculate simple summary statistics for the
five seasons of data, reporting the accuracy rates
at each elevation band, and also the percent of
days where the reassessed danger rating
matched the predicted danger ratings for all ele-
vation bands.

3. RESULTS

3.1 Model Performance

The XGB model had higher performance statis-
tics in at all three elevation bands (Fig. 3). Both
models had the highest scores in the alpine ele-
vation band, and both performed better than the
persistence baseline.
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Figure 3: F1 scores by elevation band and danger
rating for the persistence forecast (a), SuperSOM
ensemble (b), and XGB model (c).

3.2 Reassessment data

For the 341 human forecasts with reassessment
data, we found that the human-predicted danger
ratings matched the human-reassessed danger
rating for 93% of the days in the alpine, 91% at
treeline, and 92% below treeline. The reassessed
danger ratings agreed with the predicted danger
ratings at all elevation bands for 83% of the days.

Per-class F1
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4. DISCUSSION

The XGB model performed similarly to daily
CNFAC forecast/reassessment agreement rates
(73% to 79% weighted accuracy for XGB vs. 83%
daily agreement for human forecasters). This ac-
curacy rate is consistent with the previously es-
tablished rates in the U.S. (Davis et al., 2026; Lo-
gan and Greene, 2023) and in Europe (Techel et
al., 2024).

Since we trained the model on a dataset that did
not have reassessed values available for the ma-
jority of days, model performance is limited by the
accuracy of the data. Since it is not possible to
train a model that is accurate 100% of the time,
we add to the utility of these tools by building in a
way of displaying uncertainty. Rather than simply
displaying the suggested danger rating for the
day, we provide a histogram that shows the like-
lihood distribution for the danger rating given the
current conditions (Fig. 4).
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Figure 4: Model-predicted danger ratings for Nov.
30, 2023. The colored bars represent the pre-
dicted likelihood for each danger rating at each
elevation band. For example, the model predicts
a 52% likelihood of Considerable danger in the
Alpine, 70% likelihood at Treeline, and 52% like-
lihood Below Treeline. The actual human-issued
danger ratings for that day are marked by the
black triangle at the bottom of each chart. For this
day, the human-issued danger rating in the alpine
did not correspond with the maximum likelihood
danger rating from the model output.

We similarly display the uncertainty in the CMAH
tool by showing the danger rating distribution for
days with the specified size and likelihood (Fig.
1c). This approach visually represents the uncer-
tainty inherent in assigning a danger rating, and
displays it in a way that is useful to avalanche
forecasters.

5. CONCLUSION, LIMITATIONS, AND FU-
TURE WORK

We used existing avalanche forecast records to
develop two decision-support tools to help im-
prove consistency and reduce subjectivity in as-
signing a danger rating.
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The CMAH tool helps forecasters work through
the CMAH workflow interactively, and visually
displays the connection between size, likelihood,
and danger rating. The tool was developed using
data from 24 avalanche centers across the U.S.,
so the application should be useful to a wide ge-
ographic range.

The danger rating prediction tool draws on previ-
ous weather and avalanche forecast records for
a CNFAC forecast zone to recognize patterns in
the historical data, and generate a probabilistic
danger rating based on similar days within the
record. Itis important to recognize the geographic
limitations with the danger rating prediction tool
we introduce here. The model was trained using
weather and avalanche forecast data from Turn-
again Pass, and has not been validated for other
forecast zones. While this is a logical next step
for model development, it would not be appropri-
ate to apply this model to another forecast zone
without first assessing its performance in a new
location.

Introducing predictive models into the forecasting
workflow can bias decision-making if the model
output replaces, rather than checks, an inde-
pendent assessment. The danger-rating predic-
tion tool was therefore built so that the forecaster
first specifies today’s avalanche problem type,
size, and likelihood; the model then returns a
probability distribution over danger classes given
those inputs and the associated weather. We rec-
ommend that forecasters complete their own
CMAH-based rating before consulting the tool,
and use the output only as a consistency check
against historical practice. Used this way, the
model can surface patterns in the archive and
flag days that diverge from how similar conditions
have been rated, without becoming the source of
the rating itself.

While these tools apply the CMAH elements as
well as measurable weather metrics, it is im-
portant to note that neither tool incorporates
Travel Advice into the danger rating assessment.
This key component of NAPADS is often the de-
termining factor when forecasters are faced with
a scenario in which size, distribution, and likeli-
hood may correspond with different danger rat-
ings. While these tools are able to display some
of the uncertainty inherent in assigning a danger
rating, there still remains a large degree of sub-
jectivity that relies on expert judgement to assign
an appropriate danger rating.

Arguably the most useful feature of both of these
tools is that ability to display the uncertainty in as-
signing a danger rating. These visual displays
can provide context to help inform avalanche
forecast discussions, thereby improving the way
we can communicate risk to the public.
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