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Abstract

Over the past decades, snow cover trends in North America have been analyzed, providing vital information to the Global Climate
Observatory System and other stakeholders about the looming signals of climate-driven snow declines. Detecting daily changes
in snow parameters (e.g., depth of snow, extent of snow cover, and snow water equivalent) is, however, fraught with challenges,
including internal variability unrelated to climate signals. We used GlobSnow’s passive microwave remote sensing data and a
convolutional Siamese U-Net to track how snow water equivalent (SWE) changes daily over North America’s mid- and high-
latitude regions. Daily changes in SWE were detected with F1-scores of 94.8% and 100.0% in locations where it was not trained,
and 99.3% at the location where it was primarily trained; this suggests the model’s generalization potential to different climatologies
and geographic locations. Using the model, we computed a similarity vector to compare SWE trends. We found that although lake-
effect snowfall may be prevalent in the Great Lakes Basin during the winter months, the region consistently records the highest
frequency of daily changes in SWE. Alaska, Yukon, and the Northwest Territories tended to have minimal daily changes in SWE,
suggesting that latitudinal gradients may dominate changes in the snow regime and cryosphere’s processes in the warming climate
scenarios.

1. Introduction

Snow is classified as an essential climate variable by the Global
Climate Observatory System. Snow water equivalent (SWE),
depth of snow, and snow cover extent are important paramet-
ers that have been widely studied to understand trends in the
snow regime and cryosphere processes. SWE is a highly sensit-
ive snow parameter influenced by a variety of climate variables
(Thackeray et al., 2019). Upon melting, snow produces wa-
ter, recharging freshwater systems and contributing to irrigation
(Callaghan et al., 2011) and (Bokhorst et al., 2016). Unfortu-
nately, the changing climate is altering the snow regime, res-
ulting in decreasing snow cover and mass across the Northern
Hemisphere (Raisanen, 2008). Consequently, a variety of snow
data products have been developed to study changes in snow
properties. However, the representation of spatial patterns of
SWE tends to vary across these datasets. For instance, five snow
datasets were studied, revealing consistent snow water mass
trends in Winter from 1981 − 2010, but with variable strength
of SWE representation. GlobSnow SWE and reanalysis data
products appeared to consistently represent snow properties in
this study (Mudryk et al., 2015).

A profound degree of progress toward detecting and quantify-
ing patterns in SWE variability, depth of snow, snow density,
and evaluating snow cover extent has been achieved using grid-
ded SWE datasets. For example, using gridded snow data, SWE
trends in Eastern and Western Canada have been shown to de-
cline in March (Brown et al., 2019). Similarly, analysis of
the GlobSnows v3.0 dataset showed that snow mass is declin-
ing over North America in March (Pulliainen et al., 2020). In
many of these studies, however, reference periods and temporal
averaging of snow observations are used as the basis for trend
analysis. Additionally, March snow data are frequently used

to compare trends in SWE. Although these methods have im-
proved our understanding of trends in snow, the use of grid-
ded datasets to study daily snow dynamics at local and regional
scales, especially using deep learning methods, remains limited.

Daily changes in SWE have not been extensively studied due
to coarse spatial resolution, weak signal-to-noise ratio, snow
measurement uncertainties, and natural variability in snow
properties that may be unrelated to climate signals. Recently,
convolutional siamese networks were applied to detect changes
in SWE (Malik and Robertson, 2025), highlighting the poten-
tial of deep learning methods to characterize trends in SWE
variability. By studying daily changes in the spatial-temporal
patterns of snow parameters, we can better predict how snow
evolves during the winter months, enabling decision-making
regarding the flood risk associated with rapid snow melt and
adaptation to potential snow losses due to global warming. The
objectives of the study are to: (a) illustrate the potential of pass-
ive microwave remote sensing data and deep neural networks
to characterize SWE trends over North American mid and high
latitudes, and (b) elucidate daily SWE changes in selected cli-
matologies and geographic locations.

2. Study Location

The study area covers the mid and high-latitudes of North
America. The Great Lakes Basin (GLB), Quebec, Saskat-
chewan, Manitoba, and Alberta, which are mid latitudes,
and high latitudes − Alaska, Yukon, and the Northwest
Territories. These are respectively demarcated as sites A,
B, C, D, and E in Figure 1. The majority of the five
study sites span multiple provinces; therefore, we give them
the following letter designations for simplicity: Alaska,

The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLIX-B3-2026 
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission III, 4–11 July 2026, Toronto, Canada

This contribution has been peer-reviewed. 
https://doi.org/10.5194/isprs-archives-XLIX-B3-2026-811-2026 | © Author(s) 2026. CC BY 4.0 License. 811



Yukon/Northwest, Manitoba/Saskatchewan/Alberta (MN-SK-
AB), and Quebec/Newfoundland-Labrador(QC-NL). In the rest
of the sections, we will refer to the five sites using these desig-
nations. The data was obtained from GlobSnows v3.0 SWE.
GlobSnow v3.0 time series covers the period of 1979 to 2018,
and contains daily, monthly, and monthly SWE estimates with
bias-correction applied. The spatial resolution of the data is 25
km× 25 km (Luojus et al., 2021). The dataset masks out Land,
Water, and Mountains; thus, negative values are used to denote
these features.

Figure 1. SWE over the Low and Mid latitudes regions in April
2020. Site A(Great Lakes Basin), Site B(QC-NL), Site

C(MN-SK-AB,), Site D(Yukon/Northwest), and Site E(Alaska)
. Negative values denote land, water, and mountainous areas.

3. Methods for snow property estimation

Satellite-based estimation of snow cover extent, snow density,
snow depth, and SWE is commonly accomplished using op-
tical and microwave sensors (Frei et al., 2012). While snow
cover estimation may be straightforward for optical sensors, it
presents profound limitations associated with cloud cover, ve-
getation cover, and poor lightning conditions in certain regions.
National Oceanic and Atmospheric Administration Interactive
Multi-sensor Snow and Ice Mapping System (1998 − 2026)
(Chen et al., 2012) and National Aeronautics and Space Ad-
ministration (NASA) Moderate Resolution Imaging Spectrora-
diometer (2000 − 2026) (Riggs et al., 2017) snow data are
typical optical sensor-derived snow cover products.

Microwave sensors, on the other hand, are capable of estimat-
ing snow parameters under all-weather conditions. Their lim-
itation, however, is related to coarse spatial resolution (>= 25
km), as well as uncertainty of snow property estimates in deeper
snowpacks (SWE > 150 mm) (Pulliainen et al., 2020). Passive
microwave snow datasets include GlobSnow v3.0 and the snow
Climate Change Initiative SWE. The GlobSnow v3.0 SWE
is generated by combining passive microwave remote sens-
ing through the Multichannel Microwave Radiometer, and Spe-
cial Sensor Microwave/Imager (SSM/I) and Special Sensor Mi-
crowave Imager/Sounder (SSMIS) with ground stations’ synop-
tic measurements of snow depth, application of Bayesian data
assimilation techniques, and a Snow Emission model (Luojus
et al., 2021).

Global reanalyses are gaining attention, providing estimations
of SWE, snowfall, snow mass, and snow cover extent across a

variety of climatologies (i.e., mountainous and non-mountain
regions). They come in different spatial resolutions and com-
plexity in snow representation. Examples of reanalyses snow
products are ERA5-Land from the Copernicus Climate Change
Service (Hersbach et al., 2020) and MERRA-2 from NASA
(Gelaro et al., 2017). Although these products have improved
in terms of snow representation, their relatively low spatial res-
olution (30 − 60 km) limits the data accuracy (Mortimer et al.,
2020).

4. Methodology

4.1 SWE Data Processing

Snow water equivalent data (1979 − 2018) from the GlobSnow
website were downloaded, re-projected, and subset to the spa-
tial extents of our study sites − A, B, C, D, and E in Figure
1. We applied normalization using StandardScaler from the
Scikit-Learn library, which scales the SWE values to 0 - 1. A
fixed spatial extent of 72 × 72 pixels was adopted as shown
in (Malik and Robertson, 2025). This spatial extent enabled
the coverage of highly sensitive climatology and regions such
as the Great Lakes Basin. We used the geospatial data abstrac-
tion library (GDAL) and ArcGIS Pro in tandem to automate the
pre-preprocessing phase.

4.2 Model development and training

We adopted the Siamese U-Net model architecture by integrat-
ing a computer vision metric − the structural similarity (SSIM)
index as a scoring metric into the models last layer (Malik and
Robertson, 2025). The SSIM index guides the model to learn
the structural differences in SWE using its Encoder-Decoder
framework (Figure 2). The contrastive loss function was used
for training. We also compared the models performance us-
ing the Euclidean Distance metric and binary cross-entropy loss
function. The models were trained for 50 epochs, and early
stopping with a patience parameter of 5 was used to terminate
the training process if a model’s performance did not improve
after 5 epochs. TensorFlow library, and a computer with an
NVIDIA GPU of 20 GB memory was used for model training.
SWE data from 1979 − 2001 were used for model training and
validation. For independent validation, data from 2002 − 2018
were used. For geographic locations that were not part of the
training samples, the independent validation data span 1979 −
2018.

4.3 Training data labeling

We labeled a pair of SWE data as positive (pos) if the dates in
which they were sampled differed by 1 day and negative (neg)
if the dates of sampling differed by 2 or more days. Using the
structural similarity (SSIM) index, we screened the positive and
negative labels by setting thresholds. We used the SSIM values
greater than or equal to 0.98 for positive SWE (no change in-
stance), and values less than or equal to 0.9 for negative (change
instances) (Figure 3). We further augmented this step with
human inspection. Samples that were challenging to label as
positive or negative pairs were subsequently removed from the
training data. The data labeling procedure is extensively de-
scribed in (Malik and Robertson, 2025).

4.4 Assessment of model accuracy

We computed Precision, Recall− True Positive (TP) rate, False
Positive (FP), True Negative (TN), False Negative (FN), and
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Figure 2. Our Siamese UNet model architecture. The Encoder
branches learn to deconstruct SWE, while the Decoder branches

reconstruct SWE.

Figure 3. Sample of training data and our labeling workflow

F1-Score to evaluate the models’ capability to detect daily
changes in SWE. We further derived the receiver operating
characteristics and area under the curve (ROC-AUC) to exam-
ine the relationship between true positives and false positives
over a range of model thresholds. Equations 1 − 3 denote how
the metrics are computed.

Precision =
TP

TP + FP
(1)

Recall =
TP

TP + FN
(2)

F1− score =
2× TP

2× TP + FP + FN
(3)

4.5 Computing daily SWE changes

To compute similarity, the Siamese model receives a pair of
SWE and outputs a vector of similarity values. High values
denote no change; conversely, low values represent a change
in SWE. The equation for comparing daily SWE is formu-
lated as shown below, following previous studies (Malik and
Robertson, 2025).

SWEsim(di,dn) = model{SWE(di, di+1)}, (4)

where di represents SWE data sampled on the ith day of the
winter months (i.e., JFMA).

5. Results and dicussion

We used a convolutional Siamese UNet to investigate how SWE
changes daily over the mid and high-latitude regions of North
America. Our modelling framework followed a previous study
that deployed a similar deep learning method to characterize
SWE trends exclusively in the cold regions of Canada (Malik
and Robertson, 2025). Thus, our study extends this work bey-
ond the cold regions and captures daily changes in SWE. Fig-
ure 4 presents the ROC-AUC for the model prediction of true
and false positives. The ROC-AUC exceeded 90%, suggesting
that the model’s predictions are robust. Siamese UNet model’s
performance was also evaluated over the different locations, al-
lowing an insight into its potential to generalize to unknown
geographic regions and climatology.

Figure 4. ROC-AUC for U-Net on the independent test data.

Table 1 further sheds light on the model’s prediction accuracy
on Sites A, C, and D. Although the model performance was rel-
atively low at Site A (F1-score = 94.84%), it was higher at Sites
C and D (99.3% and 100.0%, respectively). It is important to
note that the model was trained using data at Site C (from 1979
− 2001), but was tested on SWE data from 2002 − 2018; the
test data at Site D ranged from 1979 to 2018, since this location
was separate from the training data. Thus, the model’s perform-
ance suggests its potential to generalize to different geographic
locations and climatology.
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Location Accuracy metric
Recall F1-Score

Site A 99.79 94.84
Site C 98.10 99.30
Site D 100.00 100.00

Table 1. Recall (TPR) and F1-Scores for locations A, C and D.

Figures 5−7 show daily similarities in SWE across the mid and
high-latitude regions. We used boxplots to capture the distribu-
tion, median, and interquartile ranges (IQR), providing insights
into spatial and temporal changes in SWE. We note that high
SWE similarity implies less frequent changes; contrarily, low
SWE similarity denotes a high degree of change. The similarity
trend for SWE tended to remain high between 1989 and 1998 in
the high-latitude regions, notably Alaska and Yukon/Northwest
(Figure 5). Moreover, the IQRs for the Yukon/Northwest box-
plots are short, suggesting that these regions experienced more
stable, consistent changes in daily SWE, especially from Janu-
ary to March. Conversely, the IQR for daily changes in April
SWE appeared to be more elongated for Yukon/Northwest and
QC-NL, indicative of high variability in the April SWE melt-off
pattern.

It is also worth noting that QC-NL exhibited high SWE sim-
ilarity through January to March, though with relatively higher
variance, as evidenced in the boxplots’ IQR. Thus, these regions
may have experienced less severe daily changes in SWE over
the decade (i.e., 1989 − 1998). By contrast, the Great Lakes
Basin (GLB) and MN-SK-AB experienced profound and com-
peting declines in the underlying daily SWE similarity, suggest-
ing the occurrence of significant daily changes in these regions.
For the GLB, the observed SWE decline is a characteristic trend
in the eastern and western United States. The snow season is re-
ported to have shortened significantly by 34 days, linked to the
later arrival and early ending of the snow season, with temperat-
ure and precipitation explaining most of the temporal variation
in the patterns of April SWE (Zeng et al., 2018).

Figure 5. SWE trends from 1979 to 1998.

Figure 6 presents daily SWE from 1999 to 2008. Alaska and
Yukon/Northwest dominated the months with high SWE sim-
ilarity (i.e., less frequent changes in daily SWE), followed by

QC-NL. In contrast, profound daily changes characterized the
GLB and MN-SK-AB. In January, MN-SK-AB exhibited rel-
atively higher SWE similarity than the GLB, yet a pattern of
declining similarity, corresponding to increased daily changes,
persisted across the other winter months (i.e., February, March,
and April). Although snow cover is reported to have declined
in the northeastern United States and eastern Canada (Contosta
et al., 2019), our findings point to regional and climatological
variation in SWE trends − high and low rates of change in the
mid and high latitudes, respectively. Surprisingly, toward the
end of the winter (i.e., April), the four regions tended to ex-
hibit a similar distribution, except for QC-NL, where the IQR
points to more dispersion, indicating that a highly varying daily
SWE melt-off pattern tended to dominate the region at the end
of winter.

Figure 6. SWE trends from 1999 to 2008.

Figure 7 SWE shows a relatively lower similarity (profound
change) in the GLB in January, whereas the other regions depict
high similarity but are regionally variable. Late arrival of snow
in southern Ontario and the northern parts of the Conterminous
United States likely drives the low SWE in GLB (Zeng et al.,
2018). Yukon and the Northwest Territories tend to have the
highest SWE similarity; however, the trend tended to be similar
to Alaska. The pattern of SWE distribution in February across
the 5 locations follows the trend observed in January; yet, there
is less variability in the similarity values (as shown by the vi-
olin and box plots). This suggests consistent snow accumula-
tion and less melt, leading to many areas being similar. Despite
the relatively high variability, QC-NL exhibited high SWE sim-
ilarity with the Yukon/Northwest and Alaska in March. The
relatively high SWE similarity for QC-NL in March appears to
be a surprising trend, given that it is at mid latitudes compared
to Yukon/Northwest and Alaska.

In April, SWE similarity tended to be the lowest for MN-SK-
AB than for the other 4 regions. The GLB surprisingly showed
higher SWE similarity than MN-SK-AB. However, a careful
assessment of the data revealed that the Winter season might
have ended early in April, causing most of the areas to have
no snow and thus, appear similar. MN-SK-AB, on the other
hand, had pockets of snow on the ground, whose variable melt-
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off pattern is detected by the model, leading to low similarity.
This points to the complexity of snow dynamics and cryosphere
processes that may be unfolding in specific regions (Pederson
et al., 2013).

Figure 7. SWE trends from 2009 to 2018.

6. Conclusion

We assessed the capabilities of a convolutional Siamese U-
Net to detect changes in daily SWE across selected regions in
North America. By incorporating the SSIM index into the U-
Net architecture, its detection capability improved, achieving a
99.3% F1-score in characterizing scenarios of change and no
change in SWE. Using the model, we derived time-series vec-
tors to characterize multi-decadal SWE trends (i.e., from 1989
− 2018) over the mid and high latitude regions of North Amer-
ica. SWE similarity tended to be higher in Alaska, Yukon, and
the Northwest Territories throughout JFMA than in the other
regions. Quebec and Newfoundland-Labrador also exhibited
higher SWE similarity in March than Saskatchewan, Alberta,
and Manitoba. Despite the potential occurrence of lake-effect
snowfall, the GLB appears to be the region with consistently
low SWE similarity throughout the winter season, a character-
istic that reflects the pattern of declining snowpack levels in the
northeastern United States and eastern Canada.

We note that different datasets exhibit variable stability and
consistencies in SWE representation − climatology and met-
eorology (Urraca and Gobron, 2023). For example, it was
found that spatial patterns of SWE in existing gridded datasets
are not entirely consistent over different regions (e.g., boreal
forest, Arctic, and Alpine regions) (Mudryk et al., 2015). Con-
sequently, future work that focuses on analyzing diverse SWE
datasets and linking observed trends to climate variables (e.g.,
temperature and precipitation) holds the potential to improve
our understanding of daily changes in SWE. Lastly, diverse
deep models may capture SWE patterns with different mag-
nitudes of change and similarity; thus, it would be worth explor-
ing the capability of other learning model architectures (e.g.,
Vision Transformers and Residual Networks) and computer vis-
ion metrics such as the multiscale SSIM and the complex wave-

let structure similarity index to characterize trends in SWE. The
next phase of our research will tackle these two pivotal points.
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