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Abstract There is a pressing need for global monitoring of snow water equivalent (SWE) at high
spatiotemporal resolution, and L‐band (1–2 GHz) interferometric synthetic aperture radar (InSAR) holds
promise. However, the technique has not seen extensive evaluation in forests. We evaluated this technique
across varying forest canopy conditions using eight InSAR pairs collected at the Fraser Experimental Forest,
Colorado, USA by NASA UAVSAR during the 10‐week NASA SnowEx 2021 Campaign. Compared with in
situ measurements, we found root mean squared errors (RMSEs) of 14–17 mm for SWE changes in forest cover
fractions (FCF) < 0.40, but RMSEs increased to 33–40 mm at FCF > 0.50. Statistical distributions between
normalized lidar snow depths and normalized UAVSAR SWE were similar at FCF < 0.5, but diverged at
FCF > 0.50. Thus, the upcoming NISAR L‐band satellite has strong potential for global snowpack monitoring,
including below sparse to moderate forest cover.

Plain Language Summary Monitoring the amount of water stored in seasonal snowpacks is
essential for water resource management, but it remains challenging, particularly in mountain and forest
environments. Satellite radar techniques may provide a viable path forward for snowpack monitoring,
particularly at longer radar wavelengths (>20 cm) such as the radar used for the upcoming NASA‐ISRO SAR
satellite mission. At these longer wavelengths, the radar signal can penetrate forest canopy, but the canopy
interferes with the signal and may reduce the accuracy of the radar snowpack measurement. We examined the
influence of forest cover on airborne radar measurements of the snowpack in the Fraser Experimental Forest,
Colorado, USA and observed errors that increased with greater forest cover. Notably, the radar measurements
were accurate for sparse to moderately dense forest covers. The radar snowpack measurements reproduced
elevational trends observed in lidar‐measured snow depths, but we identified snowpack measurement errors that
correlated with oblique radar viewing geometries. Considering these limitations, we conclude that the NASA‐
ISRO SAR satellite mission represents a promising path toward global snowpack monitoring.

1. Introduction
The monitoring of seasonal snowpacks is critical for understanding ecosystems (Gleason et al., 2021; Pedersen
et al., 2021), drought forecasting (Livneh & Badger, 2020), and managing snowmelt runoff, an important resource
for billions of people (Barnett et al., 2005; Sturm et al., 2017). The remote sensing of snow water equivalent
(SWE), one of the defining snow hydrologic variables, is highly prioritized, with an absolute SWE accuracy goal
of 30 mm at high spatiotemporal resolution (<500 m; ∼weekly; NASEM, 2018). However, current snowpack
monitoring is insufficient, particularly within mountains, where complex topography, montane forests, and highly
variable snowpack distributions present significant challenges for remote sensing (Dozier et al., 2016). Methods
for snow depth/SWE retrievals are in development, but snowpack measurements within forests remain a sig-
nificant challenge (Hu et al., 2023; Lievens et al., 2019; Oveisgharan et al., 2024).

The retrieval of SWE below forest canopy is critical because ∼33% of Earth's seasonal snow cover is found in
forested environments (NASA SnowEx, 2024). In the western contiguous USA, an estimated 70% of the seasonal
snow‐covered area is forested and almost entirely contained within mountain environments (Bourgoin
et al., 2023; Moore et al., 2012; Wrzesien et al., 2018) which generate 70% of region‐wide runoff (Li et al., 2017).
In these complex environments, methods using satellite‐based synthetic aperture radar (SAR) are front‐runners
for measuring SWE at the targeted spatiotemporal resolution (NASEM, 2018).
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SARs are side‐looking radars that transmit a signal and record the amplitude and phase of the backscattered
return. Radar waves <18 GHz are transmissible through snow, and the primary reflecting boundary occurs at
interfaces with strongly contrasting dielectric permittivities (e.g., the snow‐ground interface; Deeb et al., 2011).
SAR platforms have high spatial resolution and repeat cycles of 6–14 days. Although the radar signal interacts
with the forest canopy, SAR at lower frequencies (e.g., L‐band, 1–2 GHz, 15–30 cm wavelength) may be capable
of sub‐canopy SWE retrievals because the radar wave can penetrate the canopy. Here, we discuss the interfer-
ometric SAR (InSAR) approach for measuring a change in SWE (ΔSWE) from the phase‐change between two
SAR acquisitions (Guneriussen et al., 2001; Text S2.1 in Supporting Information S1). This approach for SWE
retrievals has been implemented using tower‐based radars (e.g., Ruiz et al., 2022), satellites (e.g., Oveisgharan
et al., 2024), and for airborne SARs (e.g., NASA Uninhabited Aerial Vehicle SAR or UAVSAR) across several
frequency bands. Relevant InSAR SWE retrieval studies are listed in Table S1 in Supporting Information S1.
Compared with higher frequency InSAR approaches, L‐band InSAR is advantageous because coherence, a
measure of similarity between two signals, can be maintained for longer temporal baselines (e.g., 12‐day; Ruiz
et al., 2022). However, the technique is likely not applicable in wet snow and high uncertainty is expected below
forest cover (e.g., Ruiz et al., 2022).

Here, we evaluate eight L‐band InSAR pairs collected from the UAVSAR platform as part of the SnowEx 2021
Time Series Campaign at the Fraser Experimental Forest (FEF), Colorado, USA. In situ measurements were
collected across a range of elevations (2,700–3,400 m) in meadows and lodgepole pine/spruce‐fir forests (Text
S1.1 in Supporting Information S1). Snow‐on/off airborne lidar scans were collected inMarch/September 2021 to
measure spatially distributed vegetation heights and snow depths near the end of the UAVSAR campaign. Our
study examines the applicability and limitations of this method in montane forests by addressing two key
questions.

1. What is the accuracy of L‐band InSAR ΔSWE retrievals from single interferometric pairs in both forested and
open environments based on field measurements?

2. Based on spatially expansive lidar snow depths, what are the uncertainties of an InSAR ΔSWE time series
across elevations, forest cover fractions, and SAR incidence angles?

Our work informs potential applications and limitations of the technique in forests for the upcoming L‐band
NISAR satellite mission (planned 2025 launch). Because data sets collected by NISAR will be publicly avail-
able at high spatiotemporal resolution (80 m, 12‐day revisit), this technique may offer a clear path toward open‐
access SWE retrievals in the world's water towers (Immerzeel et al., 2020).

2. NASA SnowEx at Fraser Experimental Forest
The NASA SnowEx 2021 Time Series campaign was implemented at seven field sites across the western USA
(Marshall et al., 2020). The campaign emphasized acquisitions from UAVSAR, a quad‐polarized L‐band
(1.26 GHz center frequency, 0.24 m wavelength, 80 MHz bandwidth) left‐looking SAR with InSAR capabil-
ities. Eight InSAR pairs with a northwest heading (052°) and four pairs from the reverse heading (233°) were
collected over FEF in Colorado (Figure 1a). UAVSAR flew at an altitude of ∼12.5 km AGL approximately
weekly from 15 January to 22 March 2021.

FEF has a dry continental snow climate (Trujillo & Molotch, 2014) with a 12‐year median peak SWE of 569 mm
recorded by the Fool Creek SNOTEL station (3,400 m elevation). During UAVSAR flights (±1 day), probed
snow depths and snow pit measurements of depth, density, temperature, relative permittivity, and stratigraphy
were collected at three field sites: Headquarters (HQ; 0.3 km2), St. Louis Creek (StL; 1.4 km2), and Fool Creek
(FC; 1.4 km2; Figures 1d–1f). The Fool Creek SNOTEL station is near FC and records snow depth, SWE, and air
temperature at hourly intervals. FEF has a large elevation range (∼1,000 m) with communities of lodgepole pine
(Pinus contorta) and aspen (Populus tremuloides) at lower elevations and Engelmann spruce (Picea engelmannii)
and subalpine fir (Abies lasiocarpa) at higher elevations (Huckaby &Moir, 1998). Of the three sites, FC is located
at the highest elevation and has the highest average forest cover fraction (∼3,200 m; 0.62 FCF), whereas both HQ
and StL have similar site‐wide metrics and are located at relatively lower elevations with lower FCF (∼2,700 m;
0.20 FCF). UAVSAR acquisitions were performed before the snowmelt period (∼1 April for HQ, ∼14 May for
FC). Snow‐on (19 March 2021; ∼78% of peak SWE at SNOTEL) and snow‐free (18 September 2021) lidar scans
were collected by NV5 Geospatial to measure spatially distributed snow depths and vegetation heights (Adebisi
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et al., 2022b, 2022c). In situ sampling strategies are described in Text S1 in Supporting Information S1 and
UAVSAR flight dates and field survey dates/observations are available in Table S2 in Supporting Information S1.

3. Methods
3.1. Processing UAVSAR Data Sets

We present detailed methods for the ΔSWE calculation and the polarimetric decomposition from UAVSAR data
sets in Text S2 in Supporting Information S1. Here, we provide a summary of the data sets and processing flow.
UAVSAR data sets were collected and processed to ∼6 m resolution by the UAVSAR team. We accessed nearest
temporal neighbor InSAR pair data sets (ground projected unwrapped interferograms and coherence products)
and the POLSAR data sets (ground projected σ0 products) via the Alaska Satellite Facility (NASA UAV-
SAR, 2021) through uavsar_pytools (Hoppinen & Tarricone, 2022). We performed a polarimetric decomposition
to better understand how the scattering characteristics vary by forest cover (Text S2.4 in Supporting Informa-
tion S1). We removed an atmospheric phase ramp through linear regression from both headings of the 3–10
March InSAR pairs (Text S2.2 in Supporting Information S1). Regression slope parameters were negative for
both headings, although the values differed slightly due to contrasting viewing geometries. We determined that
liquid water content was either absent or <1 vol. % during UAVSAR flights based on snow pit measurements
(Figure S3; Text S2.3 in Supporting Information S1), but melt may have occurred in canopy‐intercepted snow,
which was present during March surveys (Figure S4 in Supporting Information S1). Phase calibration for the
unwrapped interferograms was calculated as the difference between phase‐change estimated from ΔSWE at an
HQ snow pit with high coherence (>0.6) and the median phase‐change from the 3 × 3 pixel grid around the snow
pit (Table S3 in Supporting Information S1). Two intervals used calibrated phase based on the HQ interval board
due to missing snow pit data. We inverted unwrapped interferograms for snow depth change (Guneriussen

Figure 1. (a) Copernicus 30 m DEM with Fraser, CO UAVSAR swath and inset map of Colorado. Study area showing (b) UAVSAR local incidence angles (052°
heading) derived from the lidar DEM and (c) FCF derived from lidar vegetation heights. NAIP imagery with locations of depth probe and snow pit measurements at the
(d) HQ, (e) StL, and (f) FC field sites.
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et al., 2001) using relative permittivity estimated from the upper 10 cm of snow pit‐measured densities (Kovacs
et al., 1995) and the local incidence angle calculated from the lidar DEM (Adebisi et al., 2022a). Snow depth
change was converted to ΔSWE using the average of all surface (upper 10 cm) snow pit‐measured densities
collected on the lattermost date of each InSAR pair (Text S2.1 in Supporting Information S1). Based on previous
studies, the assumed density likely contributes <7% to ΔSWE uncertainty (Hoppinen et al., 2024; Leinss
et al., 2015). ΔSWE was calculated for all four polarizations (Text S2.1 in Supporting Information S1), but we
present only the VV polarization in the main text, except for 3–23 February, which used the VH polarization due
to phase unwrapping errors in the other polarizations.

3.2. Evaluating UAVSAR With in Situ Measurements

We grouped in situ measurements into two categories: SWE measured directly from snow pits, the SNOTEL
station, and the HQ interval board as SWEsp and SWE converted from probed snow depths as SWEds. We
estimated SWEds by multiplying snow depths by the average bulk snow density from the appropriate field site.
For 3–17 March, only probed depths were collected at StL and we converted StL probed depths to SWE using the
average HQ bulk snow density. HQ offers a reasonable approximation for snow densities at StL because both sites
have similar elevations, FCF, and energy balances, and differences in average densities between HQ and StL on
coinciding dates were <5 kg m− 3.

We calculated UAVSARΔSWE over a 3 × 3 pixel (∼18 × ∼18 m) grid surrounding each SWEsp measurement to
reduce uncertainty imposed by the snow pit disturbance. For SWEds, only one coincident UAVSAR ΔSWE pixel
was compared with the ΔSWEds measurement. We calculated Pearson's correlation coefficient (r) and the root
mean squared error (RMSE) for ΔSWEsp and ΔSWEds. Comparisons were binned by FCF, coherence, and
temporal baseline to evaluate the influence of these parameters upon UAVSAR ΔSWE retrieval accuracy.
Finally, median ΔSWEsp and ΔSWEds and median UAVSAR ΔSWE measurements were summed for each
interval at each of the three field sites and compared. The starting SWE value for each field site was the median in
situ SWE for the site on the first date of field observations. The time series at FC was primarily calculated from the
SNOTEL station, because only two surveys were performed at this site (Table S2 in Supporting Information S1).

3.3. Evaluating UAVSAR With Lidar Snow Depths

We resampled the 0.5 m 19March lidar snow depth data set (Adebisi et al., 2022b) to the∼6mUAVSAR grid and
evaluated the lidar snow depth accuracy against probed snow depths collected on 17 March (RMSE = 0.22 m;
Figure S5 in Supporting Information S1). We integrated UAVSAR ΔSWE by summing the 052° heading ΔSWE
products from 15 January to 22 March. The lidar snow depths represent absolute snow depths at the end of the
UAVSAR campaign and are, therefore, not directly comparable to the integrated UAVSAR SWE, which rep-
resents the accumulated snow mass during the 10‐week campaign. However, given the absence of distributed
density measurements and because SWE variability is primarily controlled by snow depth variability (Jonas
et al., 2009), we normalized the lidar snow depths and cumulative UAVSAR SWE (e.g., Palomaki &
Sproles, 2023) using the z‐score method to compare the spatial distributions across varying FCF, elevation,
UAVSAR incidence angle, and median coherence to define L‐band InSAR limitations across a larger spatial
scale.

3.4. Calculating FCF

We used 0.5 m resolution lidar vegetation heights (Adebisi et al., 2022c) to generate a binary canopy cover data
set, using a 2 m threshold to distinguish canopy from brush. FCF was calculated as the fraction of 0.5 m pixels
identified as forest canopy within a 10 m radius for in situ measurements and per ∼6 m pixel for the UAVSAR
versus lidar analysis (Figure 1c).

4. Results
4.1. UAVSAR ΔSWE Retrievals

The 052° and 233° UAVSAR ΔSWE retrievals are presented in Figure 2 and Figure S6 in Supporting Infor-
mation S1. The largest SWE accumulation occurred for the 3–23 February (46± 17 mm) interval, whereas the 3–
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10 March interval (0 ± 10 mm) observed negligible gains/losses in SWE. ΔSWE retrieval means and standard
deviations were similar between the 052° and 233° headings and across all polarizations (Figure 2, Figure S6;
Table S4 in Supporting Information S1), but Pearson's correlation coefficients were higher between the two co‐
polarized channels than between VV and either of the cross‐polarized channels (Figure S7 in Supporting
Information S1).

Figure 2. (a–c), (e–h) VV and (d) VHUAVSARΔSWE retrievals at the study site for each 052° InSAR pair. Field sites are outlined in black. White denotes missing data
due to phase unwrapping issues. (i) Classified image from polarimetric decomposition. Zones identified via Cloude and Pottier (1997).
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The polarimetric decomposition resulted in four scattering categories for FEF (Figure 2i, Figure S11 in Supporting
Information S1). Smooth surface scatter (Zone 9) is exclusively observed above treeline. Smooth surface scatter
with some canopy scatter (Zone 6), volume scattering from vegetation (Zone 5), and double bounce (Zone 4),
potentially from large trees, are observed in the remainder of the scene. 95%of the study site is classified asmedium
entropy, ametric of signal depolarization, and 5% is classified as low entropy, indicating that depolarization occurs
even for unforested areas. The overall mean anisotropy, used to describe the number of backscattering interfaces, is
0.35with<1%of values>0.5, indicating a low likelihood ofmore than one dominant backscattering interface in the
forests.

4.2. UAVSAR Versus in Situ Observations

For the 052° heading, cumulative average UAVSAR SWE was within ±12% of the average in situ SWE at StL
and FC for all InSAR intervals, whereas UAVSAR at HQ overestimated SWE by up to 22% by the end of the
campaign (Figure 3a). The largest divergence between UAVSAR and in situ measurements occurred during the
10–16 and 16–22 March intervals, where UAVSAR overestimated SWE at the HQ and StL sites and under-
estimated SWE at the FC site. UAVSAR ΔSWE yielded similar comparisons with coincident ΔSWEsp

(RMSE = 17 mm, r = 0.65; Figure 3b) and ΔSWEds (RMSE = 18 mm, r = 0.55; Figure 3c). For reference, the
overall RMSE and r for the VV 233° heading was 20 mm and 0.52 (Figure S8 in Supporting Information S1).
RMSE for the 052° heading InSAR pairs, compared against ΔSWEds, varied from 8 mm (20–27 January) to
28 mm (10–16 March) and overall RMSEs ranged from 18 to 22 mm across the four polarizations and two
headings (Tables S5, S6 in Supporting Information S1).

The RMSE increased by a factor of two from high coherence (0.70–0.90) to low coherence (0.10–0.30;
Figure 3d), but RMSE for 7‐day and 20‐day temporal baselines were similar (Figures 3d and 3e). RMSE increased
from∼15 mm at FCF < 0.40 to 26mm for FCF between 0.40 and 0.50. RMSE approached 40 mm for FCF > 0.50.
UAVSAR ΔSWE retrievals yielded negative biases of − 22 to − 16 mm for FCF > 0.5 (Figure S9c in Supporting
Information S1).

Figure 3. (a) Median SWEmeasured/estimated from in situ measurements compared with median integrated 052° heading UAVSAR SWE for each field site. UAVSAR
ΔSWE evaluated against (b) ΔSWEsp measurements and (c) ΔSWEds measurements. Histograms and RMSE for each histogram bin for (d) coherence, (e) temporal
baseline, and (f) forest cover fraction. Points on e and f are colored by the mean coherence calculated within the bin.
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4.3. Normalized UAVSAR SWE Versus Normalized Lidar Snow Depth

Normalized UAVSAR SWE and normalized lidar depth yielded similar distribution patterns, particularly in the
St. Louis Creek valley (trends SW to NE; Figures 4a and 4b) and near higher elevations (western and southern
edges; Figures 4a and 4b). However, normalized UAVSAR SWE diverges from normalized lidar depths where
SAR viewing geometries are complex (i.e., Figure 1b). Normalized depth/SWE have r = 0.35 (Figure 4c).

For FCF 0.10–0.60, mean normalized depths are greater than mean normalized SWE by 0.10–0.50 (r = 0.40–
0.51), but for FCF > 0.60, mean normalized SWE are greater than mean normalized depths by 0.06–0.85 and
correlation coefficients drop by ∼0.04 per increase of 0.10 FCF (Figure 4d). Both normalized depth and SWE
increase with increasing elevation, but the distributions are offset for elevations <2,900 m and >3,350 m
(Figure 4e). The distribution of normalized SWE agreed well with normalized depth at incidence angles from 50
to 70° (Figure 4f), but yielded poor correlations (r = 0.10–0.13). Normalized SWE is biased positively for
incidence angles <50° (mean = +0.58 normalized depth/SWE) and negatively for incidence angles >70°
(mean = − 0.85 normalized depth/SWE). Finally, mean normalized SWE was within ±0.08 of mean normalized
depth for coherences of 0.30–0.70 (Figure S12 in Supporting Information S1). Correlation coefficients between
each of the variables are presented in Table S7 in Supporting Information S1.

Figure 4. Normalized (a) lidar snow depth and (b) cumulative UAVSAR SWE, and (c) a 2‐d histogram showing the comparison between the two (98% of points are
shown). Violin plots showing the histogram distributions of normalized lidar snow depth and normalized UAVSAR SWE and r binned by (d) forest cover fraction,
(e) elevation, and (f) UAVSAR incidence angle.
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5. Discussion
5.1. Applications and Limitations of L‐Band InSAR in Montane Forests

Forests challenge InSAR ΔSWE retrievals because trees attenuate the radar signal, and this effect increases as
temperatures approach 0°C (Lemmetyinen et al., 2022). Additionally, tree sway due to wind and snow loading
and shifts in the branches can influence the location of the phase‐center (e.g., Raleigh et al., 2022), reducing
coherence and confounding the interferometric snow signal. The accumulation of snow in the forest canopy,
which is common in many snow climates, causes additional attenuation (Lemmetyinen et al., 2022). Snow in the
canopy has different energy balance dynamics than snowpack below (Bonner et al., 2022), and may reduce
coherence if the snow is wet. Recent tower‐based, UAVSAR, and ALOS‐2 studies suggest that L‐band InSAR
SWE retrievals may underestimate SWE by more than 50% in the forests at weekly or longer temporal baselines
(Bonnell et al., 2024; Ruiz et al., 2022, 2024). In contrast, we found that SWE retrievals were only biased for FCF
> 0.50, with in situ observations and normalized lidar yielding different ΔSWE retrieval biases (range = − 21 to
− 16 mm ΔSWE vs. range = − 0.11 to +0.80 normalized SWE). However, we note that <10% of in situ ob-
servations were obtained in FCF > 0.50 and recommend further evaluation in these environments.

It may be simpler to conclude that L‐band InSAR is severely limited in heavily forested areas, but the polarimetric
decomposition yields only slight differences between radar backscatter properties of any FCF interval >0.10
(Figure S11 in Supporting Information S1). The positive bias of normalized SWE relative to normalized snow
depths at higher FCF might be explained by the presence of snow in the forest canopy, which can be included in
the ΔSWE retrieval, whereas the lidar snow depth calculation removes the tree canopy. Based on field photo-
graphs and satellite imagery, we determined that canopy‐intercepted snow was spatially extensive during the last
three UAVSAR flights of March (Figure S4 in Supporting Information S1; Planet Labs PBC, 2021) and may have
caused the positive bias for normalized SWE. Thus, determining the phase contributions from temperature‐driven
signal attenuation by trees and positional changes of scatterers caused by tree‐sway/branch movement is a critical
next step for L‐band InSAR ΔSWE retrievals.

5.2. Implications for NISAR

The overall RMSE and correlation coefficients of the UAVSAR SWE retrievals, compared to in situ observations
(RMSE = ∼18 mm; r = 0.55–0.65; Figures 3b and 3c; Tables S5–S8 in Supporting Information S1), fall within
the range identified by previous UAVSAR studies (Bonnell et al., 2024; Hoppinen et al., 2024; Marshall
et al., 2021; Tarricone et al., 2023). Here, we examine the utility of the L‐band InSAR technique for operational
SWE monitoring.

Single pair InSAR ΔSWE retrievals were relatively unbiased for FCF < 0.4 (Figures S9c, S10c in Supporting
Information S1). Cumulative InSAR SWE was within 30 mm accuracy for StL, but increased to 50 mm accuracy
for FC and HQ (Figure 3a), indicating L‐band InSAR has the potential to meet the 30 mm absolute SWE accuracy
goal set by the Decadal Survey (NASEM, 2018). The L‐band InSAR technique will have three distinct advan-
tages: (a) global coverage from NISAR that is (b) repeated every 12 days and (c) does not require any density
modeling in dry snowpacks (e.g., Leinss et al., 2015; Oveisgharan et al., 2024). Considering that current global
reanalysis products underestimate SWE by as much as 70% and poorly represent SWE distributions (Broxton
et al., 2016), the L‐band InSAR technique offers a significant step in the right direction.

Operational ΔSWE retrievals from NISAR will be challenged by many factors. Similar to previous studies
(Bonnell et al., 2024; Tarricone et al., 2023), we found that ΔSWE retrievals can be obtained at lower coherences
(<0.4), albeit with reduced accuracy (RMSE = 30–40 mm; Figure 3d). Low coherence causes phase unwrapping
errors, which can be addressed through filtering techniques (e.g., Lei et al., 2023) or by using wrapped phase
products (e.g., Hoppinen et al., 2024; Oveisgharan et al., 2024). Atmospheric and ionospheric corrections will be
released with NISAR interferograms, but previous studies have shown that the atmospheric corrections will need
to be evaluated (Kirui et al., 2021) and that large phase‐change contributions from the ionosphere can signifi-
cantly hinder accurate ΔSWE retrievals (Ruiz et al., 2024). Wet snow remains a challenging problem for radar
SWE retrievals because liquid water causes signal attenuation that can result in overestimation of ΔSWE (Bonnell
et al., 2021; Hoppinen et al., 2024; Tarricone et al., 2023) or complete decorrelation of the radar signal (Ruiz
et al., 2022), but it may be possible to develop a NISAR approach to identify the presence of liquid water in the
snowpack (e.g., Gagliano et al., 2023; Lund et al., 2022; Park et al., 2014). Finally, we used a lidar DEM to
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calculate UAVSAR incidence angles because the leading global DEM (Copernicus DEM) was generated from
high‐frequency InSAR, which has limited canopy penetration (Gdulová et al., 2020). This will likely add un-
certainty for forest snowpack monitoring.

6. Conclusion
The need for global snowpack monitoring is greater than ever (Hale et al., 2023; Siirila‐Woodburn et al., 2021),
but nearly all snow remote sensing methods are challenged by forest cover. Recent studies support the use of the
upcoming L‐band NISAR satellite for global SWE retrievals at high spatiotemporal resolution, and it may be
viable as soon as the 2025 southern hemisphere winter. Previous work suggested that L‐band InSAR ΔSWE
retrievals may be hindered significantly by forest cover (e.g., Ruiz et al., 2022), but we found the technique to be
accurate in FCF < 0.50 (RMSEs = 14–26 mm; Figure 3f) across the 10 week NASA SnowEx 2021 campaign at
FEF in Colorado. We identified strong similarities between the spatial distributions of normalized lidar snow
depths and normalized UAVSAR SWE, although the pixel‐wise Pearson's correlation coefficient was relatively
low (r = 0.35; Figure 4). Critically, comparisons against normalized lidar snow depths and in situ measurements
support the technique's use in FCF < 0.50, but further research is necessary to determine whether uncertainties in
FCF > 0.50 are within the acceptable limits for operational use. Thus, NISAR may be feasible for snowpack
monitoring in sparse to moderate forest cover, which would vastly increase the global applicability of this method.

Data Availability Statement
UAVSAR InSAR pair and POLSAR data sets are available at NASA UAVSAR (2021; https://doi.org/10.5067/
7PEQV8SVR4DM) and the look vectors are available at NASAUAVSAR (2023; https://uavsar.jpl.nasa.gov/cgi‐
bin/product.pl?jobName=fraser_05209_21021_003_210322_L090_CX_01#data). Lidar data sets for snow
depth, vegetation height, and digital elevation model are available at Adebisi et al. (2022a, 2022b, 2022c). Snow
pits are archived at the NSIDC (Mason et al., 2024) and probed depths are under review at the NSIDC. Fool Creek
SNOTEL data are available at USDA (2024; https://wcc.sc.egov.usda.gov/nwcc/site?sitenum=1186). UAVSAR
ΔSWE products are archived with Dryad (https://doi.org/10.5061/dryad.x3ffbg7tg) during the review process and
will be released publicly, pending the review of our manuscript.
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