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Abstract Snowpack accumulation in forested watersheds depends on the amount of snow intercepted in
the canopy and its partitioning into sublimation, unloading, and melt. A lack of canopy snow measurements
limits our ability to evaluate models that simulate canopy processes and predict snowpack. We tested whether
monitoring changes in wind-induced tree sway is a viable technique for detecting snow interception and
quantifying canopy snow water equivalent (SWE). Over a 6 year period in Colorado, we monitored hourly
sway of two conifers, each instrumented with an accelerometer sampling at 12 Hz. We developed an approach
to distinguish changes in sway frequency due to thermal effects on tree rigidity versus intercepted snow mass.
Over 60% of days with canopy snow had a sway signal that could not be distinguished from thermal effects.
However, larger changes in tree sway could not generally be attributed to thermal effects, and canopy snow was
present 93%—95% of the time, as confirmed with classified PhenoCam imagery. Using sway tests, we converted
changes in sway to canopy SWE, which were correlated with total snowstorm amounts from a nearby SNOTEL
site (Spearman r = 0.72 to 0.80, p < 0.001). Greater canopy SWE was associated with storm temperatures
between —7°C and 0°C and wind speeds less than 4 m s~!. Lower canopy SWE prevailed in storms with lower
temperatures and higher wind speeds. Monitoring tree sway is a viable approach for quantifying canopy SWE,
but challenges remain in converting changes in sway to mass and distinguishing thermal and snow mass effects
on tree sway.

1. Introduction

Much of the global seasonal snow zone overlaps forests, which modify hydrological processes and water avail-
ability (Essery et al., 2009; Rutter et al., 2009). In forests, snowpack accumulation depends on the amount of
snowfall intercepted in the canopy, and the fate of that snow (i.e., sublimation, unloading, melt drip). Conif-
erous canopies may intercept more than 50% of annual snowfall and reduce snow depth by a similar amount
(Hedstrom & Pomeroy, 1998; Lv & Pomeroy, 2020; Martin et al., 2013; J. W. Pomeroy & Schmidt, 1993; Storck
et al., 2002). Increasing forest density influences not only snow accumulation, but also snowmelt processes
(Musselman et al., 2008; Varhola et al., 2010), the timing of which is ecologically significant and dependent on
climate (Dickerson-Lange et al., 2017; Lundquist et al., 2013). Thus, knowledge of canopy snow processes is
important for understanding and predicting the coupling between forests and the snowpack, an enduring interest
to watershed management (Church, 1912).

Reliably quantifying canopy snow interception dynamics is an outstanding challenge. A variety of techniques
have been tested (Friesen et al., 2015; Kinar & Pomeroy, 2015): measuring branch deflection (Schmidt & Pome-
roy, 1990), bagging and weighing intercepted snow on branches (Schmidt & Gluns, 1991), weighing whole trees
(Hedstrom & Pomeroy, 1998; Montesi et al., 2004; Nakai et al., 1994; J. W. Pomeroy & Dion, 1996; Storck
et al., 2002), and measuring trunk compression (Martin et al., 2013; Van Stan et al., 2013). Although viable,
these methods are not commonly used due to substantial environmental disturbances, significant costs, or
success in only certain climates (c.f., Gutmann et al., 2017; Martin et al., 2013). Measuring snowfall differences
between adjacent forests and open areas can yield indirect estimates of interception (Moeser et al., 2016; Roth &
Nolin, 2019) but other processes (e.g., wind redistribution of snow) complicate that approach.

Improved methods for monitoring canopy precipitation storage are needed to improve understanding and predic-
tion of forest hydrological processes (Friesen et al., 2015) and interactions between canopy and the critical
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Figure 1. Changes in tree sway frequency with (a) changes in mass due to snow interception and (b) changes in tree rigidity with thermal state (thaw-freeze cycle). The
conceptual time series (left) show lateral tree acceleration (no damping for simplicity) with wind-induced sway for cases of snow-free vs. snow intercepted and frozen
vs. thawed state. Tree sway frequency can decrease as a tree intercepts snow (i.e., added mass) or as a frozen tree thaws (i.e., less rigid).

zone (Guswa et al., 2020). A low-cost and minimally disruptive approach that can be applied across climates
would provide new opportunities to describe dynamics in canopy snow storage and advance model development.
Improved descriptions of canopy snow storage dynamics across sites are important to our efforts to mitigate
climate change impacts, as most model representations of snow interception are attributed to two field studies
in vastly different snow climates (cold boreal forest, Hedstrom & Pomeroy, 1998; warm maritime forest, Storck
et al., 2002) which diverge when estimating snow interception capacity with warming temperature (Lundquist
et al., 2021). Representation of interception and unloading is a main factor leading to snow model divergence
in forested areas (Rutter et al., 2009). The field data needed to evaluate modeled snow interception directly is
non-existent in nearly all studies.

Monitoring changes to the natural sway frequency of a tree is a low-cost, non-intrusive, and underexplored
approach for quantifying canopy snow mass. Tree sway can be measured with several sensors, such as accel-
erometers (Hassinen et al., 1998; Yang et al., 2021). Based on mechanical theory for bending (Figure 1), tree
sway frequency varies with: (a) changes in mass (e.g., snow interception), and (b) changes in rigidity (Bunce
et al., 2019; Mayhead, 1973; Moore & Maguire, 2004). Using accelerometers on a spruce tree, Papesch (1984)
measured a reduction in tree sway frequency of 30% in a snow interception event, but did not quantify the mass
of canopy snow or effects of tree thermal state. Granucci et al. (2013) used clinometers to measure fluctuations
in tree sway as trees froze (more rigid) and thawed (less rigid), but excluded periods with canopy snow. Freezing
trees (Gutmann et al., 2017; Lindfors et al., 2019) and snowfall are concomitant in cold climates; to our knowl-
edge, no prior study has determined whether changes in tree sway can be traced to snowfall interception after
controlling for thermal effects.

This “sway-to-mass” measurement concept was proposed to quantify rainfall interception (Friesen et al., 2015;
Selker et al., 2011). Sway frequency has been found to decrease with increasing rainfall (van Emmerik
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et al., 2017). Beyond increasing intercepted rainfall, tree sway is related to changes in biomass (e.g., tree health,
phenology, physiology, and water content) and biosphere-atmospheric interactions (e.g., canopy drag and turbu-
lence) (Baker, 1997; Ciruzzi & Loheide, 2019; van Emmerik et al., 2018; Gougherty et al., 2018; T. D. Jackson
et al., 2021; Kooreman, 2013; de Langre, 2019). Most studies have occurred in warmer conditions and have not
needed to distinguish between mass and thermal effects on tree sway (Figure 1). Jackson et al. (2021) note “This
could be particularly interesting in sites which freeze in winter since this will have a profound effect on the wood
elasticity.”

The goal of this paper is to assess the feasibility of separating mass and thermal effects on tree sway, and demon-
strate the potential for tree sway monitoring to enable quantification of canopy snow interception. We address
two questions: (a) Can snow interception events be detected in tree sway time series? (b) How do sway-based
estimates of canopy snow mass vary as a function of snowstorm characteristics? In the process, we identify the
main challenges for this type of monitoring and highlight potential paths forward for improving this approach.

‘We monitored wind-induced movement of two trees with accelerometers for 6 years (2014—2020) in a coniferous
forest of the Colorado Rocky Mountains. From these data, we derive hourly tree sway frequency and attempt to
isolate tree sway variations due to thermal effects. Changes in tree sway unexplained by thermal effects enable
snow interception detection. We also propose and test an empirical method for converting changes in sway to
canopy Snow mass.

2. Study Site, Sensors, and Data
2.1. Study Sites and Tree Characteristics

We monitored tree sway from November 2014—August 2020 in a subalpine coniferous forest near the Niwot
Ridge Long-Term Ecological Research (LTER) site in the Colorado Front Range, USA (Figure 2a). The C-1 site
(N40.033, W105.547) is located at 3,050 m elevation. Above-canopy wind speed averaged 5.2 m s~! (standard
deviation 3.9 m s~!) during the snow season (October—May), while mid-winter (December—February) air temper-
ature averaged —6.5°C (standard deviation 6.0°C). This was an ideal study site, given ample winds to activate
tree motion, available scientific infrastructure, and prior forest research (e.g., Bowling et al., 2018; Gutmann
et al., 2017; Molotch et al., 2007).

We instrumented two trees adjacent to the Niwot Ridge Subalpine Forest (US-NR1) AmeriFlux tower (Figure 2):
a Picea engelmannii (Engelmann spruce) and an Abies lasiocarpa (subalpine fir). These trees were selected
because they represented two of the dominant species in the forest (Turnipseed et al., 2002), and because they
were accessible from a tower platform next to the canopy edge (Figure 2¢). This platform did not impede tree
motion and we did not observe wind sheltering effects from the tower.

The forest in the vicinity of the tower has trees aged in the 100-250 years range (Burns, 2018). Tree height
is typically around 10-15 m (Figure 2b), with a mean canopy gap fraction of 17% and a leaf area index of
3.8-4.2 m? m~2 (Turnipseed et al., 2002). The study trees were in close proximity to each other but not close
enough for crown collisions (Figure 2c). Tree height was 13.0 m for the spruce and 11.0 m for the fir. Diameter at
breast height (DBH) was 35.7 cm for the spruce and 18.5 cm for the fir. Based on the average of multiple radial
measurements from canopy edge to bole, the effective crown diameter (D,) was 3.4 m for the spruce and 1.7 m
for the fir.

2.2. Accelerometers and Acceleration Measurements

On each tree bole, we installed a single three-axis accelerometer to record acceleration associated with wind-in-
duced tree movement (Figure 3). Installation heights were 8.9 m on the spruce and 8.1 m on the fir; these heights
were selected to maximize the detectability of tree motion and to accommodate sensor access. Both accelerome-
ters were Gulf Coast Data Concepts (GCDC) model X16-1D. Evans et al. (2014) compared multiple accelerome-
ters and found GCDC had minimal noise but an uneven sampling rate. Therefore, we processed acceleration data
using a frequency analysis for unevenly-sampled data (Section 3.2). Prior to installation, we conducted a single
three-axis tumble test where the sensors were systematically rotated to ensure each axis recorded gravity when
oriented downward. These confirmed that the sensors were functioning properly and thus no further calibration
was deemed necessary. An installed USB extension cable provided external power to the sensor, enabled data
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Figure 2. Study site maps and photos. (a) Map of Niwot Ridge in Colorado, with green regions mapping forests. (b) Tree height map showing locations of the
AmeriFlux tower and SNOTEL site in a forest gap, with (c, d) zoomed maps and photos. Tree height maps are derived from an airborne lidar survey (Harpold
et al., 2014) and gridded at 0.5 m resolution. Note north is to the right in (b) and (c) but up in (d).

download, and permitted sensor programming at an access port without disturbing the sensor (Figure 3). Each
accelerometer logged three-axis acceleration data at ~12 Hz nearly continuously over the study, yielding an
83 GB data volume total for both trees (Raleigh, 2021a, 2021b). Total cost of materials was about $125 USD per
installation in 2014. Further details are in Text S1 in Supporting Information S1.

2.3. Time-Lapse Imagery and Canopy Snow Classification

A time-lapse camera enabled independent documentation of snow interception (Figure 2¢c). Camera images were
acquired from the PhenoCam network (Richardson et al., 2018), specifically camera “niwot2” before July 2015
and camera “niwot3” after July 2015. The camera models were StarDot NetCam XL for niwot2 and StarDot
NetCam SC for niwot3. Although the cameras pointed away from the study trees (Figure 2c), snow loading and
unloading was consistent on trees around the tower, based on independent field and camera observations (no data
shown).

We manually classified daily canopy snow presence by examining up to four PhenoCam images per day (8 a.m.,
11 am., 2 p.m., 5 p.m.); if any of those images showed canopy snow, that day was recorded as having snow
interception. While many images were unambiguous in the classification, there were cases with modest amounts
of canopy snow (e.g., light dusting of snow or sporadic clumps persisting in time); we recorded these as snow
interception days.
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Figure 3. (a) GCDC accelerometer with cover removed. (b) Accelerometer installation on the spruce bole. (c) Conceptual installation and measurements. (d)
Approximation of the tree as a cantilever with biomass (m), a transient snow load (Am), and tree flexural rigidity (K) defined by modulus of elasticity (E£) and area
moment of inertia (/). DBH is the diameter at breast height.

2.4. Meteorology, Tree Temperature, and Snowfall Data

The study trees were located next to the US-NR1 AmeriFlux tower (Figure 2c), which included measurements of
the local meteorological conditions (Burns et al., 2015). We used wind speed (Campbell Scientific CSAT3 Sonic
anemometer, 21 m height), relative humidity and air temperature (Vaisala HMP-35D, 8 m height), and atmos-
pheric pressure (Vaisala PTB-101B, 12 m height) to characterize storm conditions (see Text S2 in Supporting
Information S1).

To isolate thermal effects on tree sway, we modeled tree sway as a function of temperature (Section 3.3) based on
local tree bole temperatures (Burns et al., 2015; Turnipseed et al., 2002). Bole temperatures were collected with
Campbell Scientific thermocouples (model A3537 or model 105T T-type thermocouples) at a height of 1.5 m
above the ground and a depth of 2-3 cm into the bole. Bole temperature data were missing prior to fall 2015, and
were thus unavailable in the first study year. For periods when bole temperatures were unavailable, we substituted
smoothed air temperature as a proxy (Lindfors et al., 2019), which lags bole temperatures (Bowling et al., 2018;
Burns et al., 2018; Silins et al., 2000). Both bole and air temperature were aggregated from 30-min to hourly
values using a cubic smoothing spline (“fit.m” in Matlab). Air temperatures were further smoothed with a 36-hr
moving average window, which yielded similar variance as winter bole temperatures.

The study area included a nearby snow pillow station, which is part of the NRCS SNOw TELemetry (SNOTEL)
automated snowpack monitoring network (Serreze et al., 1999). The SNOTEL station (Niwot, site 663) is located
in a ~10 m forest gap 360 m northeast and 20 m below the study site (Figures 2b and 2d). We used hourly
SNOTEL snow water equivalent (SWE) data to assess the snowstorm magnitudes, for comparison to the sway-
to-mass approach. We quality controlled and filtered hourly SWE data and then took all positive increments of
hourly SWE as snowfall amounts. For each storm, the total snowfall was determined as the sum of all hourly
snowfall from the start to end of the interception event, as detected in the sway data. We checked total winter
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snowfall (November—April) derived from the SWE-based measured on the snow pillow against data from two
nearby precipitation gauges (a) at the same SNOTEL site (Figure 2d) and (b) at the “Hills Mill” U.S. Climate
Reference Network (USCRN) site, located in a more exposed area outside the forest 400 m to the east and 30 m
below the study site. Winter snowfall totals were typically 10% lower for the SWE-based snowfall compared to
the USCRN data (see Figure S13 in Supporting Information S1), but was 19% lower in 2019 but 17% higher than
USCRN in 2020. Hence, the SWE-based snowfall generally represented a lower limit of snowstorm totals.

3. Theory and Methods
3.1. Mechanical Theory

When subject to a wind gust, a coniferous tree sways in a manner characteristic of a damped harmonic oscilla-
tor, for example, a vertical cantilever beam (Figure 3d) (Blevins, 1979; Bunce et al., 2019; Dargahi et al., 2020;
Gardiner, 1992; T. Jackson et al., 2019; Moore & Maguire, 2004; Peltola, 1996; Pivato et al., 2014). In this
approximation, the natural sway frequency (f, Hz) depends on its mechanical, geometric, and mass properties,
and is conceptualized as (Blevins, 1979):

1 /K (1

x —
2r \ m

f

where K is the flexural rigidity (or stiffness) and m is the total mass (kg) of the tree, including biomass and canopy
water storage. Sway frequency (f) in Equation 1 is independent of wind speed, as long as there is sufficient wind
to activate tree motion (see Text S2 and Figure S5 in Supporting Information S1). A tree may have multiple
natural sway frequencies, but the first natural frequency dominates the sway response of a tree (Moore & Magu-
ire, 2004) and is thus our focus.

In Equation 1, rigidity is the product of Young's modulus of elasticity (E; mechanical property) and the area
moment of inertia (/, geometric property); K = EI (Figure 3d and Silins et al., 2000). E is a measure of resistance
to elastic deformation per unit stress; a higher value signifies a more rigid tree. / depends on the cross-sec-
tional geometry of the tree and is inversely related to tree diameter. £ data for standing trees are scarce (Friesen
et al., 2015) and were not measured here. Green wood E values are available in handbooks (USDA Forest
Service, 2010) with nominal values of 7,100-8,600 MPa for Engelmann spruce and 7,200-8,700 MPa for subal-
pine fir. However, our approach did not require an estimate of E, as we empirically related changes in f to changes
in m while accounting for temperature effects on K (see Sections 3.3 and 3.4).

Both components of tree rigidity (£ and /) vary with temperature and moisture content, especially in transitions
between freezing and thawing states (Charrier et al., 2014, 2017; Gao et al., 2015; Gerhards, 1982; Green &
Evans, 2008; Onwona-Agyeman et al., 1995; Sun et al., 2019). When temperatures are below the freezing point,
the xylem of trees can freeze (e.g., Bowling et al., 2018; Charrier et al., 2014, 2017; Gutmann et al., 2017). Freez-
ing of tree xylem results in two opposing effects: (a) an increase in E (Gerhards, 1982; Green et al., 1999; Green
& Evans, 2008; Lindfors et al., 2019; Silins et al., 2000), and (b) a decrease in / due to a shrinkage in tree diam-
eter (Charrier et al., 2017; Lindfors et al., 2019). Observational studies show that tree sway frequency increases
under freezing conditions relative to thawed conditions (Granucci et al., 2013), suggesting that the increase in £
dominates the thermal effect on tree sway.

3.2. Frequency Analysis of Acceleration Data

To obtain hourly time series of observed tree sway frequency (f,,.), we conducted frequency analyses on the
12 Hz data from the two lateral axes (N-S and E-W) of the accelerometers (Section 2.2). We excluded the verti-
cal axis data which were less sensitive to tree motion and had less consistent sway information. Data processing
included three main steps: (a) frequency analysis, (b) filtering, and (c) smoothing.

Step 1. Frequency analysis was conducted on each lateral axis using a non-overlapping sliding window of 1 hr,
such that ~45,000 acceleration data from each axis were analyzed to identify one sway frequency value
each hour. The number of data points is approximate, given that the GCDC sensor has an uneven sampling
(see Section 2.2). This window was short enough to resolve snow interception events while reducing
noise relative to a shorter window (Text S3, Figures S7 and S8 in Supporting Information S1). We used
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Figure 4. Example of measured and processed data for the east-west axis on the spruce tree in late December 2019. (a) Squared wind speed and hourly standard
deviation in tree acceleration, showing tree motion scaling with wind energy. Measured 12 Hz tree acceleration over (b) the 12 days interval and (c) zoomed into two
example sway events displayed over a 5 s interval. Event #2 had fewer sway cycles (~5.5 cycles) than event #1 (~6.5 cycles). (d) Hourly Lomb-Scargle power spectral
density (PSD) displayed as a spectrogram, which shows the strength of frequencies in each hourly window. (e) Hourly tree sway, taken as the frequency with the
maximum PSD in each hourly window (gray circles), and then filtered and smoothed to fill gaps (black line). Tree sway decreased from 1.27 Hz in event #1 to 1.08 Hz

in event #2.

Step 2.

Step 3.

the Lomb-Scargle Periodogram (Lomb 1976; Scargle 1982), which yields Fourier-like estimates of power
spectral density (PSD) for an unevenly sampled signal (Section 2.2). In each window, we detrended the
acceleration data, and then implemented the Lomb-Scargle analysis using Matlab (function “plomb.m”),
with an oversampling factor of 2 and a maximum frequency of 3 Hz. The hourly tree sway frequency (Hz)
was the frequency value with maximum PSD.

Hourly frequency data were filtered by removing any data that did not meet a minimum power level
threshold of 0.99 (i.e., probability test of a true signal) and any outliers (i.e., 3 standard deviations) rela-
tive to the mean sway frequency in a sliding 72-hr window.

To fill gaps in the time series, we smoothed sway frequency using splines with a smoothing parameter of
0.99. Smoothed sway frequency was highly correlated between axes (r = 0.93 for spruce axes, r = 0.98 for
fir axes, not shown). Therefore, for each tree, we averaged the hourly smoothed sway frequency between

the lateral axes for use in subsequent analyses.

Data processing for a 12-day example is illustrated in Figure 4. This shows that variations in tree motion scale
with wind speed (Figure 4a and Figure S6 in Supporting Information S1), but tree sway frequency does not vary
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with wind speed (Figure 4e and Figure S5 in Supporting Information S1). In this 12-day interval, tree sway
frequency was reduced on 22 December and 28 December, relative to ambient values. These occurred due to
transient changes in either mass (e.g., snow interception) or tree rigidity (e.g., tree thaw).

3.3. Distinguishing Changes in Sway Frequency: Thermal vs. Mass Effects

We assumed temporal changes in coniferous tree sway through the snow season (October-May) were due to
either (a) gains/losses of water mass (i.e., snow) in the canopy, or (b) changes in rigidity due to thermal state
(Figure 1) or a combination thereof. Thus, we hypothesized that controlling for changes in rigidity would reveal
the incidence and magnitude of snow interception. We neglected other factors that can influence tree sway, such
as changes in moisture content (likely more important in the growing season) and variations in the vertical center
of mass due to uneven snow loading and unloading (see discussion). Changes in sway due to annual tree growth
were accounted for implicitly by analyzing each year separately.

We assumed observed sway frequency (f;,

only with temperature and assumed a snow-free canopy, and (b) intermittent changes in sway (Af) which were
due to snow interception:

1) had two components: (a) an unloaded sway frequency (f;) that varied

fobs = f()(T) - Af (2)

Therefore, in snow-free periods, Af' =0, and thus £ = f,. In periods with snow interception, we expected positive
differences between f;, and f,, :

Af = f()(T) - fobs (3)

Computing Equation 3 required a dynamic estimate of the unloaded sway frequency with temperature. We
assumed this temperature-dependency was driven by changes in E, which increases as temperature decreases,
with a sharper transition near the freezing point, and more modest changes at higher (>5°C) and lower (<—5°C)
temperatures (Bowling et al., 2018; Gao et al., 2013, 2015; Green & Evans, 2008; Schmidt & Pomeroy, 1990;
Silins et al., 2000; Sun et al., 2019). We represented this relationship as a sloped sigmoidal curve:

foT) = —=2=%

1T oD +c¢—hT 4)

where a is a characteristic sway frequency (Hz) when frozen, b is a scaling parameter (°C~!) controlling the slope
through the freeze-thaw zone, c is a characteristic sway frequency (Hz) when thawed, d is a shifting parameter
accounting for temperature bias, T is temperature (air temperature, T,, for WY 2015 and bole temperature, T, for
WY 2016-2020), and % is a slope parameter that permits sway to decrease linearly with 7 outside the freeze-thaw
zone.

We fit and evaluated Equation 4 separately for each tree and year (Text S4 in Supporting Information S1). In
each year, we randomly selected training points (n = 1,000 hr) when the PhenoCam imagery showed snow-free
canopy, and fit Equation 4 to the hourly observed sway (f;, ) data. We used bole temperatures in water years (WY)
2016-2020, and 36-hr air temperatures in WY 2015 (when bole temperatures were unavailable), and compared
the fit statistics when both temperature datasets were available (Text S4, Figures S9, S10, Tables S2 and S3 in
Supporting Information S1).

When f, - decreased significantly below f; (i.e., outside the range of thermal effects), we assumed snow was in
the canopy and mass effects drove the decrease in tree sway. Detection of these events was achieved with the
signal-to-noise ratio (SNR), a common metric for identifying meaningful information in a signal. SNR was
calculated as Af divided by the standard deviation of errors between estimated (f;) and observed sway (f;, ) using
the training points (see above). Standard deviation in sway error varied with both 7, and T, with the lowest vari-
ations at the lowest temperatures and the highest variations in error near 7, = 3°C for the fir and T, = 4°C for the
spruce (Figure S11 in Supporting Information S1); thus, SNR was temperature-dependent and likely reflected the
freeze-thaw dynamics of the trees. For cases with Af > 0, we identified snow interception when SNR > 3, which
corresponds to a 1% probability of a false positive, assuming a normal distribution. When SNR < 3 or Af < 0, we
assumed thermal effects and mass effects cannot be distinguished in the sway data.
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Figure 5. (a) Tree sway test, where a known mass (Am) was fixed to the bole, the tree was pulled and released to induce sway. (b) Tree acceleration data (normalized)
for two tests, including no added mass (blue line) and an added mass of 41 kg, which decreased sway frequency on the fir tree by 0.126 Hz. (c) Derived relationships
between decrease in sway frequency (Af) and added mass (Am) for all tests conducted on the spruce and fir trees.

3.4. Evaluation of Detected Canopy Snow

Applying the above thresholds for SNR and Afyielded a sway-based estimate of when canopy snow was present.
We evaluated this detection of canopy snow presence against PhenoCam imagery over the six snow seasons (1
October—31 May). For this evaluation, we excluded the training points used to fit Equation 4, which enabled an
independent assessment of canopy snow detection. We first aggregated the sway-based classifications of canopy
snow (1 = present, O = absent) to daily values. We then computed standard commission and omission metrics
of precision and recall, similar to snow remote sensing studies (e.g., Lv & Pomeroy, 2019; Raleigh et al., 2013):

.. TP
P = —
recision TP + FP ®)
TP
Recall = ————
eca TP + FN ©

where true positives (TP) had canopy snow in both datasets, false positives (FP) had canopy snow in the sway
data only, and false negatives (FN) had canopy snow in the imagery only. The TP, FP, and FN values are counting
numbers with units of days. Precision computed the fraction of days when canopy snow detected by sway was
confirmed with the imagery. Recall computed the fraction of all days with canopy snow that were detected in the
sway data.

3.5. Estimating Canopy SWE From Decreases in Tree Sway Frequency

We estimated canopy SWE from Af after SNR filtering (Section 3.3). To convert Af to a change in mass (Am),
we conducted multiple sway tests at each tree to empirically define the relationship. In these tests (Figure 5a),
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we induced sway by pulling on the unloaded tree (Am = 0) with a rope attached to the bole 0.5 m below the
accelerometer, and suddenly releasing the rope (Mayhead, 1973) which produced swaying motion in both lateral
directions. The accelerometer recorded acceleration while each tree was freely swaying (Figure 5b), enabling
identification of unloaded sway frequency (f;). We then conducted a series of tests where we attached a known
mass (Am) to the bole, induced sway again, and recorded Af relative to the first test with no mass in the canopy
(Figure 5b). We conducted tests with a range of masses up to 61 kg; heavier masses raised logistical and safety
concerns. Our maximum mass was within the range of interception events for the fir tree, but lower in magnitude
for intercepted snow in the spruce. For a given Am, we induced sway at least five times, and found the sway
frequency across all trials.

Sway tests occurred under thawed conditions on four dates on both trees (September 2015, December 2015, June
2016, and October 2017), with a fifth test on the fir tree (February 2016). Conducting tests under freezing condi-
tions were too challenging and not attempted. For each tree and test, the mass was placed at approximately the
same height (i.e., ~7.5 m). This height was chosen out of convenience (i.e., tree access from the tower platform).

We fit a linear relationship (zero intercept) to the Af and Am data from the sway tests:

Am=aXxXAf @)

where a is a slope parameter (kg Hz™!) that specifies that scaling of mass with a change in sway frequency. To
characterize uncertainty, we computed 95% confidence intervals (C.1.) on o to account for measurement errors in
Am and Af. The data and fit are shown in Figure 5S¢ with more information in Text S5 and Table S4 in Supporting
Information S1. The spruce had a steeper slope than the fir, presumably due to greater biomass. We were unable
to test how the a slope might change with temperature and thermal changes in tree rigidity; see discussion for
potential effects of this assumption.

Finally, we converted Am to canopy SWE (mm) per unit area based on the vertical projected tree area (based on
crown diameter D, Section 2.1), following Storck et al. (2002):

4Am
xD?

SWEcan = (8)

4. Results
4.1. Tree Sway Variations

Time series of hourly tree sway were derived from the observed acceleration data on the spruce and fir trees over
2014-2020. Tree sway was significantly correlated between the two trees (Pearson correlation r = 0.92, Figure 6).
Tree sway varied seasonally, with sway frequency being ~25% higher during winter (December—February) rela-
tive to summer (June—August), with variations coinciding with temperature rather than wind speed (Text S2,
Figure S5 in Supporting Information S1). Sway frequency declined until mid-summer and then increased through
fall. Sporadic decreases in sway frequency were evident throughout the year, but were larger and more common in
the snow season (October—May) than in the warm season (June—September). Decreases in sway frequency during
summer were not analyzed but often coincided with rainfall (not shown). Over the 6 years, mean sway frequency
increased from 1.05 to 1.07 Hz for the spruce (2% increase) and from 0.65 to 0.73 Hz for the fir (12% increase).

4.2. Distinguishing Sway Changes Between Thermal Effects and Snow Interception

The modeled relationship between temperature and unloaded sway frequency (f,) was evaluated (see Tables S2
and S3 in Supporting Information S1). For bole temperatures, the R? ranged from 0.88-0.95 for the spruce and
0.72-0.87 for the fir, with root mean squared error (RMSE) ranging from 0.02-0.03 Hz for both trees. The stand-
ard deviation in f; residuals (for SNR calculations) varied with bole temperature, with the lowest value of 0.02 Hz
at —10°C for both trees, and the highest of 0.13 Hz (spruce) and 0.09 Hz (fir) around 3—4°C. Analysis showed
similar statistical fit for air and bole temperatures (see Text S4 in Supporting Information S1), supporting the use
of 8 m air temperature when bole temperatures were unavailable (i.e., WY 2015).

Comparing f; to observed sway (f

“bs) allowed us to isolate when sway frequency was varying due to thermal effects.

To illustrate, we highlight water year 2017 in Figure 7. Over many intervals, f,, . tracked f; (Figure 7a), which
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Figure 6. Observed hourly tree sway (Hz) derived from accelerometer data recorded on spruce and fir trees from water years 2015-2020 (a—f). Data gaps exceeding

1 day are omitted.

suggested thermal effects drove those variations (e.g., sway decrease in mid-February). However, there were also
multiple intervals when f,, . diverged from f, (e.g., three events near 1 April, one large event in mid-May). These
often coincided with times when canopy snow was identified in the imagery (gray zones, Figure 7) and snowfall
was measured at the gauge (black bars).
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Figure 7. (a) Hourly observed tree sway (f,;) and unloaded tree sway (f;) estimated from bole temperature and Equation 4. (b) Changes in sway frequency (i.e.,
differences between f; and f;, , Equation 3). (c) Daily snowfall total (mm SWE) and hourly canopy SWE derived from changes in sway frequency. Gray areas are
intervals when daily classifications of time-lapse camera imagery showed snow in the canopy. The blue intervals in (b) are events when Af SNR > 3 and thus canopy
snow is detected in the sway data. Example is from the spruce tree during water year 2017.

We computed Af (Equation 3) by subtracting f;, from f, which clarified the magnitude and timing of decreases
in sway frequency unexplained by thermal effects (Figure 7b). Intervals when the Af SNR > 3 (highlighted in
blue) were all coincident with times when the camera classification showed snow in the canopy. The magnitude
of Af varied seasonally, with higher Af in the late fall and spring (e.g., May 2017), and more modest Afin cold
winter months (e.g., January 2017). Some events with positive Af did not meet the SNR > 3 requirement for
canopy snow detection; mass and thermal effects could not be distinguished in those cases (e.g., 7-8 February).
Note that in some periods the duration of canopy snow were overemphasized in the image analysis (e.g., most
of January 2017) due to persistent, isolated clumps of canopy snow. Conversion of Af to canopy SWE showed
some correspondence to daily snowfall totals (Figure 7c), though the canopy SWE values were often higher than
snowfall (discussed more below).

We next used the classified time-lapse imagery to assess the detectability of canopy snow in the sway data. While
the presence of canopy snow can be qualitatively detected with time-lapse imagery, it is useful to understand
whether a canopy snow signal is present in the Af data when such independent observations are unavailable (e.g.,
nighttime or during camera power failures). The distribution of Af based on canopy snow presence or absence
showed broad overlap at low values of Af, typically less than 0.1 Hz (blue vs. green in Figure 8). However, larger
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Figure 8. Probability distribution functions (pdfs) of Af for the (a) spruce and (b) fir, with different distributions shown for intervals when canopy snow was absent
or present, based on daily time-lapse camera classification. The canopy snow pdfs are separated for all points (blue) and only points exceeding the SNR detection limit

(red).

values of Af typically coincided with canopy snow. When constraining to intervals when the SNR > 3 threshold
was enforced for canopy snow detection, distributions were more distinct (compare red vs. green in Figure 8). The
precision metric for canopy snow detection (with SNR > 3) was 0.93 for the spruce and 0.95 for the fir, indicating
that most days with canopy snow detected in the sway data were corroborated with image analysis. In contrast,
the recall metric was 0.40 for the spruce and 0.36 for the fir, indicating that 60%—64% of days with canopy snow
(known from the imagery) were not detected in the sway data. The low recall was influenced by several intervals
when the mass of canopy snow was minimal (e.g., dusting of snow in canopy or isolated snow clumps). Recall
can be improved using a lower SNR threshold, but with a tradeoff of reduced precision (see Text S6 in Supporting
Information S1).

4.3. Estimating Canopy SWE and Contextualizing With Snowstorm Attributes

We next examined canopy SWE estimated from changes in tree sway frequency and compared those estimates
to snowstorm magnitudes and characteristics (Figure 9). With the data, we identified and analyzed 137 snow
interception events in the spruce data and 136 events in the fir data occurring between October and May over the
six year period. Events were confirmed in both the tree sway data (Af > 0 and SNR > 3) and PhenoCam images.
The interception events analyzed for these neighboring trees were slightly different due to tree-to-tree differences
in SNR. For each storm, we calculated the total snowfall (Section 2.4), and mean wet bulb temperature (assumed
the hydrometeor temperature), and mean wind speed. Changes in sway were converted to canopy SWE following
Equations 7 and 8.

Both trees showed a general increase in canopy SWE with increasing storm totals (Figures 9a and 9d). As a test
of this monotonic relationship, we calculated Spearman's ranked correlations between canopy SWE and storm
totals, and found » = 0.72 for the spruce and r = 0.80 for the fir with p < 0.001 for both trees. Images from
four example storms (s1-s4) also qualitatively supported the general increase in canopy SWE with storm total
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Figure 9. Sway-to-mass maximum canopy SWE of the (top row) spruce tree (n = 137 storms) and (middle row) fir tree (n = 136 storms) for storms over WY
2015-2020. Canopy SWE vs. storm (a, d) total snowfall at the SNOTEL site (b, €) mean wet bulb temperature, and (c, f) mean wind speed. Error bars are shown in the
snowfall comparison (a, d) based on the 95% confidence interval from sway tests. Spearman's rank correlations coefficients and p-values are shown. Four storms are
labeled (s1-s4) with time-lapse images shown at the bottom, with dates: 28 December 2019 (s1), 22 January 2019 (s2), 1 May 2016 (s3), and 19 May 2017 (s4).

(Figure 9). A wide range of storm totals produced a similar canopy SWE. For example, the 10 highest canopy
SWE amounts (44-56 mm for the spruce, and 32—44 mm for the fir) coincided with storms ranging from 10 to
72 mm of snowfall (Figures 9a and 9c). Note that many canopy SWE values exceeded the storm total (left of 1:1
line), suggesting a high bias in the sway-to-mass data, a low bias in the reference snowfall data or both. One of the
largest interception events was in mid-May 2017, which was a 70 mm snowstorm that registered canopy SWE of
50 mm on the spruce and 44 mm on the fir (s4 in Figure 9). Lower canopy SWE values (<20 mm for both trees)
were generally confined to storm totals less than 25 mm SWE.
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Across storms, canopy SWE had significant but modest correlations with temperatures (Figures 9b and 9e) and
wind speeds (Figures 9c and 9f). For both trees, the highest canopy SWE values were associated with tempera-
tures between —7°C and 0°C and wind speeds less than 4 m s~!. Lower canopy SWE values were found in storms
with lower temperature and high wind speeds.

5. Discussion

We have tested the capability for extracting quantitative snow interception information from time series of
wind-induced tree sway, obtained from low-cost, non-destructive, and relatively simple installations with accel-
erometers. Data analysis revealed sub-daily to seasonal variations in sway frequency of two subalpine conifers
(Figure 6), driven by intercepted snow mass and changes in tree rigidity through thaw-freeze cycles and thermal
fluctuations (Figure 1). This paper has demonstrated the challenges and feasibility in disentangling these two
drivers of conifer sway variations (Figures 7 and 8), which can permit (a) detection of snow interception and (b)
quantitative estimates of canopy SWE across a range of storms (Figure 9), thereby addressing the two study ques-
tions (Section 1). The 6 year datasets may be among the longest canopy snow records and the longest tree sway
records, and are publicly available to support studies of forest ecohydrology processes (Raleigh, 2021a, 2021b).

To our knowledge, this is one of the first attempts to consider the challenges associated with applying the sway-
to-mass method to measure snow intercepted in conifer canopies. The main challenges for the snow interception
application are: (a) developing reliable estimates of tree sway due only to thermal effects (f;), (b) relating changes
in tree sway (Af) to changes in mass (Am), and (c) detecting and quantifying canopy snow during periods with
low wind speeds. All challenges except for the last one may be addressed in future research that uses accelerom-
eters; other techniques (e.g., stem compression) are necessary for measuring canopy interception in low-wind
conditions. Below, we discuss these challenges.

Reliable estimates of sway variations due to thermal state (i.e., thaw-freeze cycles) can be developed with empir-
ical relationships with temperature. When observed tree sway decreases below the range of expected thermal-
ly-driven values, snow interception can be successfully detected (Figures 7 and 8) with high precision scores
(0.93-0.95). The model of f; generally showed reasonable skill (R* typically from 0.71 to 0.95), with improved
prediction for the spruce over the fir, and similar skill when using bole temperature vs. smoothed air temperature
(Text S4 in Supporting Information S1). Prior studies have also used air temperature to estimate dynamic tree
properties with comparable skill (e.g., Schmidt & Pomeroy, 1990). Improved predictions of unloaded sway might
be possible by accounting for hysteresis in thaw-freeze events (Sun et al., 2019), with more detailed models
(Musselman & Pomeroy, 2017), and by accounting for vertical and radial variations in temperatures and radiation
(not attempted here). Furthermore, sap flux density and net ecosystem exchange have been shown to respond to
tree thermal state (Bowling et al., 2018), and thus these observations may be an avenue for improving character-
ization of tree thermal state and f,. We expect improved f; estimation will reduce the SNR and improve detection
of more modest snow interception events (i.e., improve the recall score).

Empirical sway tests were used to convert Af to canopy SWE (Equations 7 and 8), but this appeared to overesti-
mate canopy SWE (see points above 1:1 line in Figures 9a and 9d) for multiple reasons. First, we assumed mass
was concentrated in one place in the canopy (Figure 3d), which was a simplification. Vertical distributions of
canopy snow are complex and have variable center of mass with dynamic loading and unloading. If intercepted
snow has a higher center of mass than the mass in our sway tests, that could cause a high bias in canopy SWE
estimates. We did not characterize the canopy snow center of mass, but that might be possible with terrestrial
lidar surveys (Russell et al., 2020). Second, sway tests were only conducted under thawed conditions, and we
could not assess the effect of rigidity on the conversion of Afto canopy SWE. It is possible that the a slope (i.e.,
dm/df) decreases with temperature; future sway tests could be completed at colder temperatures to confirm.
Given our tests were at warmer conditions than many interception events, we likely overestimated canopy SWE
at the coldest temperatures (i.e., highest f;). Finally, we only tested with a modest mass (maximum near 60 kg).
We extrapolated to larger snow masses, which might further contribute to errors in canopy snow estimation.
This issue was likely more pronounced for the spruce rather than the fir, based on the difference in tree size and
frequency response to mass tests (Section 3.5). As an alternative to empirical sway tests, a more mechanistic
approach could yield canopy sway mass estimates by accounting for all dynamic factors influencing tree sway
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variations, including the height of intercepted snow, changes in biomass, variations in internal moisture content
(Ciruzzi & Loheide, 2019), and variables related to tree rigidity (modulus of elasticity, DBH).

We note that there may be errors in the reference storm totals, as the SWE-derived snowfall totals were generally
10% lower than the nearby USCRN precipitation gauge (Figure S13 in Supporting Information S1). This snowfall
difference suggests that the snow accumulation on the SNOTEL pillow may have been reduced due to canopy
interception and sublimation from trees surrounding the small forest clearing (Figure 2d). The USCRN data are
collected in a Double Fence Intercomparison Reference (DFIR) shield, which despite being the “groundtruth”
in many studies can still have undercatch errors as high as 10%—15% depending on the wind speed (Rasmussen
et al., 2012). These precipitation measurement errors do not explain all canopy SWE estimates exceeding the
storm totals, but suggest it is possible that the reference storm totals could be too low by 10%-25%.

Despite these challenges, this study showed that the methodology has potential capabilities for improving hydro-
logic monitoring of snow in forested watersheds. First, the data revealed realistic changes in canopy SWE, rela-
tive to storm characteristics. Second, the data have implications for evaluating and refining modeled canopy snow
processes.

We detected snow interception over a series of storms and found realistic relationships between canopy SWE and
storm characteristics. Canopy SWE was significantly associated with storm SWE totals, but there were notable
variations between storms (Figure 9) that were partially explained by variations in (a) wind and (b) temperature
(Gutmann, 2020). Storms with high wind speeds can induce mechanical unloading and enhance sublimation; this
is consistent with the observed reduction in canopy SWE with increasing wind speed, especially above 4 m s~!
(Figures 9c and 9f). To compare, Miller (1962) suggested snow interception decreases as wind speed exceeds
2 m s~ In addition to storms with low wind, higher canopy SWE was found in storms with higher temperatures.
Snow falling near the melting point is more cohesive and able to bridge conifer needles to enhance interception
capacity (Kobayashi, 1987; Schmidt & Gluns, 1991). Warming temperature also reduces branch rigidity, which
can induce sloughing of snow and decrease canopy SWE (Schmidt & Pomeroy, 1990). The sway-to-mass data
for both trees highlight a collection of storms where the cohesion effect apparently prevails despite the potential
for less rigid branches (Figures 9b and 9e). Related to snow cohesion, the density of canopy snow is important
for interception amount and duration, and is a source of model uncertainty (Bonner et al., 2022). Combining esti-
mates of intercepted snow mass from sway with intercepted snow volume from remote sensing (e.g., from TLS,
Russell et al., 2020) has potential to quantify snow density of canopy snow in future work.

Although we do not apply process-based models, canopy SWE estimates from the sway data have potential to
benefit snow and land surface model development, such as refining the representation of maximum interception
and the time scales of loading and unloading. Maximum interception capacity is a common parameter in snow
and land surface models (Gutmann, 2020; Rutter et al., 2009) but the parameter has noted ambiguity (Lundquist
et al., 2021). The sway-to-mass estimates of canopy SWE suggest this model parameter (assuming one exists)
would be at least 56 mm for the spruce, and 44 mm for the fir (Figure 9). Assuming a typical fresh snow density
of 100 kg m~3 and the prevailing LAI range at the Niwot forest (Section 2.1), existing model parameterizations (J.
W. Pomeroy et al., 1998; Schmidt & Gluns, 1991) suggest a maximum canopy SWE of 16—18 mm for the spruce,
approximately 3 times lower than the sway-based estimate. As noted above, the sway-based estimate is likely
overestimated (due to exceeding the 1:1 line), but provides a reference value that can be refined. Additionally,
maximum interception capacity varies with temperature in models, with two common parameterizations showing
opposing temperature sensitivities, due to the processes discussed above (Lundquist et al., 2021). The canopy-
to-mass data could guide selection and development of an interception parameterization that is most realistic for
particular conditions.

The above interception capacity estimates are close to values found in the literature. For example, Storck
et al. (2002) reported maximum interception was at least 40 mm SWE for a Douglas fir in Oregon. However,
this was for a different conifer species and a different climate, highlighting the problem with data sparsity and
the need for more accessible canopy SWE data in space. The 30% reduction in sway frequency of a Sitka spruce
tree observed by Papesch (1984) during a snow interception event falls within the range of our values (Figure 8).

In terms of limitations, this study was confined to two coniferous trees in a continental climate, and lacked
reference measurements of canopy SWE from more established techniques (e.g., weighing trees). Future work is
needed for these comparisons (Klamerus-Iwan et al., 2020). The relative ease of sway measurements could enable
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longitudinal studies across trees (species and sizes) and climates. The sway-to-mass approach appears viable
across a range of storm thermal states (Figures 9b and 9e) and therefore may be a more universal approach than
other techniques that have only worked over a limited range of climate and temperature conditions. For example,
the trunk compression technique was successfully tested for snow interception by Martin et al. (2013) in a warm
maritime snow environment, but the canopy snow signal was overwhelmed by tree freezing effects in the cold
continental snow at Niwot (Gutmann et al., 2017). However, the dependence of the sway-to-mass method on wind
to activate tree motion may limit its utility in locations and times with minimal wind. Additionally, availability
of existing infrastructure (e.g., an adjacent tower, Figure 2) or the practicality and safety in tree climbing may
constrain selection of trees for accessing instrumentation and conducting sway tests (Figure 5).

Finally, to increase the relevance of tree sway monitoring to forested watershed modeling and management,
there is a need to understand the spatial scaling of the time series data. The high correlation between our two
adjacent study trees (r = 0.92, Figure 6) suggests continuous sway monitoring might represent temporal vari-
ations across a forest stand. However, it is important to contextualize the sway time series observed at one or
more trees relative to the sway dynamics of the greater stand; we are unable to resolve this upscaling here due
to our low sample size (n = 2 trees). This upscaling could be achieved in multiple ways, such as mapping of
sway based on allometric data (Bunce et al., 2019; T. Jackson et al., 2019; T. D. Jackson et al., 2021; Moore &
Maguire, 2004; Sugden, 1962), connecting lidar remote sensing surveys of tree architecture to tree sway models
(Malhi et al., 2018), or through resolving spatial sway variations with video-based approaches (Enus et al., 2020).
However the challenges outlined above (estimating f, and converting Af'to Am) would need to be resolved at this
larger scale.

6. Conclusions

Sub-daily to seasonal changes in tree sway frequency in a subalpine coniferous forest are driven by snow intercep-
tion events and changes in tree thermal state with freeze-thaw cycles. By accounting for changes in tree thermal
state, analysis of tree sway time series can enable detection of the timing of snow interception events and estima-
tion of canopy SWE. In turn, these data provide novel characterization of interception dynamics between storms;
such observations are rarely available.

There is a growing suite of ecohydrological processes that can be characterized by monitoring vegetation sway
(T. D. Jackson et al., 2021; de Langre, 2019); the present study has provided evidence for the application with
canopy snow interception. While the analysis focused on snow interception, the 6 years of tree sway also have
potential utility for other studies of forest processes and states (e.g., water stress), which may be the subject of
future work. The relative ease, cost-effectiveness (as low as $125 USD per installation), and non-destructive
measurement approach of tree sway may provide new avenues for snow model development, which can inform
resource management and environmental research. Nevertheless, several challenges need to be resolved to better
constrain the sway-based estimates of canopy SWE, principally the accounting of thermal effects on tree sway
(Section 4.2) and the mapping of sway changes to canopy snow mass (Section 4.3).

Data Availability Statement

All datasets used in this study are freely available in public repositories. Raw 12 Hz tree acceleration data
and hourly processed sway variables (Raleigh, 2021a, 2021b) are available for the spruce tree at https://doi.
org/10.5281/zenodo.5130616 and for the fir tree at https://doi.org/10.5281/zenodo.5149308. The US-NR1 Amer-
iFlux data are available at https://doi.org/10.17190/AMF/1246088 and at https://doi.org/10.15485/1671825.
PhenoCam imagery are available at https://PhenoCam.sr.unh.edu/. NRCS SNOTEL data are available at https://
www.wcce.nres.usda.gov/snow/.
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