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Abstract. Repeat-pass interferometric Synthetic Aperture Radar (InSAR) can retrieve changes in snow water equivalent

(∆SWE) from the phase delay of radar waves through new snow, but typical interferogram processing averages the phase

over windows of tens of meters and assumes the ∆SWE signal is constant within them. We tested this assumption with four

pairs of repeat airborne-lidar snow surveys over the Tuolumne basin and two NASA-ISRO SAR (NISAR) InSAR pairs. The

lidar-derived ∆SWE power spectrum breaks at a consistent 25m (IQR 21–30m) length scale, so the field varies strongly5

within an 80m multi-look window, and the spatially uniform assumption fails. We capture the resulting effects in a complex-

valued sub-window factor M . The variance within the window shortens M and decreases coherence, and the ∆SWE skew

within the window rotates M and biases the recovered phase from the mean ∆SWE phase. At L-band, this ∆SWE variability

within the window alone lowers the basin-median coherence to 0.25–0.47, before any temporal or thermal decorrelation, while

the retrieval bias causes at most millimeters of SWE error in windows that pass a coherence mask. The two NISAR pairs, one10

spanning a storm and one during a no-accumulation period, show coherence at 20 and 80m pixel sizes consistent in space

and time with these predictions. The effect of sub-window variability is frequency-dependent, lowering the higher frequency

C-band coherence factor to a median of 0.10 while leaving the lower frequency P-band nearly unaffected (0.88). Because the

decorrelation effect grows with the multi-look footprint size, processing interferograms finer than NISAR’s standard 80m post-

ing recovers much of the L-band coherence loss, and a 20m footprint nearly doubles the median coherence factor. Sub-window15

∆SWE variability is, therefore, a sampling limit that can be predicted from high-resolution snow measurements and used to

guide the choice of multi-look footprint for SWE retrievals.

1 Introduction

Snow water equivalent (SWE), the water stored within a snowpack, is a primary input for water supply forecasting, reservoir

management, and flood mitigation in snow-fed basins. No current method provides accurate, consistently available, and spa-20

tially distributed SWE estimates over watershed scales in complex terrain. Interferometric Synthetic Aperture Radar (InSAR)

is a developing tool for measuring SWE that has the potential to provide large-scale, approximately weekly observations of

SWE change (∆SWE). Recent studies using tower (Leinss et al., 2015; Ruiz et al., 2021), airborne (Marshall et al., 2021;

Nagler et al., 2022; Tarricone et al., 2023; Hoppinen et al., 2023; Palomaki et al., 2025; Bonnell et al., 2024), and satellite

(Belinska et al., 2022; Oveisgharan et al., 2024; Ruiz et al., 2024) datasets have shown promising initial results. The newly25
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launched NASA-ISRO SAR (NISAR) mission now provides the systematic, frequent L-band coverage these retrievals require,

delivered as standard 80m geocoded unwrapped interferogram (GUNW) products (Rosen et al., 2017). Whether that posting

adequately samples the snow signal at L-band is still unclear.

The proposed ∆SWE retrieval from InSAR uses the fact that electromagnetic waves move slower through snow than through

air (Guneriussen et al., 2001; Leinss et al., 2015). This means that if there is an increase in snow between two acquisitions, the30

two-way travel time of the electromagnetic waves between the sensor and the ground increases. This causes a phase change

between the acquisitions, proportional to the change in snow. The direct equation requires an estimate of snow density, but

several approximations have been proposed that directly relate ∆SWE to phase change (∆ϕ) as a function of local incidence

angle (θ) and the central SAR wavelength (λ) (Leinss et al., 2015; Oveisgharan et al., 2024). These approximations can be

generalized to a single factor κ(θ,λ) relating the phase change to the SWE change:35

∆ϕ= κ(θ,λ)∆SWE (1)

which is inverted to retrieve ∆SWE from an observed ∆ϕ.

While past retrieval studies have shown promising results, whether the ∆SWE signal is adequately sampled by current

InSAR techniques has not been quantified directly from the snow field itself. Answering this requires quantifying how ∆SWE

varies in space. To our knowledge, this has not been done because the necessary repeat snow surveys have only recently40

become available. Past work shows that depth and SWE vary rapidly over short distances (tens of meters) and more gradually

over longer distances (hundreds of meters). This is framed as two regimes that each scale consistently with distance, with a

decrease in the rate of variation between the short and long length scales (Deems et al., 2006; Trujillo et al., 2007; Clark et al.,

2011; Mendoza et al., 2020; Miller et al., 2022). These studies either operate on snow depth directly (Hsnow) or estimate snow

density to derive SWE (SWE= ρsnow

ρwater
Hsnow). These prior works measure the snowpack present at one time, depth directly, or45

SWE via an estimated density, not its change between two acquisitions. This static SWE already varies considerably near the

InSAR resolution scale, so the ∆SWE between two passes may vary as much and complicate sampling the snow signal.

InSAR struggles to sample a signal whose phase changes too quickly across the averaged window. The principle that a

geophysical signal varying within the resolution cell degrades the interferogram is well established for ground deformation.

Massonnet and Feigl (1998) defines the maximum detectable InSAR gradient as one fringe, one cycle (2π) of phase change,50

over a range change of one pixel, beyond which the fringes lose coherence, and states that when averaging “several adjacent

pixels to form a larger pixel, these limits become more stringent”. The non-constant ∆SWE signal explored here is the snow

analog of this deformation gradient, with one addition: a deformation gradient is a smooth, symmetric ramp that only decreases

the observed coherence, whereas a skewed sub-window ∆SWE distribution could also bias the recovered multi-looked phase.

Two previous works have inferred sub-window ∆SWE phase variability from the interferograms themselves. Li and Sturm55

(2002) shows that a spatial variation in new-snow accumulation of > 11 cm (assuming a density of 0.3 g cm−3) or redistri-

bution into dunes of half this height across a window can cause decorrelation of C-band interferograms. They then show that

mapped patterns of coherence loss from ERS-1 interferograms over the Alaskan arctic slope aligned with the timing and spatial
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patterns of wind-driven snow redistribution. Yackel et al. (2026) decomposes the observed coherence over first-year sea ice into

volumetric, thermal, baseline, and phase contributions. They note that their phase-coherence term arises from this sub-window60

∆SWE variability within the multi-looking window.

Our work extends these studies in three ways. To understand how true ∆SWE variability affects the observed phase and

coherence in InSAR ∆SWE retrievals, we use pairs of co-registered lidar snow depth surveys over the Tuolumne watershed

to estimate spatially distributed ∆SWE variability and predict the resulting within-window coherence loss. We test these

predictions against Tuolumne NISAR coherence maps from snowy and non-snowy periods across a range of multi-looking65

resolutions. We further show that, due to the wrapped complex nature of the observed phase, a skewed within-window ∆SWE

distribution biases the recovered phase and thus the retrieved SWE.

2 Theoretical framework

The basis for multi-looking, or performing a complex average of phase over a spatial window, is that it provides a reasonable

estimate of what would be measured if many independent observations of the phase could be obtained from the same place70

and time. This averaging reduces phase noise from random scatterers and improves the estimate of coherence (Zebker and

Villasenor, 1992; Bamler and Hartl, 1998). However, this estimate is only valid under the assumption of stationarity: that every

pixel in the window samples the same underlying distribution, with the same mean and variance of phase. This assumption

is violated when the true ∆SWE varies across the multi-look window causing each pixel’s phase PDF to be centered on a

different value.75

To show this effect, we first model the phase ϕ(x) of each single-look-complex (SLC) resolution cell x within a spatial

multi-look window as the phase of the window-mean ∆SWE (ϕ̄) plus a per-cell deviation δ(x). To simplify notation, we use

ϕ=∆ϕ for the remainder of this section, and discussions about phase refer to the change in phase between two observations

at the same location at different points in time.

ϕ(x) = ϕ̄︸︷︷︸
phase of

mean ∆SWE

+ δ(x)︸︷︷︸
per-cell deviation

from mean

(2)80

The observed complex value for the window, assuming unit amplitude in each cell, is:

z̄window =
1

N

N∑

x=1

eiϕ(x) ≡Meiϕ̄ (3)

where eiϕ̄ carries the phase of the window-mean ∆SWE, and M is a complex factor whose magnitude reflects the spread of

the per-cell deviations and whose argument captures the retrieval bias relative to the phase of the window-mean ∆SWE.

M =
1

N

N∑

x=1

eiδ(x) (4)85
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Because δ is the deviation from the window mean, it has a zero mean by construction. Stationarity makes its variance spa-

tially constant. Under the stationarity assumption, the SWE-induced noise-free phase is constant across the window, so δ is

decorrelation noise alone. We assume our cells are distributed scatterers so the noise is symmetric about the mean and ap-

proximately Gaussian at usable coherence. The magnitude |M | is set by the variance of these decorrelation-induced deviations

and results in the observed decorrelation. The symmetry makes the expected M real-valued, so arg(M) = 0 and the expected90

retrieval bias is zero.

However, when cells within the window are drawn from different distributions, M neither leaves the mean phase unbiased

nor converges to the ensemble coherence. ∆SWE variation across the window centers the per-cell phase distributions on

different values, decreasing the length of M and dropping the estimated coherence below the ensemble value. If the within-

window ∆SWE distribution is asymmetric, M also acquires a nonzero argument, rotating the multi-looked phase from the95

expected phase of the mean ∆SWE (Fischer, 1993).

Figure 1 shows three idealized cases, with all other decorrelation sources removed, to isolate the effect of in-window ∆SWE

variability. The three panels differ only in the within-window distribution of ∆SWE. Multi-looking assumes that the samples in

the window share a single phase, so the constant case (left) is the only one that meets this condition. Its variance sets the length

of the resultant |M | as the phase values from each sample of ∆SWE vary (middle and right). Its skew sets its rotation arg(M)100

as the asymmetric circular distribution rotates the recovered window phase from the phase of the window-mean ∆SWE (right).

Here, we treat all per-cell amplitudes as one, though real backscatter amplitudes vary across the window.

The snow-variability coherence loss (|M |) is independent of other decorrelation terms (temporal, geometric, SNR, scatter-

ing), so it multiplies (γother) to produce the observed decorrelation (γobs):

γobs = γother|M | (5)105

arg(M) is the bias of the observed window-mean phase relative to the phase expected from the window-mean ∆SWE,

κ∆SWE. This bias applies even for a perfectly recovered window-mean phase:

∆ϕobs = κ∆SWE+arg(M) (6)

Both terms depend only on the within-window distribution of ∆SWE, so they can be computed from any sufficiently fine

∆SWE map. In the following sections, we compute them from lidar-differenced snow surveys and compare against NISAR110

observed coherences.
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Figure 1. Sub-window ∆SWE variability and its effect on the multi-looked phasor (all other decorrelation removed). Top: ∆SWE in one

window (cm), constant (left), varying symmetrically (middle), and skewed (right). Bottom: per-cell unit phasors (ϕ= κ∆SWE, colored

by ∆SWE). Black: mean phasor eiϕ̄; blue: resultant z̄ =Meiϕ̄; red: coherence loss 1− |M |; orange arc: retrieval bias arg(M).

3 Methods

3.1 Study Area and Time Frame

We target the Tuolumne River basin in the Sierra Nevada (upper Tuolumne and Lyell drainages, 1500–3970m elevation,

∼95×56 km). We use four Airborne Snow Observatory (ASO) lidar pairs bracketing dominant winter accumulations of water115

years 2023–2026: March 2–16, 2023 (14d), January 29–February 27, 2024 (29 d), February 8–25, 2025 (17 d), and January

31–February 27, 2026 (27d). Pair durations were chosen to approximate the NISAR 12-day repeat baseline (one to two repeat

cycles per pair) so that the lidar-derived ∆SWE is representative of what a single NISAR GUNW would measure.

For NISAR data, we use descending track 069, frame 042 over the same basin. Three repeat passes on December 7, 19,

and 31, 2025 form two consecutive 12-day interferometric pairs. No ASO flight pair is coincident with these dates, so we120
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characterize the per-interval snow signal from daily SWE at four Tuolumne-basin CDEC pillows (Dana Meadows, Tuolumne

Meadows, Slide Canyon, and Gin Flat). December 7–19 spans a slight ablation window (mean −1 cm SWE change), while

December 19–31 captures a large December storm (mean +18 cm SWE change).

3.2 Calculation of ASO-∆SWE

ASO delivers snow depth at 3m and SWE at 50m, and all flights for this basin share a common UTM-11N 3m raster, so125

pair differencing requires no resampling. For each pair, we form the 3m ∆depth field dB − dA and convert to ∆SWE via a

basin-constant new snow density ρevent calculated as the pair’s mean of per-pixel ∆SWE/∆depth ratios from the 50m ASO

products, taken over cells where |∆depth| ≥ 10 cm and the implied density lies in [50,600] kgm−3: 304, 312, 373, 330 kgm−3

for WY2023–2026. Cells where neither flight has ≥10 cm of snow at 50m resolution are masked from the ∆SWE maps.

These densities reflect that the measured snow changes are accumulation with significant settling over the 14–29 day temporal130

baselines. This approach allows us to take advantage of ASO data with the highest spatial resolution while still centering our

analysis on SWE, not snow depth. We block-average the 3m ∆SWE field in non-overlapping 3×3 blocks to a 9m pixel size

to suppress any lidar noise (Appendix A).

3.3 Sub-window ∆SWE Spectral Structure

To identify the spatial scales over which the ∆SWE field varies, we compute its radial power spectral density following135

the snow-depth fractal analyses of Trujillo et al. (2007). This spatial frequency analysis calculates how ∆SWE variance is

distributed across spatial scales and tests whether we would expect significant sub-window variability. We test over spatial

frequencies from 9 to 380m. We run the analysis on the native 3m field rather than the 9m working grid because the break

could fall below the 18m Nyquist wavelength of the 9m grid and be unresolvable there. Working on the native 3m field

includes the per-pixel ASO depth noise in the spectrum, which we address in Appendix A. A single basin-wide spectrum140

incorporates many terrain types which blurs any scale breaks, so we work within smaller windows that span a narrower range

of elevation, terrain roughness, and vegetation, the topographic and canopy properties shown to control snow-depth scaling.

We tile the common snow mask (cells with valid ∆SWE in all four pairs) into non-overlapping 1.15 km windows (384 cells on

a side) on the native 3m grid and keep windows that are at least 95% snow-covered. This window size holds three full cycles

of the longest fitted wavelength (380m) while staying small enough to remain approximately locally homogeneous. Within145

the retained windows, any invalid cells (at most 5% of a window) are filled with the window mean. For each window and

each ASO pair, we remove the window mean, apply a Hann taper, and form the two-dimensional periodogram as a function

of spatial wavenumber k (cyclesm−1) (Harris, 1978). We apply no higher-order detrend beyond this mean removal because

subtracting a planar trend suppresses the longest-wavelength power and biases the large-scale slope (Deems et al., 2006).

The four ASO pairs span an order of magnitude in mean ∆SWE, so a direct average of their spectra would be dominated by150

the largest-accumulation pair. We instead amplitude-normalize each window’s spectrum, subtracting its mean log power over

the fitted power spectral density wavelength range of 9 to 380m before averaging the four pairs’ log spectra, which isolates

the shared spectral shape. We fit each window’s mean spectrum with a continuous two-segment power law, P (k)∝ k−β , using
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linear least squares in log–log space weighted by the number of frequencies sampled in each radial bin. The innermost radial

bins average only a few frequencies each, so in an unweighted fit, these few noisy values would control the large-scale slope.155

The scale break is optimized over spatial wavelengths ℓ= 1/k from 12 to 250m, and the break wavelength ℓb is where the

small-scale and large-scale regimes meet. We record a small-scale slope, a large-scale slope, and ℓb for each window. We also

fit each pair separately to test whether the break is consistent across the four winters.

3.4 Calculation of M

For each ASO-derived ∆SWE field, we compute the complex sub-window factor M defined in Section 2. All processing steps160

in this section work on a common grid in UTM zone 11N (EPSG:32611) with the origin (upper-left corner) at x = 212352m,

y = 4234641m.

The ∆SWE map for each ASO pair is converted to ∆ϕ using NISAR’s central frequency (1.26GHz) and a 40◦ local

incidence angle, giving a κ of 52.7 radm−1 of ∆SWE, then wrapped onto (−π, π). The 40◦ local incidence angle is chosen to

represent a moderate incidence angle across NISAR’s typical range, but we note that κ is sensitive to this choice (Leinss et al.,165

2015).

We then form the complex variability factor M from non-overlapping 9× 9-pixel (81m) windows of ∆ϕ, approximately

matching the 80m GUNW posting:

M =
1

N

N∑

n=1

ei(∆ϕn−∆ϕ), (7)

where ∆ϕn = κ∆SWEn, ∆ϕ= κ∆SWE, ∆SWE is the mean ∆SWE in the window, and N is the number of snow-170

covered pixels in the window. This is the theoretical Eq. (4) reformulated to incorporate the mean ASO ∆SWE within the

window. We retain |M | and arg(M) for windows with N ≥ 41 (at least half of the pixels are snow-covered).

We repeat the M calculation at two additional wavelengths: C-band (Sentinel-1, λ= 5.6 cm) and P-band (λ= 81 cm). The

pipeline is unchanged: the same 9m pre-averaged ∆SWE field and 81m windows are used, and only κ(λ,θ) Eq. (1) is

reevaluated for each wavelength, giving κ= 224.1 and 15.5 radm−1 for C- and P-band, respectively. This produces |M | and175

arg(M) maps at 81m for each band and each ASO pair.

Figure 2 shows the wrapped phase response across 0 to 50 cm of ∆SWE at C-, L-, and P-band, with the basin-mean ±
standard deviation of 50m ASO ∆SWE for each pair marked to indicate where each pair sits relative to the wrap interval at

each band.

3.5 Sensitivity of M to Window Size180

To trace how the sub-window decorrelation changes with footprint size, we recompute the window factor M over a range

of multi-look window sizes on the 3m ∆SWE field. The window construction follows Section 3.4. Here the window size is

swept from 9 to 81m, and unlike Section 3.4 the field is not pre-averaged to 9m so the smaller windows are resolved. The
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Figure 2. Wrapped interferometric phase response to ∆SWE accumulation 0 to 50 cm at C-band (λ= 5.6 cm, blue), L-band (λ= 23.8 cm,

green), and P-band (λ= 81 cm, red), all at θ = 40◦ local incidence angle. Each band’s phase increases linearly with ∆SWE at the phase rate

κ(λ,θ) Eq. (1) until it wraps back through −π. Error bars at the top mark the basin-mean ∆SWE ± standard deviation for each of the four

Tuolumne ASO pairs (50m basin statistics).

four ASO pairs are restricted to a common snow mask, the per-pixel intersection of their four valid-∆SWE footprints on the

shared 3m grid, so each is evaluated over an identical pixel set. We pool the windows across the four pairs at each size and185

report the median and interquartile range of |M | and of the L-band SWE-equivalent bias arg(M)/κ. The bias is reported only

for windows with |M |> 0.3, since below it arg(M) is near-uniform over (−π,π] and carries no recoverable signal. Working

on the native 3m field folds the per-pixel ASO depth noise into |M |, which we address in Appendix A.

3.6 NISAR Multi-resolution Coherence Calculations

The coherence loss due to sub-window ∆SWE variability can, in principle, be estimated directly from an interferogram by190

comparing coherence calculated over different window sizes. The underlying ensemble coherence of a pixel does not depend

on the estimation window, but the estimated coherence is affected by two competing, window-size-dependent effects: a positive

bias from estimating coherence magnitude with a finite number of looks, which grows as the window shrinks (Bamler and Hartl,

1998), and a negative effect from the sub-window variability of the ∆SWE signal, assumed in this study to be the dominant
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source of non-stationarity, which grows as the window expands to span more ∆SWE variability. Because the finite-look bias195

is analytically known, we can correct each window size and use the remaining coherence difference between window sizes to

estimate the potential sub-window ∆SWE contribution.

We use the coherence magnitude delivered in each GUNW: the 20m layer from the wrapped-interferogram group and the

80m layer from the unwrapped-interferogram group. The expected sample coherence γ̂ for true coherence γ and looks L is

given by Eq. (62) of Bamler and Hartl (1998):200

E{γ̂ | γ,L}= Γ(L)Γ
(
3
2

)

Γ
(
L+ 1

2

) 3F2

(
3
2 ,L,L;L+ 1

2 ,1; |γ|2
)(

1− |γ|2
)L

, (8)

where Γ is the gamma function and 3F2 is the generalized hypergeometric function. Eq. (8) also assumes circular-Gaussian

speckle from a distributed target, which is a reasonable approximation over snow and mixed terrain, but it is a limitation of

using this equation. NISAR multi-looks the full-resolution interferogram in radar coordinates independently for each layer

(5×6 for the wrapped layer, 13×16 for the unwrapped layer) and then geocodes each layer onto its delivered map grid. The205

geocoding resamples the multi-looked pixels, so neighboring samples on the 20 and 80m grids are partially correlated, and the

nominal look counts (N = 30 at 20m, 208 at 80m) overstate the number of independent samples. We therefore use an effective

look count L=N/f , with f an oversampling factor calibrated over open water on Don Pedro Reservoir near the study site,

where the true coherence is assumed zero at both resolutions. Water pixels are identified as ESA WorldCover permanent-water

(class 80) cells with NISAR 80m coherence below 0.20, the latter cut removing coherent shoreline pixels. This leaves 13,189210

open-water samples over the two pairs. Requiring the bias-corrected 20m and 80m water coherences to agree gives f ≈ 1.29,

L20 ≈ 23, and L80 ≈ 162.

We then de-bias each resolution by inverting Eq. (8) for the true coherence,

γ̃s = E−1{γ̂s | Ls} , s ∈ {20,80}, (9)

Here γ̂20 is the 20m coherence block-averaged onto the 80m grid before de-biasing, matching the footprint on which f was215

calibrated; de-biasing the native 20m pixels instead would apply L20 to samples with fewer effective looks and leaves a small

spurious positive residual over zero-coherence water. We then take the difference of the corrected coherences

∆γ = γ̃20 − γ̃80 (10)

as our NISAR estimate of the sub-window-variability coherence loss. With γobs = |M |γother and γ̃20 ≈ γother, this difference

is ∆γ ≈ γother(1− |M |), reducing to 1− |M | only where the other decorrelation effects are minimal (γother ≈ 1). Because220

the 20m reference window already carries some sub-window loss of its own (|M |20 < 1), the difference ∆γ captures only

the additional loss incurred between 20 and 80m, not the full loss relative to a variability-free window. It is therefore a lower

bound on the true sub-window coherence loss.

9

https://doi.org/10.5194/egusphere-2026-3772
Preprint. Discussion started: 15 July 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 3. Radial power spectral density of the native 3m ∆SWE field, for each 1.15 km window, amplitude-normalized and averaged over

the four lidar pairs so only the spectral shape is compared. Grey lines are the individual windows, blue is their mean, and the orange and

green lines are the fitted small-scale and large-scale segments, P (k)∝ k−β with β ≈ 2.6 and 1.5. The segments meet at the break (black

point) near 25m.

4 Results

4.1 ∆SWE Power Spectral Densities225

Resolved per window on the native 3m grid, the ∆SWE spatial power spectrum is a two-regime power law with a break at a

median wavelength of ℓb = 25m (IQR 21–30m across 572 windows; Figure 3). The spectrum is steep below the break (median

slope β = 2.6) and shallow above it (β = 1.5): the steep small-scale slope means the ∆SWE field is spatially correlated and

varies smoothly over separations finer than the ∼25m break, while the shallow large-scale slope means it is rougher and

decorrelates over larger separations. Equivalently, the field carries less variance at wavelengths shorter than the break and230

increasingly more at longer wavelengths. Fitting each ASO pair separately gives ℓb between 23 and 27m, and 87% of the

window breaks fall within the 15–40m range reported for cumulative snow depth (Deems et al., 2006).

4.2 Lidar Derived Sub-window ∆SWE Variability Effects

All lidar ∆SWE statistics in this section are computed over the non-overlapping 81m windows defined in Section 3.4. Pooled

over the four pairs (1.34 million windows), the window-mean ∆SWE has a median of 12.6 cm (IQR 4.7–20.4 cm), a within-235

window median standard deviation of 3.4 cm (IQR 2.1–6.3 cm) and a slight positive within-window skewness (median +0.07,

mean +0.14). The within-window standard deviation captures the sub-window ∆SWE variability that drives |M |, and the

within-window skew drives arg(M).
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The four pairs show a consistent, terrain-organized spatial pattern. The coherence loss 1− |M | and the bias magnitude

|arg(M)| are both largest in the deep, spatially complex alpine terrain and smallest in the smoother, lower-elevation terrain240

(Figure 4), and both patterns repeat across pairs, with each pair matching the four-pair mean with r2 = 0.75–0.82 for |M | and

0.59–0.63 for |arg(M)|. The sign of the bias is year-specific (signed arg(M) pairwise r2 < 0.01). Its spatial intensity tracks

the terrain while its direction varies between events.

Although the basin-median ∆SWE ranges over an order of magnitude across the four pairs (0.7–23 cm), the coherence

drop and bias stay within narrow bands. Median |M | runs from 0.25 (WY2024) to 0.47 (WY2023; pooled IQR 0.15–0.58),245

and the median retrieval bias is near zero (≤ 2◦) with heavy tails (pooled IQR ±16◦, widening to −17◦/+30◦ in the largest

event, WY2024). The three large mid-winter storms (WY2024–2026) drive median |M | to 0.25–0.31, falling to ∼0.12–0.16

in the steep high-elevation terrain, whereas the pair containing significant melt (WY2023) has the smoothest ∆SWE field

(σ∆SWE median 2.8 cm), stays closest to stationarity, and shows the highest |M | (0.47) and the least bias (median ≈ 0◦).

Within WY2023, splitting the windows by the sign of the window-mean ∆SWE gives a median |M | of 0.55 for melt windows250

against 0.32 for the accumulation windows, a gap that persists at matched |∆SWE| magnitude.

4.3 Coherence Loss and Bias Across Window Sizes

The L-band coherence factor falls steeply as the multi-look window grows and then plateaus (Figure 5, left). The pooled median

|M | drops from 0.54 at a 9m window to 0.33 at 20m and 0.18 at 81m, with most of the loss incurred by about 25m. The

interquartile range is wide at every size and stretches further downward as the window grows, spanning 0.07 to 0.38 at 81m.255

The two NISAR GUNW postings bracket a large part of the curve. The 20m wrapped-interferogram footprint retains a median

|M | of 0.33 compared to 0.18 at the 80m footprint, almost double the coherence factor for the same scene.

The L-band retrieval bias stays small across the whole range (Figure 5, right). In usable windows, the median SWE-

equivalent bias never exceeds 0.3mm, and the interquartile range stays within about ±2mm. The band is slightly asymmetric,

with a longer positive tail (matching the within-window ∆SWE skew) but the magnitude is negligible compared to the coher-260

ence loss. The bias does not grow significantly at any footprint between 9 and 81m.

4.4 NISAR Multi-resolution Coherence

The corrected γ20 − γ80 is near zero for the near zero-SWE-change December 7–19 pair (median −0.004, 45% of windows

positive) and positive for the December 19–31 storm pair (median +0.030, 71% positive) over the snow-covered footprint

(Figure 6). Much of the raw 20–80m gap is finite-look estimation bias. For the December 19–31 pair, the raw gap +0.072265

(median) is reduced to +0.030 by the bias correction, while for the snow-free pair, the corrected gap is close to zero. However,

the largest corrected residuals cluster at higher elevations, where more ∆SWE variability is expected from the lidar. For the

storm pair, the corrected gap stays small in the median (≤ 0.04 across elevations), but its upper tail grows with elevation, with

the strongest windows (90th percentile) rising to ∼0.13 in the highest, most exposed terrain, where the 80m coherence is also

lowest (median 0.17).270
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Figure 4. Lidar-derived ∆SWE, sub-window coherence factor |M |, and retrieval bias arg(M) at 81m for the four Tuolumne lidar pairs

(rows, labeled by water year and temporal baseline), evaluated at L-band, 40◦ local incidence angle. Columns: the 81m block-averaged

∆SWE field (left), |M | (center), and arg(M) (right).
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Figure 5. Sub-window coherence factor |M | (left) and retrieval bias arg(M) (right) versus multi-look window size, L-band, pooled over

the four lidar pairs (median and shaded interquartile range). Computed on the native 3m∆SWE field. The right panel is restricted to usable

windows (|M |> 0.3) and converted to an L-band SWE-equivalent through arg(M)/κ. Dotted lines mark the 20 and 80m NISAR GUNW

postings.

Figure 6. NISAR multi-resolution coherence for the low-snow P12 (December 7–19, 2025) and large-storm P23 (December 19–31, 2025)

pairs: observed 80m coherence γ80 (left), the finite-look-corrected difference γ20−γ80 (center), and the lidar-predicted sub-window coher-

ence factor |M | (right, WY2023), all on the common 81m grid.
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Figure 7. Sub-window coherence factor |M | (top) and retrieval bias arg(M) (bottom) at 81m for the WY2025 lidar pair (February 8–25,

2025) at C-, L-, and P-band.

4.5 Wavelength Effect on M

The same sub-window ∆SWE field produces very different effects across bands, because shorter wavelengths turn the same

∆SWE spread into a larger phase spread and more wrapping (Figure 7). At C-band (κ= 224.1 radm−1) the within-window

phase spread is large enough that coherence collapses, with median |M |= 0.10 (IQR 0.06–0.14) and 53% of windows below

0.1. So little coherent signal survives that the retrieval bias is undefined, with arg(M) distributed nearly uniformly over ±90◦,275

IQR −86◦ to +88◦. At P-band (κ= 15.5 radm−1) coherence is largely preserved (median |M |= 0.87, IQR 0.65–0.94; <1%

of windows below 0.1) and the bias is small and well-defined (arg(M) IQR −1.6◦ to +0.3◦). L-band is intermediate, with

median |M |= 0.31 (IQR 0.15–0.55), 14% of windows below 0.1, with a small but resolvable bias (arg(M) IQR −15◦ to

+19◦). The same ordering holds when data is pooled over all four lidar pairs (median |M | = 0.10 / 0.33 / 0.88 for C/L/P), so

that it reflects the wavelength scaling rather than any one event.280

5 Discussion

Using repeat lidar surveys and NISAR interferometry, we have shown that within-window ∆SWE variability reduces coher-

ence and ∆SWE skew biases the retrieved ∆SWE from the true mean ∆SWE, both of which degrade InSAR SWE retrievals.

Here we consider what these results mean in practice: the length scales at which the ∆SWE field is organized, the resulting

effects at NISAR’s standard postings, and how the effect scales from C- to P-band.285
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5.1 ∆SWE Structure and the Processing Window Size

The ∆SWE spectral break at ℓb ≈ 25m (Figure 3) falls within the 15–40m variogram range scale breaks reported for cumu-

lative snow depth and matches the wind- and vegetation-controlled short-scale regime of Trujillo et al. (2007). The change in

SWE between two flights is therefore organized at the same length scales as the snowpack itself, so differencing two snow

surfaces preserves the fine-scale structure. This holds in all four winters, so the variability driving within-window phase spread290

is a persistent feature of accumulation, not an artifact of a single season.

This break sets the window sizes over which the sub-window coherence loss develops. Because the ∆SWE field carries

increasing variance toward larger scales (Section 4.1), the within-window phase spread keeps growing as the footprint expands

past ℓb, and the coherence factor falls steadily across the GUNW range. The window-size sweep shows this in |M | directly

(Figure 5). The empirical curve is steepest below about 25m and flattens beyond, with the slope change near the spectral break295

— a flattening driven by |M | approaching its floor once the within-window phase spread exceeds about one radian. Even in

this regime the recoverable coherence is substantial: moving from the 80m GUNW posting to a 20m footprint nearly doubles

the median |M |, from 0.18 to 0.33. The coherence recovered per step keeps growing as the window shrinks toward ℓb, so even

modest reductions below the GUNW default return usable coherence over the spatially variable snow that decorrelates the 80m

product.300

The bias result is promising for SWE retrievals. Across the full 9 to 81m range, the SWE-equivalent bias in usable windows

stays at the millimeter level (Figure 5, right), far below the coherence loss and below the retrieval uncertainty from other

sources. The footprint is therefore a coherence tradeoff and not a bias tradeoff. A larger window loses coherence without

incurring a meaningful retrieval bias in the pixels that survive a coherence threshold, and a smaller window recovers coherence

without introducing bias. The footprint should be chosen to keep |M | usable over the target snowpack, and the residual skew-305

driven retrieval bias can be neglected in any window that passes a coherence mask.

Shrinking the window has a limit. Smaller windows average fewer pixels, so the random phase noise that multi-looking

suppresses, whose variance falls as 1/N with the number of looks (Bamler and Hartl, 1998), rises as the footprint shrinks.

The best footprint balances the recovered sub-window coherence against this estimation noise and is set by the local ∆SWE

correlation length, the ℓb ≈ 25m break, rather than a fixed look count. For these Tuolumne events that balance sits well below310

the 80m GUNW posting, and large accumulation events such as the December 2025 storm need the finest practical footprint to

keep the sub-window term in check. The most wind-exposed terrain, where short-scale variance is largest, will be challenging

to recover at any footprint.

5.2 Snow-based Multi-look Coherence Bias

Coherence measured over seasonal snow has historically been interpreted through a decorrelation budget of temporal, geomet-315

ric, SNR, and volume terms, with residual loss most often assigned to temporal decorrelation of the snow volume (Ruiz et al.,

2021; Oveisgharan et al., 2024). The presented sub-window ∆SWE effect is itself a change-driven decorrelation, since it arises

from the snow that accumulates between passes, but it differs from the usual temporal term: rather than the stochastic motion

15

https://doi.org/10.5194/egusphere-2026-3772
Preprint. Discussion started: 15 July 2026
c© Author(s) 2026. CC BY 4.0 License.



of sub-resolution scatterers within a cell, it is the deterministic variation of the resolved ∆SWE field across cells within the

multi-look window. Our lidar-derived |M | maps show that a substantial share of the L-band coherence drop over an accumula-320

tion interval may be this deterministic sub-window component rather than stochastic temporal decorrelation. Because it is set

by the resolved snow structure, it can be predicted from lidar and reduced by processing at a finer footprint, neither of which

is true of the stochastic temporal term to which it is usually attributed. Across the four Tuolumne lidar pairs, the sub-window

factor lowers the basin-median |M | to 0.25–0.47 (Figure 4) at an 81m window, a coherence loss of 0.5 to 0.75 carried by

within-window ∆SWE structure before any temporal or thermal term is applied.325

Turning to the NISAR data, both the raw coherence and the multi-resolution residual show the temporal and spatial patterns

that these lidar ∆SWE results predict (Figure 6). The raw 80m coherence is lower for the December 19–31 storm pair than for

the near-snow-free December 7–19 pair, and within the storm pair it is lowest over the steep alpine terrain where sub-window

∆SWE variability is greatest (median γ80 ≈ 0.17 at the highest elevations versus ≈ 0.27 at the lowest). Raw coherence alone

cannot separate the sub-window loss from other decorrelation, but the corrected γ20−γ80 residual repeats both patterns where330

only the sub-window term should appear. It is near zero for the no-accumulation pair (median −0.004), positive for the storm

pair (median +0.030 over snow), and largest in the highest, most complex terrain (90th percentile ∆γ 0.13). The observed

residual is smaller than the lidar-predicted gap (|M |20 − |M |80 ≈ 0.15, Section 4.3) because γother multiplies the difference

and much of the storm-pair scene is decorrelated enough that the gap is lost to phase noise. Coherence over snow may therefore

be misattributed to temporal decorrelation when part of it is a within-window phase-variability signal.335

Even at a finer footprint, the retrieval is more tractable where the ∆SWE field is smooth. The |M | drops to 0.12–0.16 in

the steep, wind-exposed alpine drainages but stays near one over the lower-elevation, gently varying terrain (Figure 4, center

column). This terrain control holds across events. The basin-median ∆SWE for our four pairs spans an order of magnitude,

while the median |M | stays within a narrow band, so the decorrelation and bias are set by terrain and snowpack structure rather

than by event size. Since some multi-looking will be necessary to improve phase estimates, retrievals will work best when340

targeted at regions and snowpacks whose ∆SWE varies gently relative to the multi-look window. The most variable alpine

terrain may be unrecoverable at any current spaceborne footprint.

Melt periods may be more favorable than accumulation for the sub-window term considered here. Once the snowpack has

ripened and refrozen, melt-driven ∆SWE varies smoothly with elevation and aspect rather than in wind-built drifts, which

keeps the within-window variance and skew low. The WY2023 melt-versus-accumulation split (Section 4.2) shows this di-345

rectly, with the gap persisting at matched |∆SWE| magnitude and driven by a lower within-window spread, so melt removes

SWE more uniformly within the window than wind deposits it. This smoother sub-window signal only helps if the wet-snow

dielectric and temporal decorrelation terms in γother do not collapse the coherence on their own. L-band ablation retrievals

have been initially demonstrated for morning refrozen acquisitions (Tarricone et al., 2023), but they will be sensitive to the

estimated liquid water content, as this impacts the radar wave speed and, therefore, the phase.350

This mechanism also explains why wind is the single largest control on snow coherence in Ruiz et al. (2022). Wind is the

main agent of fine-scale snow redistribution, building dunes, scour, and drifts at length scales well below typical multi-look

window sizes (Trujillo et al., 2007). This redistribution raises the within-window ∆SWE variance and skew, which shortens
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and rotates M , so a windy interval produces the asymmetric, sub-window ∆SWE distribution that Figure 1 identifies as the

source of both coherence loss and retrieval bias. This is the same mechanism Li and Sturm (2002) identified at C-band, where355

mapped ERS-1 coherence loss tracked the spatial and temporal patterns of wind-driven redistribution, and that Yackel et al.

(2026) found for C-band over first-year sea ice by decomposing the coherence budget. Our results confirm both findings from

lidar rather than from the interferograms themselves. At C-band, the wavelength examined by Li and Sturm (2002) and Yackel

et al. (2026), |M | collapses to a median of 0.10, and the lowest |M | in every pair falls in the wind-exposed alpine terrain. The

dominance of wind as a predictor in Ruiz et al. (2022) is what we would expect if sub-window ∆SWE variability, rather than360

bulk temporal changes affecting temporal coherence, governs the observed coherence.

5.3 Skew-Driven Retrieval Bias Considerations

The sign of the retrieval bias is set by the skew of the within-window ∆SWE distribution (Figure 1). Before the phase wraps, a

positively skewed distribution produces a negative retrieval bias, which rotates the multi-looked phase below the true window-

mean phase and results in a lower retrieved ∆SWE than the true mean in those windows. A physically likely source of this365

positive skew is wind loading: a few wind-loaded pixels carry much more new snow than the rest of the window and sit as

positive outliers in an otherwise smooth ∆SWE field, lengthening the right tail of the distribution.

The lidar-derived arg(M) maps show the same pattern (Figure 4, right column). The retrieval bias is a real effect, but it

is a small one. It is near zero across most of the basin and rises only in the steep, wind-exposed alpine terrain, where the

within-window variability is largest and the coherence is lowest. This ∆SWE bias is therefore largest exactly where the phase370

is least reliable. In SWE terms, it stays near ±5mm (converting phase to L-band ∆SWE bias) across the basin and reaches

about 1.5 cm only in the most wind-affected windows of the largest event. Because the bias peaks with the coherence loss,

pixels that pass a coherence threshold carry little bias, so it mostly affects pixels that may already be unusable. This coupling

only holds at shorter wavelengths. At longer wavelengths, the coherence is preserved while the bias remains, which we turn to

below.375

5.4 C-, L-, and P-band Analysis

P-band is appealing for SWE retrieval. The smaller κ keeps coherence high over the large accumulation events that decorrelate

L-band. However, at P-band, the retrieval bias is still present and consistently negative (arg(M) IQR −1.6◦ to +0.3◦), and it

is the one band where the bias is not correlated with almost complete coherence drops. The negative sign is the one predicted

for a positively skewed ∆SWE distribution, and it appears here because the longer wavelength keeps the within-window phase380

spread small enough that the multi-looked phase does not wrap (Figure 2). At C- and L-band, the same bias is present but

masked since the larger phase spread wraps and pulls the median arg(M) back toward zero. A longer-wavelength sensor has

a narrower window phase distribution, but where the distribution is skewed in the steep alpine terrain, it carries a systematic

negative bias without the matching total coherence loss to flag it.
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Shorter wavelengths run into the opposite problem. At C-band, the within-window phase variability is large enough that the385

coherence collapses, with a pooled median |M | of 0.10 and more than half of the WY2025 windows below 0.1 (Figure 7). A

C-band sensor recovers little usable ∆SWE over snow at this multi-look window size (81m).

This collapse is dominated by the real sub-window ∆SWE structure, but because independent decorrelation sources multi-

ply, some component is likely lidar depth noise. That noise component is accentuated at C-band, where the larger κ turns the

same residual depth error into a much larger phase spread than at L-band (further discussed in Appendix A).390

L-band falls between the two. The pooled median |M | of 0.33 leaves enough coherence to recover phase over the smoother,

lower-elevation terrain but not over the steep alpine drainages, where |M | drops toward the C-band regime. The bias is likewise

intermediate and only partly wrapped (arg(M) IQR −15◦ to +19◦). L-band, therefore, escapes the coherence collapse that

overwhelms C-band, and, unlike P-band, its retrieval bias is paired with a coincident coherence loss that will cause those pixels

with bias to be removed anyway.395

5.5 Mitigation and Future Work

The multi-resolution comparison used here is itself a potential mitigation. The coherence loss due to sub-window ∆SWE

variability grows with window size while the other decorrelation terms do not, so comparing corrected coherence across

footprints separates the sub-window contribution from the rest, and the γ20 − γ80 residual is a direct, if noisy, estimate of

1− |M | that could flag windows where sub-window variability dominates. The limit is that even the 20m window sits well400

inside the variability regime for large storms, so two GUNW resolutions sample only part of the |M | curve (Figure 5), and

pixels that are fully decorrelated at both footprints remain unrecoverable.

Processing at a finer posting reduces both the sub-window coherence loss and the retrieval bias but increases the random

phase noise as each window averages fewer pixels. Phase linking, which estimates a consistent phase time series from all

interferometric pairs in an acquisition stack to reduce phase noise, could offset this by averaging over time rather than space,405

using temporal averaging instead of spatial multi-looking to achieve reasonable phase estimates (Guarnieri and Tebaldini,

2008; Ansari et al., 2017; Eppler and Rabus, 2022; Zwieback, 2022). This route needs testing on real data. Processing a

NISAR stack well below the 80m GUNW posting and phase linking across acquisitions would show whether the recovered

∆SWE improves over the standard product. It only helps where the scene remains coherent across the stack, so it favors slowly

evolving snowpacks over the windy, rapidly redistributing terrain that drives the largest losses.410

Triplet closure phases may identify and mitigate variability-induced bias of the phase-based SWE estimator. The closure

phase Φ123 = arg(z12z23z
∗
13) is insensitive to any phase that separates into per-acquisition terms, such as the tropospheric or

mean SWE phase, thus isolating the non-separable arg(M) term (Zwieback and Biessel, 2024). The confounding factor is that

the closure signal is both largest and noisiest for large ∆SWE variability and, thus, low coherence, and that soil-moisture and

wet-snow dielectric changes produce their own non-zero closure that must be separated from the sub-window term (Zan et al.,415

2014; Zwieback et al., 2016).

The clearest next step is to apply the same |M | and arg(M) pipeline to lidar pairs in other basins and snow climates.

Repeating it across maritime, continental, and tundra snowpacks would map where the sub-window effect is severe and tie
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the coherence loss to a measurable property of each site, such as the ∆SWE break scale, rather than to a single basin. A

NISAR acquisition coincident with a lidar pair would close the remaining gap by directly testing whether the lidar-predicted420

sub-window loss matches the observed γ20 − γ80 residual, rather than relying on the consistency in sign shown here.

5.6 Limitations

This analysis has several limitations. The conversion from lidar ∆Hsnow to ∆SWE uses a single basin-constant snow density

for the new accumulated snow for each pair rather than a spatially varying one, which, in reality, will be more spatially variable

than bulk density. We made this choice because ASO provides density only at a 50m resolution, and it has minimal impact425

on the results. Using a spatially variable density shifts the basin-median |M | by at most 0.03 and leaves the per-window |M |
tightly correlated with the constant-density value (Pearson r = 0.91 to 0.98 across the four pairs). The basin-median arg(M)

moves by less than 2◦. A constant density also matters mainly when the density itself varies within the window. If the denser

wind slabs coincide with the deep, drift-loaded pixels, the true ∆SWE outliers are larger than estimated, so the constant-density

assumption most likely understates the within-window variance and skew and is conservative for the effect reported here.430

The analysis also covers a single basin and four lidar pairs. The sub-window effect depends on the spatial structure of

∆SWE, which varies with storm patterns, climate, terrain, and snowpack regimes. Therefore, the |M | and arg(M) magnitudes

here should not be interpreted as representative of all snow types. Shallower or more uniform snowpacks would show smaller

coherence decreases and retrieval bias, while wind-dominated tundra could show as much or more. Confirming the size of the

effect elsewhere requires comparable lidar pairs in other regions.435

The NISAR coherence and the lidar ∆SWE fields are also not from the same dates. The multi-resolution coherence comes

from December 2025 acquisitions with no coincident flights, while the |M | maps come from lidar pairs in other years. The com-

parison, therefore, tests only the general spatial and temporal trends between the accumulation and no-accumulation NISAR

pairs and cannot directly confirm that a given coherence drop comes from the sub-window variability of that same scene. It

assumes the spatial ∆SWE pattern on the NISAR accumulation pair dates resembles the ∆SWE pattern from the lidar pairs440

used to predict |M |, which holds only to the extent that the terrain-driven accumulation structure repeats between events.

Paired lidar flights coincident with both NISAR observations forming an interferogram would be necessary to fully attribute

the coherence drop to the sub-window ∆SWE variability.

Both |M | and arg(M) here assume that every per-cell phasor has unit amplitude. Real backscatter differs between pixels with

different physical properties, such as soil moisture, roughness, and rock and vegetation cover of the ground surface beneath the445

snow. If these amplitude differences correlate with the same outlier pixels that drive the skew, they would amplify or dampen

the bias relative to this unit-amplitude estimate.

A remaining concern is that part of the |M | drop could be lidar depth noise rather than sub-window ∆SWE structure, since

any residual per-pixel depth error adds its own within-window phase spread. We bound this two ways in Appendix A. At

L- and P-band, the noise-only |M | is 0.96 and 1.00 against observed medians of 0.33 and 0.88, so depth noise accounts for450

almost none of the loss. C-band is the tightest case: its noise floor of about 0.45 is the only one that removes a large share of
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the coherence on its own, but since the factors multiply, the observed collapse to 0.10 still requires real ∆SWE structure to

dominate. Even so, the C-band |M | should be treated as a conservative lower bound, given the larger noise contribution.

Finally, the Tuolumne pairs were flown by ASO to bracket the dominant winter storm events. These large accumulations,

combined with the spatially complex alpine terrain, maximize the within-window variance. Therefore, the coherence losses455

reported here for the storm pairs are likely an upper bound on the problem rather than a typical value over a winter time series.

Smaller events, mid-elevation terrain, and slowly varying melt will likely be above these |M | values.

6 Conclusions

We use repeat lidar to predict, independently of any radar observations, how the spatial variability of the ∆SWE field drives an

apparent loss of InSAR coherence, separate from the temporal, geometric, and thermal decorrelation that is usually considered460

for coherence over snow. We also show that the skew of that within-window ∆SWE variability biases the retrieved ∆SWE,

though this effect is negligible compared to the decorrelation at L-band. Over four Tuolumne lidar pairs, this sub-window

variability alone lowers the L-band coherence factor |M | to a basin median of 0.25 to 0.47, a coherence loss carried entirely by

within-window ∆SWE structure, and adds a per-window retrieval bias of a few millimeters of SWE that reaches about 1.5 cm

in the steep alpine terrain. We use two NISAR pairs, one spanning a large storm and one with little snow change, to show that465

the observed coherence and its change with resolution are spatially and temporally consistent with this sub-window loss.

The ∆SWE field is organized around a measurable length scale. Its power spectrum has a scale break at ℓb ≈ 25m, the same

fine-scale roughness break reported for snow depth in previous studies, and sweeping the multi-look window across this scale

shows the median coherence factor falling from 0.54 at 9m to 0.18 at 81m, with most of the loss incurred by a few tens of

meters. Moving from the 80m GUNW posting to a 20m footprint nearly doubles the median coherence factor at L-band, from470

0.18 to 0.33, while the skew-driven retrieval bias remains at the millimeter level at every footprint.

The effect scales strongly with wavelength. At C-band, the within-window phase spread collapses the coherence (median

|M | of 0.10) and leaves almost no recoverable phase, while P-band preserves the coherence (median 0.88) but still carries a

small systematic negative retrieval bias. For L-band, NISAR, this means that coherence over spatially variable snow should

not be considered as temporal decorrelation alone, and that large accumulation events need processing at finer scales than475

the standard 80m GUNW posting to be effectively recovered. More broadly, the within-window structure of ∆SWE sets a

sampling limit on any fixed-footprint InSAR SWE retrieval. Because that limit is set by the snow and not the sensor, it can

be predicted and accommodated through the choice of processing resolution, wavelength, and timing, rather than appearing as

unexplained and unrecoverable coherence loss.

Code and data availability. All processing and analysis code is available at https://github.com/zachhoppinen/tc_snow_variability_insar. Air-480

borne Snow Observatory (ASO) lidar snow depth and SWE products are available through the ASO data portal (https://data.airbornesnowobservatories.
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com/). The NISAR geocoded unwrapped interferogram (GUNW) products are available from the Alaska Satellite Facility (https://search.asf.

alaska.edu/).

Appendix A: Lidar Noise Limitation

This appendix bounds the contribution of lidar depth noise to |M |. Because the |M | calculation runs on the 9m block-averaged485

∆SWE field, any residual per-pixel depth error adds its own within-window phase spread, which could appear as sub-window

∆SWE structure. We bound this noise in two independent ways.

First, the radial power spectrum of the 3m ∆SWE field is a clean fractal power law with no flat high-frequency shelf from

spatially uncorrelated noise, which rules out the large per-pixel noise that would otherwise appear as such a shelf. The high-

frequency tail bounds the per-pixel 3m noise at about 1.7 cm of SWE, or 0.5 cm per 9m cell after the block average. Second,490

the ∆SWE over snow-free bare ground, where the true change is zero, is random per-pixel speckle of comparable magnitude

(about 1.6 cm at 3m for WY2025). On the 9m working grid, both estimates give a noise-only |M | of about 0.45 at C-band,

0.96 at L-band, and 1.00 at P-band, against observed medians of 0.10, 0.33, and 0.88. At L- and P-band, the noise factor is

near one, so depth noise accounts for almost none of the loss. Because the noise and ∆SWE-structure factors multiply, C-band

is the tightest case: a 0.45 noise floor still leaves the observed 0.10 requiring a real sub-window factor near 0.2, so structure495

dominates over noise at every band.

These same bounds explain our processing choices. This per-pixel noise is why the main pipeline pre-averages to 9m before

forming M . At the native 3m posting, the same bounds imply a noise-only |M | near 0.67 at L-band, which the 3×3 block

average suppresses to 0.96. The window-size sweep (Section 4.3) must run on the native 3m field to resolve its smallest

windows, so its |M | curve carries this noise. Because the per-pixel noise is spatially uncorrelated, its contribution to M is a500

window-size-independent multiplicative factor, so the shape of the curve, the location of its scale break, and the ratio between

footprints are unaffected; only the absolute level is deflated, which is why the sweep |M | is reported as a lower bound.

Appendix B: VIIRS Snow-Cover Cross-Check

The corrected multi-resolution residual γ20 − γ80 (Section 4.4) attributes the storm-pair coherence drop to within-window

∆SWE variability. As an independent check that this signal tracks snow, rather than a bare-ground or vegetation artifact, we505

compare it against optical snow cover.

We use the VIIRS daily cloud-gap-filled NDSI snow-cover product VNP10A1F, Version 2 (Suomi-NPP VIIRS, 375m

sinusoidal grid, tile h08v05; distributed by the NSIDC DAAC) (Riggs and Hall, 2022). The cloud-gap-filled layer carries each

cell forward from its most recent clear observation, so every NISAR pair window has continuous coverage. For each NISAR

pair we pull the product on the end date of its temporal baseline (December 19, 2025 for the no-accumulation pair P12 and510

December 31, 2025 for the storm pair P23), because the decorrelation in an accumulation pair is driven by the new snow, which

is only fully on the ground at the end of the baseline. We convert the NDSI snow cover (0–100) to fractional snow-covered
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area (fSCA) via the linear relation fSCA =−0.01+1.45(NDSI/100), clipped to [0,1] (Salomonson and Appel, 2004), and

reproject it (nearest neighbor) onto the same 81m grid and WY2023 footprint used for the coherence panels in Figure 6.

Figure B1 places the per-pair fSCA beside the corrected γ20 − γ80 for the same pair.515

Within the surveyed footprint, the fSCA increases with elevation toward the high alpine terrain where the storm-pair residual

is largest. Across the footprint the corrected residual co-varies with fSCA for the storm pair (Pearson r =+0.40, Spearman

ρ=+0.43; mean fSCA 0.58, median residual +0.015) and only weakly for the no-accumulation pair (Pearson r =+0.08,

Spearman ρ=+0.09; mean fSCA 0.12, median residual −0.005). The correlation is moderate by construction since fSCA

indicates where snow lies rather than how much ∆SWE accumulated, which is the quantity that drives the sub-window decor-520

relation.
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Figure B1. VIIRS VNP10A1F fractional snow-covered area (fSCA) (left) and the corrected γ20−γ80 residual (right) for the no-accumulation

P12 pair (top) and the large-storm P23 pair (bottom), on each pair’s end date and shown on the common WY2023 81m footprint. The storm-

pair residual is largest over the high-elevation terrain where fSCA is highest.
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