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A B S T R A C T   

Global success of utilizing X/C/L-band InSAR (Interferometric Synthetic Aperture Radar) to survey ground 
deformation over non-forested terrain in the past two decades, has raised interest in monitoring forested lands, 
where relatively short-wavelength X/C/L SAR acquisitions often experience strong decorrelation and down
graded InSAR quality. To address this challenge, we considered the long-wavelength P-band SAR and conducted 
a large-area experiment over diverse terrains of the U.S. West Coast to comprehensively assess P-band SAR’s 
capability for ground deformation surveying. Our results show that P-band InSAR observations greatly out
performed L-band data for identifying ground deformation within forested regions and for measuring spatially 
high-gradient displacements, such as for slow-moving landslides. Over the entire study area, P-band InSAR 
helped to discover >200 new landslides that were missing from existing landslide inventories. It also demon
strated high capability of penetrating through shallow snowpack to collect SAR signals from the ground surface 
beneath. However, P-band data manifested lower sensitivity to subtle deformation, as expected theoretically, and 
encountered coherence loss resulting from heavy snowpack. Overall, P-band SAR demonstrated to be a highly 
effective tool for discovering deformation beneath dense forest canopies and for quantifying spatially high- 
gradient displacements. These findings provide an experimental basis for planning future satellite and 
airborne P-band SAR missions to enhance the capability to monitor changes of the Earth’s surface.   

1. Introduction 

Rapid technical advancement and global applications of the InSAR 
(Interferometric Synthetic Aperture Radar) technique in the past two 
decades has greatly explored and substantiated SAR’s value and po
tential for monitoring earth’s surface deformation, ranging from fault 
slip (e.g., Wright et al., 2004), volcanic unrest (e.g., Lu and Dzurisin, 
2014), landslides (e.g., Schlögel et al., 2015), glaciers (e.g., Gray, 2011), 
aquifer variations (e.g., Amelung et al., 1999), to infrastructure insta
bility (e.g., Perissin et al., 2012). Presently, X, C, and L-band SAR ac
quisitions dominate the global datasets. However, despite their 
widespread applications to measuring deformation over non-forested 
terrains, the X/C/L-band SAR sensors’ relatively short wavelengths 
(3.1–24.2 cm) generally limit their capability to penetrate through dense 
vegetation to collect relatively stable signals from ground surface, 
thereby rendering them less effective for surveying densely forested 
terrains (Xu et al., 2021a; El Hajj et al., 2018; Smith and Jol, 1995). By 
contrast, P-band SARs with a longer wavelength of 67–139 cm, holds the 

potential to address this challenge. 
In a scheme to comprehensively evaluate P-band SAR’s performance 

for surveying deformation over vegetated terrains, we utilized the 
NASA/JPL (Jet Propulsion Laboratory)’s UAVSAR (Uninhabited Aerial 
Vehicle Synthetic Aperture Radar) P-band radar that was formerly called 
AIRMOSS (Airborne Microwave Observatory of Subcanopy and Sub
surface) radar system (Chapin et al., 2012). We utilized the UAVSAR P- 
band instrument (wavelength of 69.72 cm) to acquire repeat-pass P- 
band SAR data in multiple regions on the U.S. West Coast (i.e., Wash
ington, Oregon, and California state) and investigated the advantages 
and challenges of using P-band SAR to detect and quantify ground dis
placements. The NASA UAVSAR system has two different radar in
struments (P-band and L-band) that can be attached to the same piloted 
Gulfstream airplanes, but only one instrument (either P-band or L-band) 
can be attached each time. The pod mounted beneath the aircraft houses 
all the radar electronics, and INU (inertial navigation unit) and GPS 
receiver in addition to the SAR antenna. Both the L-band and P-band 
antennas are similar in size and presently only one at a time can fit 
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within the pod. 
Through comparisons of airborne P-band and L-band SAR results in 

northern California, and an overall evaluation of P-band InSAR’s per
formance over the U.S. West Coast, our experiments consider direct 
observations to showcase the unique values of P-band SAR and explain 
its limitations. The insights gained from our results can also be used to 
help design future airborne and satellite P-band SAR missions to 
enhance deformation monitoring capabilities over forested lands glob
ally. The remainder of the paper is organized as follows: Section 2 
provides an overview of the study area and the utilized data, Section 3 
describes the methods used for the data processing and results evalua
tion, Sections 4–6 show the results of using the P-band UAVSAR for 
surveying deformation over vegetated and snow-covered terrains, as 
well as a comparison with the L-band UAVSAR observations. The dis
cussion and conclusions are presented in Sections 7 and 8, respectively. 

2. Study area and data 

Multiple dispersed areas across the western part of the U.S. West 
Coast (i.e., Washington, Oregon, and California) were selected as target 
regions for this study (Fig. 1). These target areas are dominantly forested 
by Douglas-fir, with some hemlock/Sitka spruce, alder/maple, and other 
hardwoods. Most of these tree species are coniferous, evergreen, and can 
reach 100 m in height and 5 m in diameter (USFS (U.S. Forest Service), 
2022). As shown in the 500 m resolution NDVI (Normalized Differential 

Vegetation Index) map (Fig. 1a; Didan, 2021), which was produced from 
optical images acquired during 2020 and 2021 summers (June to 
September), the imaged target areas are dominantly composed of 
moderately to densely forested terrains with NDVI >0.3 (Fig. 1a). Only a 
very small fraction of the target areas contain relatively barren terrain 
and developed land. Elevations of the target areas range from 0 to 2500 
m above sea level (Fig. 1b). 

We acquired repeat-pass P-band SAR data covering these distributed 
target areas around 13 November 2020 and 02 May 2021 (± 3 days), 
respectively, using NASA JPL’s left-looking UAVSAR P-band radar sys
tem (Table 1). For each round of the acquisitions, we collected 22 seg
ments of P-band SAR data along the designed flight path, with each 
segment being 14 km wide and 74–123 km long (Fig. 1a). The flight 
directions are marked on the near-range side of the rectangular flight 
segments in Fig. 1b. Depending on the specific location, the target areas 
were covered by one to four flight segments with distinct flight headings 
and looking angles. 

Over the Eel River region (Fig. 1a), in addition to the P-band SAR 
data, we acquired UAVSAR L-band data with the identical flight settings 
(i.e., flight direction and look angle) on 27 October 2020 and 13 May 
2021, respectively, in order to compare the P-band and L-band SAR 
results (Table 1). Detailed flight plans and the data acquisitions are 
accessible from the UAVSAR data portal (JPL (Jet Propulsion Labora
tory), 2022). 

Fig. 1. Spatial coverages of the airborne P-band and L-band data. (a) Blue and red rectangular boxes depict the target areas with a background map of NDVI. The red 
star in the top-right corner marks the geographical location of the entire study area. (b) Blue and red arrows depict the flight direction of each data segment with a 
background map of elevation above sea level. The arrows are marked on the near-range side of each rectangular flight segment in commensurate colors. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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3. Methodology 

3.1. Repeat-pass airborne SAR acquisition and InSAR processing 

Repeat-track SAR interferometry from an airborne platform demands 
high-accuracy motion control and compensation to meet the re
quirements for measuring centimeter-scale earth surface deformation. 
Different from satellite imaging, wind gusts and turbulence in the 
troposphere make it difficult for an aircraft to fly the same trajectory 
twice, and varying crosswinds frequently alter the yaw angle leading to 
non-constant antenna pointing directions (Rosen et al., 2006; Rosen 
et al., 2000). To overcome these challenges, NASA JPL’s UAVSAR radar 
system for both P-band and L-band utilizes a modified NASA Gulfstream 
III aircraft, which includes a Precision Autopilot system based on real- 
time DGPS (Differential GPS) and INU (inertial navigation unit) input, 
to control the repeat-pass flight trajectory to be within a 5 m tube 
(Chapin et al., 2012; Hensley et al., 2010). To minimize the yaw angle 
variation between repeat passes, the L-band instrument included an 
adjustable, electronically steered antenna to maintain a desired pointing 
direction based on real-time attitude angle measurements (Rosen et al., 
2006); while for the P-band instrument, the same need was offset by 
using a much wider azimuth beamwidth of 22◦ compared to the 8◦ of L- 
band, which makes the P-band acquisitions more immune to yaw angle 
variation. The P-band and L-band instruments share the same backend 
electronics, thus the P-band raw and focused single-look complex (SLC) 
images have the same sample spacing as the L-band data but coarser 
range resolution. Additionally, the UAVSAR system initiates data takes 
automatically at appropriate locations throughout the flight based on a 
preset flight plan file (Chapin et al., 2012). 

The generation of SLC images starts with calculating the flight tra
jectories of a repeat-path pair, which is achieved though blending INU 
and post-processed DGPS data on the ground for maximum accuracy. A 
subsequent motion alignment algorithm is employed to align the repeat- 
path data in both along-track and cross-track directions (Hensley et al., 
2010). Afterwards, based on the two flight trajectories, a common co
ordinate system and reference path are selected to generate SLC imagery 
through the image formation processor. If the ephemeris knowledge 
were perfect, the two images would be co-registered precisely. However, 
currently the post processing of DGPS and INU data can only achieve a 
relative position accuracy of 2–15 cm (Rosen et al., 2006; Hensley et al., 
2010), which is inadequate for producing high-precision InSAR results. 

To achieve better image alignment, the relative position data (a.k.a. 
residual motion or baseline) are refined using the SLC images. These 
residual motions are recovered through image cross correlation by 
patches (approximately every 100 m in the along-track direction and 
200 m in the range direction) to compute the along-track and range 
offsets (Madsen et al., 1993). The along-track offsets are used to estimate 

the residual baseline rate of change based on the formula (Hensley et al., 
2009): 

Δs = − bs + bctanθaz + dRsinθl
∂bc

∂s
− R

cosθl

cosθaz

∂bh

∂s
(1)  

where bs is the along-track baseline, bc the cross-track baseline, bh the 
vertical baseline, θaz the squint angle, R the range between the antenna 
and ground target, θl the look angle, s the along-track direction, and d =
1 for left-looking radar systems and d = − 1 for right looking systems. A 
Chebyshev polynomial to the estimated baseline rates is used to smooth 
the estimates, which are then integrated to calculate the residual base
line (Reigber, 2001). The range offsets as a function of range are utilized 
to solve for the magnitude of the cross-track and vertical baselines, and 
then are used to determine the constants of integration for the residual 
baseline in the Chebyshev polynomial integration of the residual base
line rates (Rosen et al., 2006; Hensley et al., 2010). Last, the residual 
baseline is applied to motion files of the interferometric pair and then 
the data are reprocessed. Residual along-track and range offsets from the 
reprocessed data are used to confirm a reduction in the residual baseline. 
Comparisons of the corrected and uncorrected baselines of each track 
are accessible from the UAVSAR data portal (JPL (Jet Propulsion Lab
oratory), 2022). 

After the residual baseline correction and a terrain-dependent mo
tion compensation using the oversampled SRTM DEMs (Shuttle Radar 
Topography Mission - Digital Elevation Model) with 1-arcsecond pixel 
spacing, the InSAR phases of two SLC images were calculated by 
multiplying the complex values of one SAR image by the complex con
jugate values of the other image on a pixel-by-pixel basis. We utilized a 
boxcar filter of 3×3 pixels to reduce speckle noise of the wrapped SAR 
interferograms, and we employed the ICU (integrated correlation and 
unwrapping) approach (Goldstein et al., 1988) to unwrap the InSAR 
phase by setting coherence thresholds of 0.4 for both the P-band and L- 
band data. Afterwards, the SAR products (i.e., SLC, coherence, and 
unwrapped phase) were geocoded using the oversampled SRTM DEMs 
(approximately 6 m × 6 m in pixel size). 

Potential deformation features and geohazards (e.g., active land
slides) were primarily identified from the InSAR line-of-sight (LOS) 
change maps, and the displacement boundaries were manually outlined, 
sometimes by incorporating other observations such as lidar DEMs and 
high-resolution optical images. 

3.2. Precision of InSAR measurements 

The precision of InSAR measurements is an important index that 
reflects the background noise level of the InSAR results. In general, 
ground deformation of an amount smaller than the InSAR precision is 
unrecognizable from the InSAR measurements, as the deformation 
signal would be hidden by the background noise. Here, we recall the 
precision of InSAR LOS measurement using the phase variance esti
mated from the InSAR coherence γ, which is computed as: 

γ =
E[u1u2

* ]
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

E
[
|u1|

2 ]E
[
|u2|

2 ]
√ (2)  

where u1 and u2 represent the complex values of a pixel in the two SAR 
images; E[•] denotes the expectation value, which is approximated 
using a sampled average within the estimation window (Just and 
Bamler, 1994). The analytic expression for the Cramer-Rao bound on the 
InSAR precision can then be estimated as (Rodriguez and Martin, 1992): 

σd =
λ

4π

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1

2L
1 − γ2

γ2

√

(3)  

where σd is the precision of the InSAR measurements, λ the SAR wave
length, and L the window size (in pixels) used for the coherence 

Table 1 
Parameters of P-band and L-band SAR acquisitions over the Eel River region.  

Band P-band L-band 

Side-looking direction Left Left 
Polarization HH HH 
Center wavelength (cm) 69.72 23.84 
Bandwidth (MHz) 17.8 80 
Pulse length (μs) 40 40 
Average flight altitude (km) 12.5 12.5 
Peak transmit power (kW) 3.1 2.0 
Thermal noise equivalent σ0 (dB) < − 50 < − 40 
Look angle (◦) 25–55 25–65 
Nominal swath width (km) 14 22 
Slant range resolution (m) 8.2 1.67 
Azimuth resolution (m) 0.6 0.6 
Multi-looked range spacing (m) 5.0 5.0 
Multi-looked azimuth spacing (m) 7.2 7.2 
Dates of acquisition #1 Around 13 Nov 2020 27 Oct 2020 
Dates of acquisition #2 Around 02 May 2021 13 May 2021  
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estimation. The estimated phase variance is a reasonable approximation 
to the actual one when the window size is greater than four (Seymour 
and Cumming, 1994). Throughout this study, a moving estimation 
window of 3×12 pixels (range by azimuth) were utilized. 

3.3. Resolvable spatial phase gradient of InSAR 

The two-dimensional InSAR phase unwrapping relies on the 
assumption that the phase difference of any two adjacent pixels along 
the unwrapping path is less than π (Goldstein et al., 1988). Under the 
condition of high InSAR coherence, the maximum resolvable displace
ment gradient gmax

los from the radar LOS measurements can be approxi
mated as 

glos
max =

λ
4w

(4)  

where w is the pixel spacing of the to-be-unwrapped InSAR image, and λ 
is the radar wavelength. Note that strong decorrelation could reduce the 
resolvable deformation gradients (e.g., Jiang et al., 2011). For the left- 
looking UAVSAR radar system, the resolvable displacement gradient 
gmax

grd along the ground motion direction is usually greater than gmax
los and 

can be derived as 

ggrd
max =

λ
4w(l • sT)

(5)  

where l ¼ [− sin θinc cos ϕhead − sin θinc sin ϕhead − cos θinc] and s =
[cosαslp sin βasp  cos αslp cos βasp − sin αslp] are the unit vectors along the 
radar LOS and ground movement directions, respectively, in a three- 
dimensional geographical coordinate system composed of east (E), 
north (N), and zenith (Z) components (Fig. 2). θinc is the incidence angle 
of the radar sensor, ϕhead the flight heading angle (clockwise from north 
as positive), and αdip the dip angle and βasp the aspect (clockwise from 
north as positive) of the ground motion vector s, respectively (e.g., 
Cascini et al., 2010). 

As described by eq. (5), the maximum resolvable InSAR phase 
gradient differs, depending on the radar wavelength, the pixel size of the 
SAR image, and the LOS direction of the radar sensor. Consequently, the 
UAVSAR P-band’s left-looking design, variable heading angles and 
incidence angles, and the achievable pixel resolutions, determine its 
unique capability for resolving ground displacement. 

3.4. Radar penetration depth 

Effective InSAR measurements demand repeat-pass SAR acquisitions 
to contain coherent backscattering signals. The Earth’s surface materials 
(i.e., SAR scatterer) are subject to frequent changes by seasonal pre
cipitation, snowfall, erosion, and other surficial processes. By contrast, 
more stable backscatter tends to exist within the subsurface layers, into 

which long-wavelength radars can penetrate. The electromagnetic 
penetration depth of radars is defined as the depth where the amplitude 
of the electromagnetic radiation strength in a medium falls to 1/e of its 
original value. In a homogenous medium of dielectric constant ε = ε′ −
jε′ ′, the penetration depth δp is given by (Ulaby et al., 1982): 

δp =
λ

4π

{
ε′

2

[ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 +
(ε′ ′

ε′

)2
√

− 1

]}− 1
2

(6)  

where λ is the radar wavelength. The real part of the complex dielectric 
constant ε′ is associated with the stored energy when the substance is 
exposed to an electromagnetic field, and the imaginary part ε′ ′ is the loss 
factor, which affects energy absorption. As indicated by eq. (6), the P- 
band SAR penetrates much deeper than L-band in the same media owing 
to its longer wavelength. For the side-looking SAR, the vertical pene
tration depth can be approximated as δp

′ = δp cos θinc using Snell’s law 
when ε′ ′ ≪ ε′(e.g., Singh et al., 2018). 

The dielectric property of natural soils, which are composed of solid 
soil particles and water, is strongly dependent on the soil type and 
moisture content (Dobson et al., 1985). For example, at moisture content 
of 5%, field measurements reported an averaged dielectric constant of 
εsoil = 5 − j0.5 for various soil types. However, both ε′ and ε′ ′ increase 
with soil moisture, indicating a reduction in radar penetration depth 
(Peplinski et al., 1995; Hallikainen et al., 1985). Field measurements 
show that saturated soils may contain up to 50% of water depending on 
soil type (USDA, 2022). 

The dielectric properties of wet snow, εws
′ and εws

′ ′, similarly vary by 
water content and can be estimated as (Tiuri et al., 1984): εws

′ = εds
′ +

Δεs
′ = 1 + 1.7ρd + 0.7ρd

2 + (0.1pw + 0.8pw
2)εw

′ and εws
′ ′ = (0.1pw +

0.8pw
2)εw

′ ′, where ρd is the dry density of snow relative to water, pw the 
volumetric water content, and εw = εw

′ − jεw
′ ′ the complex permittivity 

of water (εw = 88 − j9.8 at radar frequency of 1 GHz). Field measure
ments of moist snow (pw= 0.014) at Lionhead Mountain, Montana (USA) 
yielded an average value of εws = 1.51 − j0.015 (Bradford et al., 2009), 
which matches the theoretical estimation of εws=1.66 − j0.015. 

4. Overview of ground deformation mapped from P-band InSAR 

Utilizing the 22 segments of repeat-pass P-band SAR data that we 
acquired over distributed areas on the U.S. West Coast, we produced 
commensurate deformation maps through the InSAR technique to 
identify localized ground deformation (e.g., active landslides) between 
13 November 2020 and 02 May 2021 (Fig. 3). Moreover, we compared 
these identified deformation features (predominantly slow-moving 
landslides) with the USGS (U.S. Geological Survey) landslide in
ventory (Jones et al., 2019) and the landslide database generated from 
2007 to 2019 ALOS/ALOS-2 (Advanced Land Observing Satellite) L- 
band InSAR observations (Xu et al., 2021b). 

In total, we identified 257 active landslides during the observation 

Fig. 2. Projection of one-dimensional ground deformation to SAR LOS direction. (a) Decomposition of a radar LOS vector and (b) an exemplary downslope 
movement vector. 
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period using the P-band InSAR, of which 231 were missing from the 
USGS landslide inventory, and 195 were not reported from the 
2007–2019 L-band ALOS/ALOS-2 InSAR observations (Fig. 3). The di
mensions of the mapped landslides range from 3.7×103 to 12×106 m2. 
The slow motion of these landslides indicate that they are already in a 
state of force imbalance, so are potential candidates for a future disaster 
under the disturbance of earthquakes, intense rainfall, and/or anthro
pogenic activities (Lacroix et al., 2020). 

Many of the identified landslides were missing from the USGS in
ventory, potentially because the USGS landslide inventory was primarily 
based on geological maps and human reports, so the slowing-moving 
landslides without obvious geomorphic signatures (e.g., headscarps) 
or located in remote forests were less likely to be reported (e.g., Xu et al., 
2021b). Some of the identified landslides were also missing from the L- 
band ALOS/ALOS-2 InSAR results, which can be primarily attributed to 
two causes. First, the airborne SAR has relatively finer pixel spacings 
than the satellite ALOS/ALOS-2 data to allow for identifying small-sized 
landslides: airborne P-band SAR of 1.67 m × 0.6 m (range by azimuth) 
versus satellite ALOS-2 of 4.3 m × 3.2 m (e.g., Xu et al., 2021a). Second, 
the P-band SAR has a stronger capability to penetrate through dense 
forests to achieve better InSAR coherence (detailed in Section 5.2). 

The comparison results also revealed that the 1932–2017 USGS 
landslide inventory includes considerably more landslides than our P- 
band InSAR identifications in particular regions, such as the central 
Oregon coast, the Columbia River area in southern Washington (Area #2 
in Fig. 3), and the Eel River region in northern California (Area #5 in 
Fig. 3). This could be because the USGS inventory included many 

onetime landslides, which were no longer active between November 
2020 and May 2021. Alternatively, some might be catastrophic land
slides, which induced severe coherence loss to render InSAR measure
ments ineffective. In addition, 87 landslides were found to be active by 
the 2007–2019 ALOS/ALOS-2 InSAR observations, yet they were 
missing from the P-band InSAR identifications. The potential causes 
include these landslides’ inactivity from November 2020 to May 2021, 
P-band SAR’s insensitivity to subtle deformation (detailed in Section 
5.5), and/or the different look angles between satellite and airborne SAR 
sensors. 

5. Evaluation of P-band versus L-band SAR - Eel River region 

Over the Eel River region (Figs. 1 & 4), we acquired both P-band and 
L-band data with identical flight heading and similar look angle around 
the same dates (Table 1) to allow for a comparison of P and L-band SAR. 
Two flight segments with opposite headings were collected for each 
band (Fig. 1): flying southeast for the western segment, and northwest 
for the eastern segement. These two flight segment areas are dominantly 
covered by evergreen forest (64%), followed by mixed forest (9%), 
developed open space (6%), grassland and herbaceous land (6%), 
shrub/scrub (5%), shrub forest (4%), deciduous forest (3%), and other 
land types (Fig. 4; Yang et al., 2018). In comparison, the western 
segment covers more developed space, open water, and pasture/hay 
landtypes near a coastal town than the eastern one (13% versus none), 
while the eastern segment covers more herbaceous/shrub forests than 
the western one (7.6% versus 1.9%). Detailed comparisons between the 

Fig. 3. Mapped landslides from P-band InSAR and a comparison to the USGS landslide inventory (Jones et al., 2019) and the 2007–2019 ALOS/ALOS-2 InSAR 
identifications (Xu et al., 2021b). The background map was produced from the 1981–2010 average precipitation (PRISM Climate Group, 2022). Five selected areas 
(#1 - #5) are shown in scaled-up sub-panels. 
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P-band and L-band SAR regarding the backscattering amplitude, InSAR 
coherence, quality of InSAR measurements, ability to measure spatially 
high-gradient displacement, and sensitivity to subtle deformation are 
presented below. 

5.1. Backscattering amplitude 

Fig. 4 shows that the P-band SAR received slightly stronger 

backscattering amplitudes than the L-band SAR by 1.65 dB on average 
over the entire Eel River region. The amplitude medians suggest a 
similar trend (Fig. 4d,e), with the western flight segment showing more 
significant difference (1.85 dB) than the eastern flight segment (0.85 dB) 
between the P and L bands. The amplitude median of SAR data usually 
varies within 0.5 dB depending on the acquisition date, but an exception 
of 1.7 dB was found for the L-band acquisitions on the western segment. 
Technically, the amplitude differences between the P-band and L-band 

Fig. 4. Comparison of post-calibration backscattering amplitude of the HH-polarization P-band and L-band SAR over the Eel River region. (a) illustrates land cover 
types based on the classifications and colormaps in Yang et al. (2018), with a legend given immediately above Fig. 4f. (b) and (c) compare backscattering amplitudes 
of the first L-band (27 Oct 2020) and P-band acquisitions (13 Nov 2020), respectively. (d) and (e) show the amplitude probability distribution of the first and the 
second P/L-band acquisitions for the western and eastern flight segments, respectively. Here, the first/s P-band acquisition is annotated as “P-amp1/2”. (f) depicts the 
pixel counts (in logarithmical scale) and area percentages of each land type in the entire Eel River region. (g) shows the comparison of backscattering amplitude for 
variable land cover types. 
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SAR result are dominated by surface roughness effects and partly from 
soil moisture mv (Lu and Meyer, 2002). An empirical relationship can be 
given as (Zribi and Dechambre, 2003): σdB

0 = amv + be− khrms + c, where 
σdB

0 is the backscattering coefficient in decibels, k = 2π/λ is the wave 
number, hrms is root-mean-square surface height, and the coefficients a, 
b, and c are dependent on both radar incidence angle and polarization. 
In general, the SAR backscattering amplitude correlates positively with 
radar wavelength and soil moisture. Note that soil moisture may vary by 
season and following recent rainfall events. The first and second SAR 
images were collected in November 2020 (wet winter season) and May 
2021 (dry summer season), respectively. 

In general, areas with tall vegetation (e.g., forests) showed much 
greater backscattering amplitude for both P-band (> − 4 dB) and L-band 
(> − 5 dB) SAR, owing to the stronger volume scattering (Fig. 4g). By 
contrast, areas with short vegetation and barren lands showed much 
lower SAR amplitude (< − 4 dB for P-band and < − 5 dB for L-band). 
Interestingly, developed areas, ranging from low intensity to high in
tensity, all manifested significant amplitude differences between P and 
L-band SAR acquisitions by 2.4 to 2.9 dB (Fig. 5). Large amplitude dif
ferences were also found for barren land (2.0 dB), woody wetlands (1.9 
dB), open water (1.67 dB), and developed open space (1.64 dB) (Fig. 5a). 
The amplitude difference in the bare-surface areas between the P and L- 
band acquisitions can be attributed to ground cover differences, from 
emergent grasses or other small vegetation between May and November. 
Phenology impact of trees in developed spaces could also cause seasonal 
backscatters and lead to different response in P and L bands. 

5.2. Coherence of repeat-pass SAR acquisitions 

When using InSAR to survey ground deformation, the coherence of 
repeat-pass acquisitions is a critical and straightforward measure to 
evaluate the potential precision of InSAR measurements, as shown in eq. 
(3). Over the Eel River region, Fig. 6 shows that the P-band SAR main
tained much better coherence than the L-band acquisitions. For both the 
western and eastern flight segments, P-band InSAR had a coherence 
median of approximately 0.7, in comparison to the much lower 0.4 for L- 
band data (Fig. 6d,e). 

Not surprisingly, the InSAR coherence of both P and L-band acqui
sitions is strongly dependent on land cover types (Fig. 6f). In general, 
both bands retained relatively good coherence for developed spaces and 

herbaceous forest, with coherence >0.55 for P-band and > 0.43 for L- 
band. By contrast, much lower coherences were encountered over her
baceous wetlands and pasture/hay for both the P (< 0.36) and L (<0.23) 
bands. More interestingly, P-band SAR showed significantly higher 
coherence than the L-band data (coherence difference > 0.17) over 
woody wetlands (0.2), mixed forest (0.19), evergreen forest (0.17), 
developed open space (0.17), and developed space with low intensity 
(0.17) (Fig. 5b). Note that the mixed forest and evergreen forest together 
constitute 72% of the Eel River region (Fig. 4f). 

The coherence difference of P/L-band InSAR lies primarily in radar’s 
wavelength-dependent penetration capability. In the forested areas, the 
long-wavelength P-band SAR is more capable of penetrating through 
dense forest canopies to collect relatively coherent signals from the 
ground surface, which are stronger than the returns from tree leaves and 
branches that are subject to wind motion and seasonal growth. In the 
regions with sparse vegetation or bare surface, P-band SAR can pene
trate to much deeper subsurface layers than the L-band, where the soil 
composition and moisture content are relatively steady throughout the 
year on the U.S. west coast (e.g., USDA, 2022; Xu et al., 2019). In 
contrast, surface layers contain less steady scatterers, owing to material 
alteration by surficial processes (e.g., vegetation growth and surficial 
erosion) and soil moisture fluctuation by seasonal precipitation (e.g., 
USDA, 2022). Using the dielectric constant of εsoil = 5 − j0.5 for moist 
soils (Peplinski et al., 1995; Hallikainen et al., 1985) and eq. (6), we can 
estimate that P-band SAR collects backscattering signals from a depth 
down to 0.5 m beneath the bare surface (along the LOS direction), in 
comparison to 0.17 m for the L-band. This greater penetration depth 
partly helped P-band SAR data to maintain higher coherence. Addi
tionally, the longer-wavelength P-band SAR experiences less volume 
decorrelation than the L-band while penetrating into the media (Hoen 
and Zebker, 2000). 

5.3. Quality of SAR interferometry 

To have a clear illustration of the capabilities of P-band and L-band 
InSAR for discovering ground displacement, we highlight a small 
landslide-prone area within the Eel River region for a comparison 
(Fig. 7). The geographical location of this highlighted area is outlined in 
Figs. 3 & 6a. As shown in Fig. 7, the P-band SAR interferogram captured 
the landslide deformation more clearly than the L-band, as indicated by 

Fig. 5. Amplitude and coherence differences in P and L bands over the Eel River region. (a) Amplitude differences of the P versus L-band SAR by land cover type. The 
averaged amplitude of the November 2020 and May 2021 acquisitions were used to calculate the difference. (b) Coherence differences of P- and L-band InSAR by 
land cover type. 
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a much lower level of background noise. This is of critical importance to 
accurately determine landslide boundaries. In terms of InSAR coher
ence, the P-band SAR also performed much better with coherences >0.5, 
in comparison to <0.4 for one thirds of the area from the L-band SAR 
(Fig. 7c,d). In unwrapped interferograms, P-band InSAR outperformed 
the L-band regarding the number of measurable unwrapped points, 
which is a key to capturing the spatial pattern of landslide dynamics. In 
summary, P-band InSAR overall demonstrated better quality for 
detecting ground deformation in this vegetated area. 

As explained in Section 5.2, P-band SAR’s stronger capability of 
penetrating through dense forests and surface soils was most likely the 
cause for its better performance than the L-band SAR. Such advantages 
are particularly prominent over densely forested regions, but less sig
nificant over areas without much vegetation (Figs. 7 & 8). Note that P- 
band SAR may also encounter coherence loss and phase unwrapping 
difficulties owing to highly dense vegetation and large deformation 
(Fig. 7e). 

5.4. Measurement of spatially high-gradient displacement 

Given a particular pixel size that is determined by the SAR instru
ment, measuring spatially high-gradient surface displacements is one of 
the primary challenges that InSAR frequently encounters in studies of 

non-tectonic and tectonic deformation processes. Typical examples 
include ground subsidence caused by underground mining (e.g., Wang 
et al., 2018), slow-moving landslides (e.g., Handwerger et al., 2015), 
and concentrated fault ruptures (e.g., Li et al., 2011), where high- 
gradient displacements often lead to unresolvable phase jumps for 
short-wavelength InSAR. Here, we highlight an example of the slow- 
moving Cameron Ridge landslide (Fig. 8) to showcase P-band SAR’s 
capability for measuring spatially high-gradient deformation. 

Fig. 8b shows that the Cameron Ridge landslide only has sparse and 
shallow vegetation (i.e., predominantly grassland and herbaceous 
plants), which indicates that the significant decorrelation of L-band 
InSAR within the landslide area can be primarily attributed to landslide 
motion. In comparison, the masked-out low-coherence areas (coherence 
<0.4), which are located west and immediate south of the landslide on 
the unwrapped L-band interferogram (Fig. 8c), are more likely caused by 
dense vegetation (see Fig. 8b). As shown in Fig. 8d, at the upper section 
of the landslide along the longitudinal profile A-A′, the landslide dis
placements were gradual (i.e., low spatial displacement gradient) and 
were measurable by both the P and L-band InSAR. Moving downslope to 
about 1500 m distance from point A, high displacement gradients were 
encountered, which appear as a decorrelated area in the L-band SAR 
interferograms (Fig. 8c) leading to unresolvable phases (i.e., the 
masked-out area of coherence <0.4). By contrast, the longer-wavelength 

Fig. 6. Comparison of coherence of P-band and L-band InSAR. (a) shows the land cover type with a legend given immediately above Fig. 6f. (b) and (c) depict InSAR 
coherence of L-band and P-band data, respectively. (d) and (e) compare coherence probability distribution of the P/L-band InSAR for the western and eastern flight 
segments, respectively. (f) shows the average P/L-band InSAR coherence for each land cover type. 
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P-band InSAR could resolve the displacements in this section success
fully, because a phase of π (potentially a phase jump) in L-band InSAR 
only corresponds a phase of π/2.9 on P-band data owing to the ratio of 
the wavelengths. Moving further downslope to the landslide toe area, 
both the P-band and L-band InSAR encounter difficulties resolving the 
displacements, potentially owing to the very high displacement 
gradients. 

Along the transverse direction from B to B′, high displacement gra
dients were encountered throughout the profile for the L-band InSAR 
(Fig. 7e), thus only the P-band InSAR was able to quantify the defor
mation. However, the very high displacement gradients near the land
slide boundaries were also unresolvable by the P-band data. From eq. (5) 
we can see that, with identical flight path and side-looking angle, the P- 
band SAR can resolve displacement gradients that are 2.9 times as high 
as those resolved by the L-band SAR, due to the advantage of a longer 
radar wavelength. 

5.5. Sensitivity to subtle deformation 

In contrast to high-gradient displacements, recognition of subtle, 
low-amplitude deformation demands a low background noise to allow 
deformation signals to be clearly distinguishable. As shown in eq. (3), 
both radar wavelength and InSAR coherence impact the background 
noise level (i.e., InSAR precision). Here, we highlight the slowly moving 

Graham Creek landslide as an example to compare P-band and L-band 
InSAR’s abilities to capture subtle deformation features (Fig. 9). The 
geographical location of this landslide was shown in Figs. 3 and 6a. 

Fig. 9 shows that both the P-band and L-band interferograms detect 
deformation signals over the Graham Creek landslide complex. 
Excluding the masked-out areas (InSAR coherence <0.4), P-band SAR 
was able to retain an average coherence of 0.7, much higher than the L- 
band InSAR of 0.45. However, on the unwrapped interferograms, the 
“recognizable” deformation areas from the P-band SAR are much 
smaller than those from the L-band SAR (Fig. 9). Only the three rela
tively fast-moving sections within the landslide complex were distin
guishable from the P-band observations, whereas other sections were 
hidden by the background noise. By contrast, the L-band InSAR was able 
to reveal a much larger deforming body of the landslide complex 
(Fig. 9). However, the fast-moving northeast and southmost sections, 
which potentially caused substantial decorrelation for the L-band InSAR, 
were only measurable by the P-band InSAR. 

Using eq. (3), we can obtain that the achievable precision of InSAR 
measurement from P-band SAR was 0.28 cm, whereas that from L-band 
InSAR was 0.18 cm. Consequently, despite of the higher coherence, P- 
band InSAR is relatively less sensitive to subtle deformation than L-band 
InSAR in certain environmental settings. 

Fig. 7. Comparison of P-band and L-band InSAR for detecting localized deformation over vegetated terrains. (a), (c), and (e) show the wrapped interferogram, 
coherence map, and unwrapped interferograms derived from the P-band SAR images, respectively. (b), (d), and (f) show the corresponding results derived from the L- 
band images. The black arrows in (a) denote the average downslope directions of the landslides (generally towards the creek as visible in Fig. 8b). Blank spaces in (e) 
and (f) are masked-out areas during phase unwrapping using a coherence threshold of 0.4. 
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6. Evaluation of snow penetration capability - Cascade 
mountains 

Seasonal snowfall and melting, which determine snowpack thickness 
and surface features, are another challenge for short-wavelength SAR to 

achieve high coherence and thus desirable InSAR measurements. We 
investigated P-band InSAR’s performance over snow-covered terrains, 
by using repeat-pass acquisitions covering three of the high mountain 
areas (i.e., Mt. Rainier, Mt. St. Helens, and Mt. Adams) in the Cascade 
Ranges (Fig. 10), the NGSA (National Gridded Snowfall Analysis) snow 

Fig. 8. Capability of P-band and L-band InSAR for measuring high-gradient deformation. (a) and (c) depict the unwrapped P-band and L-band interferograms, 
respectively. (b) April 2019 optical image of the same area. (d) shows the measured unwrapped phase of the landslide displacement along the longitudinal profile 
A–A’ in (a), and (e) shows the measured phases along the transverse profile B–B′. The legend “P-band× 2.9” means converting P-band phase to equivalent L- 
band phase. 

Fig. 9. Sensitivity of P-band and L-band InSAR to subtle ground deformation. The top three panels are wrapped interferogram, coherence map, and unwrapped 
interferogram from the P-band InSAR, respectively. The bottom three panels are corresponding images from the L-band InSAR. The dashed and solid polylines denote 
landslide boundaries inferred from the P-band and L-band InSAR, respectively. The blank spots on the unwrapped interferograms are masked-out areas (coher
ence <0.4). 
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depth data (NWS (National Weather Service), 2022), and daily snow 
depth measurements at 23 SNOTEL (snow telemetry) stations (Fig. 11). 

The NGSA data in 0.04◦ × 0.04◦ resolution record the cumulative 
snow depths based on daily snowfall, and therefore are not a direct 
measure of snowpack thickness. To obtain snowpack thickness data 
covering the entire study area, we utilized daily snow depth measure
ments at 23 SNOTEL stations (USDA, 2022) from 13 November 2020 to 
30 April 2021 to calibrate the NGSA data. Geographical locations of 
these SNOTEL stations are shown in Fig. 11a. A linear relationship of ds=

0.38dn – 0.59 (R2=0.76) was found between the SNOTEL observations ds 
and the NGSA records dn (Fig. 11b), and was used to compute the cali
brated NGSA snow depth. 

By incorporating the calibrated snow depths, we found that change 
of snowpack thickness between the first and the second SAR acquisitions 
had significant impact on the InSAR coherence (Fig. 10b,c). Severe 
coherence loss (coherence <0.3) was observed at and near the three 
volcanic mountains, where maximum change of snow depth exceeded 3 
m owing to the high elevation. By contrast, the areas with relatively 
shallow snowpacks (i.e., snow depth < 0.5 m) could retain coherences 
higher than 0.7. A scatter plot containing all of the observation pixels 
(Fig. 10e) shows that, in general, the InSAR coherence was relatively 
unaffected by the change of snowpack thickness on the two acquisition 
dates, if the change was within 1.5 m. For example, many pixels with 

snow depth ranging from 0 to 1.5 m could maintain coherences as high 
as 0.9 (Fig. 10e). However, once the snowpack thickness exceeded 1.5 
m, the InSAR coherence generally decreased with snow depth, as 
revealed by the decreasing highest coherence (Fig. 10e). 

The ground surface was barely covered by snow during the first SAR 
acquisition on 13 November 2020 (Fig. 10a), while during the second 
SAR acquisition on 30 April 2021, the ground surface was covered by 
snowpack ranging from 0 to 5.3 m thick (Fig. 10b). P-band SAR was able 
to collect coherent data despite such alteration of surficial scatterers (e. 
g., in the areas surrounding Mt. St. Helens and Mt. Rainier (Fig. 10c)), 
because the P-band radar could penetrate through shallow snowpack to 
collect backscattering signal from the soils beneath. However, once 
reaching the earth surface (i.e., soils), radar can penetrate through wet 
soils by only limited depth (discussed in Section 5.2). Using eq. (6) and 
an averaged complex dielectric constant of ε = 1.56 − j0.015 for slightly 
moist snow (volumetric water content ≈ 0.014) measured in Montana, 
USA (Bradford et al., 2009), we can estimate that the P-band SAR can 
penetrate through moist snowpack by approximately 9.2 m. It is 
equivalent to 7.1 m in vertical depth considering the radar’s average 
incidence angle of 40◦. The radar penetration depth of snow decreases 
rapidly with water content. Following the theoretical approximation 
detailed in Section 3.4, we can estimate a dielectric constant of ε = 2.3 −
j0.009 for wet snow (pw= 0.06), which corresponds to a vertical radar 

Fig. 10. Performance of P-band InSAR over snow-covered terrains. (a) and (b) depict the snow depth changes during 20,200,903–20,201,113 (YYYYMMDD) and 
20,201,113–20,210,430, respectively, using the calibrated NGSA data. (c) shows coherence map of the P-band InSAR pair 20,201,113–20,210,430. (d) illustrates 
elevations of the area. (e) shows a scatter plot of InSAR coherence and snow depth from 20,201,113 to 20,210,430. A qualitative, piecewise trend line is shown in red. 
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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penetration depth of 1.43 m and has a better match with the InSAR- 
inferred penetration depth of 1.5 m. Note that snowpack wetness 
generally ranges from 0 to 15% in the field (Techel and Pielmeier, 2011), 
but we did not have direct measurements of snow wetness in the Cascade 
mountains. Additionally, we found that the SAR amplitude increased 
with snowpack thickness until the snow reaches 2.5 m thick, whereafter 
a negative correlation was observed (Fig. 11c). The relationship between 
SAR amplitude difference and InSAR coherence, however, seemed to be 
random. The wrapped InSAR phase also does not exhibit clear correla
tion with snow depth. 

To summarize, high InSAR coherences were found in areas where 
snowpack thickness changed by <1.5 m, potentially because P-band 
radar could penetrate through the snow cover to collect backscattering 
signals from the ground surface. However, over areas with moist and 
thick snowpack (> 1.5 m), P-band InSAR started to experience 
increasingly stronger coherence loss. Note that the radar penetration 
depth can increase significantly for dry ice and snow. For example, the 
C-band SAR was reported to reach a penetration depth of 12 to 35 m for 
the Greenland Ice Sheet (Hoen and Zebker, 2000). P-band radars are 
expected to achieve even greater penetration depth under similar 
conditions. 

7. Discussion 

7.1. Highlight of deformation features captured by P-band InSAR 

Another objective of this study was to identify ground deformation 
features and geohazards near the U.S. West Coast using P-band SAR’s 
unique, combined capabilities of strong vegetation penetration, variable 
flying path, and relatively high spatial resolution. Here, we highlight six 
actively deforming features (i.e., landslides) that are found to be near 
local communities and thus pose potential risk to human safety and 
infrastructure in the vicinity. Fig. 12a depicts the Oso landslide site in 
Washington, where a catastrophic slope failure occurred in March 2014 
and evolved into a mobile debris flow killing 43 people down the slope 
within two minutes (Iverson et al., 2015). The P-band InSAR revealed 
that three parts of the landslide deposits are still deforming. Fig. 12b 
shows the Montague Creek landslide, which is located approximately 3 
km southwest of the Oso landslide. This landslide is covered by dense 
vegetation and thus difficult to identify from the high-resolution optical 
image, but its movement was clearly revealed by the P-band SAR 

interferogram. The similar geological and topographical setting as the 
Oso landslide indicate that, a runout failure of the Montague Creek 
landslide could severely damage the community down the slope. 

The P-band InSAR also helped to discover two vegetated, small-sized 
landslides in Washington on which residential houses were built. 
Fig. 12c illustrates the Aalvik Road landslide in Washington, upon which 
a dozen of houses are seated. Fresh pavement and cracks near locations 
where the landslide body crosses Aalvik Road, as observable from the 
July 2021 high-resolution Google Earth image, also indicate active 
deformation of this landslide. Fig. 12d pictures the Happy Camp land
slide in Washington with a few houses. Fresh cracks and pavement on 
the Washougal River Road, which crosses the landslide body, confirm its 
recent activity. The slow movement of both landslides is likely to cause 
gradual yet continuous damage to the road and houses. 

Additionally, with flying headings and left-looking design that are 
different from the satellite ascending/descending routines, the P-band 
InSAR allowed to confirm landslide activity and provide supplementary 
observations from a new look angle. Fig. 12e portrays the Red Bluff 
landslide (approximately 13 km2 in size) in Washington. The huge 
volume of this landslide aroused concerns for its potential future damage 
to the highway and underground pipelines, and for tsunamigenic runout 
hazard to the towns on both banks of the Columbia River (Randall, 
2012). Previous satellite InSAR observations captured its activity from 
2007 to 2019 (Pierson and Lu, 2009; Randall, 2012; Xu et al., 2021b), 
and the P-band InSAR confirmed its continued slow movement from 
November 2020 to May 2021 (Fig. 12e). Fig. 12f highlights the Cape 
Meares landslide on the Oregon coast. A popular coastal town is located 
downslope of a destabilized section of this landslide complex and could 
be threatened by future landslide activity. The Cape Meares landslide 
was documented since 1899, and its recent movement has caused sig
nificant destruction to a highway crossing the landslide, leading to a $22 
million rerouting project in 2022 to bypass the landslide area (Otak Inc, 
2014). The P-band InSAR observations revealed that the landslide 
continued its slow movement from November 2020 to May 2021, and 
during this period, no observable runout failures were found from the 3- 
m-resolution truecolor images (Planet Labs, 2022). 

7.2. SAR LOS direction and sensitivity to ground deformation 

Unlike the nearly orthogonal observations of optical sensors, the 
side-looking SAR systems have different sensitivity to ground 

Fig. 11. Calibration of NGSA snow depths. (a) The NGSA snow depth change from 13 November 2020 to 30 April 2021 and geographical locations of the SNOTEL 
stations. (b) A linear fitting of the NGSA and SNOTEL snow depths. (c) The relationship between snow depth changes and SAR amplitude changes. 
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displacement depending on both the SAR LOS direction and the ground 
motion direction. Based on the geometry illustrated in Fig. 2, an arbi
trary ground deformation vector Dgrd can be projected into the radar LOS 
direction as: Dlos = Dgrd • (l • sT). The value of (l • sT) decreases as βasp 
rotates from LOS-parallel to LOS-perpendicular directions (ϕhead to ϕhead 
± 90◦), which indicates decreased sensitivity of the side-looking SAR to 
ground displacement along commensurate directions in a three- 
dimensional coordinate system (Xu et al., 2021a). A simplified visuali
zation can be achieved by setting θinc or ϕhead as the only variable, while 
other parameters are held constant. Consequently, SAR satellites on the 
sun-synchronous orbit commonly have lower sensitivity to ground mo
tions along the satellite flying paths (roughly north-south oriented) and 
higher sensitivity to the west-east oriented movement. 

In addition, the Earth’s surface topography would inevitably cause 
blind spots for the side-looking SAR observations owing to the layover (i. 
e., θinc < αslp < 90◦) and shadow (i.e., 90 ◦ − θinc < αslp < 90◦) effects 
(Fig. 2; Rosen et al., 2000). However, the side-looking design could 
greatly help invert three-dimensional displacement vectors, provided 
that the same deformation field observed from no less than three inde
pendent LOS angles. 

For detecting subtle ground deformation, adjusting the SAR LOS 
direction could make a difference to increase the detection sensitivity (e. 
g., Xu et al., 2021a). For example, the nearly south-facing Montague 

Creek landslide (Fig. 12b) was hardly discoverable from the ascending 
and descending polar-orbit satellite SAR, but was clearly revealed by the 
west-east flying airborne SAR data. Moreover, the UVASAR P-band 
system’s wide range of incidence angles from 25◦ to 55◦ could help 
reduce the blind spots caused by earth’s topography, and the variable 
looking angles are also beneficial for SAR tomography studies (e.g., 
Reigber and Moreira, 2000). 

7.3. Potential, limitation, and outlook of P-band InSAR 

The SAR wavelength λ depends upon the operational frequency f of 
the radar system as: λ = c/f, where c is the speed of light. Low-frequency 
electromagnetic waves (e.g., 430 MHz for the UAVSAR P-band) expe
rience less attenuation and can penetrate to greater depth than the high- 
frequency X/C/L-band SAR sensors (1–12 GHz). Consequently, P-band 
SAR systems have unique capabilities for revealing deformation and 
other signals covered by surficial materials (e.g., vegetation and snow), 
such as landslides in dense forests (e.g., Xu et al., 2021a), subsurface 
valleys in desert sands (e.g., McCauley et al., 1982), subglacial 
groundwater table (e.g., Bessette et al., 2021), and root-zone soil 
moisture (e.g., Tabatabaeenejad et al., 2014). The greater penetration 
depth is critical for monitoring densely forested tropical/subtropical 
zones and snow-covered areas. 

Fig. 12. Active landslides near communities discovered by the P-band InSAR from 13 November 2020 to 30 April 2021. (a) to (f) depict the Google Earth truecolor 
images and P-band SAR interferograms of the six highlighted landslides. The red polygons and the black arrows inside the polygons denote the boundaries and 
downslope directions of the landslides, respectively. Geographical coordinates of these landslides are marked on the sides of the images. Acquisition times of the 
optical images are annotated in the format of “YYYY-MM”. A fringe on the SAR interferogram (phase change from -π to π) represents a LOS displacement of 34.9 cm. 
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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For discovering subtle deformation over predominantly barren ter
rains, the shorter-wavelength X/C/L-band SAR may be more suitable. As 
demonstrated in Section 5.5, provided that the InSAR coherences only 
differ slightly, the short-wavelength InSAR tend to have higher mea
surement precision. Conversely, long-wavelength SAR data are 
preferred for resolving spatially high-gradient displacements (i.e., large 
deformation occurring within a localized area), which often lead to 
significant coherence loss and render the short-wavelength X/C/L-band 
InSAR measurements ineffective (detailed in Section 5.4). Note that 
resolving high-gradient displacement of continuously deforming fea
tures (e.g., volcanic inflation, slow-moving landslides and glaciers, and 
creeping faults) could also benefit from temporally dense SAR acquisi
tions and high pixel resolution. 

Presently, the majority of satellite SAR systems operate in the X/C/L 
bands, and only a few airborne systems are able to collect P-band SAR 
data, such as German aerospace Center (DLR)’s F-SAR system (Horn 
et al., 2009) and NASA’s UAVSAR P-band system (Chapin et al., 2012). 
However, to acquire P-band SAR data routinely with global coverage, 
satellite P-band SAR systems are required. To this end, the ESA (Euro
pean Space Agency)’s planned P-band BIOMASS mission planned for 
launch in 2024 has moved us a step forward (Quegan et al., 2019). The 
designed spatial resolution of 60 m × 50 m (range by azimuth) might be 
challenging for monitoring localized ground deformation (e.g., small- 
sized landslides), but potential applications can be found for large 
deformation features such as volcanoes and faults. The BIOMASS mis
sion’s 3-day repeat cycle and dual-baseline configuration, however, can 
greatly help reduce temporal decorrelation. Additionally, spaceborne 
SARs operating in P-band are subject to stronger radio frequency 
interference (RFI) and ionospheric impacts (e.g., Faraday rotation and 
phase scintillation) in comparison to radars operating in higher fre
quencies. Nevertheless, studies show that the RFI can be effectively 
mitigated using variable approaches (e.g., Tao et al., 2019), and the 
ionospheric influence can be minimized through a dawn-dust orbit 
design (Rogers et al., 2013). In particular, the Faraday rotation is readily 
compensated using polarimetric acquisitions (e.g., Freeman, 2004), and 
the ionospheric phase scintillation can be compensated using fully 
polarized SAR data and phase gradient autofocus (e.g., Rogers et al., 
2013; Li et al., 2015). 

8. Conclusions 

In recent decades, the relatively short-wavelength X/C/L-band 
InSAR systems have proven to be powerful tools for measuring earth’s 
surface deformation. However, significant coherence loss resulting from 
dense forest canopies and fast ground movement remain a challenge for 
these SAR systems. In this study, we investigate if the longer-wavelength 
P-band SAR could help address these challenges. By utilizing the NASA 
JPL’s UAVSAR system to collect repeat-pass P-band data over diverse 
terrains in the U.S. West Coast and both P/L-band SAR data that overlap 
in the Eel River region (northern California), we conducted a compre
hensive evaluation of P-band SAR’s performance for detecting and 
measuring ground deformation. Our results show that, in general, P- 
band (wavelength≈70 cm) SAR could achieve better InSAR coherence 
over particularly densely forested areas and lead to more clear signals 
for deformation surveying than L-band (wavelength≈24 cm) InSAR. 
Moreover, the P-band InSAR outperformed the shorter-wavelength L- 
band data for resolving spatially high-gradient ground displacements, 
which are commonly encountered for slow-moving landslides and 
ground subsidence caused by underground excavations and fault- 
bounded aquifers. Partly owing to the variable flying paths, the UAV
SAR P-band data helped to discover >200 slow-moving landslides 
within the study area that were missing from existing landslide in
ventories. Some of these newly discovered landslides are near commu
nities and could be potential safety threats. 

Despite of the above-mentioned advantages, we found that P-band 
SAR exhibits decreased sensitivity to subtle ground deformation over 

sparsely vegetated terrains, where the X/C/L-band SAR acquisitions 
were able to retain high coherence but had relatively lower noise levels. 
Over the snow-covered terrains in the Cascade Ranges, the P-band SAR 
was able to able to penetrate though snowpacks thinner than about 1.5 
m in vertical depth, and the coherence loss started to increase for much 
thicker snowpacks. 

In summary, the P-band SAR could be a critical supplement for the 
existing X/C/L-band SAR systems to help survey ground deformation, 
particularly for the regions where dense forest canopies or spatially 
high-gradient displacement challenge the performance of the short- 
wavelength SAR significantly. 
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