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Annual Report 
Summary: We have begun exploration of the use of synthetic datasets to evaluate 
approaches for ingesting GPS and InSAR data into a self-consistent, time-variable 
deformation map.  We have completed initial analyses using fairly simple 
problems (1D deformation, white noise) and are now transitioning to the use of 
actual data geometries and more realistic noise and signal types.  We are 
evaluating the generation of metrics that will facilitate the interpretation of the 
spatially variable quality of any output deformation model. 

 
In recent years, the steadily increasing volume of continuous (and campaign) GPS 
observations and freely-available SAR imagery has prompted calls from the community 
for a model of ground deformation that is consistent with both of these data types.  Such 
products have been produced in the past, such as the Crustal Motion Map, which included 
contributions from campaign and continuous GPS data, as well as models of coseismic 
offsets.  The Plate Boundary Observatory, SCRIPPS Orbit and Permanent Array Center 
(SOPAC) and JPL all have versions of a secular model of motion at existing sites that can 
be easily accessed through web portals or through ftp.  However, these products all are 
GPS-only and do not explicitly include a characterization of seasonal signals, which may 
be quite large for some stations.   

 
 
Figure 1: Magnitude (peak to 
peak) of best-fit sinusoid at each 
GPS site.  Magnitudes are similar 
to those of the best fit non-
sinusoidal signal.  We also 
performed this analysis for 
deformation projected into the 
radar LOS. 
 
 
 
 
 
 
 

In this proposal, we explored two aspects of the generation of such a model – how we can 
best characterize the seasonal deformation fields, which are often large compared to the 
secular rate and are not always fit well by the standard annual and biannual terms, and the 
performance of some simple approaches for combining the InSAR and GPS into a single 
product. 
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For each GPS site with more than 3 years of data, we compared the fits of the best-fit pair 
of annual and semi-annual sinusoids (allowing for a phase shift) with a low-pass filtered 
(3 month period cutoff) version of the average annual signal.  The characterization of 
both terms improves with time, up to the limit where the actual shape of the seasonal 
signal varies from year to year, depending on rates of rainfall, etc.  Future work will 
involve the assessment of spatial correlation to the annual modulation of each best-fit 
signal, and comparison with climate records. 
 
The difficulty in combining GPS and InSAR comes from two major factors.  Firstly, the 
InSAR data places little to no constraints on the longer spatial wavelengths of 
deformation, due to uncertainties in the satellite orbits and contributions from 
atmospheric noise.  Secondly, The two data types are sensitive to different components of 
the 3D deformation field – GPS has lowest uncertainties in the horizontal and is sampled 
at high temporal rates, while InSAR only measures deformation in a limited number of 
near-vertical line-of-sight (LOS) directions and is acquired at periods of months to years 
(something that will be improved on in the future, including satellite missions to be 
launched in the early part of 2014). 
 

 
Figure 2: Top row: Synthetic InSAR (a,c) and GPS (b,d) data sets with Gaussian 
signals with a range of spatial scales (left vs. right). Data used in inversion 
(middle row) also contains white noise with a quadratic ramp added to the 
InSAR.. GPS data places stonger constraints on the long wavelength component 
of the inferred displacement, while InSAR data has a larger impact on the short 
wavelength scale.  Bottom row: Inferred signal.  Note that the GPS data performs 
better at longer wavelengths (l vs. k) and InSAR at shorter scales (i vs. j). 

 
Here we primarily explored the effects of the first factor.  We generated a set of synthetic 
data, where both observation types constrained the same component of deformation, but 
where the “InSAR” also had a contribution from an unknown quadratic ramp (Figure 2).  
Set up this way, the problem of inverting for the full displacement field is linear, but we 
also explored an approach using wavelet-style basis functions that can be applied to the 
nonlinear case where the functional form of the orbital + atmospheric  “ramp” is 
unknown.  This could be applied to the filter-remove-restore approaches used by Tong et 
al., 2013, for instance. 
 
While this setup was simple, it is easy to adapt to more complicated noise characteristics 
(including topographic dependence or even sampling from real weather models).  It 
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allows us to identify the “crossover distance” where the InSAR begins to dominate the 
inversion for signals of a particular length scale (Figure 3).  As expected, at long spatial 
scales, the input signal trades off strongly with the inferred InSAR ramp, such that the 
GPS data dominates the information content going into the inversion (Figure 3).  The 
results shown in Figure 3 will vary spatially throughout the image, depending on the local 
density of GPS sites.  We are now repeating this method with more realistic noise models 
and the actual distribution of GPS data.  Initial results show that, as expected, the 
crossover point increases from low values in the densely observed metropolitan regions 
to higher scales in the Mojave and other more sparsely instrumented areas. 
 

Figure 3: Relative contribution of GPS to 
signal at point in center of test region shown in 
Figure 2, for range of Gaussian signal widths 
tested.  Black curve indicates amplitude of 
best-fit Gaussian to the inferred signal (bottom 
row, Figure 2) in the case where a test Gaussian 
was added only to the GPS observations 
(InSAR data included a random ramp).  Pink 
line indicates level where InSAR and GPS 
contribute equally to the inferred deformation 
at that scale.   
 

 
We also explored the dependencies that arise during inversion for multi-dimensional 
deformation fields, where the two datatypes constrain different components.  In this case, 
some regularization, such as spatial smoothing, is required. In Figure 4, we show an 
example where we generated synthetic horizontal (top) and vertical displacement fields, 
and added noise to the pseudo-InSAR and –GPS datasets associated with those fields (left 
column).  We explored different horizontal and vertical spatial smoothing values (far 
right), and show the best-fit solution in the middle column.  Note that in places where the 
“GPS” density was low, the banding in the vertical input data leaks into the inferred 
horizontal deformation field.  Future work will include an assessment of spatially 
variable smoothing that accounts for the spacing of GPS sites, and methods for assigning 
errors for signals with different spatial scales. 
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Figure 4: Left: 2D synthetic deformation test.  Right: jRi values (Barnhart and 
Lohman, 2010) for vertical (λv) and horizontal (λh) smoothing parameters. Tests 
using other regularization styles, such as minimum norm, performed poorly (green 
dot).  The relative performance depends on the spacing of data relative to the 
actual spatial scale of deformation. 
 

Intellectual Merit: 
This proposal contributes to the generation of a time-variable deformation field that is 
consistent with all available geodetic data.  Such models are used in the characterization 
of tectonic settings and assessment of seismic hazard. 
 
Broader Impacts: 
This project supported a female graduate student and an early-career female faculty 
member.  It also is contributing to broader use of geodetic imagery (InSAR) by 
communities who have previously focused primarily on GPS observations. 


