
1.  Introduction
The world's largest faults, subduction zone plate-interfaces, are found mostly offshore. An increasing body of 
work has shown that the offshore segments of subduction faults slip both seismically in earthquakes and aseis-
mically in transient slow slip events (SSEs) (Dixon et al., 2014; Ozawa et al., 2007; Radiguet et al., 2016; Ruiz 
et  al.,  2014; Vallée et  al.,  2013; Wallace & Beavan,  2010). In addition to adding to the global inventory of 
slow slip phenomena and understanding of their relation to tectonic environmental conditions, SSEs provide key 
constraints on slip that occurs as damaging earthquakes. Such implications have led to the increased use of abso-
lute pressure gauges (APGs) to detect and measure vertical deformation caused by SSEs. However, a principal 
complication of these observations is that ocean circulation generates significant seafloor pressure signals that 
resemble, obscure, and/or interfere with potential geodetic signals. The need for approaches to reliably detect and 
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characterize SSEs in seafloor pressure records motivates this study and others (Fredrickson et al., 2019; Gomberg 
et al., 2019; He et al., 2020; Inoue et al., 2021; Muramoto et al., 2019; Woods et al., 2020).

Here, we focus on assessing the efficacy of various observational proxies to correct for the ocean 
circulation-generated component of bottom pressure, as quantified by variance reduction and by the ability to 
detect and characterize a suite of synthetic SSE deformation signals on a single station. We begin by providing 
a framework for our approach and noting that on the seafloor, APGs measure the change in the weight of the 
overlying water column that is due to changes in the sea surface height (SSH), water column density structure, 
and seafloor vertical position changes. In functional form, the measured seafloor pressure, P, may be considered 
as a linear combination of signals (e.g., Gomberg et al., 2019), denoted as:

𝑃𝑃 (𝑥𝑥𝑥 𝑥𝑥) = 𝑃𝑃𝑇𝑇 + 𝑃𝑃𝑂𝑂 + 𝑃𝑃𝐺𝐺 + 𝑃𝑃𝐷𝐷 + 𝜀𝜀�

in which all terms vary with location, x, and time, t, and represent pressure changes due to ocean and Earth 
tides (PT), non-tidal ocean circulation (PO), geodetic deformation (PG), instrumental drift (PD), and unmodeled 
signal (ε). Herein, we are concerned with isolating and reliably characterizing PG, specifically for the case of 
offshore SSE deformation. A first-order functional representation of PG is a ramp with amplitude of 1.5–6 hPa 
and rise-times of 1–4 weeks, observed over regions of 40–80 km diameter (Davis et al., 2015; Ito et al., 2013; 
Wallace et al., 2016), though only a limited number of offshore SSEs have been observed to date. 1 hPa is roughly 
equal to 1 cm of water column height, and herein we use cm.

PT is the largest of the component terms in most observations, on the order of 10 2 cm and variable with loca-
tion, but is readily removed with standard methods, including low-pass filtering or fitting with a tidal model 
(e.g., Foreman et al., 2000; Polster et al., 2009). PD for the most precise and widely used APGs is reasonably 
characterized as a combined exponential and linear trend (Polster et al., 2009) but both terms are unpredictable 
before deployment. PD is typically accounted for by least-squares fitting with the assumed functional form, or by 
removing the first month(s) of data and assuming purely linear drift thereafter. Thus, this signal is particularly 
problematic for deployments with relatively short durations of months to a year, as is typical of most large-scale 
deployments to date (e.g., Barcheck et al., 2020; Todd et al., 2018; Toomey et al., 2014). PO contains a complex 
suite of signals, with variations typically exceeding those of PG, including seasonal variation, oscillatory effects 
such as seasonal fluctuations and weather band energy (periods of 5–14 days), and stochastic processes that 
include meso-scale eddies and coastal trapped waves (e.g., Hughes et al., 2018; Wang & Mooers, 1976). While 
oscillatory signals in PO are theoretically distinguishable from the non-oscillatory PG, even in the absence of any 
explicit knowledge of the local circulation, the typical limited duration of seafloor pressure time series compli-
cates this distinction.

The traditional proxy for PO is a reference pressure, Pref, recorded close to the trench on the incoming plate and 
assumed to be representative of the network oceanographic pressure fluctuations and to contain no deformation 
signal. This proxy has been used in the Japan Trench by Ito et al. (2013) and in Hikurangi by Wallace et al. (2016) 
to identify SSE deformation signals. The assumptions inherent in Pref are broadly consistent with the current state 
of knowledge of seafloor pressure from physical oceanography on the time-scales important to SSE detection. 
For example, Hughes et al. (2018) demonstrated with a global ocean model the coherence of seafloor pressure 
throughout the entire Atlantic basin at nominal continental slope depths of 100–3,200 m. Additionally, for periods 
of several days to about 2 weeks, the ocean response is largely barotropic (i.e., depth-independent) with spatial 
coherence over 1,000 km scales, reflecting the footprint of atmospheric forcing in the so-called “weather band” 
(Luther et al., 1990). Recent work in Cascadia and Hikurangi has demonstrated that Pref has mixed effectiveness 
that depends on the network geometry and performs particularly poorly on the shelf (Fredrickson et al., 2019; 
Gomberg et al., 2019; Inoue et al., 2021).

Another proxy that also relies on the spatial coherence of the ocean-generated pressure field—in this case, 
expected along-margin coherence (Hughes & Meredith,  2006)—uses a pressure record at a site far from the 
posited SSE deformation at approximately the same depth (i.e., “depth-matched”), independently selected for 
each station. We refer to this proxy as Pmatch. This approach was suggested by Fredrickson et al. (2019) from work 
in Cascadia and confirmed to work well in Hikurangi by Inoue et al. (2021). Both studies demonstrated that for 
strict depth matching criteria (tens of meters) on the shelf and much more lenient matching on the lower slope and 
abyssal plain, Pmatch is capable of reducing signal root-mean-square error (RMS) amplitude to better than 1 cm, 
over station separations of hundreds of kilometers in Cascadia, and at least 80 km in Hikurangi where instruments 
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were deployed over a much smaller region. Previously observed shallow SSEs (Araki et al., 2017; Ito et al., 2013; 
Wallace et al., 2016) and the forward modeling of Fredrickson et al. (2019) show that SSEs of Mw < 7.0 generally 
produce deformation fields with dimensions smaller than 100 km, and therefore Pmatch should be effective if it is 
selected from distances beyond likely SSE dimensions.

The spatial coherence of the seafloor pressure field may also be exploited using complex empirical orthogonal 
functions (CEOFs) (e.g., Thomson & Emery, 2014), which capture not only the synchronously coherent compo-
nent of the pressure field, but also allow for propagating oceanographic signals; effectively a CEOF decomposi-
tion is a principal component analysis that allows for phase-shifts between input signals. CEOFs have previously 
been used in Cascadia to derive a correction for seasonal and non-seasonal PO signals (Watts et al., 2021) and 
comparable principal component analysis has been used to analyze megathrust earthquake deformation recorded 
by bottom pressure sensors during the 2011 Tohoku-Oki event (Hino et al., 2014). In the context of this study, we 
refer to the first CEOF as a seasonal correction, but recognize that it captures higher frequency features as well. 
Herein, we derive CEOFs from a collection of contemporaneous seafloor pressure records and we can assume 
that oceanographic signals dominate the first mode because it captures the lowest frequency pattern that is shared 
among the greatest number of stations. CEOFs derived from combined records of pressure and other data types 
that are sensitive to the same oceanographic processes, or multivariate CEOFs, also may be used. The inclusion 
of additional data that are insensitive to geodetic deformation may reduce the potential for it to be represented in 
the CEOFs and eliminated when applied as a proxy.

Non-pressure observables measured on co-located sensors have been used as proxies for ocean pressures, and 
benefit from not relying on spatial coherence assumptions. Hydrostatic pressure at the seafloor is related to both 
SSH and integrated water column density variations, although information about the latter is typically limited 
to seafloor temperature. Baba et al. (2006), Gomberg et al. (2019), and Itoh et al. (2019) examined correlations 
between seafloor pressure and temperature in the Japan and Hikurangi subduction zones. Assuming a linear rela-
tionship between pressure and temperature fluctuations, as well as negligible influence on the temperature field 
by tectonic deformation, the proxy Ptemp can be constructed from scaled and possibly time-lagged temperatures. 
Likewise, the correlation between SSH and bottom pressure is well-documented, particularly in shallow water 
(e.g., Siegismund et al., 2011), but to our knowledge, this has never been used in the study of offshore tectonic 
processes. However, in deeper locations, water column structure acts to compensate pressure perturbations caused 
by changing SSH (e.g., Dobashi & Inazu, 2021) and so we hypothesize PSSH to be more effective on the shelf 
than on the slope and abyss. Similarly, previous studies (Dobashi & Inazu, 2021; Fredrickson et al., 2019; Inoue 
et al., 2021; Muramoto et al., 2019) have constructed proxies from collocated hindcasts of seafloor pressure from 
numerical models of oceanographic circulation but have shown that such simulations are not accurate enough to 
provide useful corrections.

In this study, we use observations from the Alaska margin to systematically compare pressure correction tech-
niques for minimizing the instrumental and oceanographic components of P(x,t) in an oceanographically chal-
lenging setting and evaluate the detectability of synthetic single-station SSE signals in these corrected data. 
Although subtle evidence for a single SSE in the same pressure data has been reported by He et al. (2021), these 
pressure data are clearly dominated by oceanographic signals and thus suitable for a study that compares various 
techniques for assessing the detectability of synthetic signals for various processing approaches.

2.  Geologic and Oceanographic Setting
This study focuses on the Alaska Peninsula Subduction Zone (Figure 1), where the Pacific Plate subducts beneath 
the North American Plate, which has historically hosted numerous large megathrust earthquakes. This region was 
the focus area for the 2018–2019 Alaska Amphibious Community Seismic Experiment (AACSE), which was 
aimed at understanding along-strike variability in geodetic and seismic deformation processes, through seismic 
and geodetic (APG) observation and subsurface structural imaging (Abers et al., 2019; Barcheck et al., 2020). 
Within this footprint, the region roughly between 158° and 161° W, known as the Shumagin gap, had not 
ruptured in an Mw > 8.0 earthquake within the period of instrumental records (Davies et al., 1981). The availa-
ble onshore data suggest this segment is weakly locked and is presumed to accommodate a significant fraction 
of plate convergence aseismically, though resolution near the trench is poor (Fournier & Freymueller, 2007; Li 
& Freymueller, 2018). Recently, in July and October of 2020, the gap was partially ruptured by two Mw > 7.5 
earthquakes (Crowell & Melgar, 2020), and in July of 2021, an Mw 8.2 earthquake occurred just east of the gap, 
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likely triggered by the previous year's events (Elliott et  al., 2022). Although this subduction zone has hosted 
several documented SSEs and tremor episodes down dip of the seismogenic zone (Brown et  al.,  2013; Li & 
Freymueller, 2018; Rousset et al., 2019); to date, there is only limited evidence for SSEs within or updip of the 
seismogenic zone (He et al., 2021).

In addition to the barotropic weather band response highlighted earlier, ocean circulation has a significant effect 
on seafloor pressure, and here, we summarize some of its distinguishing features offshore of Alaska. On a gross 
scale, the circulation is dominated by the Alaska Current, a boundary current at the northern rim of the counter-
clockwise Pacific subarctic gyre (Figure 1 inset). Following the geography of the Alaska Peninsula, the Alaska 
Current narrows to ∼50 km and strengthens, becoming a western boundary current: the Alaskan Stream. The 
Alaska Stream extends to depths >3,000 m and flows southwest along the lower continental slope, overlying a 
deep northeastward current directly along the Alaska Trench (Warren & Owens, 1988). Changes in wind-forced 
subarctic Ekman pumping affect regional sea level patterns and the strength of the Alaska Stream (Capotondi 
et al., 2009), which is in geostrophic balance with the cross-stream pressure gradient—the along-stream pres-
sure gradient being much weaker. Relatively strong mesoscale (∼100 km) variability occurs, consistent with its 
dynamics as a western boundary current. These shifts in the intensity and location of the Alaskan Stream relative 
to the slope, on the timescales of several weeks to several months (Reed & Stabeno, 1989), are expected to lead 
to coherent pressure changes at the seafloor. This region is also characterized by coastally trapped waves that 
propagate southwestward along the slope associated with locally and remotely forced SSH variations on time 
scales ranging from weeks to years (Hermann et  al.,  2009) and that propagate pressure variations efficiently 
along isobaths. Thus, for a wide range of time scales relevant to the detection of SSEs, we expect pressure signals 

Figure 1.  Map of the experiment area offshore the Alaska Peninsula. Filled triangles indicate the absolute pressure gauges 
(APGs) used in this study, colored by the root-mean-square error (RMS) of their tidally filtered, drift-corrected data. “X” 
markers indicate APGs that did not return data. Square markers indicate other OBS from the AACSE in the region and circles 
indicate proximal GNSS stations active during the AACSE deployment. Bold depth contours at 300 and 5,000 m approximate 
the shelf break and trench, respectively. Inset shows broader geographic context and major circulation features. AC, Alaska 
Current; ACC, Alaska Coastal Current; AS, Alaska Stream.
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on the lower slope to show coherence along isobaths, as observed in Cascadia by Fredrickson et al. (2019) and 
in Hikurangi by Inoue et al. (2021). A large part of the mesoscale variability in the Alaskan Stream is due to 
baroclinic eddies propagating to the southwest at speeds of a few km/day (Ladd et al., 2007), which may interrupt 
along-slope coherence or introduce lags, although the depth of penetration of associated pressure anomalies is 
uncertain.

Ocean circulation on the shelf and coast is dominated by the Alaska Coastal Current but is less organized than 
further offshore, being affected by significant freshwater input, flows strongly steered by regional-scale bathyme-
tric features, and wind forcing that can lead to daily averaged surface currents that may exceed 100 cm/s (Stabeno, 
Bond, et al., 2016). Onshore/offshore Ekman transport that rapidly adjusts to changes in the along-shore wind 
leads to significant SSH changes over the shelf (Capotondi et al., 2009). All these factors lead to larger, less 
spatiotemporally coherent seafloor pressure variations and most geodetic studies elsewhere have simply avoided 
incorporating shelf observations. However, avoiding the shelf offshore of Alaska would make most of the 
AACSE's geodetic goals unachievable, given the ∼150 km width of the shelf.

In summary, oceanographic signals related to both tidal and non-tidal processes are large offshore of the Alaska 
Peninsula. The array of non-tidal processes includes the high rate of meso-scale (∼100 km diameter) eddies gener-
ated both locally and propagating in from the eastern Gulf of Alaska (Ladd et al., 2007; Reed & Stabeno, 1989), 
the presence of strong wind-driven boundary currents that extend over the shelf and continental slope (Stabeno, 
Bell, et al., 2016), complex bottom topography, strong storms, seasonal cycles (that tend to be stronger in the 
west), laterally meandering currents and eddies, upwelling and downwelling (Stabeno et al., 2004), the varia-
ble strength and cross-slope location of the Alaska Stream (Stabeno & Hristova, 2014), and abyssal boundary 
currents (Warren & Owens, 1988). Thus, we anticipate that oceanographic corrections for pressure geodesy may 
be particularly challenging in this setting.

At the same time, seafloor pressure observations are sparse, not just in Alaska but globally and extrapolation is 
limited by the immense range of spatial and temporal scales involved in ocean circulation (e.g., Wunsch, 2016). 
The circulation processes described above are expected to influence the bottom pressure field but have not been 
comprehensively studied or verified observationally, particularly those that have been invoked to affect pressure 
on the ∼100 km scale.

Despite these challenges, our preliminary explorations indicate that regional ocean model hindcasts of the north-
ern Gulf, forced with observed atmospheric conditions but assimilating no ocean data internally (e.g., Coyle 
et al., 2019, extended through the time period of this study), can faithfully reproduce some of the large-scale, 
wind-forced pressure variations associated with upwelling/downwelling and coastal-trapped wave signals on the 
shelf and upper slope. However, in the absence of dense oceanic data simulation, a much weaker correspondence 
with pressure variations is observed on the lower slope, partly due to the inevitable model/data mismatch in the 
timing and location of the (fundamentally chaotic, nonlinear) mesoscale eddies and current meanders—with 
∼100-km length and weekly to several month time scales—which populate the Alaskan Stream region. Further, 
even where greater correspondence is seen on the shelf, these model hindcasts do not capture a significant portion 
of the finer-scale spatiotemporal variability in the observational data.

3.  Methods
3.1.  Pressure, Temperature, and Altimetry Data

The pressure and temperature data used in this study come from the offshore component of the AACSE (see Data 
Availability Statement section), which included 75 ocean-bottom instrument packages deployed for 15 months 
from May 2018 through September 2019, roughly between Kodiak and the Shumagin Islands, from the near-shore 
out to the abyssal plain. About 35 of the AACSE instruments were equipped with Paroscientific APGs, and 
of these, 25 were recovered and yielded usable data for this study (Figure 1). Of these, three sensors stopped 
recording midway through the deployment and are excluded from this study for the sake of consistency between 
records in our analysis. Thus, we present pressure data from each of the 9 slope sites (depth≥1,564 m), 12 shelf 
sites (depth ≤ 262 m), and 1 site on the incoming plate. Note that between network design and failed instrument 
recoveries, no seafloor data were available for this study for depths between 262 and 1,564 m. A combination 
of Antares, Star-Oddi DST CTD, and HOBO TidbiT temperature loggers was attached externally to many of the 
AACSE instruments and returned data for all but two of the pressure-recording instruments used in this study. 
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For these two instruments (LA21 and LA28), data from the internal temperature sensor of the Paroscientific APG 
were used instead. Time series of SSH were obtained for all station locations, compiled as a Jason-3 satellite 
product by the Copernicus Program (Taburet et al., 2019; see Data Availability Statement section). All data were 
truncated as necessary so that all time series were of the same duration, beginning on June 8, 2018, and ending 
on June 20, 2019, for a duration of 377 days.

As our interest lies in signals with periods of a few days or longer, we down-sample the pressure and temperature 
data to 1 sample/hr and apply a 24-24-25 Godin lowpass “tide-elimination” filter (Thomson & Emery, 2014). The 
SSH data are provided at a daily sample rate pre-corrected for tides. Throughout this study, we separate the data 
into shelf and slope groupings, based on the coherence of data in each that is apparent visually, and consistent 
with previous studies (e.g., Fredrickson et al., 2019; Wallace et al., 2016), water column dynamics (Hughes & 
Meredith, 2006), and corroborated in this study.

3.2.  Corrections to Remove Non-Tectonic Long-Period Signals

The instrumental drift, PD, is unique to each sensor and in some cases may be as large or larger than the seasonal 
variation. For all our analyses, we solve for PD using a least-squares inversion, linearized by solving repeatedly 
assuming exponential time constants ranging from 1 day to 6 months. Nonlinear sensor drift was not generally 
apparent in the temperature data, evidenced by comparing temperature records from the sites with multiple differ-
ent temperature sensor types, and only linear trends were fit and subtracted from them. We assumed there was no 
drift in the SSH data, which were also given only a linear correction. The tidally filtered, drift-corrected data are 
shown in Figures 2a–2c for shelf instruments and in Figures 2d–2f for slope and abyss instruments.

As seen in other studies, the AASCE data exhibit a spatially variable seasonal signal. This is a component of PO 
but we treat it separately as part of our processing. This seasonal signal can obscure SSE deformation signals, if 
present, and we explored several methods for removing it. First, we tested fitting two separate functional forms, a 
sinusoid (365.25 day period) and a third order polynomial—conducting all analyses for both alternatives to assess 
robustness. Though there is inherent risk in aliasing and removing some of PG with these functional-form correc-
tions, the fits determined for the AACSE pressures are modest in amplitude so any such effect is expected to be 
small (Figure S1 in Supporting Information S1). The sinusoidally and polynomially corrected data exhibit varia-
bility in individual time series, but do not produce substantially different results in aggregate. So, in the main text, 
we present and discuss only the sinusoidal results, while the polynomial equivalents are provided in the Supple-
mentary Materials. A representative subset of the tidally filtered, drift-corrected, and sinusoidally corrected pres-
sure data from the shelf is shown in blue in Figure 3a, with all data shown in Figures S2a (shelf) and S3a (slope 
and abyss) in Supporting Information S1. We also tested using two forms of corrections calculated from CEOFs, 
which are the complex principal components of Hilbert-transformed input data (see Thomson and Emery (2014) 
for details). One of these corrections is the first CEOF of the combined pressure data on either the shelf or slope, 
which we will refer to as the pressure-CEOF (p-CEOF). Similar CEOFs may be derived for the temperature or 
SSH data, and the first CEOFs for each data type are shown in red in Figure 2. As seen in the figure, the largest 
fluctuations in the first CEOFs are generally the seasonal fluctuations, but significant higher frequency content is 
also represented. The other correction considered is the first CEOF of the combined data set of pressure, temper-
ature, and SSH data, again for either the shelf or slope. We refer to this as the multivariate-CEOF (m-CEOF) and 
we explore it because of the visually apparent, though complex relationships between the pressure, temperature, 
and SSH data. In either case, the CEOFs are sensitive to whatever signals contribute the greatest variance across 
all input data and thus are inherently insensitive to site-specific signals. In particular, incorporating PG into the 
first CEOF is of the greatest concern for this study, but the dispersed network geometry and expected spatial 
scales of SSE deformation limit the possibility of capturing PG on more than one or two sensors. Further mitiga-
tion is provided by the multivariate approach since deformation has no expression in temperature and SSH obser-
vations. Ultimately, the pressure-CEOF method outperformed the multivariate-CEOF method, so we present 
only the prior in the main text and show equivalent results for the latter in Figures S4, S6, and S8 in Supporting 
Information S1.

3.3.  Proxies for Oceanographic Pressure, PO

We explored a range of proxies for correcting the non-seasonal components of PO, the first class of which are 
those derived from observations of pressure at other locations. Such pressure-derived proxies assume that PO 
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is coherent over spatial scales at least the size of the network—or subnetwork—being considered. Further, to 
avoid removing any or all of PG when the proxy is applied, the coherent region must be larger than the region 
affected by an SSE. Only a single APG, LT21, was placed seaward of the trench and is therefore used as the 
incoming plate reference pressure, Pref for all other sites (red curves, Figure 3b, Figures S2b and S3b in Support-
ing Information S1). Depth match station pairs, Pmatch (red curves, Figure 3c, Figures S2c and S3c in Supporting 
Information S1), were determined empirically, choosing the proxy pressures yielding the smallest signal RMS 
and separated by >80 km where possible and >50 km otherwise (Tables S1 and S2 in Supporting Informa-
tion S1—list pair RMS values), to avoid subtracting out any potential common PG signal. Given the limitations of 
working with a network of finite size, there were inherently tradeoffs between optimizing depth differences and 
separations. Further, we chose to avoid repeat station pairs (e.g., LT04-LT01 and LT01-LT04) when a comparably 
effective station pair was available to demonstrate the robustness of the method. Finally, we use a sub-network 
average pressure, Pavg, which we derive by normalizing each pressure record by its RMS and calculating an aver-
age. Though no spatial limitations comparable to those of Pmatch were used in the calculation of Pavg, this method 

Figure 2.  Time series of tidally filtered, drift corrected pressure, tidally filtered sea surface height (SSH), and tidally filtered temperature (blue), along with 
corresponding first pressure-complex empirical orthogonal function (CEOF), SSH-CEOF, and temperature-CEOF (red), vertically offset with shallowest station at 
the top for display purposes. Winter months, when signals are anomalously large across observables, are labeled in bold. (a) Shelf pressure. (b) Shelf SSH. (c) Shelf 
temperature. (d) Slope pressure. (e) Slope SSH. (f) Slope temperature.
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is inherently less susceptible to contamination by common Pg signals since it will be scaled by the number of 
stations and since the majority of the network falls outside any expected deformation area. A separate Pavg is 
calculated for each of the shelf and slope regions (red curves, Figure 3d, Figures S2d and S3d in Supporting 
Information S1).

The second class of proxies is derived from independent, collocated measurements of ocean properties that 
respond to the same forces that drive the pressure changes, or are driven by the pressure gradients themselves, but 
that are not affected by SSE deformation. These proxies are derived from bottom temperatures (Ptemp, red curves, 
Figure 3e, Figures S2e and S3e in Supporting Information S1), and from SSH (PSSH, red curves, Figure 3f, Figures 
S2f and S3f in Supporting Information S1) recorded at or above each instrument site.

All proxies are applied as corrections by scaling to achieve best fit and subtracting them from the pressure record 
of interest to achieve the lowest RMS difference. We justify this scaling even for the Pref and Pmatch proxies since 

Figure 3.  Time series of a representative subset of tidally filtered, drift and sinusoidal-corrected shelf pressure data (blue), scaled proxies (red), and proxy-corrected 
data (black), vertically offset with shallowest station at the top for display purposes. Winter months, when signals are anomalously large across observables, are labeled 
in bold. (a) No proxy. (b) Reference station pressure (Pref). (c) Depth-matched pressure (Pmatch), with matched station labeled in red text. (d) Network average pressure 
(Pavg). (e) Temperatures, lagged to maximize correlation (Ptemp). (f) Sea surface height (PSSH).
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oceanographic pressure signals are known to scale with depth and may also be influenced by other local factors. 
The scale factors for Pref varied from 0.72 to 1.04 on the shelf and from 0.84 to 1.11 on the slope, while those for 
Pmatch varied from 0.03 to 0.2 on the shelf and from 0.34 to 0.58 on the slope. Ptemp was also lagged to account 
for delayed advective and wave adjustment of the density field and to achieve the highest correlation. We assume 
that temperature should always lag pressure because changing seafloor pressure gradients should drive bottom 
currents, tracked by their temperature signatures. However, since such gradients could result in the advection 
of either warmer or colder water, we search for the maximum absolute correlation. We also limited the lag to a 
30-day maximum, with the optimal lags ranging from 7 to 24 days and generally being larger on the shelf than 
on the slope. We ascribe no physical meaning to the variation in these lags in terms of circulation processes, as 
the relationship between seafloor pressure and temperature is demonstrably complex. Lagging was unnecessary 
for all other proxies.

3.4.  Synthetic SSE Detection and Characterization

We assessed the efficacy of the candidate proxies to improve the detection and characterization of possible SSEs 
by adding synthetic deformation signals to the tidally filtered (but otherwise unprocessed) AACSE pressures and 
quantifying the accuracy with which those signals' onset times and amplitudes were estimated with each type of 
seasonal and proxy correction. We perform our analyses in the absence of, and then assuming, known SSE onset 
timing to evaluate the benefit of independent information about events (e.g., from onshore GNSS data). Unlike 
other synthetic detectability studies for offshore deformation (e.g., Agata et  al.,  2019; Ariyoshi et  al.,  2014; 
Fredrickson et al., 2019), this analysis focuses on evaluating the detection threshold of an observed signal rather 
than assuming one and assessing the slip scenarios that could generate such signals.

Representative SSE deformation transients were generated as simple ramps with amplitudes ranging from 0 to 
10 cm and durations ranging from 1 to 90 days so as to include the SSE characteristics observed elsewhere as well 
as to explore end member cases. Weekly onset times ranged from July 8, 2018, to May 19, 2019, which inten-
tionally excluded the first and last 30 days of data (out of 377 days total) to reduce complications near the edges. 
For each amplitude considered, the duration was held at 14 days and for each duration considered the amplitude 
was fixed at 8 cm for shelf sites and 6 cm for slope sites, to assess the effect of duration on a large, readily detect-
able signal. The full range of onset times was used for every amplitude/duration combination to minimize any 
bias resulting from either positive or negative coherence of concurrent oceanographic signals with the synthetic 
ramp. Synthetics were added to only one pressure record at a time, then those modified data were put through 
the detrending and seasonal correction processing described above before attempting detection under the various 
proxy corrections. On the shelf, this analysis yielded 552 detection results per amplitude or duration per proxy (12 
stations and 46 onsets considered) and on the slope it yielded 414 (9 stations and 46 onsets considered).

We opted for a fully automated approach to detect and characterize ramps to ensure the comparability of results 
between methods (Figure 4). For sinusoidal and polynomial seasonal corrections, the onset of an event was esti-
mated by iteratively inverting, for every time step, the best-fit seasonal correction while allowing for an instanta-
neous offset in pressure at that time. We considered the time that yielded the lowest post-correction RMS value 
to indicate the center of the ramp. For the case of assumed known event onset, this step was unnecessary. To esti-
mate the ramp amplitude, we then masked the 7 days before and after the estimated onset (for 14 days total) and 
re-inverted for the seasonal fit, again allowing for an offset in pressure on either side of the masked time period 
and considering that offset as equal to the ramp amplitude.

For the CEOF-based seasonal corrections, we endeavored to estimate the event onset similarly; however, the 
CEOF calculation does not allow for undefined offsets, unlike the inversions described above. Instead, at each 
time step, we inverted the CEOF corrected pressure for a linear fit with arbitrary offset at that time and again used 
the lowest RMS residual to determine the center of the ramp. In estimating the amplitude, we likewise endea-
vored  to mirror the sinusoidal/polynomial scheme to the extent possible, given that the CEOF calculation does 
not allow for masking, while also recognizing that the presence of the synthetic ramp contaminated the CEOF 
calculation and could then lead to its partial or entire removal. Instead, for the determined (or assumed) onset 
time, we iteratively recalculated the CEOFs after subtracting out a 14-day ramp of variable amplitude from −20 
to 20 cm. The CEOFs that yielded the lowest post-correction RMS value were then considered to be uncontami-
nated by the presence of the ramp and were used as a replacement seasonal correction for the original input data 
(i.e., those for which no attempt to subtract out the ramp had been made). Finally, to estimate the ramp amplitude 
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by the same method as the polynomial and sinusoidal cases, the newly CEOF-corrected data were masked for the 
7 days before and after the estimated onset (for 14 days total) and inverted for a linear fit, again allowing for an 
offset in pressure on either side of the masked time period, with the offset considered to be the ramp amplitude.

4.  Results
4.1.  Seafloor Pressure Characteristics

Tidally filtered pressure data from the AACSE for the period of June 8, 2018, to June 20, 2019 (377 days) show 
complex residual oceanographic signals of varying amplitude. After filtering out the tides, correcting for sensor 
drift, and detrending (Figure 2a, Figures S2a and S3a in Supporting Information S1), signal amplitudes are seen 
to broadly scale inversely with station depth, decreasing from the continental shelf to the continental slope and 
abyssal plain (Figure 1). There is little variation in the signal amplitudes of the slope pressures despite the depth 
range of 1,564–4,612 m, for which signal RMS varies from 2.2 to 2.9 cm. The pressure record from the deepest 
instrument, LA21 (5,113 m) on the incoming Pacific Plate, has a notably larger RMS of 3.6 cm. Greater varia-
bility is seen on the shelf, where signal amplitudes do not vary systematically over the depth range of 83–262 m, 
but instead relate to broad-scale bathymetric features (Figure 1). Pressure RMS is lowest near the shelf break, at 
3.7–4.3 cm, increasing to 4.7–5.2 cm within the Shelikof and Shumagin Troughs, and largest at the bathymetric 
high between the Shelikof and Shumagin Troughs and the one location west of the Shumagin Islands (LT20), at 
6.2–6.9 cm. Despite these amplitude differences, the pressure data are remarkably coherent within the shelf and 
slope groupings, over separations of hundreds of kilometers, at both short and long periods (Figure 2a, Figures 
S2a and S3a in Supporting Information S1). This is particularly striking at periods of a few weeks or less, where 
pressures are not only coherent but synchronous within the hourly sample rate considered here, suggesting a 
barotropic response that is corroborated by the visual coherence between pressure and SSH (Figures 2b and 2e).

This domain-wide coherence in bottom pressure results in non-uniqueness in determining the proxy Pmatch. 
Figure 5 and Table S1 in Supporting Information S1 consider every combination of scaled station pair differences 

Figure 4.  Demonstration of slow slip event signal detector for a 10 cm, 14-day ramp beginning on September 9, 2018 applied 
to sinusoidally corrected and proxy-corrected pressure records from station LT16 for (a) the case of known onset and (b) 
unknown onset. Each proxy-corrected time series is offset vertically for display purposes, from top to bottom: none, Pref, 
Pmatch, Pavg, Ptemp, and Pssh. The vertical lines indicate the true synthetic event duration. Thin black curves show where the 
detector identifies the event and how it is characterized.
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Figure 5.
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within the shelf and slope groupings. We do this for sinusoidally corrected pressure data, with the aim of assess-
ing signal similarity without drift, tidal, or seasonal signals, but before any proxy correction. Note that we 
consider symmetric differences (e.g., LT01–LT04 and LT04–LT01) and that because of the scaling described in 
Section 3.3, these do not necessarily yield the same RMS difference. Every station on the shelf has two or more 
stations that can be differenced with to achieve RMS ≤2 cm—down from the 3.7–6.9 cm noted above—with the 
exception of LT20 and LT11, which have no such pairs. Likewise, all stations on the continental slope have two 
or more stations that they can be differenced with to achieve RMS ≤1 cm—down from the 2.2–2.9 cm noted 
above—except LA22, which has none. Given the broad geographic footprint and relative sparsity of the AACSE 
network, it is difficult to discern precise limits on depth difference and range between station pairs to yield a given 
RMS threshold. However, some tentative correlation scales can be gleaned from the station pair differences. On 
the shelf, to yield signal RMS ≤2 cm over separations as large as 422 km, there may be two distinct regimes; for 
stations at depths ≥156 m depth differences can be as large as 120 m and for those at ≤125 m depths differences 
must be ≤42 m. On the slope, to achieve RMS≤1 cm differences over separations as large as 470 km there may 
be a deeper regime (depths≥2,622 m) where depth differences can be as large as 1,990 m, and a shallower regime 
(depths ≤2,130 m) where depth differences are limited to 1,058 m. These limits are dependent on the spatially 
sparse data available from the AACSE. It should also be noted that there are station pairs within these bounds 
that do not result in the RMS thresholds given, suggesting more complexity in the constraints on depth-matched 
pressure coherence.

4.2.  Proxy Efficacy for Correcting for Oceanographic Pressure Signals

We consider RMS reduction as a measure of the extent to which a given seasonal correction and/or proxy can 
remove oceanographic signals, again noting that this measure may not strictly correspond to increased detectabil-
ity of SSE-like signals. RMS reduction is defined as:

RMS reduction = 1 −
RMS (corrected data)

RMS (uncorrected data)
�

The RMS reduction depends on the site and all forms of corrections considered herein, so we provide only 
a summary here and present full data in Figure  6 (sinusoidal and pressure-CEOF corrections), Figure S4 in 
Supporting Information S1 (polynomial and m-CEOF corrections), and Tables S3 and S4 in Supporting Informa-
tion S1. For the shelf sites, the sinusoidal correction alone (Figure 6a and Table S3 in Supporting Information S1) 
yields RMS reductions of 6%–24%. The net RMS reductions achieved with subsequent proxy applications are 
similar for Pmatch and Pavg at 53%–80%, for PSSH they generally increase with decreasing station depth and range 
from 12% to 54%, and Ptemp makes negligible improvement. Application of the pressure-CEOF correction alone 
on the shelf (Figure 6c and Table S4 in Supporting Information S1) reduces the RMS by 54%–73%, and further 
application of Pmatch or Pavg raises the upper limit of net RMS reduction to 83% and 80%, respectively. Interest-
ingly, though Pref generally does not further reduce RMS, the two shallowest stations (LT10 and LT12) prove an 
exception.

For the slope sites, the sinusoidal correction (Figure 6b and Table S3 in Supporting Information S1) yields RMS 
reductions from 2% to 17%, and again Pmatch and Pavg perform comparably with a net reduction to 54%–86%. The 
net RMS achieved with Pref roughly scales with station depth, from 13% at one of the shallower sites to 41% for 
the deepest site. Pressure-CEOF corrected slope pressures (Figure 6d and Table S4 in Supporting Information S1) 
have RMS reductions of 53%–80%. Pmatch and Pavg are the only proxies to provide a notable further RMS reduc-
tion, but only for a few sites where they achieve maximum reductions of 83% and 93%, respectively.

Figure S4 in Supporting Information S1 summarizes proxy RMS reduction for polynomial and multivariate-CEOF 
corrected data. The polynomial results are highly comparable to the sinusoidal results, while the multivariate-CEOF 
results fall somewhere between those of the pressure-CEOF and the functional corrections. Across all locations 
and seasonal corrections, the proxies Pmatch and Pavg tend to yield the greatest RMS reductions.

Figure 5.  Plots of difference root-mean-square error (RMS) for all station combinations as a function of separation and depth difference, after tidal filtering, drift 
correction, and sinusoidal seasonal correction. Symbol shapes correspond to individual stations and colors scale with RMS. Negative depth differences mean that the 
station indicated by the marker is shallower than the station that has been subtracted from it. (a) All shelf pairs (depths 83–262 m). (b) Shelf pairs at depths 83–125 m. 
(c) Shelf pairs at depths 156–262 m. We highlight station pairs that include LT11 and/or LT20, which may be anomalous (see text), by outlining them in bold black. 
(d) All slope pairs (depths 1,564–4,612 m). (e) Slope pairs at depths 1,564–2,130 m. (f) Slope pairs at depths 2,622–4,612 m. Vertical dashed lines in (d)–(e) mark the 
depth range limits considered in (a), highlighting the difference in scale. As the only station beyond the trench, LA21 is excluded from these comparisons.
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4.3.  Identification and Characterization of SSE Transients

4.3.1.  Known Onset Time

The seasonal and proxy corrections considered herein yield a large number of combinations from which to assess 
detectability. For simplicity, we focus on the sinusoidal and pressure-CEOF methods, noting that the sinusoidal 
and polynomial results are comparable and the pressure-CEOF results yield better overall detectability than the 
multivariate-CEOF results. A summary of the full results is provided in Table 1.

Figure  7 shows the amplitude recovery error from our detectability analysis for shelf stations when onset 
timing is assumed known, as might be the case if constrained by coastal GNSS data or other observables (e.g., 
Wallace et al., 2016). With known onset timing, our detector does not depend on the synthetic SSE amplitude 
because it is masked out (see Section 3.4). With the exceptions of multivariate-CEOF + Pref on the shelf and 
pressure-CEOF + Pavg on the slope, all processing and proxy methods yield amplitude recovery results with medi-
ans within 1 cm of the known value, but with significant differences in distribution around the median (Figure 7, 
Figures S5 and S6 in Supporting Information S1). To meaningfully compare correction techniques, we present 
results in terms of median plus or minus the median absolute deviation (MAD).

Figure 6.  Proxy-corrected pressure root-mean-square error (RMS) improvements for sinusoidally corrected (a) shelf and (b) slope data, and pressure-complex 
empirical orthogonal function (p-CEOF) corrected (c) shelf, and (d) slope data. The empty, black-outlined bars in the background show the RMS of the seasonally 
corrected pressure record before applying any proxy, while the thin colored bars show the RMS of each proxy corrected time series.
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On the shelf, the pressure-CEOF yields significantly tighter distributions 
than the other three seasonal correction methods, and notably the applica-
tion of proxy corrections results in negligible improvement relative to the 
no-proxy cases and regardless of the varying RMS reductions associated 
with each proxy (Figure 7, Figure S6 in Supporting Information S1, Table 1). 
The tightest distributions, for the pressure-CEOF case, have median±MAD 
ranges within −1.5 to 1.5 cm of the known value for the no-proxy, Pref, Pmatch, 
Ptemp, and PSSH (light gray shading in Table 1). Pavg is the only exception here, 
with an anomalously large median ± MAD range of −2.8 to 2.2 cm, while 
the multivariate-CEOF method with Pavg yields the smallest range of −1.6 
to 0.8 cm (Table 1). Across polynomial, sinusoidal, and multivariate-CEOF 
seasonal corrections, the tightest distributions result from Pmatch and Pavg, 
with median ± MAD ranges of −2.2 to 1.7 cm or better.

On the slope (Figures S5 and S6 in Supporting Information S1), the differ-
ences in results between methods are similar but more subtle, with all 
yielding MADs ≤1.8  cm. Here also, the pressure-CEOF seasonal correc-
tion consistently yields the most favorable median ± MAD ranges, −1.5 to 
1.5 cm or better for no proxy, Pmatch, Ptemp, and PSSH (Table 1). Unlike the 
shelf, the application of the Pmatch proxy consistently reduces the MAD rela-
tive to using none. Poor performance is again seen for pressure-CEOF with 
Pavg, yielding a range of 0.0–3.6 cm. Comparing all methods, polynomial, 
sinusoidal, and multivariate-CEOF seasonal corrections with Pmatch, as well 
as pressure-CEOF with no proxy, yield the best ranges, at −1.0 to 1.0 cm or 
better (dark gray shading in Table 1).

4.3.2.  Unknown Onset Time

For unknown onset timing, we consider each proxy's efficacy in predicting 
the ramp onset time (Figures 8a–8f) as well as its amplitude (Figures 8g–8l). 
Though our detector still assumes the presence of a ramp, in the absence of 
known timing the ramp amplitude does affect the detectability. For simplic-
ity, in Figure 8, we display only two detectability distributions on the shelf: 
the sinusoidal and pressure-CEOF seasonal corrections with Pmatch. These 
two correction methods were chosen because of both their high degree of 
RMS reduction (Tables S3 and S4 in Supporting Information S1) and for the 
accuracy of their known-time detection distributions (Figure 7c, Figure S5c 
in Supporting Information  S1, Table  1). Summary results for all seasonal 
corrections and for the proxies Pmatch, Pavg, and no proxy are detailed in 
Table 2.

As with the detectability distributions in the known timing case, we assess 
ramp detectability under the various scenarios by the median ± MAD. We 
first summarize results on the shelf and for the pressure-CEOF seasonal 
correction. For a 4-cm ramp, pressure-CEOF with Pmatch is the only method 
that can meaningfully localize the onset, yielding estimated median ± MAD 

ranges of −6 to 8 days and of 2.1–5.1 cm (Figures 8c and 8i and Table 2). A 3.5-cm ramp was also tested, but 
its onset could not be constrained by any method (Table S5 in Supporting Information S1). For 6-cm ramps, 
several processing combinations yield distributions that are well localized in time, the best among these being 
pressure-CEOF with either no proxy or Pmatch providing median ± MAD ranges of −3 to 3 days (Figure 8d) and 
4.3–7.1 cm or better (Figure 8j). Notably, using the Pmatch proxy provides negligible improvement relative to 
the no-proxy case. For 8-cm and 10-cm ramps, predicted onset distributions become increasingly comparable 
between seasonal and proxy correction methods—as good as −2 to 2 days with amplitude MADs of 1.2 cm—
with the exceptions of no-proxy polynomial and sinusoidal seasonal corrections performing significantly worse. 
This reflects both the tendency for functional seasonal corrections to incorporate some of the ramp signal and 
the simplification of treating the CEOF corrections as purely seasonal. Detection results for the polynomial 

Table 1 
Summary of Synthetic Detectability Results When Onset Is Assumed Known

Proxy

Amplitude recovery error (cm)

Shelf Slope

Median Mad Median Mad

POLY P 0.8 5.4 −0.4 1.4

Pref 0.8 5.4 −0.4 1.4

Pmatch −0.5 1.6 −0.2 0.6

Pavg −0.5 1.7 −0.2 1.1

Ptemp 0.2 4.9 −0.5 1.1

Pssh −0.7 2.7 −0.7 1.1

SIN P 0.9 5.4 −0.3 1.6

Pref 0.7 5.6 −0.3 1.7

Pmatch −0.5 1.5 −0.2 0.6

Pavg −0.4 1.7 −0.1 1.5

Ptemp −0.1 4.4 −0.6 1.1

Pssh −0.2 3.3 −0.6 1.1

m-CEOF P −1.8 3.1 −0.6 1.0

Pref −2.1 2.0 −1.2 1.2

Pmatch −1.8 1.3 −1.2 1.0

Pavg −1.9 1.4 −1.2 1.1

Ptemp −2.3 2.4 −1.3 1.2

Pssh −2.2 2.4 −1.4 1.2

p-CEOF P −0.1 1.3 −0.1 1.0

Pref −0.1 1.3 −0.6 1.0

Pmatch −0.2 1.0 −0.5 0.6

Pavg −0.1 2.3 −1.9 1.8

Ptemp −0.2 1.2 −0.2 0.9

Pssh −0.3 1.2 −0.4 0.9

Note. Amplitude recovery error for the known onset case is summarized 
as median and MAD values for the combined predictions from all ramp 
amplitudes considered herein, for all combinations of seasonal and proxy 
corrections considered in this study, with shelf and slope presented separately. 
The values for each seasonal/proxy pair result from 552 synthetic detection 
results on the shelf and 414 results on the slope. Light gray cells indicate 
median ± MAD ranges that fall within −1.5 to +1.5 cm of the known value. 
Dark gray cells indicate a range of −1.0 to +1.0 cm m-CEOF, multivariate-
CEOF; p-CEOF, pressure-CEOF.
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and multivariate-CEOF seasonal corrections are shown in Figure S8 in Supporting Information S1. Across all 
processing techniques and input amplitudes, when the onset time is estimated accurately, the detector tends to 
underpredict ramp amplitude.

For the slope, a summary of the full detectability analysis for unknown onset timing is given in Table 2, while 
Figure S7 in Supporting Information S1 plots the detection distributions for the sinusoidal and pressure-CEOF 
seasonal corrections with Pmatch proxy applied. In this setting, a 2-cm ramp can only be meaningfully constrained 
by either of the pressure-CEOF or multivariate-CEOF seasonal corrections, in conjunction with Pmatch, yielding 
median±MAD range of −7 to 7 days or better and −1.0 to 2.6 cm or better (Figures S7b and S7h in Supporting 
Information S1 and Table 2). A 1.5-cm ramp was also tested, but its onset could not be constrained by any method 
(Table S5 in Supporting Information S1). For amplitudes 4 cm and above, timing accuracy improves rapidly and 
equalizes across seasonal and proxy corrections. At 4 cm, all seasonal corrections with Pmatch have median±MAD 
ranges of −2.0 to 2.0 days and 2.7–4.3 cm or better. By 6 cm, all methods except polynomial and sinusoidal with 
no proxy and pressure-CEOF with Pavg yield median ± MAD ranges of −3 to 3 days and 3.8–7.2 cm or better. 
Detection results for the polynomial and multivariate-CEOF seasonal corrections are shown in Figure S9 in 
Supporting Information S1. Even when the timing is estimated well, the amplitude tends to be underpredicted, 
though to a lesser degree than is seen on the shelf.

Tests for the null case (i.e., a 0-cm synthetic ramp) provide some insight on false detections (Figure 8g). In the 
absence of a ramp on the shelf, the pressure-CEOF seasonal correction with Pmatch yields the tightest distributions, 
with a median ± MAD of 1.9 ± 1.7 cm. On the slope, the pressure-CEOF seasonal correction and Pavg yield the 
tightest distributions, with a median ± MAD of 0.0 ± 0.5 cm, but we deem this to be anomalous and instead infer 

Figure 7.  Histograms showing amplitude recovery error from the synthetic slow slip event detection analysis on the continental shelf, when known onset time is 
assumed, using sinusoidal (black), and pressure-complex empirical orthogonal function (p-CEOF, translucent gray) seasonal corrections, for each of the proxies 
considered. The results from all synthetic ramp amplitudes considered (0, 2, 4, 6, 8, and 10 cm) were combined, with ramp duration held at 14 days and onset times 
varied weekly from August 2018 through April 2019. (a) No proxy. (b) Pref. (c) Pmatch. (d) Pavg. (e) Ptemp. (f) PSSH. Vertical solid lines indicate the desired result (Apred–
Aknown = 0), vertical dotted lines show the median and ±MAD of the error for the sinusoidal case, and vertical dashed lines show the same for the pressure-CEOF case.
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Figure 8.
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∼1 ± 1 cm to be more probable, given the values seen across other processing methods. False detections appear 
significantly more probable with the functional form seasonal corrections and no proxy, yielding shelf and slope 
median ± MADs of ∼−12 ± 2 and ∼4 ± 1 cm, respectively.

For both shelf and slope locations, the worst onset time predictions are seen to arise from the detector misidenti-
fying signals unrelated to the synthetic ramps (Figure S12 in Supporting Information S1). On the shelf, most of 
these poor detections arise in September–October, mid-January to early February, at the end of the time series, 
and predominantly from a subset of stations. On the slope, the worst predictions are more broadly dispersed in 
time, but again principally occurring at only a subset of stations.

The detectability results described above hold for ramps as short as 1 day (Figure S10 in Supporting Informa-
tion S1, shelf; Figure S11 in Supporting Information S1, slope). When attempting to detect longer ramps, the 
distributions broaden, to a greater extent in time than in amplitude, and amplitude distributions also shift toward 
greater underprediction (Figures S10 and S11 in Supporting Information S1).

5.  Discussion
5.1.  RMS as a Metric for SSE Detectability

Our results permit us to assess the applicability of pressure record RMS as a predictor of the accuracy of SSE 
detection and characterization. RMS reduction is commonly used in pressure geodesy as a measure of a proxy's 
ability to reduce oceanographic signals, but its sensitivity to oscillatory signals in addition to ramp-like SSE 
signals suggests it may not represent a proxy's potential to improve SSE detection and characterization, as is 
generally assumed. Indeed, a significant component of pressure signals, particularly on the shelf, result from 
highly oscillatory weather-band energy (Luther et al., 1990), as has been observed in seafloor pressures offshore 
New Zealand and Japan (Gomberg et al., 2019; Johnson et al., 2017). Further, signal RMS changes with time, 
becoming notably elevated in the winter months. Our results suggest that RMS is only a first-order measure of 
SSE detectability and that RMS differences of a few millimeters are not predictive. For example, when assuming 
known onset timing, the corrections that yield the greatest RMS reduction (Tables S3 and S4 in Supporting Infor-
mation S1) likewise  tend to yield the best-constrained amplitude predictions (gray shading in Table 1), but the 
differences between these predictions are small and do not correlate with RMS reduction. Notably, pressure-CEOF 
with Pmatch yields better RMS reductions on the slope than pressure-CEOF with no proxy and yet the latter osten-
sibly outperforms the former in its amplitude predictions. When onset timing is unknown, the corrections that 
yield the greatest RMS reduction (Tables S3 and S4 in Supporting Information S1) yield the best timing predic-
tions for ramps just above the threshold of predictability, but these timing predictions and the  resultant amplitude 
predictions equalize across processing methods as larger ramps are considered (gray shading in Table 2).

5.2.  Implications of Observed Seafloor Pressure Spatial Coherence

The efficacy of the CEOF-based seasonal corrections and the proxies Pmatch and Pavg for removing non-tidal 
oceanographic signals (Figure 6, Tables S2 and S3 in Supporting Information S1) is a consequence of the remark-
able coherence of the bottom pressure anomaly field over the ∼970  km span of the AACSE network. Such 
broad spatial scales are characteristic of water column processes (e.g., Hughes & Meredith, 2006). While this 
signal similarity holds across the shelf and slope regimes, it is strongest within broad, coherent bathymetric 
features  such as the Shelikof Trough (Figure 1). In addition, the breakdown of this coherence in the case of LT20 
(the only shelf station west of the Shumagin Islands) and LA21 (the only deep station outboard of the lower slope 
Alaska Boundary Current) suggests that distinct coherent oceanographic domains exist beyond the simple shelf/
slope demarcation described here.

The seafloor pressure coherence seen in Alaska can be compared to similar studies in Cascadia (Fredrickson 
et al., 2019) and Hikurangi (Inoue et al., 2021), bearing in mind the observational sparsity in all three settings. It 

Figure 8.  Histograms displaying slow slip event onset errors and amplitude predictions as a function of input ramp amplitude from synthetic detection analysis on the 
shelf, for unknown onset times, for sinusoidal (black) and pressure-complex empirical orthogonal function (p-CEOF, translucent gray) seasonal corrections, using only 
our best-performing proxy, Pmatch. Synthetic ramp duration was held constant at 14 days and onset times were varied weekly from August 2018 through April 2019 to 
generate the composite distributions shown. (a–f) Timing recovery for synthetic ramps of 0, 2, 4, 6, 8, and 10 cm amplitude. Vertical dotted lines show the median and 
±MAD for the sinusoidal case, while vertical dashed lines show the same for the pressure-CEOF case. (g–l) Amplitude recovery for synthetic ramps of 0, 2, 4, 6, 8, and 
10 cm amplitude. Vertical solid lines show the input synthetic amplitude, vertical dotted lines show the median and ±MAD for the sinusoidal case, and vertical dashed 
lines show the same for the pressure-CEOF case.
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Table 2 
Summary of Synthetic Detectability Results When Onset Is Assumed Unknown

Aknown 
(cm) Proxy

Shelf Slope

Onset recovery 
error (d)

Amplitude 
recovery (cm)

Onset recovery 
error (d)

Amplitude 
recovery (cm)

Median Mad Median Mad Median Mad Median Mad

0 POLY P 36.0 84.0 −12.4 2.4 43.5 80.5 1.9 1.1

Pmatch −15.0 84.0 0.4 2.7 7.0 82.5 0.5 2.3

Pavg −24.5 84.0 0.3 3.6 24.0 83.0 3.0 0.8

SIN P 50.0 80.5 −12.0 2.0 31.0 83.0 3.3 1.5

Pmatch −3.5 94.5 0.4 3.0 37.5 82.5 −0.8 2.4

Pavg 4.0 84.0 3.9 1.5 −4.5 85.5 3.7 0.9

m-CEOF P 33.0 94.0 4.4 1.4 −25.5 96.5 −0.5 1.3

Pmatch −26.5 93.5 −1.4 1.0 55.0 81.5 0.5 0.9

Pavg −16.5 93.0 −1.1 1.1 42.0 80.5 1.7 0.5

p-CEOF P −13.0 88.5 2.8 2.3 −25.5 96.5 −0.7 1.4

Pmatch −14.5 88.5 2.0 1.8 69.0 84.0 1.5 1.3

Pavg −2.0 84.5 3.7 3.2 18.0 98.0 0.8 0.6

2 POLY P 36.0 84.0 −12.5 2.3 14.0 58.0 2.7 1.1

Pmatch −2.0 78.0 −1.5 3.6 0.0 34.0 1.8 1.3

Pavg −5.5 72.5 2.9 2.1 2.0 61.0 2.9 1.1

SIN P 43.0 84.0 −11.3 2.5 8.0 58.0 2.8 1.3

Pmatch 2.0 74.5 1.8 3.7 0.0 25.5 1.8 1.9

Pavg −2.0 79.0 3.4 2.2 −1.0 52.0 3.1 1.7

m-CEOF P 37.5 89.5 4.3 1.5 −7.0 77.5 0.4 1.8

Pmatch 1.5 65.5 −0.7 2.3 0.0 7.0 1.5 0.8

Pavg 2.0 60.5 −0.2 1.9 5.0 63.5 1.5 1.2

p-CEOF P 1.5 79.0 3.0 2.1 −7.0 77.5 0.6 2.3

Pmatch 2.0 75.0 2.1 1.8 −1.0 7.0 2.0 0.5

Pavg 2.0 84.0 1.3 3.7 −3.0 84.5 0.0 2.2

4 POLY P 30.0 84.0 −12.6 2.5 2.0 30.5 3.4 1.5

Pmatch −1.0 29.0 2.7 3.7 0.0 3.0 3.7 0.7

Pavg −1.0 58.0 3.4 2.5 0.0 9.0 3.6 1.4

SIN P 36.0 84.0 −11.6 2.9 1.5 18.5 3.6 1.7

Pmatch 0.0 23.5 3.2 2.6 0.0 3.0 3.8 0.8

Pavg −1.0 51.0 3.8 2.7 0.0 6.5 4.1 1.9

m-CEOF P 13.5 77.5 4.3 2.4 0.0 20.0 2.0 2.7

Pmatch 3.0 46.0 1.8 2.4 0.0 3.0 2.7 0.9

Pavg 3.0 51.5 1.3 2.5 3.0 10.0 2.6 1.2

p-CEOF P 0.0 12.0 4.0 1.6 0.0 20.0 2.8 2.8

Pmatch 0.0 7.0 3.7 1.3 0.0 2.0 3.6 0.7

Pavg 0.0 12.0 2.7 3.5 1.0 20.0 0.5 2.9

6 POLY P 23.0 83.0 −12.8 3.0 0.0 8.0 4.8 1.9

Pmatch 0.0 4.0 4.7 2.4 0.0 2.0 5.7 0.7

Pavg 0.0 7.0 4.6 2.2 0.0 2.0 5.5 1.2

SIN P 29.5 80.5 −11.6 3.8 0.0 5.0 5.4 2.0
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should first be noted that, on a broad scale, pressure data have larger amplitudes in Alaska than in either Cascadia 
or Hikurangi and as a result, even the most effective seasonal and proxy corrections yield larger RMS values. At 
shelf sites in Alaska (83–262 m depth), RMS ≤2 cm and as low as 1.3 cm can be—but is not always—achieved 
between sites with depth differences ≲100  m with no consistent improvement when the depth difference is 

Table 2 
Continued

Aknown 
(cm) Proxy

Shelf Slope

Onset recovery 
error (d)

Amplitude 
recovery (cm)

Onset recovery 
error (d)

Amplitude 
recovery (cm)

Median Mad Median Mad Median Mad Median Mad

Pmatch 0.0 3.0 5.2 1.8 0.0 1.0 5.8 0.6

Pavg 0.0 6.0 5.1 2.4 0.0 2.0 6.0 1.6

m-CEOF P 4.0 59.0 4.6 2.7 0.0 3.0 4.8 1.4

Pmatch 2.0 12.0 3.1 1.9 0.0 2.0 4.3 0.9

Pavg 2.0 33.0 2.6 2.0 1.0 5.0 4.2 1.1

p-CEOF P 0.0 4.0 5.8 1.4 0.0 3.0 5.5 1.4

Pmatch 0.0 3.0 5.6 1.1 0.0 1.0 5.5 0.6

Pavg 0.0 4.0 4.7 3.0 0.0 3.0 3.1 2.1

8 POLY P 20.5 75.5 −12.5 3.7 0.0 3.5 7.2 1.8

Pmatch 0.0 2.0 7.0 1.9 0.0 1.0 7.7 0.6

Pavg 0.0 3.0 6.5 2.1 0.0 1.0 7.6 1.3

SIN P 22.5 66.5 −10.6 6.0 0.0 3.0 7.3 1.8

Pmatch 0.0 2.0 7.2 1.7 0.0 1.0 7.7 0.6

Pavg 0.0 3.0 7.0 2.1 0.0 1.0 8.0 1.5

m-CEOF P 2.0 25.5 5.5 2.8 0.0 2.0 6.9 1.1

Pmatch 1.0 4.0 4.4 1.7 0.0 1.0 5.8 1.0

Pavg 1.0 5.0 4.0 1.6 0.0 4.0 5.9 1.0

p-CEOF P 0.0 2.0 7.9 1.3 0.0 2.0 7.9 1.0

Pmatch 0.0 2.0 7.6 1.0 0.0 1.0 7.3 0.7

Pavg 0.0 3.0 7.4 2.3 0.0 2.0 5.1 1.9

10 POLY P 16.0 71.0 −12.3 4.7 0.0 3.0 9.3 1.7

Pmatch 0.0 2.0 9.0 1.8 0.0 1.0 9.7 0.6

Pavg 0.0 2.0 8.5 2.0 0.0 1.0 9.6 1.2

SIN P 17.5 53.5 −7.3 12.1 0.0 2.0 9.4 1.7

Pmatch 0.0 2.0 9.2 1.7 0.0 1.0 9.7 0.6

Pavg 0.0 2.0 9.0 1.9 0.0 1.0 9.9 1.5

m-CEOF P 0.0 5.5 6.3 2.9 0.0 1.5 8.8 1.1

Pmatch 0.0 3.0 5.8 1.5 0.0 1.0 7.4 1.0

Pavg 0.0 3.0 5.3 1.4 0.0 3.0 7.5 1.1

p-CEOF P 0.0 2.0 9.9 1.3 0.0 1.5 9.9 1.0

Pmatch 0.0 2.0 9.5 1.1 0.0 1.0 9.1 0.7

Pavg 0.0 2.0 9.4 2.1 0.0 2.0 6.6 2.1

Note. Onset recovery error and amplitude recovery for the unknown onset case are summarized as median and MAD errors 
for each ramp amplitude considered herein for all seasonal corrections, and the proxy corrections P, Pmatch, and Pavg, with shelf 
and slope presented separately. Light gray cells indicate onset prediction median±MAD ranges that fall within −8 to +8 days 
of the known value. Dark gray cells indicate ranges that fall within −4 to +4 days of the known value. m-CEOF, multivariate-
CEOF; p-CEOF, pressure-CEOF.
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reduced to ≲50 m. In contrast, on the Cascadia shelf for 120–177 m depth, RMS of ≤1.7 cm and as low as 0.7 cm 
can be obtained from sites with depth differences ≲50 m, with some exceptions. Analysis of Hikurangi shelf 
pressure records is not available in the literature. Thus, to first order, the available data suggest that the proxy 
Pmatch can be more flexibly defined on the shelf in Alaska but proves to be a more effective correction on the shelf 
in Cascadia.

At slope sites in Alaska, RMS values of ≤1 cm may be achieved for station pairs at 1,564–2,130 m depth over 
the full ∼500 m depth difference range, with some exceptions, and RMS values of ≤1 cm may be achieved for 
sites at 2,622–4,612 m depth for depth differences of ∼2,000 m. In Cascadia, differences between upper slope 
sites (675–1,297 m) yield RMS values ≤1 cm for depth differences ≲400 m, and all differences for sites at depths 
1,400–2,908 m yield RMS values ≤0.9 cm with many ≤0.5 cm (Fredrickson et al., 2019). For upper slope sites in 
Hikurangi (651–1,031 m depth), RMS values ≤1 cm are seen when depth differences are ≲350 m, while for lower 
slope and abyss sites (1,246–3,538 m depth), RMS values ≤1 cm (many ≤0.5 cm) are seen for depth differences 
up to ∼2,000 m (Inoue et al., 2021). Thus, given the limited extent of the networks in each location, the appropri-
ate depth difference and separation scales for shallow slope sites are approximately the same across localities to 
minimize difference RMS to ≤1 cm. On the lower slope, these scales are likewise comparable between localities, 
but with evidence for Cascadia and Hikurangi having a lower noise floor than is seen in Alaska. We also note that 
in the Nankai Trough, RMS values averaging 1.1 cm were obtained for DONET pressures at ∼1,500–4,500 m 
depth (e.g., Kawaguchi et al., 2015) recorded on sensors grouped in sub-networks of five instruments spaced 
∼20 km apart, after subtracting the mean pressure record for the respective subnet (Suzuki et al., 2018). It is 
notable that only in Alaska do we see a distinct incoherence between abyssal plain and lower slope sites, regard-
less of depth difference or separation. In Alaska and Cascadia, all of the above relationships hold true over site 
separations of hundreds of kilometers and in Hikurangi over separations of at least 80 km (the diameter of the 
network). Overall, these comparisons suggest that across multiple margins, the circulation processes that contrib-
ute significantly to seafloor pressures are temporally and spatially uniform along isobaths, within the hourly 
sampling considered here and subject to some linear scaling factor between sites.

The proxies based on other water column properties (seafloor temperature and SSH) at sites collocated with the 
pressures, seafloor temperature, and SSH herein, do not appear to serve as effective proxies when used in the 
analyses employed here. However, their use warrants further investigation because they do not rely on multiple 
recording sites nor assumptions about spatial coherence, and they may provide qualitative indicators of ocean-
ographic signals that could be misconstrued as tectonic in origin. For example, on the shelf, PSSH yields only 
modest reductions in signal RMS (Figure 6 and Table S3 in Supporting Information S1), likely because of the 
difference in frequency content when compared with the more continuously sampled seafloor records. However, 
it nonetheless tracks the abrupt seasonal transitions in October and February (Figures 3a and 3f). This obser-
vation is consistent with model simulations and published information on climatic and oceanographic patterns 
in the region, which show that during the winter months, strong winds transport water onto the shelf and cause 
downwelling of warmer water, creating winter-time peaked elevated sea levels, seafloor warming, and pressure 
increases (Stabeno et al., 2004). Any potential deformation that occurs during the transitions between summer and 
winter is prone to conflation with that seasonal shift, making it difficult to isolate empirically. We observe that 
these seasonal shifts differ enough between locations to not be reliably corrected during differencing (Figures 3c 
and 3d). Thus, if not carefully accounted for, climatically driven seasonal variations in PO and proxy data may 
mask or lead to a misleading amplitude prediction for PG, particularly when only a single or incomplete seasonal 
cycle is recorded (Gomberg et al., 2019). A benefit of SSH data is the fact that they are routinely collected and 
readily available globally. Further, the spatial resolution of SSH grid requires interpolation to station locations, 
but nonetheless yields promising results. Future increases in spatial and temporal resolution of these satellite 
products may prove to be increasingly effective predictors of seafloor pressure.

There is very little RMS reduction provided by PT (Figure 7), consistent with prior studies by Baba et al. (2006), 
Gomberg et al. (2019), and Itoh et al. (2019). However, qualitatively inspecting and comparing the time series 
reveals that there are certain frequencies and time periods at which the two signals correlate well, particularly on 
the shelf. This indicates that, as one might expect, there is a physical relationship between bottom temperature 
and pressure, but that it is temporally and spatially variable. As with SSH, this relationship has the potential to 
provide an additional means of differentiating tectonic and oceanographic signals and warrants further study. 
Additional independent measurements warrant exploration as PO proxies, but require a deeper understanding of 
ocean circulation processes that may be region-specific.
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5.3.  Maximizing SSE Detectability in Pressure Records

We summarize some of the limitations associated with the detectability analysis presented herein. First, we have 
assumed that there is only one SSE signal present on a single station in the network at any time, which is reason-
ably consistent with the AACSE network geometry and the anticipated spatial scale of SSE deformation based 
on other studies. However, the higher site density in the western end of the AACSE or in other networks does not 
preclude the possibility of recording SSE deformation at multiple sites, as reported by He et al. (2021). Second, 
the methods that assume spatially coherent oceanographic pressures at multiple sites may inadvertently correct 
out some component of PG, particularly those using the CEOF seasonal corrections and proxy Pavg, and Pmatch for 
poorly chosen site pairs. We minimized this possibility by masking out deformation signals before calculating 
the CEOFs and by excluding the station containing the synthetic deformation signal from the calculation of Pavg, 
but in a real scenario, this would not be as straightforward. In smaller aperture networks or those with larger 
instrument density (e.g., Woods et al., 2022), these concerns are amplified as it may be difficult or impossible 
to exclude proximal stations. However, in such settings, the pressure-CEOF seasonal correction and Pavg proxy 
have the benefit of being sensitive to sign and so in a well-recorded SSE the records of uplift and subsidence 
would tend to cancel one another out in their PG terms. Further, in the case of known onset time or even known 
approximate location SSEs, efforts could be made to exclude particular stations from calculations or to mask the 
PG period of the signal. We also caution that with all of the seasonal corrections considered here there is risk of 
correcting out or aliasing some part of PG, so none should be used blindly. Finally, the detector is designed to 
perform optimally when the SSE ramp is the only significant signal present, which as noted in Section 4.3.2 is 
not always the case even with our best-corrected pressure data.

Our detectability results show that there is a significant benefit to having independent information about the 
onset time (e.g., coastal GNSS deformation signals), particularly for smaller SSEs. In the end-member case of a 
0-cm (null) SSE ramp, knowing the event onset a priori yields a median ± MAD range as good as −1.3 to 0.9 cm 
on the shelf (pressure-CEOF and Pmatch, Table 1), as compared to 0.2–3.6 cm when event timing is unknown 
(pressure-CEOF and Pmatch, Table 2). For larger ramps, onset constraint improves for the unknown timing case 
and consequently amplitude predictions more closely compare to those from the known timing case, though 
general amplitude underprediction remains. This underprediction results in part from the bimodal distributions of 
the recovered amplitudes when timing is unknown (Figure 8 for the shelf and Figure S7 in Supporting Informa-
tion S1 for the slope). The bimodality of the amplitude recovery arises from spurious detections often associated 
with days-scale to weeks-scale large pressure fluctuations that occur as part of the transition between winter and 
summer seasons. All correction techniques assessed in this study are based on least squares regression, so the 
offsets that result when the detector misses ramps will necessarily be accompanied by a comparable decrease 
elsewhere in the corrected pressure record to minimize the residuals. Figure 4b demonstrates this effect for the 
Pref and no proxy corrections, though it occurs with varying frequency across all proxy corrections.

Whether on the shelf or slope, pressure data corrected with pressure-CEOF seasonal corrections and Pmatch yield 
the best or among the best constraints on onset and amplitude (gray shading in Tables 1 and 2). The smallest SSEs 
that may be detected and characterized with these corrections have amplitudes of 4 cm on the shelf and 2 cm on  the 
slope, comparing favorably with deformation amplitudes observed from SSEs in other studies. The difference in 
the threshold of detectability between shelf and slope is also roughly consistent with the ratio of post-correction 
RMS amplitudes between the two regions (Figure 6, Tables S3 and S4 in Supporting Information S1). Nearly 
all processing methods systematically underpredict ramp amplitudes and distributions are notably bimodal for 
small amplitudes (Figure 8), but the use of the pressure-CEOF and Pmatch minimize these complications. Thus, 
our results provide evidence that CEOFs can be used to provide seasonal and higher-frequency corrections to 
seafloor pressure data without significantly impacting the determination of PG amplitude, as compared to other 
seasonal correction methods. The timing accuracy that results from this preferred processing method should 
enable meaningful time-dependent SSE slip inversions, given the cm-scale SSE deformation amplitudes observed 
elsewhere. The potential to detect and characterize SSE deformation on the shelf is particularly important for the 
AACSE study area and much of Alaska, given the shelf's width of hundreds of kilometers and sparse onshore 
geodetic network. In a broader view, it is also significant in that it has generally been assumed previously that 
shelf pressure data are too noisy to be used in the detection of SSE deformation.

Longer deployments will help with correcting sensor drift and in the absence of known event timing, it would 
allow for sufficient data on either side of an SSE to adequately detect and characterize it. Going forward, extending 
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deployment duration to include multiple seasonal cycles would have multiple benefits for geodetic studies, to 
improve the preprocessing corrections for instrumental drift and seasonal variation. The former can be difficult 
to constrain due to the exponential component of unknown duration at the beginning of the deployment, which 
becomes decreasingly problematic with increasing observation duration. Seasonal signals and interannual varia-
bility can be better characterized with each additional year of data. The latter has not been extensively studied to 
date, but may be significant noting that La Nina and El Nino have been observed to influence seafloor pressure 
records on the US west coast (e.g., Wilcock et al., 2021).

6.  Conclusions
Our analyses quantify the patterns of significant coherence in seafloor pressure records from the Alaska margin 
over distances of hundreds of kilometers, controlled largely by location above or below the shelf break, and then 
secondarily by regional scale bathymetric features such as troughs and rises. We exploit this coherence to remove 
oceanographic signals from seafloor pressure records, thereby reducing the RMS of these records by as much as 
83% on the shelf and 93% on the slope. The most effective approach to this involves first subtracting out the first 
CEOF of the combined pressure data set from either shelf or slope sites, and then using depth-matched differenc-
ing (the proxy Pmatch) to further correct the data. Most pressure records corrected in this way can be reduced to 
≤1 cm RMS on the slope and ≤2 cm on the shelf. The separation and depth differences required to achieve those 
lowest RMS values are to first order consistent with what has been reported in Cascadia and Hikurangi margins, 
though the RMS values themselves are higher than what has been observed in those external locations.

We also demonstrate, through a synthetic detectability analysis, that the same combination of pressure-CEOF and 
Pmatch corrections enable the greatest detectability of SSE deformation signals, allowing for statistically repeata-
ble detection of 4 cm SSE signals on the shelf and 2 cm signals on the slope when no additional SSE constraints 
exist. Our analyses show that it is highly advantageous to have a priori information about event onset, perhaps 
provided by deformation observed on coastal GNSS stations. With known event timing, ramp amplitudes can be 
constrained to the ±1 cm level on the shelf and the ±0.5 cm level on the slope, while without this knowledge, 
ramps are systematically underpredicted and MADs are generally larger, particularly for small amplitude ramps.

Even with oceanographic signal corrections applied, significant residual pressure fluctuations occur at the transi-
tions between winter and summer seasons and can be misidentified as SSE deformation, particularly when using 
an automated SSE detector. While collocated SSH data are highly predictive of these seasonal signals for stations 
on the shelf, they still fail to adequately predict other oceanographic signals and thus do not yield dramatic 
improvements to pressure RMS values or to SSE detectability. Nonetheless, this relationship warrants further 
exploration, as does the time-dependent and frequency-dependent correlation between seafloor temperature and 
pressure. Additional improvements to oceanographic corrections and SSE detectability are likely to arise from 
longer, multi-year observational records.

Our results demonstrate that seafloor pressure records properly corrected for oceanographic pressure effects may 
be powerful tools for identifying SSE and other small-amplitude transient tectonic deformation. In particular, 
we show that observations from the shelf, which have previously been neglected or simply not made, can be 
adequately corrected to reliably detect SSE deformation.

Data Availability Statement
The pressure and temperature data used in this study are available from the Incorporated Research Institu-
tions for Seismology (IRIS) Data Management Center (ds.iris.edu/ds/nodes/dmc), archived under Network XO 
(2018–2019) (https://doi.org/10.7914/SN/XO_2018). Sea surface height data are available from the Coper-
nicus Program (http://marine.copernicus.eu/services-portfolio/access-to-products/) archived as the product 
SEALEVEL-GLO-PHY-L4-MY-008-047 (https://doi.org/10.48670/moi-00148).
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