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Abstract 

This study introduces structural upgrades to REGARD, Japan’s real-time GNSS-based coseismic analysis system, 
addressing two long-standing limitations in real-time geodetic source modeling: the absence of explicit uncertainty 
quantification in fault estimates and positioning instability due to reference‑station dependence. These limitations 
reduce the reliability and physical interpretability of automated products used for rapid earthquake and tsunami 
assessments. To quantify uncertainty under strict real-time constraints, we implement a Bayesian inversion framework 
based on Markov chain Monte Carlo (MCMC), termed RUNE, for estimating a single rectangular fault model. RUNE 
outputs posterior probability density functions for moment magnitude (Mw) and fault parameters. Stable and effi-
cient operation is achieved through physically informed priors and likelihood regularization through variance lower 
bounds designed to ensure statistical consistency, thereby suppressing noise-driven overfitting while retaining 
sensitivity to genuine crustal deformation. To improve positioning robustness, we introduce a real-time precise point 
positioning (PPP) cluster that eliminates reference-station dependence and mitigates network-wide translational 
artifacts inherent in real-time kinematic (RTK) positioning. Additional procedures—automatic station screening based 
on per-epoch position uncertainty and removal of common-mode trends estimated from distant stations—further 
stabilize displacement fields and improve the validity of the statistical assumptions used in Bayesian inversion. Appli-
cations to recent Japanese earthquakes, including the 2024 Noto Peninsula and Hyuga-nada events, together with 5 
years of operational statistics, demonstrate that the combined MCMC–PPP upgrades markedly reduce false alarms 
while remaining consistent with post-processed solutions. Overall, the introduction of explicit uncertainty quanti-
fication and stabilized real-time positioning enhances the reliability and interpretability of automated GNSS-based 
coseismic source modeling for rapid hazard assessment.
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1  Introduction
High-rate Global Navigation Satellite System (GNSS) 
analyses have enabled detailed characterization of crus-
tal deformation on sub-daily to near-instantaneous time 
scales. Building on these advances, real-time GNSS-
based crustal-deformation analysis has been actively 
developed to rapidly assess earthquake disasters (e.g., 
Larson et  al. 2003; Ohta et  al. 2006, 2012; Larson 2009; 
Blewitt et  al. 2006, 2009; Melgar et  al. 2012, 2016; Mel-
gar and Bock 2013; Tanaka et al. 2019). REGARD (Real-
time GEONET Analysis system for Rapid Deformation 
monitoring), jointly developed by the Geospatial Infor-
mation Authority of Japan (GSI) and Tohoku University, 
is a real-time GNSS analysis system in Japan. The sys-
tem uses the GNSS Earth Observation Network System 
(GEONET), the nationwide GNSS network operated by 
GSI, and estimates earthquake magnitude by inverting 
coseismic GNSS displacements to derive coseismic fault 
models (Kawamoto et  al. 2016, 2017; Ohno et  al. 2021, 
2022, 2024a). Conventional post-processing workflows 
for disaster response typically require several hours to 
calculate coseismic deformation and invert for fault 
models. In contrast, REGARD processes GEONET data 

in real time and provides fault-model estimates within 
approximately 10  min of an earthquake. These prod-
ucts are employed by national agencies for rapid hazard 
assessment; for example, they are used as reference infor-
mation for updated tsunami warnings issued by the Japan 
Meteorological Agency (JMA) and as input to the Cabi-
net Office’s real-time tsunami inundation and damage-
mapping system (Ohta et  al. 2018). GNSS-based rapid 
source-characterization systems have been developed 
not only in Japan but also in the United States (G-FAST 
and G-larmS; Murray et al. 2019; Ruhl et al. 2019) and in 
Chile, New Zealand, and Taiwan (e.g., Báez et  al. 2018; 
Lin et  al. 2019; Kaiser et  al. 2024). Nevertheless, Japan 
is unique in terms of GNSS station density and the high 
frequency of earthquakes (e.g., Sagiya 2004; Tsuji and 
Hatanaka 2018; Ruhl et al. 2019). Accordingly, REGARD 
has accumulated one of the world’s most extensive 
records of operational experience.

Despite its achievements, several challenges remain in 
REGARD’s operational performance. First, uncertainties 
in the estimated fault parameters arising from observa-
tional and modeling errors, such as those associated with 
the Green’s functions, have not yet been systematically 
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quantified. REGARD currently estimates a single rec-
tangular fault model by solving a nonlinear inverse 
problem using maximum-likelihood estimation (MLE). 
In practice, the conventional approach (Matsu’ura and 
Hasegawa, 1987) is known to be highly sensitive to the 
choice of initial values and prone to convergence to local 
minima. During the 2016 Kumamoto earthquake, the 
inversion became trapped on a conjugate fault near the 
initial strike, which substantially increased the computa-
tion time before convergence to the correct fault strike 
(Kawamoto et al. 2016). The variability derived from such 
an MLE-based procedure reflects only the local behavior 
around the obtained solution (i.e., the local curvature of 
the likelihood surface) and, therefore, does not represent 
the full range of fault parameters consistent with obser-
vational and modeling errors. Reporting the output of 
an automated analysis system as a single deterministic 
estimate, therefore, risks conveying a level of certainty 
that exceeds the system’s actual resolving power. Accord-
ingly, it is desirable for REGARD to autonomously pro-
vide quantitative uncertainty measures for its estimated 
parameters.

The second issue is that the noise characteristics of the 
real-time kinematic (RTK) positioning used in REGARD’s 
positioning subsystem can compromise the stability of 
the inversion subsystem. REGARD currently performs 
RTK positioning using a single reference station (Kawa-
moto et  al. 2017), meaning that observation or analysis 
errors at the reference site can propagate coherently to 
all baselines (Ohta et al. 2012). In real-time source mod-
eling, the estimation must be completed under strict 
computational and a priori constraints without manual 
intervention. The inversion assumes Gaussian position-
ing errors with zero-mean residuals. However, such 
coherent network-wide bias in RTK positioning violates 
the zero-mean assumption and leads to non-Gaussian 
residuals. As a result, these biases may be misinterpreted 
as apparent crustal deformation.

In operational use, we identified a “false alarm,” wherein 
a physically implausible fault model was estimated when 
network-wide translational noise dominated the dis-
placement field. The inversion results are evaluated using 
the variance reduction (VR), defined in the following 
equation:

where rT r and dT
d denote the residual sum of squares 

and the data sum of squares for the three-dimensional 
displacements, respectively. Following Kawamoto et  al. 
(2017), models with VR ≥ 80% are regarded as reliable. 
However, VR does not account for data reliability and 

(1)VR = 100

(
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r
T
r

d
T
d

)

,

can be artificially high in noise-dominated cases, leading 
to overfitting. In this study, we define such cases—where 
VR exceeds 80% primarily due to noise rather than genu-
ine crustal deformation—as false alarms. In this paper, 
a “false alarm” does not refer to incorrect earthquake 
detection itself, but to cases in which the inversion pro-
duces a physically implausible fault model from noise-
dominated displacement data. To reduce the risk of false 
alarms, REGARD employs three clusters, in which all 
stations are processed using different reference stations 
and automatically selects the best result; however, this 
approach does not fundamentally eliminate the prob-
lem. Based on operational records since 2016, 99% of the 
events triggered by REGARD have occurred under low 
signal-to-noise conditions in which no crustal deforma-
tion was detected. In other words, the majority of trig-
gered events correspond to noise-dominated cases rather 
than genuine deformation signals. Therefore, the primary 
challenge in routine operation is to avoid false alarms 
under such noise-dominated conditions. Improving the 
stability of positioning errors is thus directly linked to 
enhancing the operational stability of the system.

To address these challenges, we develop an operation-
ally feasible Bayesian inversion framework that maintains 
probabilistic rigor while ensuring computational stabil-
ity in real-time applications. Specifically, we develop 
and implement an algorithm that enables real-time 
Markov chain Monte Carlo (MCMC) source inversion. 
In addition, we report integrated system improvements, 
including the introduction of real-time precise point 
positioning (PPP), which reduces network-wide errors 
associated with reference-station dependence and makes 
the residuals more consistent with the zero-mean Gauss-
ian assumption.

2 � Methods
2.1 � Introduction of MCMC
This section explains the motivation for introduc-
ing MCMC in place of MLE for estimating a rectangu-
lar fault model and describes the resulting operational 
framework. We formulate the real-time fault estimation 
problem as a Bayesian inverse problem. The observed 
displacement vector d is related to the model parameters 
θ through a forward model:

where θ includes the fault parameters (latitude, longi-
tude, depth, strike, dip, rake, length, width, slip amount), 
and G(θ) represents the predicted displacement and ε 
denotes observation errors, which are assumed to fol-
low a zero-mean Gaussian distribution with variance 
σ 2
i (i = horizontal(EN ), vertical(U)) . The likelihood 

function is expressed as

(2)d = G(θ)+ ε,
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and the posterior distribution is given by

where Ni denotes the number of observations, and σi 
represents the effective data noise level, including mod-
eling errors. Based on this formulation, we developed the 
RUNE algorithm (Real-time automatic uncertainty esti-
mation of source models using crustal-deformation data) 
(Ohno et  al. 2021, 2024a). RUNE employs a Metropo-
lis–Hastings sampler (Metropolis 1953; Hastings 1970) 
with parallel tempering (Geyer 1991; Jasra et  al. 2007), 
running eight chains to infer the posterior probability 
density functions (PDFs) of the parameters of a single-
rectangular fault model (Okada 1992). RUNE empha-
sizes real-time MCMC automation, with the key feature 
of automatically estimating σ while incorporating mod-
eling errors. While previous studies have highlighted the 
importance of treating modeling errors more rigorously 
(e.g., Ragon et al. 2018; Agata et al. 2021), our approach 
adopts a simplified treatment to ensure robustness and 
computational efficiency in real-time applications. Spe-
cifically, σ is estimated from the approximation error 
associated with the single-rectangular fault model in 
the maximum-likelihood framework (e.g., Dettmer et al. 
2014), providing a practical representation of combined 
observational and modeling uncertainties.

The mathematical formulation of RUNE has been 
described in detail by Ohno et al. (2021, 2024a). There-
fore, we do not repeat those derivations here; instead, 
we focus on the modifications and tuning required 
to ensure stable operation within the operational 
REGARD environment. In particular, the algorithm 
must remain stable under noise-dominated condi-
tions, avoiding divergence or convergence to physically 
implausible, excessively large fault models while still 
converging rapidly under genuine crustal deformation.

To ensure stable Bayesian inference under real-time 
constraints, we adopted four design principles: (1) 
restricting exploration to physically plausible regions 
of the parameter space, (2) preventing unrealistically 
small variance estimates in the likelihood function, (3) 
maintaining computational feasibility within a fixed 
time window, and (4) ensuring computationally efficient 
and stable evaluation of required statistical quantities. 
Together, these principles define the core requirements 
for real-time probabilistic inversion, independent of 
specific parameter choices. They are implemented 
through the following mechanisms.

(3)p(d|θ) =
∏

i=EN , U

1
√

(

2πσ 2
i

)Ni

exp

[

−
1

2σ 2
i

r
T
i r

]

,

(4)p(θ |d) ∝ p(d|θ) p(θ),

2.1.1 � Prior PDFs design
First, we redesigned the prior PDF for fault geometry 
from Ohno et  al. (2021), particularly for strike angle, 
which can be poorly constrained when observational data 
are limited. To restrict parameter exploration to a more 
realistic domain, we incorporated the focal-mechanism 
catalog used in REGARD’s MLE procedure (Kawamoto 
et  al. 2017) as prior information. For each spatial grid, 
the catalog provides two conjugate nodal planes. Accord-
ingly, we assigned a bimodal prior distribution with two 
peaks corresponding to these planes while allowing non-
zero probability over a broader range of orientations. 
Specifically, the prior takes a lower bound of 0.66 relative 
to the peak (Fig. S1). The prior PDFs for the other fault 
parameters follow Ohno et al. (2021). The prior PDFs for 
dip and rake angles are  modeled as uniform distributions 
rather than bimodal distributions. Fault length and width 
are constrained using a  scaling law based on the Earth-
quake Early Warning (EEW) magnitude Meew, which is 
implemented as a trigger for execution of the subsequent 
inversion. In contrast, no magnitude-dependent con-
straints are imposed on slip amount, so that the Mw is 
primarily determined by the likelihood when significant 
deformation is observed. Overall, the prior design aims 
to provide physically informed constraints while allowing 
the data to drive the posterior distribution where obser-
vational information is sufficient, avoiding overly restric-
tive assumptions on earthquake size or fault geometry to 
maintain flexibility for unanticipated events.

2.1.2 � Likelihood regularization
Second, we imposed lower bounds on the standard devi-
ation, σ, in the likelihood function (Eq. 3). Here, σ repre-
sents the combined level of observational and modeling 
errors. When substantial deformation is observed at only 
a few stations or when non-Gaussian noise dominates 
(e.g., network-wide translational artifacts or isolated out-
liers), the effective noise level may be underestimated, as 
σ is inferred within a maximum-likelihood framework 
based on the single-rectangular fault model. This can 
cause σ to fall below the typical GNSS noise level and 
lead to overfitting. To mitigate this effect, we imposed σ 
floors of 1.5 cm for the horizontal component and 2.0 cm 
for the vertical component. These thresholds approxi-
mate the minimum resolvable deformation scale of 
GEONET under real-time conditions and prevent likeli-
hood degeneracy in low signal-to-noise situations. The 
values were derived from 5 years of operational statistics 
and represent the lower envelope of steady-state posi-
tioning errors together with residual modeling errors 
associated with the single-rectangular-fault approxima-
tion. This constraint can influence the relative preference 
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between conjugate solutions and the inferred magnitude 
range when deformation amplitudes are close to these 
thresholds (Fig. S2).

2.1.3 � Computational constraints
Third, we fixed the MCMC sampling budget. The 
inversion uses eight parallel-tempering chains, each 
generating 4 × 10⁶ samples. REGARD updates crustal-
deformation estimates and executes the inversion every 
10  s within a 5  min processing window. The sampling 
budget was selected to satisfy this operational require-
ment on the deployed Linux servers (e.g., Intel Xeon 
3.0 GHz CPUs with 24 cores and 48 threads), based on 
extensive testing using 5 years of operational logs and 
accounting for acceptance rates and replica-exchange 
behavior. To minimize computational overhead, poste-
rior PDF visualization and other diagnostic plots are gen-
erated only once per trigger, using the sample set from 
the model that achieves the highest VR after all inversion 
cycles are completed.

2.1.4 � Statistical value calculation
Fourth, we define a set of statistical procedures. REGARD 
reports representative solutions using the median of each 
posterior PDF as the point estimate. Uncertainty is sum-
marized using the 95% confidence interval (CI) and the 
posterior range (minimum–maximum) for each param-
eter. For cyclic parameters, such as strike and rake, a 
naive median can be misleading when samples straddle 
the 0°/360° (or ± 180°) boundary. To obtain a meaningful 
estimate, we circularly shift the samples with respect to 
the dominant mode and then compute the median in the 
shifted domain. When the posterior PDF is strongly mul-
timodal, a single median may not adequately represent 
the solution. Therefore, REGARD also provides multiple 
representative models (e.g., the posterior mean, posterior 
mode, and the model with the highest VR) together with 
marginal PDFs for operational review. These additional 
products can also be distributed externally when neces-
sary. Overall, these procedures provide relevant agen-
cies with model estimates accompanied by quantitative 
uncertainty, rather than a single deterministic solution.

2.2 � Introduction of real‑time PPP
Reliance on a single reference station introduces net-
work-wide translational noise that violates the statistical 
assumptions underlying Bayesian inversion, particularly 
the assumption of zero-mean residuals. To address this 
issue, we introduce PPP as a structural modification to 
the positioning subsystem. Because PPP does not require 
reference stations (Zumberge et  al. 1997; Kouba and 
Héroux 2001), it avoids the translational errors inher-
ent in RTK and better satisfies the commonly assumed 

inter-station independence in geodetic likelihood for-
mulations. In REGARD, RTK-specific errors have been 
mitigated using multiple reference-station clusters; how-
ever, the removal of reference-station dependence in PPP 
reduces the need for such redundancy, potentially low-
ering system complexity and computational cost. This 
section describes the operational architecture used to 
implement real-time PPP in REGARD.

The GSI and the Japan Aerospace Exploration Agency 
(JAXA) operate the IGS Analysis Center “JGX”, which 
produces post-processed precise GNSS orbit and clock 
products (Ohno et al. 2024b). As part of that project, we 
generate real-time GNSS orbit and clock products using 
MADOCA (Kawate et  al. 2023). By applying the 
MADOCA products, we calculate 1-Hz GEONET station 
coordinates in real time.

Figure  1 illustrates the PPP  processing workflow in 
comparison with conventional RTK processing. We 
introduced real-time PPP as a fourth processing cluster 
in addition to the three redundant RTK clusters used in 
the original system. Compared with the RTK clusters, the 
PPP cluster differs primarily in that its real-time process-
ing includes an additional preprocessing stage (Step 0). 
In Step 0, the precise orbit and clock estimation subsys-
tem ingests real-time observation streams from approxi-
mately 120 IGS stations via multiple data providers (e.g., 
MIRAI, IGS-IP, and EUREF-IP) and generates real-time 
precise orbit and clock products using JAXA’s MADOCA 
real-time analysis module, MGRTE (Kawate et al. 2023).

In Step 1, the positioning subsystem uses this real-time 
orbit and clock stream together with 1-Hz GEONET 
observations and performs PPP using RTKLIB’s rtkrcv. 
PPP is performed using dual-frequency ionosphere-free 
combinations of GPS (L1/L2) and GLONASS (G1/G2) 
observations. Satellite antenna phase center corrections 
were applied using the IGS20 ANTEX file, and receiver 
antenna phase center corrections were applied using 
the GSI ANTEX file optimized for GEONET stations. 
Zenith total tropospheric delays were estimated as sto-
chastic parameters without estimating horizontal gradi-
ents, using the Niell Mapping Function (Niel 1996) with 
the Saastamoinen a priori model (Saastamoinen 1972). 
Solid Earth tides, ocean tidal loading, and pole tides were 
corrected. An elevation cutoff angle of 15° was applied to 
exclude low-elevation observations.

A key difference from RTK processing is that RTK uses 
external ultra-rapid products (e.g., from CODE (CODE, 
2026)) as input, whereas PPP is driven by the real-time 
orbit and clock products generated in-house using the 
IGS Real-Time Service stations (IGS 2026). This design 
reduces dependence on any single analysis center’s prod-
uct and improves system robustness. Steps 2 and 3 then 
follow the same workflow as in the RTK clusters.
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The following sections describe two additional data-
screening procedures applied only to Step 2 of the PPP 
cluster (the crustal-deformation calculation subsystem), 
which are intended to reduce systematic residual corre-
lations that would otherwise bias probabilistic inference.

2.2.1 � Large‑noise removal
In the PPP cluster, the crustal-deformation calculation 
subsystem automatically excludes stations based on the 
per-epoch formal error output by RTKLIB’s PPP solution. 
Specifically, for each station we compute the maximum 
3D formal error within the 40 s time window used to esti-
mate coseismic displacement (20 s before and 20 s after 
the earthquake; Kawamoto et al. 2017). If this maximum 
exceeds 0.14  m, the station is excluded from the inver-
sion. The threshold was determined from 2 months of 
statistics across all stations to ensure that the screening 
is effective without being overly aggressive (Fig. S3). This 
procedure prevents stations affected by localized envi-
ronmental noise and exhibiting unstable behavior during 
the reinitialization period from contaminating the fault-
model estimation.

Figure  2a shows an example. Approximately 5 min 
before the earthquake, a data gap triggered a reset of 
the PPP Kalman filter, producing an erroneously large 

apparent displacement (> 40  cm). The proposed screen-
ing successfully identified and removed this station.

2.2.2 � Trend reduction
Because PPP performance depends on the accuracy of 
real-time orbit and clock products, network-wide posi-
tion fluctuations of several centimeters may occur. This 
common-mode behavior arises, because the satellite 
orbit and clock errors act as shared inputs across all sta-
tions, causing their effects to propagate throughout the 
entire network. Trial operations of REGARD showed that 
this noise can exhibit stronger spatial coherence than the 
translational noise observed in RTK solutions and can, 
therefore, be removed effectively. To reduce these com-
mon-mode trends, we estimate a network-wide trend 
using stations sufficiently far from the epicenter—where 
coseismic deformation is expected to be negligible—as 
follows:

	 i.	 Stations are first sorted by epicentral distance, and 
the mean displacement for each component (X, Y, 
and Z) is computed using stations within the xth–
95th percentile of the distance distribution. Here, 
x = 20 when Meew is below 6.5, and x = 70 other-
wise.

Fig. 1  REGARD processing workflow: a RTK clusters; b real-time PPP cluster
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	 ii.	 The estimated trend is then subtracted from the 
displacement vectors of all stations.

The percentile thresholds were selected to ensure that 
the stations used for trend estimation are located out-
side the expected deformation zone, based on empirical 
scaling relationships between earthquake magnitude 
and rupture extent. Sensitivity tests indicate that mod-
erate variations in these percentile ranges do not 
change the inferred Mw beyond its estimated uncer-
tainty bounds. Figure 2b shows an example of an event 
with Meew ≥ 6.5 in the Kanto region. In this case, the 

trend estimated from the 70th–95th percentile distance 
range was removed from all stations, reducing spurious 
common-mode error in the displacement field, as con-
firmed by both the map view and the histogram.

Through these implementations, the introduction of 
PPP fundamentally removes the structural limitations 
inherent in RTK positioning that arise from reference-
station dependence, while the newly implemented 
screening and detrending procedures mitigate PPP-
specific instabilities. As a result, improvements in posi-
tioning stability enhance the overall robustness of the 
system.

Fig. 2  a Example of a large spurious displacement at a single station in real-time PPP. A PPP reset occurred ~ 5 min before the earthquake, 
and the reinitialization temporarily increased positioning errors. b Example of trend removal. Map: orange stations (70th–95th percentile 
in epicentral distance) are used to estimate the trend. Histogram: red indicates the distribution after trend removal; the shape is preserved, 
while the mean shifts toward zero
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3 � Results
3.1 � Performance of MCMC
The MCMC-based rectangular fault estimation method 
implemented in RUNE entered trial operation in 2021 
and was integrated into REGARD in 2025, fully replac-
ing the previous MLE-based inversion. In this section, 
we evaluate its performance using real-time solutions for 
the 2024 Noto Peninsula earthquake, the 2024 Hyuga-
nada earthquake, and the 2025 Aomori–Oki earth-
quake, together with summary statistics accumulated 
over approximately 5 years of trial operation. All results 
reported here were generated automatically within 
10 min of earthquake detection.

3.1.1 � 2024 Noto Peninsula earthquake
The 2024 Noto Peninsula earthquake (M7.6) occurred on 
1 January 2024 at 07:10 UTC as an inland reverse-fault 
event. REGARD successfully delivered both MLE-based 

and MCMC-based rectangular fault estimates to the rel-
evant agencies.

Real-time RTK time series at stations that recorded 
large displacements are shown as blue curves in Fig. 3a–
c. At station 0053, a temporary data outage occurred 
after the strong shaking subsided due to communica-
tion disruption; however, the station soon recovered and 
ultimately recorded approximately 1.3  m of horizontal 
displacement, representing the largest deformation cap-
tured by REGARD during this event (Fig. 3a). In contrast, 
station P111 stopped transmitting immediately after 
the earthquake due to physical damage (Fig. 3c). Several 
additional nearby stations also experienced intermittent 
outages (Fig. 3d).

Despite the absence of near-epicentral data, the sys-
tem captured the regional deformation pattern, enabling 
both RUNE and the MLE procedure to successfully esti-
mate rectangular fault models. Figure 4 shows the RUNE 

Fig. 3  a–c Real-time RTK time series at stations 0053, 0253, and P111, using KITAHATA​ as the reference station. d Locations of stations with missing 
data
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results at 07:14:46 UTC (276 s after detection), together 
with the REGARD MLE solution. The fault parameters 
estimated in real time by RUNE and MLE converged to 
similar values in terms of the magnitude and fault geom-
etry, and no major differences in parameter estimates 
attributable to the estimation method were observed in 
this case (Fig.  4a; Table  S1). Although these REGARD 
models are constrained by the  absence of near-field 
observations and the assumption of a single-rectangular 
fault, RUNE yielded a moment magnitude of Mw = 7.44 
with quantified uncertainty (Fig. 4b, c; other parameters 
in Fig. S4), assuming a rigidity of 30 GPa. This magnitude 
is consistent with a post-processed model derived from 
recovered data (Mw = 7.40, rigidity = 30 GPa), obtained 
by re-estimating the fault-model offline using GNSS 
observations that were unavailable in real time due to 
communication outages (e.g., Fig. 3d) but later retrieved 
(GSI 2024a). Using these recovered observations, we re-
estimated the fault model with RUNE under the same 
framework, and the resulting magnitude is also consist-
ent with both the real-time estimates and the GSI (2024a) 
solution (Mw = 7.44, rigidity = 30 GPa).

In contrast, the real-time fault geometries differ 
from the post-processed models. In particular, the dip 
angle shows a significant difference: real-time RUNE 
estimated a low-dip angle of 6.0°, whereas GSI (2024a) 
reported a dip range of 40.6°–54.9°. In addition, Yam-
ada et  al. (2025) demonstrated through a grid-search 

validation of fault dip angles, that a high-angle dip 
model is required to adequately explain the nearby 
vertical displacement components. This discrepancy 
is not primarily controlled by the prior, because, as 
described in Sect.  2.1, the dip angle is not subject to 
a strongly informative prior constraint, whereas the 
strike is  derived from the bimodal prior distribution. 
Although the dip angle was initially set to 45° in this 
case, it was allowed to vary under a uniform prior PDF, 
and the convergence point was determined by data 
constraints. This reflects a design choice to avoid overly 
constraining parameters that influence characteristics 
of tsunami sources. In Fig. 4b, the uncertainty bounds 
show the full posterior range (minimum–maximum) of 
the MCMC samples, and even across this entire range 
the dip angle remains shallow, indicating that the real-
time data—not the limits of the exploration domain—
systematically favor a low-dip solution. Given that the 
post-processed model using recovered data (Fig.  4a) 
yielded a dip of 36.2°, this discrepancy likely reflects 
both the absence of near-field observations in real time 
and the inherent limitation of approximating a com-
plex rupture geometry with a single-rectangular fault. 
In such cases, the likelihood provides insufficient con-
straints on dip, allowing solutions that are compatible 
with sparse observations but differ from those obtained 
with more complete datasets. The impact of missing 
data is discussed further in Sect. 4.3.

Fig. 4  RUNE results for the 2024 Noto Peninsula earthquake. a Estimated fault model (median). Black and white vectors represent observed 
and modeled displacements, respectively. Contours indicate the normalized frequency of sampled fault planes. Black rectangles show the REGARD 
MLE model and a post-processed model estimated using RUNE with post-event recovered R5 coordinates. b Fault parameters. c Probability 
distribution of Mw
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3.1.2 � 2024 Hyuga‑nada earthquake
The 2024 Hyuga-nada earthquake (M7.1) occurred on 8 
August 2024 at 07:42 UTC. REGARD operated normally, 
and the MLE-based solution, which was used operation-
ally as the primary product at the time, was submitted to 
the Nankai Trough Earthquake Assessment Committee, 

which discusses the likelihood of a large earthquake in 
the Nankai Trough and issues Nankai Trough Earthquake 
Extra Information to the public (JMA 2026).

Figure  5 shows the RUNE results at 07:44:05 UTC 
(62 s after detection). The estimated model is consistent 
with both the MLE and post-processed (GSI 2024b) fault 

Fig. 5  RUNE estimation results for the 2024 Hyuga-nada earthquake. a Estimated fault model (median). Black and white vectors represent observed 
and modeled displacements, respectively. Contours indicate the normalized frequency of sampled fault planes. Black rectangles show the REGARD 
MLE model and the post-processed model (GSI 2024b). b Marginal posterior probability distributions
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models (Table S2). RUNE estimated Mw = 7.15 assuming 
a rigidity of 30 GPa, which is close to the post-processed 
estimate of Mw = 7.10 (reported using a rigidity of 60 
GPa).

The marginal posterior distributions of strike and rake 
exhibit two distinct clusters (Fig.  5b; each PDF in Fig. 
S5), indicating a dominant northwest-dipping fault and a 
possible southeast-dipping conjugate plane. In addition, 
a clear trade-off between fault area and slip is observed 
along contours of constant Mw. These marginal PDFs are 
available to internal operators, enabling rapid interpreta-
tion of uncertainty in offshore source estimation based 
on land-based GNSS data. Quantifying uncertainty in 
real time also allows the reliability of a single representa-
tive solution to be evaluated more objectively.

3.1.3 � Statistical evaluation of operational performance
After approximately 5 years of trial operation, RUNE was 
formally adopted as the primary inversion method in 
July 2025, replacing the MLE-based approach. Figure 6a 
shows the frequency distributions of VR for both MLE 
and RUNE derived from operational data. The RUNE dis-
tribution exhibits a pronounced peak near VR ≈ 0, indi-
cating that the method tends not to fit noise-dominated 
displacement fields. In contrast, the MLE approach fre-
quently yields high VR values even in noise-dominated 

cases, leading to false alarms. While VR is commonly 
used as a measure of goodness of fit, it can be artificially 
high in noise-dominated cases, leading to overfitting 
rather than improved model performance. RUNE sup-
presses such behavior and produces low VR values when 
no significant deformation is present, indicating that 
noise fitting is effectively avoided. Consistent with this 
interpretation, the proportion of false alarms—defined 
as cases with VR ≥ 80% despite the absence of signifi-
cant deformation—decreased from 2.091% with MLE 
to 0.001% with RUNE, based on 3,731 trigger samples. 
These results demonstrate that uncertainty-aware inver-
sion not only provides probabilistic information but also 
structurally improves robustness by preventing noise-
driven overfitting.

Figure  6b compares the Mw estimates obtained using 
MLE and RUNE with the EEW magnitude, Meew. For 
events with confirmed significant deformation (red 
points), the RUNE estimates generally agree with the 
MLE results, with their uncertainty intervals overlap-
ping in most cases. For these events, both the MLE- and 
MCMC-based Mw estimates tend to be closer to the 
JMA magnitude (Fig. 6b, inset) than to Meew. In contrast, 
an apparent Mw–Meew correlation emerges in noise-
dominated cases. Importantly, this trend reflects not 
genuine crustal-deformation signals but the scaling law 

Fig. 6  a Frequency distributions of variance reduction (VR) for 3731 event samples with Meew3 or greater from 2022 to 2025. Filled symbols: 
maximum-likelihood estimation (MLE); open symbols: Markov chain Monte Carlo (MCMC). b Comparison of moment magnitude (Mw) estimated 
by MLE and MCMC with the Meew. Skyblue symbols: MLE; black symbols: MCMC. For each event, the MLE and MCMC estimates share the same 
horizontal coordinate. Red annotations highlight deformation-observed events, with labels indicating the event date, region, and JMA magnitude
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based on Meew used for the initial values of fault length 
and width in RUNE. Moreover, when noise dominates 
the observations, RUNE tends to produce Mw values 
larger than Meew. This tendency arises from the prior 
design for the parameters controlling seismic moment: 
fault length and width are assigned normal-type priors 
derived from scaling relations, whereas slip is given a 
non-informative prior (i.e., without magnitude-depend-
ent constraints) (Ohno et al. 2021). This choice maintains 
flexibility for unanticipated scenarios; however, when the 
likelihood is weak, it can lead to an overestimation of 
Mw, because the representative value is computed from 
the median of broadly sampled slip values. This tendency 
is not observed in high-signal-to-noise events (Fig.  6b), 
which are the primary focus of REGARD, as the likeli-
hood dominates the posterior. In addition, in the MCMC 
framework, the VR exhibits larger sensitivity to S/N than 
MLE (Fig.  6a) and provides a more robust indicator for 
solution reliability. Therefore, this does not negatively 
affect operational use.

The 2025 Aomori–Oki earthquake (M7.5) was the 
first M7-class event after the full adoption of RUNE, 
and the real-time output formats are shown in Fig.  7. 
RUNE estimated Mw = 7.51, consistent with post-
processed results (e.g., GSI 2025). The representative 
median model differed from the post-processed model 
by approximately 90° in strike, corresponding to the 
conjugate plane. The posterior distribution (Fig.  7) is 
bimodal in strike and rake; although the median corre-
sponds to the higher-probability mode, the alternative 
plane consistent with the post-processed model was also 
explored. This likely reflects the limited resolving power 
of real-time GEONET data for offshore sources, par-
ticularly because north–south constraints are weaker. 
Even when the representative median model differs from 
post-processed solutions, the system explicitly indicates 
what can and cannot be resolved in real time, providing 
uncertainty information that is essential for operational 
decision-making.

3.2 � Performance of real‑time PPP
Real-time PPP began trial operation in 2023 as a new 
analysis cluster and was incorporated into REGARD in 
2026. Below, we demonstrate the improvements and 

remaining challenges by comparing the PPP results with 
those obtained from RTK.

3.2.1 � Resolving RTK positioning challenges
The advantages of PPP become most apparent not during 
clear coseismic events but under noise-dominated condi-
tions. Because PPP processes each station independently, 
anomalies originating at a single station do not propagate 
coherently across the network, unlike in RTK. When dis-
placement is evaluated over REGARD’s operational time 
window (~ 5  min), the steady-state noise level of real-
time PPP is comparable to that of RTK (Fig. 8a). More-
over, during periods when RTK exhibits pronounced 
nationwide translational noise, PPP effectively suppresses 
the corresponding network-wide bias when applied to 
the same time intervals (Fig. 8b).

By eliminating RTK translational noise, PPP more 
closely satisfies the near-zero-mean residual assumption 
of the inversion. This effect complements the σ-floor con-
straint that prevents data overfitting, together forming a 
two-tiered safeguard against noise-driven overfitting and 
thereby enhancing overall operational robustness.

3.2.2 � 2011 Tohoku–Oki earthquake
Although real-time PPP was not applied at the time of 
the 2011 Tohoku–Oki earthquake, we post-processed 
PPP analysis to evaluate its performance during a major 
event. Figure  9a compares displacement time series at 
0550, where very large displacements were observed. 
The RTK baseline solution relative to 0001 (WAKKANAI; 
Northernmost part of the Hokkaido region) is shown in 
blue, whereas the PPP solution for 0550 alone is shown in 
orange. PPP reproduces the coseismic displacement with 
accuracy comparable to that of RTK. Even in the pres-
ence of such large signals, formal errors remained small, 
indicating that the screening procedure described in 
Sect. 2.2 is unlikely to erroneously exclude stations expe-
riencing genuine deformation.

A closer inspection of the time series (Fig.  9a, upper 
right) reveals oscillations of approximately 5  cm that 
appear only in the RTK baseline solution. When the 
PPP time series at 0001 is subtracted from that at 0550, 
these short-period fluctuations are accurately reproduced 
(Fig. 9a, lower right). This confirms that the oscillations 
are caused by the passage of surface waves (Furumura 

Fig. 7  Estimation results for the 2025 Aomori–Oki earthquake (Real-time output format within 10 min of the earthquake). a Map view. The blue line 
shows the model with median values of posterior probability density functions (PDFs). The contours indicate normalized uncertainties in the spatial 
model area. The black and white vectors indicate the observed and calculated values, respectively. b Posterior PDFs. The ranges on the horizontal 
axis reflect the maximum search ranges. Inserted values in the upper right-hand corner denote the median, mean, mode, 95% confidence interval, 
minimum value, and maximum value, respectively. The yellow dot lines and inserted texts in the bottom-right indicate prior PDFs

(See figure on next page.)
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Fig. 7  (See legend on previous page.)
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2014) at the RTK reference station and demonstrates 
that PPP successfully eliminates reference-station 
dependence.

Using the PPP-derived displacement field, we esti-
mated both a rectangular fault model and a slip distri-
bution model (Fig.  9b, c) using the conventional MLE 
approach following Kawamoto et al. (2017) based on the 
data analyzed in this study. These results are shown to 
confirm that the PPP-derived displacements do not affect 
REGARD’s model estimation. Because the primary differ-
ence between the PPP and RTK displacement fields is the 
small transient oscillation described above, the estimated 
fault models closely match those reported by Kawamoto 
et al. (2017).

3.2.3 � Trial operational performance
The PPP cluster began trial operation in 2023. Here, we 
summarize its behavior during the 2024 Noto Penin-
sula and 2024 Hyuga-nada earthquakes. During both 
events, PPP operated as a fourth experimental cluster; at 
that time, PPP-based displacement calculation and fault 
inversion had not yet been implemented in real time. 
Therefore, the PPP outputs were post-processed using 
RUNE for evaluation.

For the 2024 Noto Peninsula earthquake, PPP cap-
tured the earthquake-related offsets and outages at 0053, 
0253, and P111 (Fig.  3a–c, orange curves) in a manner 
consistent with RTK. During this event, the centimeter-
scale, network-wide PPP noise described in Sect.  2.2 

Fig. 8  Evaluation of steady-state noise levels in real-time PPP. The real-time PPP results are obtained after applying outlier removal 
and trend-reduction processing. a Dispersion of displacement estimates. Gray denotes the three RTK clusters, and red denotes the real-time PPP 
cluster. Inserted values indicate standard deviations. b Example of PPP results during a period dominated by translational noise in RTK
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was also observed (Fig. S6). Residual analysis revealed a 
southwestward horizontal trend of ~ 2 cm and a vertical 
uplift bias of several centimeters in the PPP solutions. 
After applying the trend-reduction procedure, the PPP-
derived displacement field became more consistent with 
the RTK-based pattern, indicating that the treatment 
of network-wide translational trends can directly affect 

inversion outcomes (Fig. S6). Such trends cannot be 
automatically absorbed by RUNE’s likelihood function, 
which assumes zero-mean residuals, underscoring the 
importance of the trend-reduction step.

For the 2024 Hyuga-nada earthquake, station 0483 
recorded permanent displacements on the order of cen-
timeters. The PPP solution was more stable than the RTK 

Fig. 9  a Time series at GEONET station 0550 during the 2011 Tohoku–Oki earthquake, comparing real-time PPP and RTK. Right: zoomed-in view 
of the later time window. Bottom: difference between the PPP time series at 0550 and 0001. b Estimated rectangular fault model using PPP-derived 
displacements with MLE. c Estimated slip distribution
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solution in the horizontal components, whereas the ver-
tical component exhibited slightly larger scatter (Fig. S7). 
Rectangular fault models derived from PPP differed from 
the RTK-based solution mainly in strike, with VR values 
of 31% for PPP and 53% for RTK, while the estimated 
Mw values remained similar. The overall displacement 
field contained many low-signal-to-noise stations and 
lacked several coastal stations, weakening constraints 
on strike and making the inferred source appear more 
point-source-like, as is typical for offshore events. In this 
case, station exclusion influenced the model estimation, 
underscoring the need for additional conditioning and 
quality control of real-time PPP products.

For the 2025 Aomori–Oki earthquake, real-time PPP 
did not produce positioning results because the genera-
tion of real-time orbit and clock products halted due to 
an operational error.

4 � Discussion
4.1 � Utilizing uncertainty quantified by MCMC
The proposed MCMC framework demonstrates that 
uncertainty-aware inversion can function as a stabilizing 
mechanism in automated real-time systems, rather than 
merely providing supplementary diagnostic information. 
Here, we discuss how the quantified uncertainty can be 
interpreted and utilized.

Uncertainty information allows users to objectively 
assess the risk of under- or overestimation in the imme-
diate aftermath of an event, thereby improving the reli-
ability of rapid analyses. At the same time, uncertainty 
derived from MCMC sampling is inherently richer than 
conventional point estimates. Although presenting multi-
ple plausible solutions and alternative models can benefit 
decision makers, overly complex output may hinder deci-
sion-making under time pressure. In operational practice, 
we, therefore, categorize outputs into indicators commu-
nicated succinctly to end users and indicators intended 
for internal use. This approach balances accuracy, speed, 
and brevity according to the needs of different users (e.g., 
JMA, the Cabinet Office, and railway operators).

Beyond visualization, uncertainty can also be propa-
gated into downstream hazard-assessment systems to 
quantify secondary risks. Ohno et  al. (2022) demon-
strated an approach in which uncertainty in coseismic 
slip distributions is propagated through multiple samples 
into tsunami inundation simulations to quantify uncer-
tainty in tsunami hazards. In this sense, MCMC-based 
uncertainty is not merely ancillary metadata but struc-
tural information that can enhance real-time disaster-
mitigation systems.

In the remainder of this section, we examine the valid-
ity of the quantified uncertainty. Its magnitude depends 
on how aleatory uncertainty (e.g., observational errors; 

Hennig et al. 2015) and epistemic uncertainty (e.g., model 
errors; Kiureghian and Ditlevsen 2009) are represented. 
The system is designed to balance physically grounded 
constraints with sufficient inclusiveness to accommodate 
worst-case scenarios relevant to disaster mitigation.

4.1.1 � Observational errors
Numerical experiments indicate that the automatically 
adjusted standard deviation of the Gaussian likelihood is 
consistent with the injected Gaussian noise (Ohno et al. 
2021), suggesting that the method yields appropriate 
uncertainty estimates when residuals are approximately 
Gaussian. In the current implementation, RUNE adopts 
a normal likelihood (Ohno et  al. 2021, 2024a). Because 
non-Gaussian noise (e.g., large station-specific noise or 
network-wide translational artifacts) is difficult to accom-
modate during real-time estimation, it is essential to sup-
press such effects at the observation or positioning stage. 
Although non-Gaussian residuals may still occur, reduc-
ing systematic components in the positioning process 
improves the validity of the Gaussian-residual approxi-
mation. Future extensions may incorporate heavy-tailed 
likelihood models.

4.1.2 � Modeling errors and priors
RUNE’s automatic adjustment determines σ based 
on residuals arising from the single-rectangular-fault 
approximation (Dettmer et  al. 2014; Ohno et  al. 2021). 
Consequently, greater model mismatch in a coarse repre-
sentation leads to a larger σ, which helps maintain proba-
bilistic validity. Furthermore, the lower bound introduced 
in Sect.  2.1 prevents unrealistically small σ values and 
avoids overfitting. In practice, we confirmed that σ often 
reaches the predefined lower bound in cases dominated 
by near-Gaussian white noise or very small displace-
ments close to the noise level. In contrast, σ exceeds the 
lower bound when the data include outliers or when large 
coseismic displacements are present. This behavior indi-
cates that the lower bound acts primarily as a safeguard 
in noise-dominated cases and does not significantly affect 
the results when signal amplitudes are large.

For epistemic uncertainty represented by prior dis-
tributions, we adopt a strategy of incorporating obser-
vational and physical prior information—such as EEW 
constraints and scaling laws—with sufficient strength to 
enhance stability in automated estimation.

4.2 � Real‑time PPP stability
The real-time PPP implementation introduced in 
this study substantially mitigates structural limita-
tions inherent in RTK, specifically its dependence 
on a fixed reference station and its susceptibility to 
large-scale, network-wide translational noise, thereby 
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strengthening the positioning foundation of REGARD. 
At the same time, several aspects of real-time PPP still 
require improvement.

Real-time PPP critically depends on the continuity 
and stability of upstream precise products, particularly 
orbit and clock streams. If the real-time orbit or clock 
stream is interrupted, PPP processing halts immediately; 
therefore, reliable operation requires the continuous 
(24/7) generation and delivery of these precise products. 
During the Aomori-offshore event, positioning failed, 
because the real-time orbit stream was unavailable due 
to maintenance, which prevented the accumulation of 
case data. Although four redundant precise orbit and 
clock estimation subsystems are currently in operation, 
REGARD relied on a single stream at that time. Establish-
ing a higher-level redundancy layer that monitors stream 
quality and automatically switches to the best available 
stream is, therefore, essential.

With respect to positioning quality, the proposed 
screening procedures effectively address two major 
challenges: large station-specific noise and system-
wide translational noise. That said, for station-specific 
anomalies, the current strategy relies on excluding the 
affected stations, which can degrade model estima-
tion (Sect.  3.2.2). Because REGARD routinely processes 
observations from nearly 1,300 GNSS stations, data gaps 
and intermittent outages are unavoidable in practice. 
In the next section, we therefore examine how missing 
observations affect the inversion and discuss strategies 
to suppress noise-driven overfitting under conditions of 
data loss.

4.3 � Addressing position instability in model inversion
In real-time GNSS analyses, simultaneous data gaps 
may occur immediately after an earthquake due to sta-
tion damage, communication outages, equipment mal-
functions, or processing failures. During the 2024 Noto 
Peninsula earthquake, two stations ceased operation 
because of physical damage, and additional outages 
occurred due to communication disruptions (Fig. 3c). As 
a result, the inversion overfit the remaining observations 
and produced an unrealistically shallow-dipping fault 
model (Fig.  4). Such underestimation of the dip angle 
could lead to underestimation of tsunami inundation in 
downstream applications. In addition, PPP instability 
during the trial-operation stage can itself introduce data 
gaps (Sect. 4.2). Although these issues should ultimately 
be mitigated through improvements to the positioning 
subsystem, here we focus on their impact on MCMC-
based fault estimation and describe the countermeasures 
implemented in RUNE.

RUNE performs the inversion using only stations for 
which displacements can be successfully computed. 

Consequently, data gaps effectively alter the spatial cover-
age of the observation network and may bias the inferred 
model.

4.3.1 � Missing‑data detection
REGARD uses approximately 200 GNSS stations as dis-
placement inputs, including 50 stations located near 
the epicenter and about 150 additional stations selected 
through distance-based down sampling. For the 50 near-
field stations, a predefined template list is compared with 
the set of stations for which displacement estimates are 
available; any discrepancy between the two sets is treated 
as missing data.

4.3.2 � “Missing‑data mode” to suppress overfitting
To reduce noise-driven overfitting under conditions of 
data loss, we introduce a missing-data mode in which the 
likelihood standard deviation (σ) is inflated in propor-
tion to the observed displacement amplitude. Specifically, 
among the ten stations closest to the epicenter, we com-
pute, for each station, the second-largest absolute dis-
placement across the three components and denote the 
resulting representative amplitudes as dE, dN, and dU. We 
then define the minimum value of σ as

We adopt the larger of this σ and the value of σ deter-
mined automatically in the normal mode. In addition, 
if σU < σEN , we set σU = σEN to avoid imposing overly 
restrictive constraints on the vertical component. The 
10% scaling factor was selected based on retrospective 
tests using the 2024 Noto Peninsula earthquake: larger 
factors tended to underestimate Mw, whereas smaller 
factors failed to prevent unrealistically shallow-dip esti-
mates. Using the second-largest displacement reduces 
sensitivity to isolated outliers.

Applying the missing-data mode to the 2024 Noto Pen-
insula earthquake (Fig. 10a) broadens the feasible param-
eter region relative to Fig. 4. Although the median model 
remains broadly consistent, the posterior range expands; 
notably, the upper bound of the dip angle increases from 
15° to 52°, mitigating the previously observed shallow-dip 
bias. Even in missing-data mode, the median estimate 
generally converges with a model similar to that obtained 
under normal operating conditions.

4.3.3 � Using expanded uncertainty to extract a practical 
worst‑case model

To make practical use of the expanded uncertainty, 
downstream use of multiple samples becomes impor-
tant. One possible approach is ensemble scenario simu-
lation (Ohno et  al. 2022), but such simulations can be 
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computationally demanding in real time. As an alterna-
tive, we explore extracting a plausible worst-case model 
from the MCMC samples.

Ohno et  al. (2022) reported a positive correlation 
between the sum of absolute vertical seafloor deforma-
tion and the resulting inundation area. Motivated by this 
relationship, we select a worst-case sample as follows:

	 i.	 Filter the MCMC samples according to the follow-
ing criteria:

A)	 epicenter latitude and longitude within the 95% 
CI;

B)	 VR above the lower bound of the 95% CI;
C)	 stress drop within the 95% CI;
D)	 dip within the quartile bin that contains 45° (i.e., 

partitioning the range 0°–90° into Q1–median–
Q3).

Fig. 10  a RUNE estimation results using the “missing‑data mode.” b Worst‑case model extracted from the missing‑data posterior. Colors indicate 
vertical displacement computed using Okada (1992) over the region explored in missing‑data mode
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	 ii.	 Compute the vertical seafloor deformation for each 
retained sample using the formulation of Yoshim-
itsu Okada (1992).

	iii.	 Select the sample that maximizes the summed 
squared vertical displacement.

Criterion (D) targets dip angles near 45°, based on the 
finding that tsunami height is relatively insensitive to dip 
(e.g., Baba et al. 2024) while still balancing uplift ampli-
tude and spatial extent. Criteria (A)–(C) are intended to 
avoid selecting extreme outliers that are unrepresentative 
of the posterior distribution. For the spatial domain used 
to evaluate the initial deformation, we project all MCMC 
fault samples onto a map and define the latitude–longi-
tude bounds that encompass the entire set of samples.

Although this worst-case selection procedure is inde-
pendent of the missing-data mode, combining the two 
enables effective use of the expanded parameter space. 
Figure  10b shows the worst-case sample extracted from 
the posterior obtained in the missing-data mode. Com-
pared with the median models in Figs.  4b and 10a, the 
worst-case solution exhibits larger slip and a steeper dip. 
Although full tsunami inundation simulations are beyond 
the scope of this study, the result suggests a practical 
pathway to reduce the risk that shallow-dip real-time 
models underestimate tsunami hazard when used as 
input for downstream applications.

Although PPP and MCMC cannot prevent data gaps, 
their combined use provides a mechanism to quantify the 
resulting reduction in model reliability when observa-
tions are missing. Together with ongoing improvements 
in observational infrastructure, further advances in 
inversion strategies and uncertainty quantification under 
missing-data conditions will help strengthen the robust-
ness of real-time systems.

5 � Conclusions
We implemented two major operational upgrades to 
REGARD: (i) a real-time MCMC inversion frame-
work that provides quantitative uncertainty estimates 
and (ii) a real-time PPP positioning cluster that elimi-
nates structural limitations inherent to RTK. Together, 
these upgrades address two long-standing challenges in 
real-time GNSS coseismic analysis: the lack of explicit 
uncertainty quantification and contamination by refer-
ence-station-dependent noise.

The MCMC framework estimates the posterior 
probability density functions (PDFs) of Mw and fault 
parameters within the operational time window. 
Prior constraints and a likelihood σ-floor suppress 
noise-driven overfitting while preserving sensitivity 
to genuine deformation, yielding uncertainty-aware 
fault estimates that reflect the resolving power of the 

available data. Real-time PPP stabilizes the observation 
layer by eliminating reference-station dependence and 
the associated translational artifacts. In addition, sta-
tion screening and common-mode trend removal fur-
ther improve the consistency of the displacement field 
and support the assumptions underlying the Bayesian 
likelihood.

Applications to recent earthquakes and long-term 
operational statistics show that the combined upgrades 
substantially reduce false alarms while maintaining 
consistency with post-processed solutions. Although 
uncertainty remains large for offshore events and in 
the presence of data gaps, these limitations are now 
explicitly quantified rather than being hidden within 
deterministic outputs. Together, these results demon-
strate a practical pathway for operationalizing proba-
bilistic source modeling in automated hazard response 
systems.

Future work will focus on strengthening redundancy 
for real-time precise products, refining strategies for 
handling missing data, and propagating uncertainty into 
downstream hazard-assessment systems.
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