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Site characterization is a pivotal step in civil engineering. Geotechnical site investigations and geophysical surveys
are the two main methods employed for site characterization, each with its distinct purposes and technical approaches.
This study introduces a data fusion method based on Bayesian theory. Our goal is to fuse geotechnical data with
geophysical data for site characterization. Common data fusion methods adequately consider spatial variability but
utilize inverted geophysical data, overlooking uncertainties introduced by inversion. However, inversion uncertainties,
stemming from non-uniqueness of solutions, can be significant. We use original geophysical data, such as seismic
waveforms. By applying Bayesian inversion, we quantify uncertainties caused by non-unique solutions. Specifically,
we employ the Ensemble Kalman Filter (EnKF), a method updating parameter probability distributions based on
statistical relationships between parameters and observations. Unlike gradient-based inversion methods, it does not
require solving Jacobian matrices based on physical relations. This facilitates our method's use of various geophysical
data for joint inversion. For instance, general surface wave methods solely invert using dispersion curves. However,
proposed framework in this study can integrate first arrivals with dispersion curves for joint inversion with ease.
Numerical experiments confirm the relatively high accuracy of our joint inversion compared to inversions that using
single data. The initial model for inversion is constructed using geotechnical data. We first assume the subsurface as a
Gaussian random field, then update it using Gaussian Process Regression (GPR). This quantifies uncertainties from
spatial variability. Samples drawn from this Gaussian field serve as initial ensemble for EnKF. Unlike traditional
deterministic inversion, the initial model's uncertainty also affects the inversion results. Intuitively, parameters with
higher uncertainties are more likely to be adjusted during inversion, and vice versa. Starting from scratch, we first
assume a random field, update it with geotechnical data using GPR. This random field is then represented by samples,
which are further updated with geophysical data (that is, through Bayesian joint inversion). Our results encompass both
spatial variability of geotechnical data and uncertainties from inversion of geophysical data. We introduced this
framework from theories to application, including establishing random fields using GPR and other traditional methods,
parameter updating using EnKF(that is, inversion), and constructing a reasonable forward model (mainly finite element
models). The method's effectiveness is meticulously validated with synthetic data, from simple models to complex

models.
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