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Abstract

Full-Waveform Inversion (FWI) achieves high-precision subsurface imaging by utilizing full wave-
form information contained in seismic records. As one of the most popular geophysical technologies
for velocity modeling and reservoir characterization of complex subsurface media, FWI has been
widely applied in hydrocarbon exploration, deep geological survey, underground carbon storage,
seismic hazard assessment and other fields. Nevertheless, FWI is inherently a strongly nonlinear,
non-convex and ill-posed inverse problem. When dealing with complex strata, strongly heterogene-
ous media, drastic velocity variations, as well as sparse and noisy observed data, severe issues such
as cycle skipping, local optima, slow convergence and imaging distortion frequently emerge, posing
substantial obstacles to practical engineering applications. In recent years, artificial intelligence (Al)
technologies, with outstanding capabilities in nonlinear fitting, feature extraction, adaptive optimi-
zation and data denoising, have opened up new avenues for improving the performance of FWI for
complex media. Focusing on the core challenges encountered by conventional FWI under complex
subsurface geological conditions, this paper systematically categorizes and reviews existing Al-en-
hanced FWI methods into three major branches: physics-driven, data-driven and hybrid-driven
frameworks. It elaborates on their technical mechanisms, applicable scenarios, respective advantages
and limitations, summarizes the deficiencies of current research, and prospects future develop-
ment trends, aiming to provide references for the further advancement of waveform inversion im-
aging under complicated geological conditions.
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Figure 1. Workflow of self-supervised multi-parameter inversion framework [1]
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Figure 2. Workflow of progressive pseudo-label self-supervised deep learning inversion [2]
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Figure 3. Physics-informed FWI neural network model [3]
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Table 1. Comparison of characteristics among data-driven, physics-driven and hybrid-driven FWI methods
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