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Abstract

Full-waveform inversion (FWI) serves as a critical technique for acquiring high-precision subsurface
velocity models. Nevertheless, conventional model-driven approaches suffer from inherent bottle-
necks such as cycle jump and excessive computational cost when applied to complex media. The adop-
tion of artificial intelligence offers an innovative paradigm to tackle the aforementioned challenges.
This paper systematically sorts out three major technical frameworks for Al-enhanced full-wave-
form inversion, namely pure data-driven schemes, two-stage model-data integration strategies, and
unified physics-informed neural network (PINN) approaches. It elaborates on the principles and
applicable scenarios of mainstream technologies including end-to-end direct inversion, data pre-
processing assistance, initial model reconstruction via pre-training, dimension reduction regulari-
zation using generative adversarial networks, and meshless inversion based on PINNs. Moreover, the
performance and limitations of these technologies are compared across geological settings such as
complex strata, salt bodies and fault blocks. This review encompasses four major application fields:
oil and gas exploration, deep geology, underground carbon storage, and seismic hazard assessment.
It analyzes core existing drawbacks concerning generalization capacity, depth of physical constraint
integration, and 3D industrial deployment. Finally, cutting-edge research trends are prospected, in-
cluding unsupervised learning, multi-physics coupled PINNs, and joint inversion with multi-modal
data.
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Figure 1. Deep-learning-aided preprocessing for FWI (Ref. [19])
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Figure 2. Generation of initial velocity field by network prior (Ref. [20])
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Figure 3. Network embedded in the complete iterative loop (Ref. [5])
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