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Abstract: To improve the accuracy of three-dimensional quantitative evaluation for corrosion thinning, pitting, and
boundary-discontinuity defects in steel components of forestry equipment under service conditions involving high humid-
ity, mud-water erosion, and cyclic temperature variations, an improved discretized magnetic dipole forward model and a
two-stage inversion-based quantification framework are proposed. In the forward modeling stage, a second-order re-
sponse-driven adaptive mesh refinement strategy and a three-point surface-element quadrature scheme are introduced to
enhance the characterization of pit edges and discontinuity zones while controlling the number of nodes. In the inversion
stage, principal component analysis (PCA) is first employed to reduce the dimensionality of the defect description and
constrain the search space, while the Newton — Raphson optimizer is used to optimize the hyperparameters of the radial
basis function (RBF) model to obtain robust initial estimates. In the second stage, the covariance matrix adaptation evo-
lution strategy is adopted to further refine the solution in the low-dimensional space by coupling it with the forward
model. Simulation results demonstrate that the proposed forward model achieves accuracy close to that of the finite ele-
ment model while significantly reducing computational time, and that the inversion framework provides more stable re-

constructions for defects with diverse morphologies. The proposed method can be embedded into intelligent forestry con-
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dition monitoring and predictive maintenance systems, thereby providing a quantitative basis for risk assessment, mainte-

nance prioritization, and safety management of forestry equipment.

Keywords: Smart forestry; corrosion defects; magnetic dipole model; defect inversion; Newton-Raphson-based opti-

mizer; covariance matrix adaptation evolution strategy ; finite element model; principal component analysis
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Fig. 3 Initial defect estimation flowchart
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