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Abstract

In this paper, we propose a new method to visualize different vector field patterns from density data. We use moving least squares
(MLS), which is used in physics-based simulations and geometric processing. However, typical MLS does not take into account
the nature of density, as it is interpolated to a higher order through vector-based constraints. In this paper, we design an algorithm
that incorporates Monte Carlo-based weights into the MLS to efficiently account for the density characteristics implicit in the
input data, allowing the algorithm to represent different forms of white noise. As a result, we experimentally demonstrate detailed

vector fields that are difficult to represent using existing techniques such as naive MLS and divergence-constrained MLS.
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(a) Naive MLS (b)
constrained MLS [6]

Divergence-

Figure 1: Comparing standard MLS vector interpolation to pseudo-
divergence-free vector interpolation [6].
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Figure 2: Algorithm overview of our method.
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Figure 3: Calculate 7 with Monte Carlo method.
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(a) Previous method [6] (b) Our method

Figure 5: Comparison of vector field results generated by the pre-
vious method and our method.

(a) Previous method [6] (b) Our method

Figure 6: Comparison of vector field results generated by the pre-
vious method and our method (constrained nodes.
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(a) Our method (2x2)

(b) Our method (4 x4)

Figure 8: Generation of vector field with our method.
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