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Introduction
This work is about inverse gravity modeling, which means cal-culating the internal mass distribution of a body from its gravi-tational field. Studying the mass distribution can give valuableinsight about the history of a body and can help build bettermodels of small-bodies. The goal of this work was to adapt amachine learning based inverse gravity modeling method, sothat the mass can be predetermined in a certain area. This isuseful, because additional information about the mass distri-bution might be available from other sources. The inversionmethod should respect the defined mass, while calculating theremaining mass from the gravitational field.
The main results of this work are:• a dataset consisting of mass distributions and correspondinggravitational fields to train CNN based inversion methods• a customized loss function for the GeodesyNet [2], which en-ables the specification of mass/density for a certain area

The Dataset
The Dataset is based on 3D models from the 3D Asteroid Cat-alogue [1]. The mass distributions and gravitational fields arecalculated with a mascon-based method.

The Loss Function
The original loss function of the GeodesyNets, which is a neuralnetwork based inversion method, only measures how well theGeodesyNet adheres to the input gravitational field. To be ableto guide the GeodesyNet towards a predefined density in certainregions we added a term to the loss function which measureshow closely the GeodesyNet matches the predefined density.This guidance loss is added to the loss based on the gravitationalfield, and both are weighted with a factor.

Results
The results show that both the GeodesyNet and a comparativemascon basedmethod calledmasconCUBE are able tomatch thegiven guidance density, while still adhering to the input gravita-tional field, when the new loss function is used. The mascon-CUBE provides lower errors with respect to the gravitationalfield in general. Regarding the error on the predefined guid-ance density, the GeodesyNet performs better on large guidanceregions, while the masconCUBE performs better on smaller re-gions. Both methods are unable to reproduce the guidance den-sity well given only the gravitational field. This means that if acertain density in a certain region is desired, guidance is needed.
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Figure 1: The original loss function based on the gravitational field.
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Figure 2: The guidance loss function.
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Figure 3: The combined and scaled loss parts forming the complete loss function.

κ =

∑n
i=1 ŷiyi∑n
i=1 y

2
i

(4)
Figure 4: The mass normalization factor.

Figure 5: 67P Churyumov-Gerasimenko with a density heterogeneity introduced for its head.

Figure 6: Excerpt from the results for Churyumov-Gerasimenko with three spherical hetero-geneities distributed through the body. The spheres have radii of 0.05, 0.035 and 0.05 and den-sities of 1, 0.5 and 2.5. A guidance factor of 0.0125 was used for the guidance models.
Ground-truth name GeodesyNet masconCUBECG sphere 4.448e-04 4.341e-05CG multi-zero 2.320e-05 0.000e+00CG multi 1.751e-04 7.840e-05CG plane 7.732e-03 1.203e-02Bennu sphere 1.251e-04 1.146e-04Bennu multi 1.229e-04 2.864e-05Bennu plane 7.470e-03 2.490e-02
Figure 7: Final guidance losses for the studied ground-truths, for GeodesyNets and mascon-CUBEs.

Figure 8: Filling the bounding boxwithmas-cons. Here ten subdivisions were used,leading to 1000 mascons.
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