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GENERATING LAND GRAVITY ANOMALIES FROM SATELLITE GRAVITY
OBSERVATIONS USING DEEP LEARNING IMAGE TRANSLATION

Gravity anomalies are significant for various geophysical and geodetic applications, including mineral
and oil exploration, determination of orbits, and the study of geodynamic processes within the Earth among
others [1, 2]. The accuracy of gravity anomalies can be increased by improving the accuracy of gravimetric
and geodetic measurements and by enhancing the methodology of anomaly detection [3]. Gravity data
is collected through ground surveys, and are time-consuming, labor-intensive, and often limited by
accessibility issues and instrumentation. Land-based gravity surveys are often expensive and difficult to
obtain in remote areas [4]. With the advent of satellite technology, it became possible to collect gravity
data on a global scale. However, satellite gravity data often lacks the resolution and accuracy due to
the distance from the Earth’s surface [5-7]. To overcome this limitation, deep-learning-based image
translation techniques can be used to enhance the satellite-based data [8] with some limitations.

Image transaltion is the process of mapping characteristics from one domain to another and is used in
remote sensing imagery analysis, movement of soil and rock materials [9]. It involves ftranslating the
characteristics of one domain (in this case, satellite gravity data to another domain (ground gravity data).
The goal is to leverage the global coverage of satellite data and enhance it with the resolution and accuracy
of ground data. The Pix2Pix Generative Adversarial Networks (GAN) model, a type of Generative Adversarial
Network known for its image-to- image translation capabilities, presents a novel approach to this challenge.
Despite its proven success in various fields, the potential of Pix2Pix GAN for geophysical images, such
as gravity anomaly datasets, has not been fully explored. It is used to effectively map gravity anomalies
from satellite to ground and adapt the Pix2Pix GAN model for large scale data transformation. The impact of
varying patch sizes on model performance is investigated using key metrics to ensure improved accuracy in
gravity anomaly mapping. The model used 1376 satellite and 1376 ground Bouguer gravity anomaly images
from northern and northeast part of Ethiopia. 2200 images were used for training and 552 for testing. The
findings indicate that larger patch sizes, particularly 142x142 pixels, significantly enhanced model accuracy
by capturing global features and contextual information. Additionally, models incorporating L2 loss with
LcGAN demonstrate superior performance across quantitative metrics compared to those with L1 loss. The
study contributes to the improvement of geophysical exploration by providing a method that generates more
accurate gravity maps (Fig. 1), thereby enhancing the precision of geological models and related

applications.
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Fig. 1. Training steps for L2 + cGAN with epoch from epoch 5 to epoch 60
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