Predicting Subsurface Soil Parameters Using
Surface and Satellite Data with Machine
Learning Techniques
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Abstract Subsurface soil properties such as porosity, permeability and saturation
are critical for applications in agriculture, water resource management, and natu-
ral resource exploration. However, direct measurement of these parameters is often
costly, labor-intensive, and spatially constrained, making it impractical for large-
scale assessments. To address these limitations, we present a machine learning-
based framework for predicting subsurface soil characteristics by leveraging a fu-
sion of surface-level observations and satellite-derived data. Our approach integrates
processing heterogeneous data sources, including remote sensing products (e.g.,
Sentinel-1, Sentinel-2, and SMAP), surface soil measurements, and topographic
features. These inputs are processed through a feature extraction and transforma-
tion pipeline, which feeds into multiple predictive models. We evaluate several ma-
chine learning techniques including Kernel K-Nearest Neighbors (KKNN), Ran-
dom Forests (RF), Neural Networks, and Least Squares Regression to identify the
most effective strategies for accurate soil parameter estimation. Furthermore, these
models can be utilized to characterize the various subsurface layers and to visual-
ize potential mineral reserves, particularly hydrocarbons. By integrating well data
(logs, production, etc), seismic information available, and other geological informa-
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tion into the models, it becomes possible to identify zones with a high potential for
hydrocarbon accumulation, especially in under-explored or poorly studied areas.

1 Background and Related Work

Reliable soil data at varying depths plays a critical role in a wide range of appli-
cations, including sustainable land management, precision agriculture, groundwater
modeling, and geotechnical engineering. Despite their importance, acquiring accu-
rate subsurface soil measurements remains a significant challenge due to the high
costs, limited spatial coverage, and logistical demands associated with traditional
field sampling methods.

In response to these challenges, recent research has turned to remote sensing
and data-driven approaches for estimating subsurface properties. One such effort is
the Soil Moisture Sensing Performance Indicators and Evaluation (SOMOSPIE)
project, which demonstrated the feasibility of enhancing surface soil moisture esti-
mation by combining in-situ measurements with machine learning techniques and
satellite-based remote sensing data. [1, 2, 3].

This study aims not only to analyze surface characteristics but also to charac-
terize the various subsurface layers through the application of machine learning
algorithms. The ability to estimate key petrophysical properties—such as poros-
ity, permeability, and fluid saturations (oil, water, and/or gas)—using existing well
logs presents a cost-effective and efficient alternative for evaluating new exploration
prospects, especially in data-scarce environments.

By extracting fundamental reservoir properties from available well logs, the
project seeks to build a robust petrophysical model. These results will then be in-
tegrated with any additional geological information to strengthen the regional geo-
logical characterization and increase the likelihood of identifying new hydrocarbon-
bearing prospects.

Machine learning (ML) offers a powerful solution for this problem taking surface-
level proxies as input to infer subsurface conditions. Studies have shown that al-
gorithms like Random Forests (RF), Neural Networks, and K-Nearest Neighbors
(KNN) can effectively model complex nonlinear relationships in spatial and envi-
ronmental data [4, 5]. Additionally, least squares models provide interpretable base-
line predictors for geophysical data [6]. Recently, the AgroLens project was used to
predict soil nutrients such as phosphorus, potassium, and nitrogen using the LUCAS
soil dataset and Sentinel-2 imagery, without relying on lab-based testing [7]. Their
methodology supports the idea that satellite data can be reliably used to infer key
soil parameters.

Other researchers used Random Forest (RF), Support Vector Machine (SVM),
Extreme Gradient Boosting (XGBoost), and Multilayer Perceptrons to generate spa-
tial maps of soil texture components (clay, silt, sand) and organic carbon content and
evaluated their use in hydrological models [8]. These models use geomorphometric
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features, and subsurface genetic horizons as input, showing that subsoil features can
improve the spatial prediction of soil classes [9].

A recent study used a hybrid model combining Convolutional Neural Networks
(CNNs) Long Short-Term Memory (LSTM) (ConvLSTM) model to combine Soil
Moisture Active Passive (SMAP) satellite data, North American Land Data As-
similation System, version 2 (NLDAS-2) weather data, and Soil Landscapes of the
United States at 100-meter resolution (SOLUS100) soil maps to produce daily esti-
mates of surface and subsurface soil moisture. The integration of soil property maps
(such as texture and bulk density) was critical to improving accuracy [10].

We propose a machine learning pipeline that integrates surface-level remote sens-
ing inputs and geospatial features to predict subsurface soil properties using ma-
chine learning techniques (Fig. 1). This approach aims to reduce reliance on costly
fieldwork while improving the spatial coverage of key subsurface indicators essen-
tial for agricultural and environmental decision-making. Our framework is designed
to predict a broader range of parameters including porosity, permeability, and soil
texture providing a more comprehensive understanding of subsurface conditions.
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Fig. 1 Learning pipeline that integrates surface-level remote sensing inputs and geospatial features
to predict subsurface soil properties using machine learning techniques

2 Metodology

The process of predicting subsurface soil parameters consists of four steps: data
acquisition, data preprocessing, model training and prediction. In this preliminary
research, the input and target data are collected from the U.S. Geological Survey’s
GeoLog Archiver, and we focus in the data of the wells located in the state of Texas
(Fig. 2).
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Fig. 2 Location of the wells where the preliminary data was extracted

To capture the relationship between the surface soil parameters and the sub-
surface parameters (e.g., porosity, permeability, moisture at depth), we train dif-
ferent supervised machine learning models such as: Kernel K-Nearest Neighbors
(KKNN), Random Forest (RF), Neural Networks, and Least Squares Regression.
Once each model is trained, we use them to predict the subsurface parameters. Sub-
sequently, available geological information—such as sedimentological models and
seismic studies—can be integrated to train the model, enabling the prediction of key
reservoir parameters with greater accuracy in any desired location.

3 Conclusion and Future Work

We are developing a modular machine learning pipeline for predicting subsurface
soil parameters using well log, any geological information available, surface-level
observations and satellite data. As first step, we developed a modular pipeline to
train KKNN [11, 12] model using existing data and we use such model to make
some predictions.

The initial results have been modest, but the results are promising, so we are
ready to start to implement the rest of the models.

As future work, we plan to expand this prototype into a fully integrated system
named DeepSoilMap: A Machine Learning Framework for Predicting Subsur-
face Parameters from. This system will implement all evaluated models and in-
clude capabilities for real-time data ingestion, model selection, uncertainty quantifi-
cation, and interactive visualization.
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