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Abstract. High-resolution grain size distribution maps for geographical
regions are used to model soil-hydrological processes that can be used
in climate models. However, measurements are expensive or impossible,
which is why interpolation methods are used to fill the gaps between
known samples. Common interpolation methods can handle such tasks
with few data points since they make strong modeling assumptions re-
garding soil properties and environmental factors. Neural networks po-
tentially achieve better results as they do not rely on these assumptions
and approximate non-linear relationships from data. However, their per-
formance is often severely limited for tasks like grain size distribution
interpolation due to their requirement for many training examples. Semi-
supervised learning may improve their performance on this task by taking
widely available unlabeled auxiliary data (e.g. altitude) into account.
We propose a novel semi-supervised training strategy for spatial interpo-
lation tasks that pre-trains a neural network on weak labels obtained by
methods with stronger assumptions and then fine-tunes the network on
the small labeled dataset. In our research area, our proposed strategy im-
proves the performance of a supervised neural network and outperforms
other commonly used interpolation methods.

Keywords: spatial interpolation - semi-supervised learning - neural net-
works.

1 Introduction

The composition of different grain sizes in the soil affects many hydrological
processes such as groundwater recharge, infiltration rates or surface flow. For
example, soils with dominating clay fractions (grain size < 0.002 mm) retain wa-
ter better than sandy soils (0.063 mm < grain size < 2.000 mm). Given accurate
grain size distribution maps, it is possible to estimate hydrological parameters for
environmental modelling purposes, e.g. regional climate models. Since sampling
is expensive or even impossible due to inaccessible terrain, spatial interpolation
methods are used to estimate grain size distributions for unknown locations.

A model for grain size distribution interpolation has the following require-
ments: (1) The model input is a location with (potentially) additional auxiliary
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Fig. 1: In our proposed semi-supervised training method, (1) a spatial interpola-
tion method with strong assumptions is trained on the labeled dataset. (2) The
neural network is pre-trained on weak labels obtained by applying the interpo-
lation method to the unlabeled data. The network gets locations and auxiliary
data as inputs. (3) It is then fine-tuned on the labeled dataset.

data (e.g. altitude). (2) The model outputs distributions across the grain size
classes (clay, silt, sand) for each unknown location. (3) The model works with
few labeled data points, since soil samples are rare.

Distance based interpolation methods such as k Nearest Neighbors or In-
verse Distance Weighting can output distributions and are applicable to small
labeled datasets due to their strong assumptions. However, they do not take aux-
iliary data into account which can benefit performance . Neural networks
can learn non-linear relationships from data, are able to incorporate additional
auxiliary inputs, and are able to output distributions across grain size classes.
However, they usually need many labeled training data points . The idea
of semi-supervised learning utilizes large unlabeled datasets to support network
training [8]. In recent years, most methods for semi-supervised learning were
designed for image classification, which are not applicable to our setting.

Therefore, in this paper, we bring semi-supervised learning specifically to
the task of grain size distribution interpolation for spatial inputs. We propose
a training strategy that makes use of weak labels produced by an interpola-
tion method with stronger modeling assumptions. Figure [I] gives a schematic
overview of our proposed three-step process. In our experiments for the region
of Lower Franconia, we show that our approach improves the performance of a
supervised neural network and outperforms other common interpolation meth-
ods. Furthermore, we analyze the effects of the proposed training strategy on
model performance.
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Our contributions are: (1) We describe a semi-supervised training strategy
for neural networks in the spatial domain to interpolate grain size distributions.
(2) We compare our strategy to supervised training and common interpolation
approaches and show that it outperforms them in our research area. (3) We
analyze the resulting model to understand what factors are important for its
performance.

2 Related Work

There are various spatial interpolation techniques with different properties used
in environmental sciences, e.g. k Nearest Neighbors, Inverse Distance Weight-
ing, or Kriging [16]. Neural networks have been successfully applied in such
tasks since they allow auxiliary data as input features and can model non-linear
relationships [51/20423]. However, to obtain robust performance, they need many
labeled data points not available in most spatial interpolation tasks [15]. Semi-
supervised training promotes the use of large unlabeled datasets to support the
training of neural networks with few labeled data points [8|. For image classifi-
cation, which is the most popular semi-supervised learning task, domain-specific
strategies such as image augmentation have been proposed, which are not trivial
to apply in our setting. Classification specific approaches such as using the soft-
max output of the network as confidence for a weak label [26] are not directly
applicable to our task, since our desired output is a distribution and not a class.
For our semi-supervised training strategy, we adapt so-called “distant su-
pervision” from other domains [10,/14] by training the network on weak labels.
Obtaining weak labels from more traditional interpolation methods and fine-
tuning the network on labeled data afterwards is a new approach in this area.

3 Research Area and Dataset

In this section, we describe the research area and the dataset we use for the
interpolation task. Inputs to the interpolation models are the latitude, longitude,
and multiple features from different auxiliary data sources that we suspect to
have an influence on or are influenced by the grain size distribution. While only
315 locations have a target grain size distribution, the auxiliary data is widely
available in a fine grid of 25m x 25m cells (overall 11952963 grid cells).

The research area is Lower Franconia, northern Bavaria, Germany. It covers
8530km? and falls within 49.482°N to 50.566°N and 8.978°E to 10.881°E. The
topography of this region is characterized by alluvial zones with surrounding low
mountain ranging from 96 m to 927 m in altitude.

3.1 Target Variable: Grain Size Distribution

Soils are compositions of grain sizes. To get soil conditions for the research area,
we use a soil profile database of the Bavarian Environment Agency (BEA)H The

1 unpublished data; reference: https://www.lfu.bayern.de/umweltdaten/
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