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ABSTRACT

Learning representations of geographical space is vital for any machine learn-
ing model that integrates geolocated data, spanning application domains such
as remote sensing, ecology, or epidemiology. Recent work embeds coordinates
using sine and cosine projections based on Double Fourier Sphere (DFS) fea-
tures. These embeddings assume a rectangular data domain even on global data,
which can lead to artifacts, especially at the poles. At the same time, little at-
tention has been paid to the exact design of the neural network architectures with
which these functional embeddings are combined. This work proposes a novel
location encoder for globally distributed geographic data that combines spher-
ical harmonic basis functions, natively defined on spherical surfaces, with si-
nusoidal representation networks (SirenNets) that can be interpreted as learned
Double Fourier Sphere embedding. We systematically evaluate positional embed-
dings and neural network architectures across various benchmarks and synthetic
evaluation datasets. In contrast to previous approaches that require the combi-
nation of both positional encoding and neural networks to learn meaningful rep-
resentations, we show that both spherical harmonics and sinusoidal representa-
tion networks are competitive on their own but set state-of-the-art performances
across tasks when combined. The model code and experiments are available at
https://github.com/marccoru/locationencoder.

1 INTRODUCTION

Location information is informative meta-data in many geospatial applications, ranging from species
distribution modeling (Mac Aodha et al., 2019; Cole et al., 2023) and wildlife monitoring (Jeantet
& Dufourq, 2023) to solar irradiance forecasting (Boussif et al., 2023), global tree height prediction
(Lang et al., 2022) or the estimation of housing prices (Klemmer et al., 2023). Coordinates also
serve as a task-descriptive feature for meta-learning across geographically distributed tasks (Tseng
et al., 2022) or as input for geographic question answering (Mai et al., 2020a). Location encoders
alone can be used to learn an implicit neural representation of a dataset (Stanley, 2007), for example,
to compress weather data (Huang & Hoefler, 2023) or to learn an implicit neural representation of
species distribution maps (Cole et al., 2023).

Methodologically, predictive modeling with spatial coordinates as inputs has a long history and
is classically done with non-parametric approaches, like Gaussian Processes (GP), i.e., Kriging,
(Oliver & Webster, 1990; Matheron, 1969) or kernel methods in general. For instance, Berg
et al. (2014) proposed adaptive kernels for bird species recognition, where a class-specific kernel
is learned for each species separately. Relying on spatially close training points is intuitive and
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highly effective for interpolation tasks and small datasets. Still, it becomes computationally expen-
sive when kernel similarities have to be computed between many test points and large training sets.
And while research in scaling kernel methods to higher-dimensional data has progressed (Gardner
et al., 2018), recent focus on scalable methods has shifted to using neural network weights to ap-
proximate the training points (Tang et al., 2015; Mac Aodha et al., 2019; Chu et al., 2019; Huang
& Hoe�er, 2023). Inspired by Double Fourier Sphere (DFS) (Orszag, 1974) and the success of po-
sitional encodings in transformers, a series of works developed and compared different sine-cosine
embedding functions at different spatial scales (frequencies) where the number of scales controls
the smoothness of the interpolation (Mai et al., 2020b; 2023b). Even though these DFS-inspired
approaches have proven effective, they still assume a rectangular domain of longitude and latitude
coordinates, which does not accurately re�ect our planet's spherical geometry.

In this work, we instead propose to use spherical harmonic basis functions as positional embeddings
that are well-de�ned across the entire globe, including the poles. In particular, the scienti�c use
of location encoders requires good global performance, with poles being especially important for
climate science. Methodologically, we build upon recent work here has been focused on learning
functions on general manifolds (Koestler et al., 2022) and graphs (Grattarola & Vandergheynst,
2022) in non-euclidean geometries. This work focuses on spheres, a special case of non-euclidean
geometries, where we utilize spherical harmonic basis functions, which are the eigenfunctions of
the Laplace-Beltrami operator on the sphere (Koestler et al., 2022)

In summary, we

1. propose Spherical Harmonic (SH) coordinate embeddings that work well with all tested
neural networks, and especially well when paired with Sinusoidal Representation Networks
(SirenNet) (Sitzmann et al., 2020), which was untested for location encoding previously;

2. show by analytic comparison that SirenNets can be seen as learned Double Fourier Sphere
embedding, which explains its good performance even with direct latitude/longitude inputs;

3. provide a comprehensive comparative study using the cross-product of positional embed-
ding strategies and neural networks across diverse synthetic and real-world prediction tasks,
including interpolating ERA5 climate data and species distribution modeling.

2 METHOD

2.1 LOCATION ENCODING

P
E(

�;
�

)

Li
n

�
R

eL
U

Li
n

�
R

eL
U

D
ro

po
ut

Li
n

�
R

eL
U

4� ResLayer

Li
ne

ar

y

(a) FCNET

P
E(

�;
�

)

Li
n

�
D

ro
p

�
S

in

N�

Li
ne

ar
y

(b) SIRENNET

Figure 1: Overview over neural networks
(SIRENNET Sitzmann et al. (2020) and
FCNET Mac Aodha et al. (2019))

We encode a global geographic coordinate as longitude
� 2 [� �; � ] and latitude� 2 [� �= 2; �= 2] to predict a
target variabley, which can be a classi�cation logit, a
regression value, or a vector that can be integrated into
another neural network, such as a vision encoder.

Following the convention in (Mai et al., 2022), these lo-
cation encoding approaches generally take the form of

y = NN (PE(�; � )) (1)

that combines a non-parametric positional embedding (PE) with a neural network (NN). Most previ-
ous work focuses on the positional encoding, typically linked together with a fully connected resid-
ual network (FCNET, see �g. 1a). This FCNET implementation with four residual layers (ResLayer)
was originally proposed in Mac Aodha et al. (2019) for location encoding, and has been re-used as-
is in follow-up work (Mai et al., 2023b; 2020b; Jeantet & Dufourq, 2023; Mai et al., 2023a; Cole
et al., 2023). However, similar networks have been proposed earlier for pose estimation Martinez
et al. (2017). Here, we discuss the main families of positional embedding approaches, deferring a
detailed description to appendix A.2. We then describe our approach for a novel global positional
encoder, linked with SIRENNET (�g. 1b), a network which is broadly used for learning implicit
neural representations of images (Mildenhall et al., 2021) but has not been tested in this context of
location encoding.

DFS-based embeddings.In their foundational study, Mac Aodha et al. (2019) use a simple WRAP
positional encoding PE(�; � ) = [cos �; sin �; cos�; sin � ], which removed the discontinuity at the
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