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Abstract—Earth observation satellites generate petabytes of
imagery each year, but extracting useful information remains
constrained by limited labels, heterogeneous sensors, and the
cost of processing large archives. Foundation models reduce part
of this burden by learning transferable representations from
multi-source observations. More recently, these representations
have been precomputed over continental and global extents
and released as embedding layers or datasets. Existing reviews
primarily examine model architectures, pretraining, and transfer
learning; released embedding products also require attention
to spatial and temporal support, storage, access, versioning,
and evaluation as fixed geospatial features. This survey reviews
the development of Earth embeddings from foundation model
pretraining and reusable encoders to global and near-global
embedding products. We organize the literature around data and
representation learning, model and product design, distribution
and access, evaluation benchmarks, and downstream applica-
tions. Experimentally, we compare representative embeddings
through their geometry, downstream performance, and sensitivity
to dimension across discrete and continuous land-surface tasks.
Finally, we summarize the technical and scientific challenges
surrounding global embedding products and discuss priorities
for their evaluation, maintenance, and future development.

Index Terms—Earth observation, foundation models, global
embeddings, self-supervised learning, remote sensing.

I. INTRODUCTION

The volume of Earth observation (EO) data acquired each
day has grown by orders of magnitude over the past decade.
The Copernicus programme distributes large volumes of Sen-
tinel data through open-access platforms [1]. The Landsat
archive extends back to 1972, although its spatial reso-
lution, spectral bands, and radiometric characteristics dif-
fer across missions. NASA’s Harmonized Landsat—Sentinel-2
(HLS) product combines Landsat 8/9 observations from 2013
onward with Sentinel-2 observations from 2015 onward [2],
[3]. These archives record changes in land surfaces, oceans,
and the atmosphere across space and time, yet extracting
useful information from them remains difficult. Supervised
learning, still the dominant approach for analyzing satellite
images, depends on curated label sets that are expensive to
collect, geographically biased toward well-studied regions, and
quickly outdated in a changing world [4]. The gap between
the volume of raw imagery and the limited availability of
labels has become a central bottleneck in geospatial artificial
intelligence.
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Fig. 1. Model-based and embedding-based approaches to geospatial analysis.

Pretraining without manual labels offers a way around
this bottleneck. By designing pretext tasks that extract su-
pervisory signals from the data itself, methods such as con-
trastive learning [5], [6], masked image modeling [7], and
self-distillation [8], [9] have produced geospatial foundation
models (GFMs), including image-based, location-based, and
multimodal encoders pretrained on satellite and related Earth
observation archives [10]-[13]. Most of these models, how-
ever, have been used primarily as backbones for downstream
fine-tuning on tasks such as object detection, semantic seg-
mentation, and land-cover classification, rather than released
as directly reusable global representations. They have achieved
state-of-the-art results on particular remote sensing tasks and
benchmarks, but using them still requires downloading large
model weights, preparing sensor-specific input pipelines, and
running computationally intensive inference at every location
of interest. Continental and global analysis therefore remains
computationally expensive. During the past two years, prod-
ucts such as the Google Satellite Embedding dataset, generated
with AlphaEarth Foundations, have begun to provide learned
representations as precomputed, openly distributed geospatial
data [14], [15].

A. From Models to Embeddings

Instead of distributing only model weights, recent work pre-
computes dense vector representations over large geographic
extents and publishes them as geospatial layers. Downstream
tasks can then use lightweight models, often linear regressors
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Fig. 2. Bibliometric overview of the literature considered in this survey.

or small classification heads, without repeating large-scale
inference. MOSAIKS [16] computes random convolutional
features from global Landsat imagery and uses the same
features to predict forest cover, housing prices, and nighttime
light intensity with accuracy competitive with deep neural net-
works. SatCLIP [17] and GeoCLIP [18] learn location embed-
dings that align satellite imagery with geographic coordinates.
The Major TOM data framework [19], [20] provides open-
access embeddings derived from multiple frozen foundation
model encoders applied to globally sampled satellite data.
The Google Satellite Embedding dataset, produced with Al-
phaEarth Foundations, and TESSERA provide annual embed-
ding layers at 10 m resolution [14], [15], [21], whereas LGND
Clay Embeddings provides near-global chip-level vectors with
spatial support of 1.28 or 2.56 km [22], [23].

In this review, a satellite image embedding represents a
pixel, patch, scene, or time series derived from EO observa-
tions; a location embedding represents a geographic coordinate
and does not require imagery at query time. A reusable
embedding encoder produces vectors for user-supplied inputs,
whereas an Earth embedding product publishes precomputed
vectors with spatial or temporal indexing. The review focuses
on global or near-global Earth embedding products and dis-

-®- Satellite embeddings
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cusses foundation models and reusable encoders where they
explain how those products are constructed, evaluated, or used.
Distributing embeddings rather than only model weights
separates large-scale representation inference from task-
specific prediction (Fig. 1). Researchers with labeled ob-
servations can fit downstream models without reproducing
the original inference workload, while product providers as-
sume the cost of large-area encoding, storage, and updates.
Word2Vec [24] and GloVe [25] introduced a comparable
separation in natural language processing (NLP) by providing
reusable semantic vectors for text analysis. Earth embeddings
provide reusable features for geospatial data, while recent
products increasingly encode multiple dates and sources rather
than a single image. The move toward multitemporal, mul-
tisource vectors resembles the transition from static word
vectors to contextualized language representations [26].

B. Related Surveys and Our Contributions

Existing surveys provide complementary accounts of
geospatial representation learning. Reviews of remote sensing
and geospatial foundation models organize pretraining ob-
jectives, architectures, multimodal fusion, and transfer proto-
cols [27]-[36]. Embedding-focused reviews, perspectives, and
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chapters clarify the distinctions among image, location, patch,
and pixel embeddings and examine their compression, access,
standardization, and scientific use [37]-[42]. These studies
establish the methodological and conceptual background, but
comparisons of released products, access infrastructure, eval-
uation protocols, and downstream applications remain dis-
tributed across separate lines of work.

This survey places global and near-global embedding prod-
ucts at the center of the review. It distinguishes precomputed
embedding layers and datasets from reusable encoders, com-
pares their input data, spatial and temporal support, dimen-
sionality, and release formats, and examines the infrastructure
through which users can obtain or query them. It also relates
community benchmarks to published applications and directly
compares multiple embeddings through representation geom-
etry, land-cover classification, continuous-variable regression,
and sensitivity to embedding dimension. The resulting account
connects how Earth embeddings are produced and distributed
with how they are evaluated and used, while identifying
common requirements for updating, compatibility, and long-
term access.

Fig. 2 summarizes temporal, thematic, and geographic pat-
terns in the literature considered in this survey. Annual records
retrieved through OpenAlex [43] and the satellite embedding
literature both increase sharply after 2023. The keyword cloud
emphasizes recurring terms such as foundation models, Earth
observation, embeddings, multimodal, self-supervised, and
temporal. The co-occurrence network links data sources such
as Sentinel-2, SAR, and Landsat with learning methods, em-
bedding concepts, and applications in land cover, agriculture,
environmental monitoring, and ecology. The affiliation map
shows substantial contributions from North America, Europe,
and Asia. Together, the four panels show that Earth embedding
research is growing rapidly across methods, applications, and
regions.

C. Organization of This Survey

The organization of the survey is illustrated in Fig. 3. Sec-
tion II reviews the data, feature representations, and pretraining

methods behind Earth embeddings, and Section III examines
models, released products, design choices, distribution infras-
tructure, and evaluation benchmarks. Section IV describes
the evaluation data and analyzes representation geometry,
downstream classification and regression, and sensitivity to
embedding dimension. Section V reviews published applica-
tions, Section VI discusses unresolved technical and scientific
problems, and Section VII concludes the survey.

II. FOUNDATIONS

Global embedding products encode heterogeneous Earth
observation measurements as compact vectors. Interpreting
these vectors requires knowledge of their input data, feature
representations, pretraining objectives, and embedding-space
properties. Fig. 4 connects these components with models,
access infrastructure, and applications; Section III examines
the models, products, and evaluation protocols.

A. Earth Observation Data Sources

Earth observation sources enter representation learning in
different roles: some are direct encoder inputs, some pro-
vide targets or auxiliary supervision during pretraining, and
others are used only as downstream labels or covariates.
Surface imagery from Sentinel-2, Landsat, HLS, and Sentinel-
1 forms the main input to many of the models summarized
here because these missions combine broad coverage with
repeated observations [44]-[46]. ALOS-2 PALSAR-2 [47],
GEDI [48], ERAS-Land [49], Copernicus GLO-30 DEM [50],
VIIRS [51], Sentinel-3 [52], ICESat-2 ATLO8 [53], Sentinel-
5P [54], PlanetScope [55], and NAIP [56] contribute structural,
environmental, atmospheric, or higher-resolution information
in selected models and benchmarks. Embedded Seamless Data
(ESD) [57] is generated from the Global 30 m Seamless
Data Cube of Land Surface Reflectance (SDC30) [58], which
harmonizes Landsat 5, 7, 8, and 9 with MODIS Terra into a
gap-filled daily reflectance record.

Table I compares the listed sources and their use in geospa-
tial representation learning. Sentinel-2 and Sentinel-1 appear
most often in current GFM and embedding pipelines, while
Landsat and HLS provide longer temporal coverage. GEDI
and elevation products add information about vertical structure
and terrain; ERA5-Land, ERAS, and Sentinel-5P supply envi-
ronmental variables at coarser resolution. PlanetScope, NAIP,
VIIRS, Sentinel-3, and ICESat-2 are used more selectively.
Their use depends on geographic coverage, co-registration,
temporal alignment, access conditions, cost, and licensing as
well as information content.

Combining optical reflectance, SAR backscatter, terrain, and
climate can preserve signals that are absent from any single
source. AlphaEarth Foundations, for example, is trained with
several observation and supervision sources, while inference
uses optical, thermal, and SAR observations from Sentinel-
2, Landsat 8/9, and Sentinel-1 [14]. The combination also
introduces source-specific errors and missing observations.
Optical acquisitions are affected by clouds, which can obscure
more than 50% of observations in tropical regions [79]; SAR
data contain speckle and layover artifacts; and multi-temporal
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covered in this survey.

TABLE I
REPRESENTATIVE EARTH OBSERVATION DATA SOURCES USED IN GEOSPATIAL REPRESENTATION LEARNING.

Source / Product Modality Time span  Resolution Cadence Representative uses

Sentinel-2 MSI [44] Optical multispectral (13 bands) 2015- 10-60 m 5 days High (SatMAE [59]; Copernicus-FM [60]; AlphaEarth [14])
Landsat 8/9 [61] Optical and thermal (11 bands) 2013/2021-  15/30/100 m 8 days High (MOSAIKS [16]; Presto [62]; AlphaEarth [14])

HLS L30/S30 [3], [45] Optical and thermal (11/13 bands) 2013/2015- 30m 1.4 days avg. Medium (Prithvi-EO [10]; GEO-Bench-2 [63])

MODIS [64] Optical and thermal (36 bands) 2000- 250 m—1km 1-2 days Medium (ESD [57]; SEN12MS [65])

VIIRS [51] Visible and infrared (22 bands) 2011- 375-750 m daily Low (few current foundation model examples)

Sentinel-3 (OLCI, SLSTR) [52] Optical and thermal (21 + 9 channels) 2016— 300 m—1km 1-2 days Low (Copernicus-FM / Copernicus-Bench [60])

Sentinel-1 SAR [46] C-band SAR 2014— 10m 6-12 days High (CROMA [66]; SoftCon [67]; AlphaEarth [14])
ALOS-2 PALSAR-2 [47] L-band SAR 2014— 10-100 m 14 days Low (AlphaEarth [14]; RingMoE [68])

GEDI [48] Waveform LiDAR 2019- 25 m footprints irregular Medium (AlphaEarth [14]; MMEarth [69])

ICESat-2 ATLOS [53] Photon LiDAR 2018- 100 m along-track 91 days Low (few current foundation model examples)

Copernicus GLO-30 DEM [50]  Digital elevation model static 30m static Low (AlphaEarth [14]; Copernicus-FM [60])

SRTM [70] Digital elevation model static 30m static Low (Presto [62])

ASTER GDEM [71] Digital elevation model static 30m static Low (few current examples)

ERAS-Land [49] Reanalysis 1950— ~9km hourly Low (AlphaEarth [14])

ERAS [72] Reanalysis 1940- ~31km hourly Medium (Presto [62]; Climplicit [73]; MMEarth [69])
Sentinel-5P / TROPOMI [54] Atmosphere 2017- 5.5-7km daily Low (Copernicus-FM / Copernicus-Bench [60])
PlanetScope [55] Commercial optical (4-8 bands) 2017- 3m near-daily Medium (DynamicEarthNet [74]; SpaceNet7 [75]; GEO-Bench-2 [63])
NAIP [56] Aerial optical (4 bands) 2003-(U.S.) 0.6-1m 2-3 years Medium (Tile2Vec [76]; SatlasPretrain [77]; USat [78])
stacks are sampled irregularly because of orbit geometry handling.

and revisit gaps. Models that produce spatially consistent
embeddings must account for these differences in availability,
noise, and geometry [36], [80].

Implementations combine these inputs differently. Al-
phaEarth Foundations [14] uses source-specific encoders
whose outputs feed a common spatiotemporal representation;
missing frames or input sources can be accommodated at
inference. TESSERA [21] processes optical and SAR imagery
with separate encoders and aligns their outputs through the
training objective. The Clay Foundation Model [22] represents
each modality as a distinct token type in a Vision Transformer
and includes modality-aware positional information. Terra-
Mind [81] and TerraFlow [82] quantize modalities into discrete
tokens and predict target tokens from the available context.
CROMA [66] uses cross-attention to reconstruct one modality
from masked observations of another. The choice depends
on source availability, temporal alignment, and missing-input

B. Feature Representations

Feature representations convert Earth observation measure-
ments into variables that downstream methods can use. Current
remote sensing workflows use task-specific indices and texture
descriptors, label-supervised feature maps, self-supervised en-
coders, and precomputed embedding layers. These representa-
tions differ in their supervisory signals, retained information,
and downstream computation.

1) Hand-Crafted Descriptors: Hand-crafted indices and de-
scriptors condense multi-band imagery into variables selected
for a particular task. The normalized difference vegetation
index (NDVI) [83], computed from red and near-infrared
reflectance, remains a standard indicator of vegetation condi-
tion; related formulations target water bodies (NDWI [84]),
built-up areas (NDBI [85]), and snow cover (NDSI [86]).
Grey-level co-occurrence matrices (GLCM) [87] and local



binary patterns (LBP) [88] describe texture and are commonly
paired with random forest (RF) or support vector machine
(SVM) classifiers [89]-[91]. Such features are interpretable
and inexpensive, but their task-specific definitions retain only
selected spectral and spatial information.

2) Label-Supervised Deep  Representations:  Label-
supervised deep representations use scene labels, segmentation
masks, or continuous target variables as the supervisory
signal. Convolutional networks pretrained on ImageNet [92],
including VGG [93] and ResNet [94], supplied hierarchical
features for remote sensing scene classification and semantic
segmentation [95], [96]. Recurrent networks, including
long short-term memory networks [97], extended learned
features to temporal sequences, and Vision Transformers
introduced attention-based image representations [98]. These
models capture spatial patterns that fixed descriptors do
not encode, but their features depend on labeled training
data. Transfer from natural imagery is also limited by
differences in viewpoint, spectral channels, and spatial
organization, especially for tasks that require spectral or
temporal information [99], [100].

3) Self-Supervised EO Representations: Self-supervised
EO methods derive supervision from the observations rather
than task labels. Tile2Vec [76] uses spatial proximity, Seasonal
Contrast (SeCo) [100] uses multi-date observations of the
same location, and SSL4EO-S12 [101] supplies Sentinel-1/2
data for comparing contrastive, distillation, and reconstruction
objectives. RingMo [102], SatMAE [59], Scale-MAE [12],
SkySense [103], and DINOv3 [104] extend self-supervised
learning to multispectral, multimodal, or multitemporal inputs.
These methods reduce dependence on downstream labels,
but users must still obtain the model weights, reproduce the
required preprocessing, and run the encoder over their study
regions.

4) Embedding Products: Embedding products release pre-
computed vectors rather than requiring every user to run the
encoder. MOSAIKS [16] provided a shared global feature
set for environmental and socioeconomic prediction, while
Major TOM [19], [20] released vectors from multiple frozen
encoders over globally sampled satellite tiles. LGND dis-
tributes near-global chip embeddings generated with Clay [22],
[23]; TESSERA vl and the Google Satellite Embedding
dataset produced with AlphaEarth Foundations provide dense
annual layers [14], [15], [21]; and ESD retains a temporally
indexed record [57]. TESSERA v2 extends the product design
with distilled temporal encoders and selectable output dimen-
sions [105]. Downstream analysis can begin with released
vectors and a task-specific prediction model, while storage,
access, updating, version compatibility, and interpretation re-
main product concerns.

C. Pretraining Paradigms

Representation type determines both the available infor-
mation and the computation required downstream, while the
pretraining objective determines which differences between
observations are suppressed and which information remains
accessible. It therefore affects transfer performance, neighbor-

hood structure, and compressibility. The discussion below re-
lates each objective to these representation properties; storage
and distribution are considered in Section III.

1) Contrastive Objectives: Contrastive objectives learn rep-
resentations by bringing matched views closer in embedding
space and pushing mismatched views apart. Given a positive
pair (z;,2;) and a set of 2V augmented views within a mini-
batch, the InfoNCE loss [5], [106] is

exp(sim(z;, z;)/7)
og i B}
Ziﬁl 1] exp(surn(zi7 Zk)/T)

where sim(-, -) denotes cosine similarity and 7 is a temperature
parameter. In EO, the definition of positive and negative pairs
is as important as the loss. SeCo [100] treats observations of
the same location in different seasons as positives, encouraging
invariance to seasonal and atmospheric variation. CACo [107]
modifies temporal pairing to distinguish short-term variation
from persistent change. Tile2Vec [76] instead defines pairs
through geographic proximity and uses a triplet objective
adapted from distributional semantics:

Etriplet = max (07 d(f(l‘a)7 f(xp)) - d(f(l‘a)7 f(xn)) + m) )

2
where z,, 2, and x,, denote an anchor tile, a nearby tile, and a
distant tile, respectively. SSL4EO-S12 [101] supplies Sentinel-
1/2 data for comparing contrastive and alternative objectives
at scale. Pairing policy determines the learned invariance: sea-
sonal pairs reduce sensitivity to seasonal variation, spatial pairs
promote local similarity, and image—location pairs in SatCLIP
and GeoCLIP [17], [18] introduce geographic information.
These invariances are useful only when the downstream target
does not require the suppressed variation.

2) Reconstruction Objectives: Reconstruction objectives
mask part of the input and train the model to recover the
missing content, encouraging the encoder to preserve local
structure and context. For masked autoencoders [7], the loss
is

Lo = -1

(D

1
LMAE = —— X, — Xpl|%, (3)

where M is the set of masked patches, x,, is the original con-
tent, and X, is its reconstruction. RingMo [102], SatMAE [59],
Scale-MAE [12], SpectralGPT [11], Clay [22], and Prithvi-
EO-2.0 [10] apply this objective to multispectral, multiscale, or
multitemporal inputs, while Presto [62] adapts reconstruction
to multisensor pixel time series. Because the encoder must
predict missing content, these objectives encourage retention
of spatial, spectral, or temporal context. Benefits depend on
the mask design, encoder output, and downstream adaptation.

3) Redundancy-Reduction Objectives: Some models aim
not primarily to reconstruct the input, but to produce invariant
embeddings with minimal redundancy across dimensions. The
Barlow Twins criterion [108] operates on the cross-correlation
matrix C between embeddings of two valid views:

Lhuow =Y _(1=Cii)>+ X Y Y CH . 4
i i g

redundancy reduction

invariance



TABLE II
FEATURE-REPRESENTATION FAMILIES IN EARTH OBSERVATION.

Feature Representation Supervision Representative examples

Output form Characteristics

Hand-crafted descriptors  Expert-designed formulas
and statistics

Classical ML (RF, SVM) [91]

Spectral indices (NDVI, NDWI, NDBI, NDSI) [83]-[86]
Texture descriptors (GLCM, LBP) [87], [88]

Scalars or
low-dimensional
descriptors

Interpretable and inexpensive, but
task-specific and context-limited

Human annotations such
as class labels, masks, or
target variables

Label-supervised deep
representations

CNN-based features (VGG, ResNet) [93], [94]
RNN-based temporal encoders (LSTM) [97]
Transformer-based encoders (ViT) [98]

Hierarchical and task-effective, but
label-dependent and domain-sensitive

Feature maps or latent
vectors

Self-supervised EO Pretext tasks derived from

Contrastive models (Tile2Vec, SeCo) [76], [100]

Latent features Scalable and domain-adapted, but

representations unlabeled EO archives Masked autoencoders (SatMAE, Scale-MAE) [12], [59] extracted by inference still largely model-centric
Self-distillation (SSL4EO-S12 DINO, DINOv3) [101],
[104]

Embedding products Inherited from pretrained Global  feature  collections (MOSAIKS, Ma- Precomputed vector Directly reusable, but constrained by

encoders and released in
precomputed form

jor TOM) [16], [19], [20]

Dense embedding products (LGND, TESSERA, Google

fields or embedding
layers

storage, interoperability, and update
cycles

Satellite Embedding, ESD) [14], [15], [21]-[23], [57]

where Cy; =3, z{;‘i zfj/\/zb(zlfiﬁ Zb(zfj)Q is the cross-
correlation between dimensions ¢ and j computed over a batch
of augmented pairs (A, B). TESSERA vl [21] applies this
criterion to annual Sentinel-1/2 time series, and TESSERA
v2 [105] retains it while varying encoder capacity, training-
data volume, and compute. DeCUR [109] uses a related
objective to separate common and modality-specific informa-
tion. Decorrelation reduces redundancy but does not measure
retained task information.

4) Distillation Objectives: Distillation objectives replace
explicit pixel reconstruction with consistency between a
student and a teacher or target encoder. DINO [8], DI-
NOV2 [9], and DINOvV3 [104] provide frozen features learned
through this strategy. Panopticon [110] adapts DINOvV2 to
sensor-variable EO observations through channel attention
and cross-sensor views of the same footprint. I-JEPA [111]
and AnySat [112] instead predict targets in representation
space. TESSERA v2 [105] distills a temporal teacher into
compact student encoders whose 128-dimensional output can
be shortened without retraining, while Major TOM [19], [20]
distributes globally sampled vectors from frozen encoders
in the DINOv2 family. Fair comparisons with reconstruction
objectives require matched architectures, data, and evaluation
protocols.

5) Alignment and Generative Objectives: Alignment objec-
tives learn a shared space for paired modalities. CLIP [113]
optimizes a symmetric image—text contrastive loss over a batch
of N matched pairs:

esim(vi i) /T
Zj esim(vit;)/T

esim(ti i) /T

Z Cesim(tivg) /T |0
J

1

»CCLIP = —anrnr

N
5 log

i=1

®)
+ log

where v; and t; are the image and text embeddings, respec-
tively. In EO, the paired input may be text, coordinates, ground
imagery, or another observation of the same place. Remote-
CLIP [114], GRAFT [115], GeoCLIP [18], SatCLIP [17],
SoundingEarth [116], and Sat2Cap [117] use different pairings
to support retrieval, geolocalization, or cross-modal queries.

The structure of the shared space consequently reflects both
the data modality and the definition of matched locations.

Generative and predictive objectives infer a missing modal-
ity, timestamp, or token stream from the available context.
TerraMind [81] tokenizes multiple geospatial modalities and
predicts selected targets, and TerraFlow [82] applies this
formulation to temporal inputs. Copernicus-FM [60] and
Galileo [118] combine reconstruction with cross-view dis-
crimination. AlphaEarth Foundations [14] combines source-
specific reconstruction, consistency constraints, and text align-
ment before releasing annual global embedding layers. At-
tributing a downstream property to one loss requires ablations
that vary that loss while holding the other components fixed.

Each objective balances invariance against sufficiency by
suppressing selected variation while retaining information
needed for its training target. Contrastive and distillation
methods tend to emphasize discrimination or agreement, re-
construction methods retain information needed to predict
missing inputs, and multimodal objectives preserve shared
structure across sources. Objective names alone do not predict
downstream suitability; performance depends on whether task-
specific variation remains recoverable.

D. Embedding Space Properties

Embedding geometry and dimensionality affect similarity
calculations, storage, and interpretation [38]. For released
embeddings, the main questions are whether vectors are con-
strained to a particular space, how training controls infor-
mation retention, and how nominal dimension relates to the
variation present in the vectors.

Many released encoders produce vectors in R? without an
explicit norm constraint. Examples include Clay [22], Prithvi-
EO-2.0 [10], SatMAE [59], TESSERA [21], and the DINOv2-
derived embeddings distributed by Major TOM [20]. Cosine
similarity is commonly used to compare such vectors u and
v:

u-v

(6)

) =
An unconstrained output can occupy a lower-dimensional
subspace of the available coordinates, a behavior described
as dimensional collapse [119]. Cosine similarity also removes



vector norm at evaluation time even when norm was un-
constrained during training. Uniformity on the hypersphere
has been associated with downstream performance in general
representation learning [120], although the relationship has not
been established across Earth embedding products. AlphaEarth
Foundations [14] explicitly places its output on the unit hy-
persphere S~ ! through a von Mises—Fisher (vMF) variational
bottleneck. For z € S¢~!, the distribution is parameterized by
a mean direction p € S?~! and concentration x > 0:

p(z | p, k) = Ca(k) exp(k p' z), (7

where Cy(k) is a normalization constant. AlphaEarth com-
bines this distribution with a batch-uniformity penalty that dis-
courages concentration in a limited region of S3 [14]. Unlike
the embeddings above, AlphaEarth uses spherical geometry;
its effect requires evaluation with the same data and tasks.

Cross-modal encoders introduce a second geometric issue.
Separate encoders can occupy different regions of a nominally
shared space, a phenomenon termed the modality gap [121].
GeoCLIP [18] aligns images and coordinates, whereas Re-
moteCLIP [114] aligns remote sensing imagery and text. Work
on natural images links the gap to zero-shot performance and
fairness differences [121], but few geospatial studies have mea-
sured it. Recent analyses use sparse concept decompositions
and neuroscience-inspired probes to examine the information
carried by location and Earth observation embeddings [122],
[123]. Within- and cross-modal neighborhood analyses can
complement downstream accuracy when these spaces are
evaluated.

The information bottleneck provides a conceptual descrip-
tion of how an encoder can discard input variation while
retaining information about a target [124]. Let X denote the
input, Z the embedding, and Y a downstream target. For a
stochastic encoder p(z | x), the objective is

min 1(2; X) = B1(Z; Y), ®)

p(z|x
where S > 0 controls the balance between compression
and target relevance. In self-supervised pretraining, the set
of future targets Y is unknown, so this equation offers an
interpretation rather than a directly optimized objective for
most Earth embedding models. AlphaEarth fixes the vMF
concentration at kK = 8 x 103 [14]; this controls distributional
concentration but does not by itself provide a measured bound
on I(Z; X). TESSERA [21] reduces cross-dimensional corre-
lation with Barlow Twins [108], whereas masked-autoencoder
models such as Clay [22] rely primarily on architecture and
output dimension to limit the code. Their relationship to
mutual information has not been compared with matched EO
data, architectures, and evaluation protocols [30], [36].

Reported full output dimensions range from 64 for Al-
phaEarth [14] to 8,192 for MOSAIKS [16], while TESSERA
v2 [105] supports prefixes as short as 16 dimensions; Sec-
tion III compares the associated storage costs. Nominal dimen-
sion does not reveal how many directions contain substantial
variation. Participation ratio and effective rank summarize
the spectrum of the embedding covariance matrix, whereas
manifold estimators characterize nonlinear degrees of freedom.

Rao et al. [125] estimate a manifold dimension of 2-10
for the geographic implicit neural representations studied in
GeoINRID. That result applies to coordinate-based represen-
tations under the paper’s data and estimator choices and should
not be generalized to satellite embedding products. Effective
dimension, compression loss, and downstream accuracy must
be measured for each representation; principal component
analysis (PCA) [126] and product quantization [127] provide
possible reductions, but the attainable savings depend on the
target and evaluation protocol. Product documentation should
therefore report the nominal dimension, numeric precision,
normalization, recommended distance measure, and any em-
pirical estimate of effective dimension.

III. MODELS AND BENCHMARKS

Earth observation representations are available as model
weights, reusable encoders, and precomputed vectors. Spa-
tially and temporally indexed vectors let users begin down-
stream analysis without first running the source model over
the study area. Comparisons must therefore consider spatial
support, temporal aggregation, compression, access, and fixed-
feature evaluation in addition to architecture and pretraining.

A. Models and Products

Fig. 5 outlines four stages in the development of Earth
embeddings. Early studies learned reusable features from
satellite imagery; later work increased model scale and incor-
porated additional sensors and supervision. The most recent
stage centers on large embedding collections, benchmark-
based evaluation, common access tools, and data standards.

We distinguish releases by what users receive. Geospatial
foundation models usually provide weights and code, reusable
embedding encoders generate vectors for user-supplied inputs,
and embedding products provide vectors computed over a
spatial collection. Recent embedding-centered surveys simi-
larly distinguish model access from direct access to embed-
dings [37], [41]. Table III compares representative models,
embedding datasets, and released layers.

1) Geospatial Foundation Models: Geospatial foundation
models supply the encoders used to generate many Earth
embeddings, but their usual releases are checkpoints, code,
and fine-tuning recipes rather than precomputed global vectors.
Users must prepare the required sensor inputs, run inference,
and select a feature or aggregation method. Masked and scale-
aware image encoders include SatMAE [59], Scale-MAE [12],
RingMo [102], Prithvi-EO [10], Presto [62], and USat [78].
CROMA [66], DOFA [13], Panopticon [110], OmniSat [128],
AnySat [112], Galileo [118], and Copernicus-FM [60] sup-
port additional sensors or modalities, while SkySense [103],
TerraMind [81], and TerraFlow [82] use generative or tempo-
ral objectives. msGFM, RobSense, and SkySense V2 extend
cross-sensor encoding and robustness to heterogeneous or
incomplete inputs [129]-[131]; SeaMo, TiMo, TerraFM, and
GeoLink address seasonal sequences, satellite time series,
globally sampled radar—optical imagery, and OpenStreetMap
supervision, respectively [132]-[135]. GFM surveys provide
more complete model inventories [29]-[34], [36]; the models
listed here still require users to generate the embeddings.
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Fig. 5. Evolution of Earth embedding research from representation learning to products,

2) Released Embedding Products: Released embedding
products provide precomputed vectors for a defined spatial and
temporal collection. Users can download or query the vectors,
join them with labels or covariates, and train downstream
models without repeating the source encoder’s large-area in-
ference. Tile2Vec [76], SeCo [100], GASSL [136], SSL4EO-
S12 [101], SatMAE [59], Scale-MAE [12], SatCLIP [17], and
GeoCLIP [18] established reusable image or location encoders
but did not release complete global embedding layers. Precom-
puted collections differ in spatial support and completeness:
MOSAIKS provides global features [16], Major TOM Em-
beddings releases vectors from multiple encoders for globally
sampled tiles [19], [20], and Earth Index encodes billions of
overlapping patches [137]. Clay v1.5 is a model release [22],
whereas LGND Clay Embeddings is a separate near-global
dataset generated with that encoder [23].

Dense, temporally indexed releases include TESSERA
vl [21], the Google Satellite Embedding dataset produced
with AlphaEarth Foundations [14], [15], and ESD, a record
at 30m resolution beginning in 2000 [57]. TESSERA v2
studies distilled temporal encoders and selectable dimensions
within the same product family [105]. The Copernicus Data
Space distributes more than 60 TB of embeddings generated
by several frozen encoders [138], while Earth Embeddings
as Products provides common loaders for accessing multiple
releases [37].

Table III uses CL, MAE, SD, RCEF, VLA, and FSQ

Major TOM AlphaEarth

Analysis-ready Products

Dataset

Open Ecosystem & Standards
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and indices API
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for contrastive learning [5], masked autoencoding [7], self-
distillation [8], random convolutional features [16], vision—
language alignment [113], and finite scalar quantization [139],
respectively. The year is the formal publication year of the
cited paper or, for dataset records without a paper, the first
public-release year. Res. denotes the ground support of one
vector; checkmarks under Time and Global indicate that one
vector combines multiple dates and that a global or near-global
collection is publicly available. A dagger marks precomputed
vectors released through Major TOM, while an asterisk marks
vectors released through the Copernicus Global Embedding
Dataset.

Spatial support ranges from coordinates and scenes to per-
pixel grids, and training objectives distinguish models with
otherwise similar architectures. Patch and tile collections in-
clude MOSAIKS [16], Earth Index [137], Major TOM [20],
the Copernicus Global Embedding Dataset [138], and LGND,
which is generated with the separately released Clay
v1.5 model [22], [23]. Annual pixel-level products include
TESSERA v1 [21] and Google Satellite Embedding [14], [15],
whereas ESD provides a compressed 30-meter record covering
approximately a quarter century [57]. TESSERA v2 combines
a temporal teacher with compact students and allows shorter
vectors when storage is constrained [105].

3) Reusable Embedding Encoders: Reusable embedding
encoders provide weights for extracting vectors from new in-
puts but do not include complete global embedding layers. Im-



TABLE III
COMPARISON OF REPRESENTATIVE EARTH EMBEDDING MODELS AND PRODUCTS.

Model / Product Year Architecture Training objective Dim. Res. Modalities Time Global Format

Tile2Vec [76] 2019 ResNet-18 Triplet CL 512 1.5 km Optical Weights

MOSAIKS [16] 2021 Random conv. RCF 8192 1.1 km Optical v CSV / NPY

SeCo [100] 2021 ResNet-50 MoCo-v2 CL 2048 2.65 km Optical Weights
Prithvi-EO-2.0 [10] 2026 ViT-L / ViT-H MAE 1024/1280 - Multispectral v HF / TerraTorch
CSP [140] 2023 MLP + ResNet-50 CL 256 Coordinate ~ Optical + coord. PyTorch weights
SatCLIP [17] 2025 Spherical-harmonic MLP Image-location CL 256 Coordinate ~ Optical + coord. PyTorch weights
GeoCLIP [18] 2023 Fourier features + MLP  Image—location CL 512 Coordinate  Image + coord. PyTorch weights
Major TOM Embeddings [19], [20] 2024 Multiple frozen encoders Frozen inference 10242048 2.24-3.84 km Optical + SAR v Parquet / HF
pINov2t [9], [20], [141] 2024 ViT-L/14 SD 1024 224km  Optical v/ Parquet / HF
SigLIPT [20], [142], [143] 2024 ViT-SO400M/14 VLA 1152 3.84 km Optical + text v Parquet / HF
SSL4EO-DINO' [20], [101] 2024 ResNet-50 DINO (SD) 2048 2.24 km Multispectral v Parquet / HF
SSL4EO-MoCo' [20], [101] 2024 ResNet-50 MoCo-v2 CL 2048 2.24 km SAR v Parquet / HF

Clay v1.5 [22] 2024 ViT MAE 1024 - MS + SAR + DEM Weights

LGND Clay Embeddings [23] 2026 Clay v1.5 encoder MAE 256/1024  1.28/2.56 km Optical v v GeoParquet / Source Coop.
Earth Index [137] 2025 SoftCon ViT-S/14 Soft contrastive learning 384 320 m Optical v GeoParquet / Source Coop.
TESSERA vl [21] 2026 Transformer + GRU Barlow Twins 128 10 m Optical + SAR v v NumPy / GeoTessera
TESSERA v2 [105] 2026 Dual-branch Transformer Barlow Twins + distillation 16-128 10 m Optical + SAR v -

Google Satellite Embedding [14], [15] 2025 STP encoder Reconstruction + CL + vMF 64 10 m Optical + thermal + SAR v/ v Earth Engine / COG
Copernicus Embeddings [138] 2025 Multiple frozen encoders Frozen inference Varies Varies Optical + SAR v GeoParquet / CDSE
DeCUR™ [109], [138] 2025 ResNet-50 Cross-modal CL 2048 2.24 km Multispectral + SAR v GeoParquet / CDSE
MMEarth™ [69], [138] 2025 ConvNeXt-V2 MAE Varies 2.24 km Multimodal EO v GeoParquet / CDSE
Copernicus-FM [60] 2025 ViT MAE + SD 768 - Multimodal EO + DEM v PyTorch weights
Copernicus-Embed [60], [144] 2025 Copernicus-FM encoder ~ Frozen inference 768 0.25° Multimodal EO + DEM v v Parquet / NPZ / PT
ESD [57] 2026 Temporal CNN + FSQ Reconstruction + supervised tasks 13 30 m Optical + DEM v v MGRS tiles

t Embeddings released through Major TOM; * embeddings included in the Copernicus Embedding Dataset.

age and temporal encoders include Tile2Vec [76], SeCo [100],
SSL4EO-S12 [101], SatMAE [59], Scale-MAE [12], DI-
NOV2 [9], SigLIP [142], Prithvi-EO [10], and Presto [62]. De-
CUR [109], MMEdarth [69], CROMA [66], DOFA [13], Panop-
ticon [110], AnySat [112], Galileo [118], TerraMind [81], Ter-
raFlow [82], and Copernicus-FM [60] support multiple sensors
or modalities; Panopticon uses channel-level conditioning to
apply one frozen encoder to optical, hyperspectral, and radar
inputs. RemoteCLIP [114], GeoRSCLIP [145], GRAFT [115],
SkyScript [146], Sat2Cap [117], and SoundingEarth [116]
align imagery with text or other co-located observations. RS-
Embed provides a common interface for generating vectors
from selected checkpoints [147], [148].

4) Location Embeddings: Location embeddings map ge-
ographic coordinates directly to vectors, without requiring
imagery at query time. One group of methods determines
how position is represented geometrically. Space2Vec uses
multiscale periodic functions in planar coordinates [149],
whereas Sphere2Vec and spherical-harmonic encoders operate
on the Earth’s surface to reduce projection distortion and
represent several spatial scales [150], [151]. Localized Slepian
encodings concentrate basis functions within a region of inter-
est [152]. Continuous or adaptive representations instead learn
spatial structure from observations: SINR learns a coordinate
field for global species mapping [153], while Tessellating the
Earth replaces a fixed basis with learnable spherical Voronoi
partitions and shared semantic tokens trained with satellite
imagery [154].

The semantic content of a coordinate vector is determined
by its supervision. CSP, SatCLIP, GeoCLIP, and SatCLE
align coordinates with co-located imagery or image-derived
semantics [17], [18], [140], [155]. S2Vec instead uses built-
environment features, MoRA incorporates mobility and de-
mographic signals, and OSMGraphCLIP uses OpenStreetMap
graphs [156]-[158]. UniGeoCLIP jointly aligns coordinates,

aerial and street-level imagery, elevation, and text, while GAIR
learns coordinate-level representations aligned with overhead
and street-level imagery [159], [160]. The resulting proxim-
ity may therefore reflect physical distance, visual similarity,
environmental conditions, or human activity.

Location encoders can also incorporate task-specific context
rather than act as fixed geographic priors. RANGE augments
coordinate embeddings with retrieved visual features [161],
whereas proxy consistency learning incorporates widely avail-
able geospatial proxy variables into a trainable location en-
coder for sparsely labeled prediction tasks [162]. A task-
adapted location representation is not interchangeable with a
frozen general-purpose encoder. TorchSpatial and LocBench
compare 15 location encoders across classification and regres-
sion tasks and examine geographic bias [163]. Unlike released
raster layers, these approaches can return a compact vector
for an arbitrary coordinate, but its content depends on the
training observations, spatial basis, and downstream adaptation
protocol.

Reusable EO encoders have also been studied for multisen-
sor transfer, sensor-variable imagery, cross-modal alignment,
retrieval, and compression [17], [20], [21], [114], [115], [164]-
[180]. Benchmarks, reviews, and software now compare fixed
representations, compression, pooling, transfer, and access
across products and encoders [37], [39], [41], [57], [122],
[147], [181]-[185]. Further work evaluates released embed-
dings in land-cover mapping, geographic and temporal trans-
fer, environmental and socioeconomic prediction, retrieval,
uncertainty analysis, and combinations of multiple representa-
tions [186]-[214].

B. Product Design Trade-offs

A global per-pixel layer contains many more vectors than
a scene-level collection, while temporal or multisensor inputs
place more observations into each vector than a single-image



encoder. Dimensionality, resolution, and temporal support
must therefore be interpreted together.

1) Dimensionality and Compression: Embedding dimen-
sionality affects storage and the degrees of freedom available
to encode variation. MOSAIKS [16] uses 8,192 random con-
volutional features, and Clay [22] uses a 1,024-dimensional
vector learned through masked autoencoding [7]. Smaller vec-
tors impose different constraints. AlphaEarth Foundations [14]
maps observations to a 64-dimensional unit hypersphere, and
the released Google Satellite Embedding dataset stores the
resulting 64-dimensional vectors [15]. TESSERA vl [21] uses
Barlow Twins [108] to limit cross-dimensional redundancy in
a 128-dimensional vector. TESSERA v2 [105] orders a 128-
dimensional student representation so that 64-, 32-, and 16-
dimensional prefixes can be used directly; the 16-dimensional
prefix retains approximately 92% of the reported full-vector
aggregate performance with one eighth of the storage. The
released ESD tiles provide 13 values per pixel-year [57].
These dimensions are therefore not interchangeable measures
of information content, and each must be evaluated on the
intended downstream tasks.

Numeric precision provides a separate compression mech-
anism. Google Satellite Embedding stores 64 signed 8-bit
values, or 64 bytes per vector, in Cloud-Optimized Geo-
TIFFs [14], [215]. TESSERA vl [21] stores 128 signed 8-bit
values and provides access through GeoTessera [216]. For a
fixed dimension, either representation occupies one quarter of
the value storage required by 32-bit floating point. Dimension
and numeric precision should therefore be reported together.

Compression ratios depend on the reference data and the
spatial and temporal support of one output. The 64-byte annual
vectors in Google Satellite Embedding [14], [215] and the 128-
byte annual vectors in TESSERA vl [21] summarize different
input archives, so neither implies a unique reduction relative
to raw observations. TESSERA v2 changes vector storage
through its 16-128-dimensional prefixes [105], whereas Clay’s
1,024-dimensional 32-bit class token represents a 256 x 256-
pixel scene [22]. ESD reports approximately 340x com-
pression specifically against its global daily Landsat-MODIS
archive; the released annual product provides 13 values per
pixel and occupies about 2.4 TB per year [57]. NeuCo-Bench
instead evaluates representation size jointly with downstream
utility [182], while model slimmability studies reduce encoder
computation rather than the storage of a released embed-
ding [217]. Compression claims are comparable only when the
input baseline, output support, precision, and task protocol are
stated.

2) Temporal Representation: Temporal design determines
whether a vector describes one acquisition, summarizes an
interval, or preserves an ordered sequence. Tile2Vec [76],
MOSAIKS [16], and the DINOv2 [9] features distributed
by Major TOM [20] encode individual images. SeCo uses
observations from different seasons during pretraining, but its
released image encoder still produces one vector from one
image [100]; temporal supervision during training is therefore
distinct from multi-date encoding at inference. Models that
combine observations explicitly include AlphaEarth’s time-
conditioned annual summaries [14], SatMAE’s temporal po-

sitional encoding [59], and Prithvi’s three-dimensional patch
embeddings [10]. TESSERA vl samples annual optical and
radar observations [21], while TESSERA v2 adds day-of-
year encoding, attention pooling, and adaptive use of valid
observations at inference [105]. ESD preserves within-year
temporal information for every annual record from 2000
onward [57]. The appropriate design depends on whether the
target follows phenology or rapid change [189], [218], or is
sufficiently stable to be represented by a single-date or annual
summary.

3) Multimodal Integration: Multimodal models differ in
which sources they accept and where those sources interact.
AlphaEarth is trained with optical, radar, LiDAR, environ-
mental, topographic, and text observations; source-specific
encoders feed a common spatiotemporal representation [14].
TESSERA vl processes Sentinel-1 and Sentinel-2 time series
in separate Transformer—GRU branches before concatenation
and multilayer-perceptron fusion [21]. TESSERA v2 replaces
this stage with modality-specific temporal Transformers fol-
lowed by a fusion Transformer [105]. Clay supports sev-
eral image modalities but processes an input according to
its modality and conditions the encoder on location and
time metadata [22]; support for several modalities does not
necessarily mean that they are fused in one vector. Fusion
can encode complementary measurements, but it also intro-
duces requirements for co-registration, temporal alignment,
and missing-source handling.

4) Spatial Support and Release Form: Spatial support de-
termines both the smallest resolvable target and the number
of vectors that must be distributed. SatCLIP [17] and Geo-
CLIP [18] return a vector for a coordinate without requiring
a corresponding satellite image. MOSAIKS [16], Clay [22],
and Major TOM Embeddings [20] operate at scene or tile
level. Google Satellite Embedding [14], [15] and TESSERA
vl [21] release pixel-wise embeddings at 10m resolution;
TESSERA v2 is evaluated at the same spatial support [105],
and ESD [57] operates at 30 m. A simple land-area calculation
gives approximately 1.5 x 10'2 cells for a global land grid at
10m resolution. At 64 bytes per cell, this is about 96 TB
before masking, tiling, compression, metadata, and projec-
tion overhead. Scene-level products require fewer vectors but
cannot resolve variation within an input footprint. Parcel,
administrative, and plot targets require aggregation chosen for
their within-unit variation [184].

The release format determines who performs the encoding.
Precomputed layers from Google Satellite Embedding [14],
[15], TESSERA v1 [21], and ESD [57] remove user-side
global inference. Clay v1.5 releases weights for encoding
new inputs when its preprocessing is reproduced [22], while
LGND distributes a separate vector collection generated with
that encoder [23]. Copernicus-FM similarly provides a model,
whereas Copernicus-Embed-025deg provides 768-dimensional
vectors on a global 0.25° grid [60], [144]. Model weights
permit new inputs and preprocessing choices but retain in-
ference costs; released vectors are immediately usable but
inherit the producer’s input archive, masking, compositing,
temporal definition, and encoder version. Temporal and mul-
timodal inputs increase the information represented by each



vector, while fine spatial support increases the number of
vectors stored and queried. Product choice should follow target
scale, temporal sensitivity, source availability, and acceptable
compression loss.

C. Distribution Infrastructure

Earth embeddings are distributed through cloud services,
public data repositories, spatial indexes, product-specific soft-
ware, and model libraries. Hosting services store collections;
spatial indexes relate vectors to geographic footprints and
source imagery; product-specific software implements queries
and decoding; and model libraries provide interfaces to mul-
tiple datasets or encoders. Table IV compares resources for
publishing, accessing, and generating Earth embeddings.

Google Satellite Embedding can be analyzed server-side
in Google Earth Engine or accessed as Cloud-Optimized
GeoTIFF files in Google Cloud Storage [14], [15], [215].
The Copernicus Data Space Ecosystem publishes the Global
Embeddings Dataset as GeoParquet files through EODATA
S3 [219]. Hugging Face hosts Major TOM Core and embed-
ding datasets [20], [220], while Source Cooperative provides
catalog and object-storage access to LGND Clay Embeddings
and Earth Index [23], [137], [221].

Data-organization tools, publication guidance, and product-
specific clients do not host the same resources as cloud
platforms. Major TOM defines a geographic grid and metadata
conventions for organizing compatible EO datasets and their
derived embeddings [19]. Geo-Embeddings provides recom-
mendations for storing, documenting, and publishing gridded
and irregular embedding collections, together with draft STAC
and Zarr conventions that remain under development [224],
[225]. GeoTessera is specific to TESSERA [21], [216], [226]:
its versioned manifest indexes tiles, its client retrieves quan-
tized NumPy arrays and scale factors from object storage,
and its Zarr interface supports regional and point queries. It
can also export georeferenced GeoTIFFs. Cloud-Optimized
GeoTIFF, GeoParquet, NumPy, and Zarr provide different
storage layouts, which affect how clients index, subset, and
transfer embeddings.

Libraries for reusable encoders differ in breadth. Torch-
Geo [227], [228] provides geospatial dataset classes, spatial
queries, and sampling for patch- and pixel-level embeddings,
including Clay, Major TOM, Earth Index, Copernicus-Embed,
TESSERA, Google Satellite Embedding, and ESD. TerraTorch
is maintained within the TorchGeo organization and builds on
TorchGeo and PyTorch Lightning to load, adapt, and extract
embeddings from EO foundation models; it does not host
precomputed global vectors [229]. RS-Embed [147], [148]
uses one spatial and temporal query specification to retrieve
selected precomputed products or run supported encoders on
demand. GeoAl provides regional download, dequantization,
comparison, and GeoTIFF export for Google Satellite Embed-
ding; it also catalogs remote-sensing foundation models and
loads supported backbones through TerraTorch [230]-[232].
AITLAS [235], [236] provides model adapters, configuration,
and task pipelines for EO models but does not itself publish
a global precomputed embedding collection.

TorchSpatial implements 15 location encoders and
LocBench in the same codebase [163]. SRAI combines vector-
data acquisition, regionalization, and regional embedding
methods for sources such as OpenStreetMap and Overture
Maps [233], [234]. The LGND API exposes hosted Clay
embedding collections, similarity search, and creation of
new embedding collections from user-supplied imagery [22],
[222], [223]. Catalog discovery, version tracking, spatial and
temporal query, provenance, and cross-product composition
remain divided among these interfaces.

D. Evaluation Benchmarks

Evaluation protocols determine which properties of an
embedding are measured. Community benchmarks compare
models using the same tasks, label budgets, and adapta-
tion methods, but most were designed for foundation model
adaptation rather than for precomputed vectors used as fixed
geospatial data. Table V uses Cls, Seg, Reg, CD, OD, and IS
for classification, semantic segmentation, regression, change
detection, object detection, and instance segmentation, respec-
tively; SDG denotes Sustainable Development Goal. The final
“Sat. emb.” column marks benchmarks designed specifically
for fixed or precomputed satellite embeddings.

1) Task-Based Benchmarks: GEO-Bench [237] contains 6
classification and 6 semantic segmentation tasks and reports
20 baseline configurations, rather than 20 geospatial foun-
dation models. Prithvi-EO 2.0 reports an 8% improvement
over its predecessor under this protocol [10]. GEO-Bench
does not include regression or change detection, while FoMo-
Bench [239] adds 15 multimodal forest monitoring datasets
spanning classification, segmentation, and object detection.

PANGAEA [183] adds regression and temporal inputs and
evaluates 9 selected model entries, with SSL4EO-S12 repre-
sented by 4 variants, on 11 datasets for semantic segmentation,
change detection, and regression. Its comparison with U-
Net [243] and a standard Vision Transformer [98] shows
that geospatial pretraining does not consistently outperform
supervised models when labels are plentiful. GEO-Bench-
2 [63] covers 19 datasets and 5 task types and reports normal-
ized scores within capability groups. It uses TerraTorch [229]
to apply a shared hyperparameter-search and repeated-seed
protocol to 14 model configurations, including Clay [22],
Prithvi [10], TerraMind [81], DOFA [13], DeCUR [109],
SatlasPretrain [77], and DINOv3 [104]. The reported rankings
vary by capability: natural-image ConvNeXt models [244]
remain competitive for high-resolution RGB imagery and
object detection, whereas EO pretraining is more useful for
some multispectral and temporal tasks. Landsat-Bench [241]
narrows the comparison to 3 Landsat classification benchmarks
evaluated with nearest-neighbor classification [245] and linear
probing. Model rankings must therefore be read together with
the task, sensor, adaptation method, and amount of labeled
training data.

Copernicus-Bench [60] contains 15 tasks using Sentinel-
1, Sentinel-2, Sentinel-3, and Sentinel-SP data, organized
into preprocessing, base applications, and specialized appli-
cations. PhilEO Bench [238] provides a 400 GB Sentinel-2



TABLE IV

INFRASTRUCTURE FOR PUBLISHING, ACCESSING, AND GENERATING EARTH EMBEDDINGS.

Infrastructure

Type

Primary function

Access / format

Representative resources

Link

Google Earth Engine
and Cloud Storage [15],

Cloud analysis

Server-side analysis and direct access

Earth Engine API;

Google Satellite

215 and storage to annual embedding files GCS / COG Embedding [14]
Copernicus Data Space . Hosting and direct distribution of EODATA S3 / . "
Ecosystem [219] Data hosting embedding collections GeoParquet Global Embeddings Dataset ©

Hugging Face Hub [220]

Dataset repository

Versioned hosting and bulk
distribution of EO datasets

Hub API / Parquet

Major TOM Core and
embedding datasets [20]

Source
Cooperative [221]

Data publishing

Catalog and object access for public
geospatial collections

HTTPS / S3;
resource-specific
formats

LGND Clay Embeddings [23];
Earth Index [137]

LGND API [222], [223]

Hosted embedding
service

Access, similarity search, and
generation of embeddings from user
imagery

REST API; bearer
token; GeoParquet
export

LGND Clay Embeddings and
user-defined Clay
collections [22], [23]

Major TOM [19]

Data specification
and tools

Shared geographic grid and metadata
for compatible EO datasets

Python tools; grid and
metadata schema

Major TOM Core and derived
embedding collections [20]

Geo-Embeddings [224],
[225]

Conventions and
registry

Guidance for storing, documenting,
and publishing geospatial embeddings

Web documentation;
draft STAC / Zarr
conventions

Best practices, metadata
templates, and implementation
registry

GeoTessera [216], [226]

Product client

Tile indexing, spatial query,
dequantization, and export

Python / CLI; S3 / Zarr

TESSERA embeddings [21]

TorchGeo [227], [228]
TerraTorch [229]

Data and model
toolkit

Geospatial data loading and sampling;
foundation-model inference,
embedding extraction, and adaptation

Python / PyPI; dataset
API / CLI / YAML

Clay, Major TOM, Earth
Index, TESSERA, Google
Satellite Embedding, ESD, and
EO foundation-model
backbones [14], [20]-[22],
[57], [137]

RS-Embed [147], [148]

Embedding
interface

Retrieval of precomputed vectors and
on-demand encoder inference

Python / PyPI; Earth
Engine / local
inference

TESSERA, Google Satellite
Embedding,
Copernicus-Embed, and
encoder adapters [14], [21],
[60], [144]

GeoAl [230]-[232]

Embedding and
model toolkit

Download, analysis, and export of
embeddings; discovery and loading of
EO foundation models

Python / PyPI; COG /
GeoTIFF; TerraTorch

Google Satellite Embedding
and registered EO foundation
models [14]

TorchSpatial [163]

Location-
embedding library

Implementation and evaluation of
coordinate encoders

Python / source;
PyTorch

Fifteen location encoders and
LocBench

SRAI [233], [234]

Regional-
embedding
framework

Data acquisition, regionalization, and
embedding of vector geospatial data

Python / PyPI; OSM /
Overture / H3

Count-based, contextual, and
neural regional embeddings

Q

AITLAS [235], [236]

Model integration
toolkit

Model adapters, configuration, and
task pipelines

Python / PyPI

AnySat, Copernicus-FM,
CROMA, Galileo, Panopticon,
Presto, and TerraMind [60],
[62], [66], [81], [110], [112],
[118]

data set for land-cover classification, road segmentation, and
building-density regression, using fixed decoders and label
budgets. SustainFM [240] defines 16 tasks corresponding to
Sustainable Development Goals 1-16 and extends evaluation
to transferability, operational impact, and energy efficiency.
REOBench [242] measures robustness across 6 tasks and
12 appearance-based or geometric image corruptions. Their
protocols assess sensor dependence, transfer, efficiency, and
robustness in addition to aggregate scores.

2) Evaluation of Fixed Embeddings: A benchmark for fixed
embeddings evaluates precomputed satellite vectors rather than
adapting the complete encoder. Using frozen features alone
does not meet this definition. Landsat-Bench compares en-

coder outputs, and TorchSpatial / LocBench [163] evaluates 15
coordinate encoders on seven geo-aware image classification
and ten image regression datasets. LocBench also introduces a
Geo-Bias Score, but its inputs are locations rather than satellite
embedding products.

Existing embedding benchmarks test compression, hidden
tasks, and model selection. NeuCo-Bench [182] organizes five
data groups spanning eight EO tasks and evaluates fixed-
size representations with one evaluation pipeline, hidden test
labels, and a score that combines predictive quality with
stability. A subsequent study using NeuCo-Bench reports fixed
representations more than 500x smaller than raw images and
examines how pooling, normalization, and compression affect


https://developers.google.com/earth-engine/datasets/catalog/GOOGLE_SATELLITE_EMBEDDING_V1_ANNUAL
https://documentation.dataspace.copernicus.eu/Data/ComplementaryData/Embeddings.html
https://huggingface.co/Major-TOM
https://docs.source.coop/
https://lgnd.ai/lgnd-docs
https://github.com/ESA-PhiLab/Major-TOM
https://geoembeddings.org/
https://github.com/ucam-eo/geotessera
https://github.com/torchgeo/torchgeo
https://github.com/torchgeo/terratorch
https://github.com/cybergis/rs-embed
https://github.com/opengeos/geoai
https://github.com/seai-lab/TorchSpatial
https://github.com/kraina-ai/srai
https://github.com/biasvariancelabs/aitlas

TABLE V
COMMUNITY BENCHMARKS FOR GEOSPATIAL FOUNDATION MODELS AND EARTH OBSERVATION EMBEDDINGS.

Benchmark Year  Venue  Scope Sat. emb.
GEO-Bench [237] 2023 NeurIPS 12 tasks: 6 Cls, 6 Seg

PhilEO Bench [238] 2024 IGARSS Global Sentinel-2 data; Cls, Seg, Reg
TorchSpatial / LocBench [163] 2024 NeurIPS 17 data sets: 7 Cls, 10 Reg

FoMo-Bench [239] 2025 AAAI 15 data sets; Cls, Seg, OD

PANGAEA [183] 2026 GRSM 11 data sets; Seg, CD, Reg

Copernicus-Bench [60] 2025 ICCvV 15 tasks using Sentinel-1, -2, -3, and -5P
SustainFM [240] 2025 arXiv 16 tasks corresponding to SDGs 1-16
GEO-Bench-2 [63] 2025 arXiv 19 data sets; Cls, Seg, Reg, OD, IS
Landsat-Bench [241] 2025 ICMLW 3 Landsat benchmarks; Cls

REOBench [242] 2025 NeurIPS 6 tasks; 12 corruption types

NeuCo-Bench [182] 2026 CVPRW 5 data groups, 8 EO tasks; Cls, Reg v

downstream performance [246].

Embed2Scale and the TESSERA v2 scaling study exam-
ine representation size in different ways. The Embed2Scale
Challenge [247] represents each image by a single 1,024-
dimensional vector, reducing the number of scalar values by
more than 7,000 relative to the source imagery; winning
solutions fused features from several pretrained models [181],
[248]. The TESSERA v2 study reports 395 training runs across
15 downstream tasks and finds that converged pretraining
loss has a correlation below 0.2 in magnitude with aggregate
downstream performance, while encoder capacity changes
with training-data scale and projection-network size remains
approximately fixed [105]. Downstream scores were more
informative than pretraining loss within this model family;
whether the result extends to other architectures, sensors, and
objectives remains unknown.

3) Benchmark Results and Remaining Gaps: Benchmark
results depend on the target and evaluation protocol. Temporal
and multisensor representations such as AlphaEarth [14] and
the TESSERA series [21], [105] are designed for targets that
depend on seasonal or complementary sensor information.
Dimension counts are comparable only with matched spatial
support, inputs, and adaptation protocols. PANGAEA [183]
evaluates models with 10%, 50%, and 100% of the labeled
training data and finds that supervised baselines remain com-
petitive on several tasks, with the relative benefit of pretraining
depending on the task and label budget. Benchmark reports
should therefore state the adaptation method, amount of la-
beled training data, input data, and target.

Geographic and temporal transfer remain weakly measured.
PANGAEA, SustainFM, and GEO-Bench-2 include more re-
gions [63], [183], [240], but regional and environmental cov-
erage remains uneven. A 2026 agricultural benchmark [249]
evaluates Prithvi [10], Spectral GPT [11], and SatMAE [59] on
multitemporal crop segmentation and change detection across
four U.S. states; region-separated splits report lower perfor-
mance under geographic transfer. The result supports region-
separated evaluation. Annual products also require tests across
years and in regions undergoing rapid land-cover change.
Cross-model scores are further confounded by differences in
source imagery and preprocessing. Major TOM [19], [20]
applies several encoders to the same tiles, while Earth Em-
beddings as Products [37] provides standardized TorchGeo

loaders [227]. Geographic and temporal transfer should also
be tested with identical source inputs.

Aggregate benchmark scores often rely on thousands of
labeled pixels or patches, whereas many field studies have far
fewer observations [183]. Reporting performance across sev-
eral labeled training-set sizes would characterize applications
with limited labels more directly. Task composition introduces
a second mismatch. Classification and segmentation dominate,
while regression of biomass, canopy height, and yield, multi-
year change detection, retrieval, and out-of-distribution gen-
eralization remain less common. Class separation does not
guarantee that an embedding preserves the smooth variation
required for continuous prediction. Current benchmarks also
do not determine whether year-to-year distances distinguish
gradual environmental change from sensor or preprocessing
artifacts. GEO-Bench-2 [63] includes regression, and Em-
bed2Scale [247] evaluates compression, but no benchmark
combines continuous variables, temporal transfer, retrieval,
and fixed label budgets in one protocol for fixed embeddings.

IV. EXPERIMENTS

The experiments examine how Earth embeddings organize
the same geographically distributed samples and how well
they support prediction of discrete and continuous land-
surface properties. We first compare global and local struc-
ture using Uniform Manifold Approximation and Projection
(UMAP) [250], linear centered kernel alignment (CKA) [251],
and cosine-neighborhood overlap. We then evaluate land-
cover classification, continuous-variable regression, and the
sensitivity of predictive performance to embedding dimension.

A. Data

Fig. 6 shows the 9,132 candidate locations distributed across
terrestrial land areas. Each location defines a 640 m x 640 m
patch and is associated with one of the 11 ESA WorldCover
2021 v200 reference classes [252]; these labels are used only
to color descriptive visualizations.

The inputs comprise reflectance from 3 observation sources
and 7 learned embeddings. The observation sources are
Sentinel-2 [44], Landsat [2], and MODIS [64]. The learned
inputs are ESD [57], Google Satellite Embedding (GSE) [14],
[15], AgriFM [253], Copernicus-FM [60], TESSERA [21],
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Fig. 6. Global distribution and WorldCover classes of the evaluation samples.

TerraMind [81], and WildSAT [254]. Representation-space
and predictive comparisons use all 10 inputs, and the UMAP
projection also includes their concatenation.

The classification targets are the Esri annual land-use
and land-cover product at 10m resolution [255], FROM-
GLC10 2017 [256], and ESA WorldCover 2021 v200 [252].
The continuous targets are elevation from Copernicus GLO-
30 [50], above-ground biomass from the ESA Climate Change
Initiative [257], and Meta global canopy height [258]. These
datasets cover discrete surface types and continuous variables
with different units, spatial patterns, and class or value distri-
butions.

B. Internal Representation Analysis

The internal comparison does not use a downstream target.
UMAP provides a qualitative view of local organization,
while linear CKA and neighborhood overlap measure global
geometric similarity and local retrieval consistency. All inputs
undergo the same preprocessing before comparison.

1) Low-Dimensional Structure: Let X(®) € R"*d= denote
the processed matrix for input s, where rows correspond to the
same locations and d; may differ across inputs. Spatial features
were mean pooled, £ normalized, winsorized at the 15 and
99th percentiles, and scaled by the median and interquartile
range. Land-cover labels color the projected points but do not
enter the UMAP fit or any quantitative metric.

In Fig. 7, the aligned locations have different local ar-
rangements across sources. The three reflectance inputs form
broad, continuous manifolds, although their shapes are not
identical, and ESD [57] has a similarly diffuse organization.
GSE [14], [15], Copernicus-FM [60], and TESSERA [21]
divide the samples into more fragmented local components,
whereas AgriFM [253], TerraMind [81], and WildSAT [254]
produce elongated structures with several class-dominated

0] 60 E
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e Permanent water bodies e Mangroves
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120 E 180 E

e Herbaceous wetland e Moss and lichen

regions. The concatenated representation has a compact, multi-
branch organization that does not reproduce any single input
space, so concatenation changes the projected neighborhoods
rather than merely enlarging one of the component manifolds.

No projection uniformly separates all land-cover classes.
Some regions are dominated by a single class, but spec-
trally or structurally related surfaces still overlap. The UMAP
panels are descriptive: coordinates, orientation, and distances
are not comparable across independently fitted panels, and
visual separation is not a quantitative clustering or prediction
score. Linear CKA and neighborhood overlap provide pairwise
comparisons of global geometry and local retrieval behavior.

2) Global Geometry and Local Neighborhoods: Linear
CKA compares global representation geometry. For row-
normalized and column-centered matrices X and Y, linear
CKA is

xR
XX YTV e

CKA is invariant to orthogonal transformations and isotropic
rescaling, allowing sources with different feature dimensions
to be compared. A high value indicates similar centered linear
geometry, not identical vectors or identical nearest-neighbor
rankings.

Local agreement is measured directly from cosine neighbor-
hoods. Let V¥ (i) be the k nearest neighbors of location i in
representation X under cosine distance. The overlap between
two representations is

CKA(X,Y)

©)

OL(X,Y) = %i WO 2N,3’(i)|.

i=1

(10)

The score lies between zero and one and measures whether the
same locations would be retrieved locally in both spaces. We
evaluate k from 5 to 200; the value printed in each matrix cell
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Fig. 7. UMAP projections of the aligned feature sources, colored by WorldCover class.

is the mean across these neighborhood sizes. The figures report
cosine-based results, and Euclidean-distance counterparts pro-
vide a sensitivity check. Both pairwise matrices are symmetric,
so Fig. 8 shows only the lower triangle. Each neighborhood-
overlap cell reports the change across the evaluated values of
k on a common scale.

Fig. 8(a) shows two groups with relatively high global
similarity. Among the reflectance inputs, Sentinel and Land-
sat are the closest pair (0.728), followed by Sentinel and
MODIS (0.489), consistent with shared optical measurements
but different spatial and temporal support. Among the learned
representations, GSE [14], [15] and TESSERA [21] have
the highest CKA (0.614). TerraMind [81] also has compara-
tively high CKA with WildSAT [254] (0.566), AgriFM [253]
(0.534), TESSERA (0.519), and GSE (0.507). By contrast,
CKA between Copernicus-FM [60] or ESD [57] and the
reflectance inputs is only 0.135-0.203. These values describe
linear geometry, not predictive quality or complementarity.

The local-overlap ranking in Fig. 8(b) is related but
not identical. GSE and TESSERA again form the closest
pair, with a mean overlap of 0.474 across the evaluated
neighborhood sizes. TESSERA-TerraMind (0.318), GSE-
TerraMind (0.303), and GSE-Copernicus-FM (0.281) form the

next strongest learned-representation relations. For GSE and
TESSERA, overlap rises from 0.381 at £ = 5 to 0.503 at
k = 200, so the pair shares both small and broader neigh-
borhoods. The increase with k is partly mechanical because
larger neighborhoods offer more opportunities for intersection;
comparisons among pairs at the same k are more informative
than the increase alone.

Global and local agreement are nevertheless not inter-
changeable. Sentinel and Landsat have the highest CKA, yet
their mean neighborhood overlap is only 0.222 and increases
from 0.076 at k = 5 to 0.294 at £k = 200. Their repre-
sentations therefore share strong large-scale linear structure
while differing more substantially in the identities of the
nearest locations. The Euclidean sensitivity check preserves
GSE-TESSERA and the TerraMind-centered learned group
among the strongest relations, but changes the prominence of
the raw-sensor pairs. CKA and neighborhood overlap identify
related spaces but do not measure task utility. The following
classification and regression experiments compare the target
information available to the evaluated prediction models.

C. Downstream Predictive Performance

The downstream experiments use common data splits and
prediction models to compare discrete land-cover classification
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Fig. 8. Pairwise similarity between feature spaces measured by linear CKA
and cosine-neighborhood overlap.

and continuous-variable regression. Performance is reported
by target and metric, followed by sensitivity to embedding
dimension and variation across prediction models.

1) Experimental Design: Within each target, every input
uses the same sampled locations and a fixed partition contain-
ing 70% training data and 30% held-out test data. Classifica-
tion is stratified by class, whereas regression is split without
target stratification. We evaluate 14 prediction models for each
task. Linear and local methods comprise a learned linear head,
k-nearest neighbors [245], a linear support vector classifier or
regressor [90], logistic regression [259] for classification, and
ridge regression [260] for regression. Tree ensembles comprise
random forest [89], gradient boosting and histogram gradient

boosting [261], XGBoost [262], LightGBM [263], and Cat-
Boost [264]. The neural predictors are a multilayer perceptron
(MLP) [265], a convolutional neural network (CNN) [266],
a long short-term memory network (LSTM) [97], and a
Vision Transformer (ViT) [98]. The MLP is the scikit-learn
implementation [267]; the linear head, CNN, LSTM, and ViT
are trained in PyTorch [268].

Hyperparameters are selected by fivefold cross-validation
within the training partition. Where supported by the predictor,
classification uses class-balanced sample or loss weights;
regression targets are standardized using training-partition
statistics and transformed back before evaluation. For scikit-
learn predictors [267], each input is normalized per channel,
flattened, and reduced by incremental principal component
analysis (PCA) [269] fitted only on the corresponding training
fold. The PyTorch predictors [268] instead consume the har-
monized spatial tensors and preserve their channel and spatial
organization. After hyperparameter selection, each predictor
is refitted on the full training partition and evaluated on the
held-out test partition.

2) Evaluation Measures: Let n be the number of test
samples, C' the number of classes, and s; the class-score vector
for sample :. Classification is summarized by accuracy, macro-
F1, and top-3 accuracy:

Accuracy = % é]l(g}z = yi), (11)
Fe= TPCTfCFPC’ (12

TP,
MacroF'1 = % :1 %, (14)
Top3 = % il(yz € Ts(si)) - 15)

where 73(s;) contains the three highest-scoring classes.
Macro-F1 weights classes equally and is therefore the primary
measure for imbalanced land-cover targets. Accuracy weights
samples equally, while top-3 accuracy measures whether the
reference class remains among the most plausible alternatives.

For continuous targets, we report the coefficient of determi-
nation (R?) and root-mean-square error (RMSE) normalized
by the test-target standard deviation. The latter is reported as
normalized root-mean-square error (NRMSE):

(16)
(17)
NRMSE = Rl\iSE . (18)

Higher values are better for the three classification measures
and RZ; lower values are better for NRMSE. Here, o is
the standard deviation of the test targets. Normalization by
o permits comparison across elevation, biomass, and canopy
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Fig. 10. Accuracy across prediction models, embeddings, and land-cover datasets.

height without conflating predictive error with their physical
scales. In the heatmaps, aggregate ranks are obtained by
ordering the mean score across the evaluated embeddings and
datasets. In the forest summaries, points are means across
prediction models and intervals span the corresponding in-
terquartile range.

3) Land-Cover Classification: Figs. 9—11 report macro-
F1, accuracy, and top-3 accuracy, respectively. Rows identify
prediction models, grouped columns identify embeddings, and
the cells within each group correspond to Esri LULC, FROM-
GLC10, and WorldCover. The macro-F1 heatmap in Fig. 9
gives mean values of 0.718 for GSE [14], [15], 0.712 for
TESSERA [21], and 0.666 for TerraMind [81] across the
evaluated models and datasets. TESSERA is strongest on Esri

LULC, whereas GSE leads on FROM-GLC10 and World-
Cover; TerraMind ranks third on each dataset. AgriFM [253]
follows at 0.596, while the remaining learned inputs, Wild-
SAT [254], ESD [57], and Copernicus-FM [60], obtain lower
means. The ordering is broadly stable across predictors, but
the size of the difference depends on the prediction model.
Nonlinear and boosting methods often narrow the differences
among inputs, whereas linear predictors produce larger sepa-
rations.

Accuracy in Fig. 10 gives nearly the same embedding
ordering but places less weight on minority-class performance.
GSE averages 0.711, TESSERA 0.705, and TerraMind 0.664,
compared with 0.588 for AgriFM. At the predictor level,
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XGBoost, LightGBM, histogram gradient boosting, and ran-
dom forest form a close group, while the CNN attains the
highest average macro-F1. Macro-F1 reveals class imbalance
that accuracy can mask.

Top-3 accuracy in Fig. 11 is more compressed across em-
beddings. GSE, TESSERA, and TerraMind reach mean values
of 0.958, 0.951, and 0.940, respectively, and AgriFM reaches
0.907. The observation inputs also improve substantially under
this criterion. The correct class often remains among the top
three predictions, but macro-F1 remains the main measure for
imbalanced classification.

Class-specific behavior is examined after selecting hyper-
parameters for each embedding and predictor by macro-F1
within the training folds. The corresponding test-set confusion
matrix is normalized within reference classes, after which
the 14 matrices are averaged with equal model weights. The
percentages in Figs. 12—14 therefore measure mean class recall
and mean error allocation across predictors; they are not
obtained by pooling predictions or constructing an ensemble.

For Esri LULC, Fig. 12 confirms that GSE and TESSERA
retain the most balanced diagonal structure, with mean diago-
nal recalls of 77.1% and 77.7%; TerraMind follows at 73.4%.
Their main errors concern flooded vegetation and bare ground
being assigned to rangeland. The lower-scoring inputs show
more class-dependent behavior: WildSAT is strong for crops
and built areas but reaches only 30.7% for flooded vegetation,
while the mean diagonal recalls of Copernicus-FM and ESD
are close to 52%. The observation inputs preserve water, trees,
and snow more reliably than flooded vegetation or crops.

The FROM-GLC10 matrices in Fig. 13 give GSE,
TESSERA, and TerraMind mean diagonal recalls of 72.7%,
72.2%, and 67.8%, respectively. Cropland is most often con-
fused with grassland, and grassland with shrubland; snow and
ice are frequently assigned to bare land. These directions
recur across learned embeddings and observation inputs. The
embeddings differ mainly in error rates, not confusion types.

Landsat

— | - | - -

Random forest
Histogram boosting
LightGBM
Gradient boosting
CatBoost
Vi

M
LSTM
Logistic regression
k-NN
Linear

&

18

Sentinel MODIS WildSAT Copernicus-FM ESD

Aggregate

Top-3 accuracy T

Top-3 accuracy across prediction models, embeddings, and land-cover datasets.

WorldCover in Fig. 14 is more difficult for the lower-scoring
embeddings. GSE and TESSERA maintain mean diagonal re-
calls above 71%, and TerraMind reaches 66.4%, but shrubland
and grassland remain difficult to separate. Moss and lichen
have lower recall than spectrally distinctive classes such as
built-up land and snow or ice. Wetlands are often assigned
to tree cover by the observation inputs, while WildSAT also
confuses mangroves with tree cover. The class-level results
explain why similar overall accuracy can conceal different
class-specific errors.

4) Continuous-Variable Regression: Figs. 15 and 16 report
R? and NRMSE for Copernicus DEM elevation, ESA Climate
Change Initiative above-ground biomass, and Meta canopy
height. The R? heatmap in Fig. 15 shows stronger task
dependence than the classification results. Across the three
targets, GSE [14], [15] has the highest aggregate mean R? at
0.738, followed by TESSERA [21] at 0.612, TerraMind [81] at
0.609, and Copernicus-FM [60] at 0.519. The aggregate values
conceal a marked target difference: Copernicus-FM records
the highest mean for elevation (0.926), slightly above GSE
(0.918), whereas GSE leads for biomass and canopy height.
The high elevation score is expected because Copernicus-FM
was pretrained on Copernicus GLO-30 DEM and the released
Copernicus embedding therefore retains information derived
from the same product used as the regression target [60].
TerraMind is second on both vegetation targets, while the other
inputs have aggregate means between 0.30 and 0.36. CNN and
ViT provide the strongest predictor-level averages, consistent
with nonlinear interactions being useful for the continuous
targets.

NRMSE in Fig. 16 gives the same aggregate ordering on
a standardized error scale. GSE obtains the lowest mean
NRMSE (0.476), followed by TESSERA (0.601), TerraMind
(0.623), and Copernicus-FM (0.640); the remaining inputs
range from 0.796 to 0.832. NRMSE permits comparison across
elevation, biomass, and canopy height despite their different
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Fig. 13. Model-averaged class confusion for FROM-GLC10.

physical scales.

The binned regression curves use hyperparameters selected
within the training folds. For each embedding and target, test
observations are divided into 15 ordered bins and predictions
are averaged within each bin for each of the 14 predictors. The
plotted line is the mean of these model-specific bin means,
and the shaded band is their interquartile range. Zero canopy
height forms a separate bin before the positive observations
are divided into 14 equal-frequency groups. The displayed R?
is the mean of the 14 model-level scores, rather than the score
of an averaged prediction.

Fig. 17 shows the strongest separation among embeddings.
Copernicus-FM and GSE follow the 1:1 line over most of the
elevation range and have mean R? values of 0.925 and 0.919,
respectively. TESSERA reaches 0.706 and TerraMind 0.643,
with both increasingly underestimating the highest elevations.
The other inputs flatten substantially above approximately

1,000 m. Their relatively narrow interquartile bands indicate
that this attenuation is shared by several predictors rather than
caused by a single model.

Above-ground biomass in Fig. 18 is less accurately recov-
ered than elevation. GSE has the highest mean R? (0.658),
followed by TerraMind (0.596), TESSERA (0.572), and
ESD [57] (0.494). All embeddings are closer to the reference
line at low biomass and increasingly underestimate high-
biomass locations. The widening bands at the upper end also
show that predictor choice matters more where observations
are sparse and the target range is large.

The canopy-height curves in Fig. 19 show a similar but
weaker ordering. GSE, TerraMind, and TESSERA obtain
mean R2 values of 0.637, 0.578, and 0.547, respectively, while
the other inputs range from 0.235 to 0.433. Predictions are
close to the reference line for low vegetation, but all curves
fall below it as canopy height increases. The explicit zero-
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height bin separates performance on non-vegetated samples
from the positive-height trend.

5) Dimensionality and Pareto Efficiency: Each input at a
sampled location is represented as a tensor X € RHXWxC/
where H and W are the spatial dimensions and C' is the
number of feature channels. For the dimensionality analysis,
the normalized tensor is flattened and reduced by Incremental
PCA to d € {8,16,32,64,128,256,512,1024}. Thus, d de-
notes the length of the reduced flattened vector, rather than the
channel count of the original tensor. Figs. 20 and 21 show the
complete sweep rather than selecting one dimension. For score
Gr,p,d Obtained by representation r, predictor p, and dimension

d, the two plotted summaries are

Z dr,p,d,

PEPr.a

> rpa-

TERI,,d

19)

Grid = 75—
" |PTd|

ij,d (20)
| P, dl
The first average compares representations over the evaluated
predictors, and the second compares predictors over the evalu-
ated representations. A point is Pareto efficient when no point
at an equal or lower dimension achieves an equal or better
score, with the performance inequality reversed for NRMSE.

The embedding profiles show that most gains occur at the
lower end of the dimension sweep. Across the classification
datasets, the best macro-F1, accuracy, and top-3 results occur
between 32 and 128 dimensions. GSE [14], [15] supplies the
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Fig. 17. Model-averaged regression for Copernicus DEM elevation.

global optimum in all but one of the 15 dataset—-metric compar-
isons: TESSERA [21] reaches the highest Esri-LULC macro-
F1 (0.754) at 128 dimensions, while GSE leads the remaining
classification metrics and all 6 regression comparisons. Ele-
vation and above-ground biomass peak at 64 dimensions for
GSE, with R? values of 0.942 and 0.686. Canopy height is the
main exception to early saturation and improves to R? = 0.665
at 512 dimensions. Higher dimensions improve some tasks but
not others.

The predictor profiles reach a similar conclusion. Their
global optima occur between 32 and 128 dimensions: his-
togram gradient boosting, LightGBM, and XGBoost account
for most of the best-performing combinations, while random
forest is optimal for WorldCover top-3 accuracy at 32 di-
mensions. Embedding rankings change with the predictor and

dimension.

6) Performance Across Models and Embeddings: Across
the 5 metrics, GSE [14], [15], TESSERA [21], and Ter-
raMind [81] perform consistently well on the discrete and
continuous targets evaluated here, but their ordering and the
differences among other inputs vary by target and predictor.
Copernicus-FM [60] illustrates this task dependence by com-
bining the strongest elevation result with substantially lower
classification, biomass, and canopy-height scores. Learned
embeddings do not uniformly outperform the observation
inputs: Landsat [2], Sentinel-2 [44], and MODIS [64] remain
competitive with several learned embeddings, particularly
for classification. Downstream rankings also differ from the
pairwise geometric relations because CKA and neighborhood
overlap measure similarity between feature spaces, whereas
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the predictive experiments measure task performance.

V. APPLICATIONS

Earth embeddings have been used for agriculture, ecological
monitoring, biophysical estimation, environmental mapping,
retrieval, and socioeconomic prediction. Fig. 23 summarizes
these domains, and Fig. 24 links the evaluated embeddings to
their reported downstream uses.

A. Agriculture and Ecology

Agricultural and ecological applications include crop and
forest mapping, biomass estimation, vegetation monitoring,
and biodiversity assessment [270]-[290]. They use either
released embedding layers or features extracted from reusable
encoders, with representations frozen, pooled, or adapted be-
fore prediction. Recent ecological mapping experiments also

apply Prithvi-EO 2.0 and TerraMind to land-cover generation,
forest functional-trait mapping, and peatland detection [291].

Several studies report gains when few labeled samples
are available, but the best representation varies by region
and target. Wang et al. [292] combined 64-dimensional Al-
phaEarth embeddings [14] with Sentinel-2 spectral, textural,
and topographic variables in a random-forest classifier [89];
the selected configuration reached 92.69% overall accuracy
and a Kappa coefficient of 0.90 in Rizhao, China, and was
applied without retraining in Qingdao. Because the model
used a combined feature set, this result does not isolate the
contribution of AlphaEarth. For 18 tree species and groups
in Trentino, Ball et al. [280] found that AlphaEarth [14] and
TESSERA [21] increased weighted F1 from 0.80 to 0.83 and
macro F1 from 0.50 to 0.55 relative to conventional Sentinel-
1/2 composites; performance approached saturation with 5%
of the training parcels. Across 6 crop datasets on 5 continents,
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Fig. 20. Predictive performance across embeddings, embedding dimensions, and downstream datasets.
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Fig. 21. Predictive performance across prediction models, embedding dimensions, and downstream datasets.

Sentinel-2-specific initialization with SSL4EO-S12 [101] or transfer, limited sensitivity to management timing, and lower
SatlasPretrain [77] performed better than ImageNet initial- interpretability [189]. Annual summaries are therefore less
ization [92], with the largest benefit from out-of-distribution suited to agricultural targets determined by within-season
pretraining at 10-100 in-region samples [293]. events.

Temporal alignment limits transfer even when local clas- Large-area crop mapping also exposes the difference be-
sification is accurate. In the Trentino experiment, cross-year tween reusable encoders and precomputed products. AgriFM
weighted F1 decreased from 0.81 to 0.73 for TESSERA and uses multisource temporal representations for crop mapping,
from 0.82 to 0.69 for AlphaEarth [280]. In Senegal’s ground- but users must run the released encoder [253]. Zvonkov et
nut basin, TESSERA [21] scored highest under the authors’ al. [272] generated 128-dimensional Presto embeddings [62]
performance, plausibility, transferability, and accessibility cri- over all 56,785 km? of Togo in 16 hours at a reported cost
teria; one cross-year experiment reported accuracy 28% higher  of $313.40, producing a 128.8 GB asset. On CropHarvest,
than the next-best method, rather than an average gain across the resulting map reached 0.897 overall accuracy and an
all settings [14], [218]. AlphaEarth was also competitive for F1 score of 0.808, compared with 0.859 and 0.745 for the
locally trained crop-yield prediction and county-level tillage corresponding AlphaEarth map. WorldCereal likewise uses
mapping in the United States, but it showed weaker spatial Presto in its crop-mapping workflow and fine-tunes it on the
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Fig. 22. Predictive performance across embeddings, prediction models, and downstream datasets.

WorldCereal reference database [294].

B. Biophysical Estimation and Environmental Monitoring

Biophysical estimation and environmental monitoring cover
vegetation structure, hydrology, terrain, hazards, atmospheric
variables, and ecosystem restoration [295]—-[313]. Continuous-
variable studies show that embeddings can encode environ-
mental gradients without consistently replacing expert covari-
ates or task-specific spatial models. For Danish peatlands,
AlphaEarth-only models had RMSE values 6% and 3% higher
than expert-variable models for soil organic carbon and water-
table depth; hybrid models combining the embeddings with
topography, water proximity, and synthetic wet and drained
conditions improved the spatial patterns [14], [314]. Over ap-
proximately 8,000 km? of Nouvelle-Aquitaine, an AlphaEarth
ridge-regression baseline reached a test R? of 0.38 for surface
height, compared with 0.78 for U-Net [243] and 0.84 for U-
Net++ [315]; U-Net++ had a test RMSE of 16.42m [306].
In these studies, embeddings are reusable covariates but do
not uniformly replace physically selected variables or spatial
architectures.

Performance varies across target strata, regions, and forest
types. Forest-biomass prediction from 89 plots at the Yunhe
Forestry Station was weak when all plots were pooled (R? =
0.06), despite comparisons among random forest [89], support
vector regression [90], a multilayer perceptron, and Gaussian-
process regression. The best R? values differed by forest type:
0.33 for broad-leaved forest, 0.13 for mixed forest, and 0.48
for coniferous forest [279]. For landslide susceptibility in Nan-
tou County, Hong Kong, and Emilia-Romagna, CNN1D [266],
CNN2D, and Vision Transformer [98] classifiers using the

full 64-dimensional AlphaEarth representation improved F1 by
approximately 4-15% and AUC by 0.04-0.11 over conven-
tional conditioning factors; PCA-reduced embeddings [126]
were less accurate [304].

Temporal aggregation further constrains environmental
monitoring. Annual AlphaEarth embeddings paired with 5 air-
pollutant records in Quito produced R? = 0.71 for nitrogen
dioxide and sulfur dioxide under fivefold cross-validation,
compared with 0.55 for particulate matter, 0.61 for carbon
monoxide, and a negative value for ozone [296]. Annual vec-
tors can encode persistent land-use and urban-form correlates,
but not all of the short-term chemistry and meteorology needed
for atmospheric prediction.

C. Geospatial Retrieval and Socioeconomic Applications

Retrieval uses distances between embeddings directly,
whereas socioeconomic prediction adds labels, aggregation
choices, and a downstream model. GeoCLIP [18] evaluates
worldwide image-to-coordinate retrieval, and Major TOM
Embeddings [20] supports similarity search over its released
vectors. RANGE [161] augments coordinate embeddings with
visual features retrieved from an auxiliary database and reports
gains of up to 13.1% on classification and 0.145 in R?
on regression relative to the evaluated location-embedding
baselines. EarthEmbeddingExplorer provides an interactive
interface for similarity retrieval over Sentinel-2 imagery [316].
Dimension-level associations have also been used for retrieval
with AlphaEarth [317], while FUSAR-GPT injects AlphaEarth
spatiotemporal features into a SAR vision-language model for
grounded interpretation [318].
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Fig. 24. Links between Earth embeddings and downstream applications.

Socioeconomic applications remain sensitive to the la-
bels and spatial units used for prediction [319]-[324]. MO-
SAIKS [16] used one precomputed feature set for forest
cover, population density, road length, and housing value, and
SatCLIP [17] evaluates coordinate embeddings on ecological
and socioeconomic tasks. Sherman et al. [325] combined
MOSAIKS daytime features with nighttime imagery to esti-
mate the Human Development Index for 61,530 municipalities
and 819,309 grid cells. Pettersson and Daoud [319] used
AlphaFEarth embeddings in a graph neural network across
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37 Demographic and Health Survey datasets, where graph
structure produced a small improvement over image-only
baselines.

Aggregation changes the information presented to the down-
stream model. Corley et al. [184] compared 11 training-free
and 2 parametric methods on 81,000 embedding GeoTIFFs
from AlphaEarth, OlmoEarth [326], and TESSERA. Mean
pooling reduced accuracy by over 10 points for some em-
beddings under geographic splits; generalized mean pool-
ing improved accuracy without increasing dimensionality,
while concatenated minimum, maximum, mean, and standard-
deviation statistics gave the highest accuracy at four times
the embedding size. An evaluation using NeuCo-Bench also
found mean pooling competitive, although the best layer and
objective varied by task [246].

D. Success Conditions, Failure Modes, and Practical Costs

Embeddings do not consistently outperform task-specific
remote sensing features. Gains are reported when labeled
training data are limited, including tea mapping, tree-species
classification, and crop transfer with limited in-region training
data [280], [292], [293]. Other studies find that embeddings
match rather than exceed expert features, or that performance
varies sharply across target strata [189], [279], [314]. Compar-
isons should therefore report the amount of labeled training
data, spatial split, target resolution, and baseline feature set.

Temporal information helps when the target follows sea-
sonal trajectories, but the available products do not resolve ev-
ery temporal process. TESSERA performs well in the Senegal
crop-transfer experiment [218], whereas annual AlphaEarth
embeddings show limited sensitivity to tillage and cover-
crop timing [189]. The same temporal limitation appears in
the Quito study, where annual embeddings predict persistent
pollution patterns more accurately than ozone dynamics [296].



Flood progression, active fires, and within-season crop man-
agement require observations or embeddings updated more
frequently than once per year.

Spatial resolution constrains downstream use. A 10m em-
bedding can provide contextual information for objects smaller
than one pixel, but it cannot directly resolve the geometry
of individual tree crowns, narrow roads, or small buildings.
Pixel-, patch-, scene-, and coordinate-level embeddings should
therefore be compared only after matching their support to
the label geometry. Pooling experiments further show that
converting pixel embeddings to parcel or patch features can
alter geographic transfer performance [184].

Geographic transfer remains dependent on the target region
and the available labels. Chang et al. [293] found the greatest
benefit from remote sensing pretraining with 10-100 in-region
samples, but did not remove the need for local data. Ma
et al. [189] similarly reported weaker spatial transfer for
agricultural practices than for locally trained models. Frozen
embeddings reduce feature-computation costs, but they do
not correct a mismatch between the downstream labels and
the geographic or temporal distribution represented during
pretraining.

Computational cost depends on whether vectors are pre-
computed or generated for the study area. The Togo workflow
generated Presto embeddings for 56,785 km? at a reported
cost of $313.40, or approximately $5.52 per 1,000 km? for
that cloud computation [272]. This estimate applies only
to the reported computation. Precomputed products such as
AlphaEarth avoid user-side encoding, but access, storage, label
collection, and downstream validation still contribute to total
cost.

VI. CHALLENGES AND OUTLOOKS

Reliable use of global embedding products requires con-
sistent data specifications, stable representations, uncertainty
assessment, and evaluation across regions and time. Fig. 25
relates these requirements to standardization, multimodal data,
open access, and evaluation of released products.

A. Standardization and Computational Sustainability

Current products differ in spatial support, file format, tem-
poral definition, and access method. Google Satellite Em-
bedding is distributed as annual, pixel-wise Cloud-Optimized
GeoTIFFs [14], [215]; TESSERA uses quantized tiled arrays
accessed through GeoTessera [21], [226]; and Major TOM,
the Copernicus Global Embeddings Dataset, and LGND Clay
Embeddings use GeoParquet for patch- or scene-level vectors
and their metadata [20], [23], [219]. Earth Embeddings as
Products and recent TorchGeo loaders expose several releases
through similar query patterns [37], [227], [228], but they
do not remove differences in coordinate reference systems,
tiling grids, temporal support, numeric precision, or source-
data provenance. A minimal metadata specification should
record the encoder and source-data versions, spatial footprint,
valid time, numeric encoding, and processing history. OGC
work on analysis-ready data and geodatacubes provides a
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precedent, although it does not yet define an Earth-embedding
specification [327].

Combining products requires spatial aggregation, temporal
matching, normalization, and dimensional alignment. Google
Satellite Embedding stores a 64-dimensional, signed 8-bit
annual vector at 10m resolution [14], [215], whereas the
DINOvV2 release described by Major TOM stores 1,024-
dimensional floating-point vectors for single-date 224-pixel
fragments in GeoParquet [9], [20], [141]. Resampling and
alignment can change neighborhood structure or remove fine-
scale variation. A vector-valued data-cube specification could
define spatial and temporal indexes while retaining each prod-
uct’s native support and provenance.

Storage remains a constraint even after inference has been
centralized. A global land grid at 10 m resolution contains
approximately 1.5 x 10'2 cells. At 64 signed 8-bit values per
cell, one uncompressed annual layer contains about 96 TB
of numeric values before masking, file compression, tiling
overhead, and metadata. At a fixed grid and precision, in-
creasing the vector width from 64 to 1,024 multiplies value
storage by sixteen, while changing from annual to monthly
output multiplies it by twelve. These are upper bounds; actual
archive sizes depend on coverage, masking, compression, and
spatial support. Compression studies also address different
costs. Across 6 remote sensing foundation models and 4
classification tasks, post-hoc slimming retained more than
71% of relative accuracy at 1% of the original floating-point
operations [217]; this reduces encoder computation, not vector
storage. TESSERA v2 instead reports that a 16-dimensional
prefix retains approximately 92% of the aggregate performance
of its 128-dimensional vector while using one eighth of the
value storage [105]. Quantization [127], ordered dimensions,
and spatially coarser summaries may reduce distribution costs,
but their effects should be tested separately for classifica-
tion, continuous-variable regression, rare classes, and temporal
change.

Precomputed layers reduce computation for users but do
not eliminate the cost of training, global inference, hosting,
and repeated updates. Current planetary releases depend on
producers that can maintain large accelerator and object-
storage resources [14], [21], [57], so long-term reliability
depends on continued compute, storage, and maintenance.
Google states that annual Satellite Embedding production will
continue subject to source-data availability and that anticipated
delivery changes will receive advance notice [215]. Compa-
rable version, update, and deprecation policies are not yet
documented consistently across the reviewed products. Stable
archives and explicit maintenance responsibility are therefore
prerequisites for long-term access, including community or
public-sector mirrors.

B. Temporal Coherence and Representational Stability

Temporal support differs substantially among released em-
beddings. Google Satellite Embedding and TESSERA pro-
vide annual summaries [14], [15], [21]; ESD retains within-
year temporal information in each annual record [57]; and
Major TOM and the Copernicus Global Embeddings Dataset
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Fig. 25. Challenges and research directions for global Earth embedding products.

associate vectors with individual source acquisitions [20],
[219]. The current public LGND Clay collection instead
provides monthly aggregated chip-level embeddings beginning
in 2017 [23]. An annual vector cannot directly represent
the timing of an event within the year, while acquisition-
level collections preserve time at a much higher storage and
processing cost. Generative models such as DiffusionSat sup-
port temporal generation, multispectral super-resolution, and
inpainting [328]. No reviewed product reports that generated
observations improve embedding stability.

Encoder updates create a separate compatibility problem.
Let foiq and fhew denote two encoder versions. Reusing
a downstream predictor trained on the old representation
requires a map from the new space to the old one, for example

fora (%) = A frew(x).

If a linear map A is accurate on the relevant data, an existing
predictor go1q can be evaluated as gojd (A frew(X)). Orthogonal
Procrustes analysis provides one way to estimate a linear
alignment [329], but it does not guarantee preservation of
task-relevant information. A nonlinear adapter, regeneration
of historical embeddings, or retraining of the downstream
predictor may be needed when linear alignment is inadequate.
Backward-compatible representation learning treats compat-
ibility as an explicit model-update objective rather than a post-
hoc correction [330]. It has been evaluated for visual retrieval,
but not for global Earth embedding products. Product updates
should therefore include overlap periods generated by both
encoder versions, compatibility tests on selected downstream
tasks, and an explicit statement of whether old and new vectors
can be compared directly. A frozen reference release remains
useful when backward compatibility cannot be guaranteed.

2n

Version changes also affect longitudinal analysis. If adjacent
annual layers are generated by different encoders, an observed
difference can reflect either surface change or representation
drift. Regenerating the complete historical archive with each
encoder removes this ambiguity but is costly and changes
previously published results. Each layer should record the
encoder, source archive, preprocessing configuration, and in-
ference date, and mixed-version time series should not be
treated as homogeneous without explicit compatibility tests.

C. Interpretability, Uncertainty, and Trustworthiness

Embedding dimensions do not correspond directly to named
physical variables, which limits the explanations that can
accompany scientific or policy decisions. A downstream pre-
dictor can identify influential dimensions, but this does not by
itself show which observations, environmental processes, or
preprocessing choices produced the signal. Interpretation must
therefore distinguish statistical predictability from physical
meaning.

Rahman [317] analyzes AlphaEarth embeddings using
dimension-wise rank correlations as well as random-forest
and Transformer models fitted to the complete 64-dimensional
vector. The resulting dimension dictionary identifies recurring
associations with 26 environmental variables, while spatial and
temporal tests examine the stability of those associations. The
study models all 64 dimensions but reports their associations
through a dimension-level dictionary. Correlation, permutation
importance, gradients, and attention weights do not establish
causal correspondence between a latent dimension and a
physical process. Disentangled representation learning [331],
[332] and physics-informed learning [333] offer possible tools,



although their assumptions and utility have not been estab-
lished for released global embeddings.

Current released embedding layers do not expose calibrated,
location-specific uncertainty estimates. This differs from un-
certainty in a downstream prediction, which depends on la-
bels, the prediction model, and the deployment distribution.
Encoder ensembles can measure representation disagreement,
but ensemble spread is not automatically calibrated uncertainty
and repeated global inference is expensive. Nearest-neighbor
distance in a reference feature space has been used for out-
of-distribution detection [334]; applied to Earth embeddings,
it would flag vectors far from a reference collection but
would not distinguish a previously unseen surface from sparse
sampling. AlphaEarth’s von Mises—Fisher bottleneck does not
provide a released confidence value for each location: its con-
centration parameter is fixed during model construction [14].
Confidence measures intended for comparison across products
will require held-out geographic and temporal tests together
with calibration against observed downstream errors.

Task accuracy alone is insufficient for claims about reliable
use. REOBench measures sensitivity to 12 image-corruption
types across 6 tasks [242], while EarthShift evaluates changes
in geography, time, scale, sensor, and data source and reports
average out-of-distribution degradation of 15-20% across 8
geospatial foundation models and 11 tasks [335]. Although
these studies evaluate model features, their protocols can
also test released embeddings. Reliability claims also require
documentation of data gaps, supported temporal and spatial
scales, version history, and validation outside the regions used
to fit downstream predictors.

D. Geographic Equity and Representational Bias

Planetary coverage does not imply uniform representation
quality. Pretraining collections use different spatial sampling
strategies: MMEarth balances 1.2 million locations across 14
biomes [69], whereas SSL4EO-S12 samples approximately
250,000 locations around the world’s 10,000 most populated
cities and removes most patch overlap [101]. Kaur et al. [336]
report that the geographic and spectral composition of pretrain-
ing data affects downstream performance, with the preferred
sampling strategy depending on the model and target distribu-
tion. Coverage maps and sample counts should therefore be
accompanied by distributions over biome, sensor conditions,
acquisition time, and relevant target populations.

MMEarth-Bench reports lower performance under geo-
graphic transfer across five environmental tasks and 12 modal-
ities [337]. EarthShift reports similar losses across shifts in
geography, time, scale, sensor, and data source [335]. Com-
parisons across climate, data availability, and socioeconomic
conditions require the same tasks, spatially separated labels,
identical downstream protocols, and enough observations in
each group to separate representation quality from label noise
and target prevalence.

Observation conditions also vary geographically. Persis-
tent cloud, seasonal snow, illumination geometry, topographic
shadow, and sensor revisit patterns alter which measurements
are available at a location [338]. These factors can create
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distribution shifts, but their effect on embedding quality
must be measured rather than inferred from geography alone.
Multimodal products may reduce dependence on any single
sensor, and a recent comparison found that combinations
of AlphaEarth, TESSERA, GeoCLIP, and SatCLIP improved
on the best individual embedding in four of six evaluated
tasks; the gains remained task- and location-dependent [185].
Regional evaluation should therefore report source availability
and test both individual and combined embeddings under the
same labels and splits.

Users of general-purpose vectors still select labels, choose
aggregation rules, train task-specific predictors, and validate
outputs. Evaluation of released products should combine spa-
tial and temporal holdouts with categorical and continuous
targets, while reporting storage, access, and prediction costs
alongside accuracy. NeuCo-Bench evaluates fixed embeddings
and compression with the same procedure across tasks [182],
and robustness benchmarks measure geographic and sensor
shifts. Rare classes, rapid change, uncertainty calibration,
and cross-product fusion remain poorly tested in released
embeddings.

VII. CONCLUSION

Earth embedding research now includes reusable image
encoders, coordinate-based models, and precomputed vector
collections [14], [17], [21], [23], [76]. The product releases
are the main practical change: users can download or query
vectors instead of rerunning feature extraction over large image
archives. Because a vector may represent a coordinate, image
tile, pixel, or temporal sequence, product choice must match
the spatial and temporal scale of the intended analysis.

Community benchmarks show that embedding performance
depends on the prediction task, available labels, and evaluation
protocol [182], [183], [237]. In our experiments, similarity
between feature spaces did not determine classification or
regression accuracy, and increasing embedding dimension
did not consistently improve prediction. Application studies
likewise report benefits for some mapping and estimation
tasks, while results vary across targets, regions, and temporal
settings [189], [280], [293], [314]. These findings support
evaluation by task and region rather than a universal ordering
of embeddings.

Future releases need explicit specifications for spatial and
temporal support, masking, precision, aggregation, and en-
coder versions. Evaluation should cover predictive quality,
geographic and temporal transfer, uncertainty, and compat-
ibility across updates [37], [335], [337]. Stable interfaces,
version records, and continued access to historical vectors are
necessary if Earth embeddings are to function as reproducible
geospatial data products rather than transient model outputs.
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