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Abstract. Self-supervised learning (SSL) has emerged as a scalable
paradigm for Earth Observation (EO), addressing the scarcity of labeled
data by leveraging abundant unlabeled satellite imagery. However, stan-
dard contrastive approaches predominantly rely on visual content, often
overlooking the rich auxiliary metadata associated with EO data. In this
work, we investigate the integration of spatial and auxiliary metadata
into the SSL pipeline to enhance representation learning. We propose
Loc-Aware, a novel contrastive loss that structures the latent space by
incorporating geographic proximity through a geodesic distance kernel
defined on the Earth’s manifold. This implicitly yields location-aware
representations that do not require metadata as input during inference.
Beyond our base spatial formulation, we introduce three methodological
extensions to investigate adaptive kernels and incorporate other types
of metadata, such as temporal and resolution information. We evaluate
the transfer capabilities of these visual representations across six EO
datasets and different encoder architectures. Our results demonstrate
that the proposed method yields highly semantic representations, con-
sistently outperforming both the image-image contrastive baseline (Sim-
CLR) and state-of-the-art multimodal approaches like SatMIPS.

Keywords: Self-supervised learning - Earth observation - Geographic
metadata.

1 Introduction

The expansion of satellite missions has resulted in a nearly continuous stream of
Earth Observation (EQ) imagery. However, supervised learning performance is
hindered by the prohibitive cost and domain expertise required for ground-truth
labeling [30]. While self-supervised learning (SSL) offers a robust solution for
learning generalizable representations from unlabeled data [6I15/41], traditional
contrastive frameworks typically treat all negative samples as equally dissimi-
lar, ignoring potential semantic correlations. To address this in the geospatial

* juliana.carvalho-de-souza@lecnam.net



2 J. Carvalho et al.

domain, methods like Tile2Vec [19] explicitly exploit these semantic correlations
by assuming that images acquired from geographically proximate locations nat-
urally share underlying features (e.g., similar land cover or vegetation patterns),
using spatial distance to guide the learning process. Existing methods that ignore
this auxiliary metadata may not fully capture the continuous nature of geospa-
tial semantics. Although recent multimodal approaches have attempted to align
images with metadata [2003], they often require complex alignment strategies
and may be limited by the nature of cross-modal contrastive objectives, which
primarily capture redundant information across modalities [11].

To address these limitations, we propose Loc-Aware, a novel contrastive formu-
lation inspired by the y-Aware loss [12], but fundamentally redesigned for the
geospatial domain. Rather than merely adapting a continuous loss, we intro-
duce a geodesic (Haversine) kernel that directly encodes the spherical geometry
of two-dimensional geographic coordinates. This yields an image-only represen-
tation learning mechanism that exploits underlying spatial structures without
the computational overhead or alignment difficulties of multimodal fusion tech-
niques. Notably, our method generates representations that are implicitly guided
by geographic metadata via the contrastive loss function, but do not require co-
ordinate inputs at downstream inference. Qur main contributions are:

— Loc-Aware Loss. We introduce a novel mathematical formulation incorpo-
rating geographic inductive biases into the InfoNCE objective. By modeling
spatial relations through an exponential geodesic kernel, our objective in-
duces a geographically structured latent space capturing the spherical topol-
ogy of EO data.

— Empirical Validation. We evaluate the generalization of Loc-Aware via
transfer learning across six remote sensing datasets. Our method significantly
outperforms SimCLR in average k-NN accuracy and consistently surpasses
specialized metadata-driven baselines, such as SatMIP and SatMIPS, across
diverse downstream tasks.

— Methodological Extensions. To systematically evaluate the framework’s
robustness against batch stochasticity and multimodal heterogeneity, we ex-
pand Loc-Aware with three modular extensions that dynamically scale spa-
tial bandwidth and integrate temporal and resolution metadata.

We release our code to support future research at https://github.com/
JuCarv-bit /loc-aware.

2 Related Work

Self-Supervised Learning in Remote Sensing. Self-supervised learning
(SSL) has emerged as a powerful paradigm for representation learning with-
out the need for exhaustive human annotations [I3J30]. In the computer vision
domain, contrastive methods like SimCLR [6] and MoCo [15] have established
highly scalable pre-training frameworks by enforcing representation invariance
across augmented views. For EO, representation learning is particularly critical
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due to the prohibitive costs of expert labeling. Prior works have demonstrated
that pre-training on generic datasets (e.g., ImageNet) often yields sub-optimal
transfer performance on EO tasks compared to domain-specific pre-training [28].
Consequently, remote sensing variants have adapted these frameworks, employ-
ing strategies such as spatial tile-to-tile contrastive learning [19], temporal con-
trastive pre-training like Seasonal Contrast [2I], and masked autoencoders like
SatMAE [9]. Subsequent adaptations have expanded into cross-sensor architec-
tures like CROMA [14] and cross-scale invariance strategies such as Scale-MAE
[24]. Although some methods implicitly use metadata for discrete pair sam-
pling, their fundamentally vision-centric objectives fail to integrate continuous
geographic coordinates into the loss function, leaving the rich spatial geometry
unexploited.

Metadata in Self-Supervised Learning. Modern satellite imagery is intrin-
sically multimodal, frequently accompanied by rich acquisition metadata (e.g.,
coordinates, sensor types, timestamps). Early approaches, such as 2], formulated
geo-location as a pretext task, creating a joint objective that combines spatial
prediction with temporal contrastive learning. More recently, frameworks have
explicitly integrated metadata into the latent space. Inspired by CLIP [23], meth-
ods like Sat CLIP [20] and SatMIP [3] employ multi-modal architectures to align
image and metadata embeddings. Extensions such as SatMIPS [3] further en-
rich this by combining image-image and metadata-image contrastive objectives.
While effective, these approaches generally require tailored projection heads and
complex alignment strategies, focusing primarily on shared information between
modalities rather than complementary features [I1].

Continuous Metadata and Distance-Aware Losses. An alternative to ex-
plicit multi-modal alignment is to inject metadata directly into the loss func-
tion as a structural prior. Grounded in Vicinal Risk Minimization (VRM) [5],
[12] introduced the y-Aware loss for 3D Magnetic Resonance Imaging (MRI): a
weighted InfoNCE objective where continuous proxy metadata (e.g., patient age)
modulates pairwise attraction via a Radial Basis Function (RBF) kernel, defin-
ing a soft neighborhood in metadata space rather than a hard positive/negative
split. We adopt this loss-level approach as our direct foundation and extend it
to the geospatial domain via a geodesic kernel (Section .

Differences from Prior Methods. Unlike SatCLIP, SatMIP, and SatMIPS,
which rely on dual-encoders for cross-modal alignment, our approach only re-
quires an image encoder. Expanding on the y-Aware loss [12], Loc-Aware inte-
grates coordinates directly into InfoNCE via a geodesic kernel, which structures
the latent space without additional complex alignment networks.

3 Method

Contrastive Pre-training Objective. To learn visual representations that
preserve real-world geographic topology in satellite imagery, we propose Loc-
Aware: a self-supervised framework using sensor-provided coordinates as a soft

supervisory signal. We assume access to an unlabeled dataset D = {(z;,m;)}Y,
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Fig.1: Overview of the Loc-Aware training scheme. Two augmented views of
each image are encoded and compared contrastively. Geographic metadata (in
this case, location) modulates £} . (Eq. ) via a geodesic kernel (Eq. ):
geographically close samples (z,) act as soft positives, while distant ones (z,)
are treated as negatives.

Latent Space Z

Fig.2: Latent space dynamics of the Loc-Aware loss.
The exponential geodesic kernel h, (Eq. (2)) induces
a spatial prior that dynamically pulls the embeddings
of geographically positive samples (e.g., m,) closer to
the anchor in S9~! while pushing distant negative ones
(e.g., my,) apart, thereby preserving real-world topology
within the representation space.

where x; € X is a satellite image and m; = (¢;, \;) € R? represents its associated
geographic metadata (latitude and longitude in radians). Following SimCLR [6]
(see Fig. , each training image x; is augmented twice by independent draws
i th ~ T, producing two views (vi,vd) = (ti(z;), t(z;)). Following standard
contrastive learning notation, we define a base neural network encoder fy(-) (e.g.,
a ViT-S backbone) and a non-linear projection head g4(-) (e.g., a 2-layer MLP),
parameterized by learnable weights 6 and ¢. For each view v} (k € {1,2}), the
projected embeddings z} = g,(fo(vi)) € S¥~! are fy-normalized. Since outputs
lie on the unit hypersphere, their inner products equal cosine similarities, denoted
as sim(z1, 29) = 2{ 2».

Our method builds upon the y-Aware loss [12], which extends InfoNCE [22] (orig-
inally designed to maximize a lower bound on the mutual information I(vy,vs)
between augmented views) to continuous proxy metadata y; € R. Instead of
treating negatives uniformly, it defines a soft neighborhood around anchors via
an RBF kernel w, (yx,v:) = exp(—|lyx — vi|*/20?%) (where o > 0 is the RBF
hyperparameter), where samples with similar metadata act as soft positives:

Z Ewa ykayz) log eXp(SiHl(Zi,Z%)/T) (1)

Ener = j=1Wo (Y5> 9i) + Z 1exp(51m(zl,z2)/7')

where 7 > 0 is the temperature hyperparameter and n is the mini-batch size. In
our case, the metadata consists of geographic metadata, so we adapt this formu-
lation to the geospatial domain by replacing the Euclidean RBF w, (yg, y;) with
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an exponential geodesic kernel h,(myg, m;) directly over geographic coordinates
m;, respecting Earth’s spherical geometry:

1(my, my)?
he (Mg, my) = exp (—M> , (2)

202
where d(mm, my) = M represents the normalized spatial distance between
two samples. The raw spatial distance d(mg,my) is computed using the standard
Haversine formula [26], and D;,q, = 7R is the maximum possible great-circle
distance (using Earth’s radius R ~ 6371 km). As illustrated in Fig. |2} this scale-
aware formulation dynamically pulls the embeddings of geographically co-located
samples closer together in S¢~! while pushing distant ones apart. This yields the
Loc-Aware InfoNCE loss for a single sample i:

i _ o (Mg, my;) 1 exp(sim(z%, 25)/7) 3
Loe ZZJ (g ma) ° L35 exp(sim(zi, 23)/7) ®

Note that the sum over k includes k& = i: since both views of sample ¢ share
the same geographic centroid, h,(m;,m;) = 1, ensuring the true positive always
receives the maximum proximity weight. The overall objective averages this loss
over all samples in the mini-batch: Lroc = 237" | L7 .

Downstream Transfer. To transfer the learned geographically-informed rep-
resentations, we discard the projection head g4 post-pretraining and retain only
the base encoder fy. The resulting features are implicitly location-aware because
the spatial information was incorporated through the contrastive objective. How-
ever, the coordinate metadata are not needed during supervised fine-tuning in
geospatial downstream tasks.

Recovery of Standard InfoNCE. As ¢ — 0, h, converges to a Kronecker
delta, assuming no two distinct samples share the exact same centroid (my # m;
for k # i): only the weight of the true positive (k = i) remains. This exactly
recovers the canonical InfoNCE loss [22]:

lim £, = —log . exp(sim (2%, 23)/7)
70 L3I exp(sim(z], 23)/7)

Global Spatial Homogeneity. Conversely, as ¢ — oo, the kernel becomes
uniform, treating all geographic locations as equally related to the anchor. By
tuning ¢ between these limits, the loss interpolates between strict instance dis-
crimination and broad geographic grouping.

=LnNcE- (4)

4 Experiments and Results

4.1 Datasets

Pre-training dataset. We use the Functional Map of the World (fMoW)
rgb-baseline dataset [83] for pre-training (363,571 train samples) and eval-
uation (53,042 val samples) across 62 classes [2]. In the version we used [3],
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images are cropped to their Areas of Interest, resized to 224 x 224, and paired
with JSON file containing the acquisition attributes (location, timestamp, GSD,
among others) necessary for our objectives.

Evaluation datasets. Transfer evaluation spans six remote sensing RGB
datasets: RESISC45 [7], Optimal31 [29], UC Merced (UCM) [31], FGSC23 [32],
EuroSAT [17], and So2Sat [33].

4.2 Implementation Details & Evaluation Protocol

Mainly inspired by [3], we pretrained ResNet-50 [16] and ViT-S [10] backbones
in PyTorch for 200 epochs using AdamW with a one-epoch linear warmup, co-
sine decay, global batch size 1024, contrastive temperature 7 = 0.1 [6], and a
fixed random seed of 42 for reproducibility. Optimizer hyperparameters and the
bandwidth o are detailed in Section E.Gl

Backbone and projection head. We append a standard SimCLR two-layer
MLP projection head g4(-) [6] to project backbone features into a 128-D em-
bedding space. Concretely, for ViT-S the head is R3% — R3% — R1%8 and
for ResNet-50 it is R204% — R2048 _, RI128, The Loc-Aware loss operates on
these projected embeddings z = g4(fo(x)), while all downstream evaluation and
UMAP visualizations use the raw encoder representations h = fy(z) (384-dim
for ViT-S), discarding g, entirely.

Image augmentations. We follow the satellite-adapted augmentation strategy
of [3], including random resized cropping, flipping, discrete 90° rotations, color
jittering, Gaussian blur, and per-channel fMoW normalization.

Metadata preprocessing. Geographic centroids (¢, ) in radians are com-
puted from the raw_location (Well-Known Text or WKT polygons) in the
fMoW JSON metadata as average of polygon vertices and next they are con-
verted from degrees to radians, yielding (¢, \) € [—7/2,7/2] x [—m, w]. We pre-
compute these to enable fast batch-wise Haversine distance calculations without
I/0O bottlenecks.

Evaluation protocol. Frozen encoder features are £;-normalized and classified
via weighted k-NN (k = 5, 7y, = 0.07) using softmax-weighted neighbor labels.
Performance is reported as top-1 accuracy.

4.3 Main Results

Main Results (ViT-S). The downstream results for the ViT-S backbone are
displayed in Table [1] Loc-Aware yields consistent improvements, outperform-
ing SimCLR, (42.94% average accuracy) and establishing a new state-of-the-art
among location-aware methods (SatMIP/SatMIPS). Non-random models were
pre-trained for 200 epochs. The “Avg. Acc.” denotes the unweighted mean ac-
curacy in percentage across all six downstream datasets. For a fair comparison,
SatMIP and SatMIPS are re-executed using their original text-based location
encoding (latitude and longitude in degrees).
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Table 1: Performance comparison on classification accuracy % (ViT-S). Best
results are in bold, second-best are underlined. Grey indicates random initialization.
TRe-executed using raw location metadata. *Uses the theoretical anchor (o = 0.0212)
derived from pre-training statistics ** Is empirically tuned (o = 0.0220, default). See
Section for discussions about hyperparameter tuning.

Model R45 031 UCM F23 Euro So2 Avg. Acc.

Random 32.85 29.35 45.71 30.09 71.48 33.33  40.47
SimCLR 87.30 83.01 94.76 55.83 94.96 57.17  78.84
SatMIP' 87.46 85.27 95.95 58.50 96.17 56.63  80.00
SatMIPST  89.38 86.88 95.71 61.17 94.72 57.16  80.84

Loc-Aware® 89.49 86.67 97.14 59.83 97.13 57.43 81.28
Loc-Aware™ 89.56 86.99 97.14 62.01 97.22 57.77 81.78

Multi-Unit Residential Place of Worship Crop Field

Loc-Aware

SimCLR

Continents.
® Afica ® Asia © Europe @ North America © Oceania @ South America

Fig. 3: UMAP projections of MoW embeddings for three classes, comparing Loc-
Aware (top) with SimCLR, (bottom), colored by continent.

4.4 Quality of Visual Representations

UMAP. We computed 2-D UMAP projections of ¢5-normalized fMoW valida-
tion embeddings, colored by continent (Fig. . While SimCLR suffers from con-
tinental overlap, Loc-Aware leverages spatial context to disentangle geographic
regions, isolating European samples in Crop Field. Quantifying this, the mean
Silhouette Coefficient [27] across all 62 fMoW classes (using continents as clus-
ters) is 0.044 for Loc-Aware versus 0.024 for SimCLR (an ~1.8x improvement),
confirming stronger continental separation.

Top-k Image Retrieval. We evaluate the feature space via global top-3 re-
trieval (cosine similarity), matching validation queries against the training set
with a 50m deduplication threshold to prevent trivial temporal matches. For a
Race Track query (Fig. , SimCLR relies solely on texture, incorrectly retriev-
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Fig. 4: Top-3 retrieval for a Race Track query. Misled by texture, SimCLR re-
trieves incorrect Crop Fields (red). Loc-Aware accurately finds regional Race
Tracks (green).

ing morphologically similar Crop Fields 19,000 km away in France. In contrast,
Loc-Aware restricts retrievals to a tight regional neighborhood (307-313 km) and
correctly identifies Race Tracks. This confirms our geodesic kernel successfully
couples visual semantics with geographic topology, mitigating texture-induced
mismatches.

4.5 Ablation Study

Generalization Across Architectures (ResNet-50). To ensure that the
performance gains are not architecture-specific, we evaluate the methods using a
ResNet-50 encoder. As shown in Table 2] our continuous formulation effectively
injects the spatial prior into the CNN. Loc-Aware outperforms SimCLR by a
margin of 3.63% on average. We restrict this comparison to SimCLR to focus
solely on how our method generalizes across backbones.

4.6 Hyperparameter Selection

Loc-Aware: Intuition and Choice of 0. As illustrated in Fig. [f] the fMoW
training dataset exhibits severe clustering predominantly across North Amer-
ica and Europe [8]. This physical clustering influences training dynamics. By
sampling empirical training batches (10 random batches of size 256 each), we
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Table 2: Performance comparison (%) with ResNet-50. This ablation eval-
uates architectural generalization relative to the SImCLR baseline.

Model R45 031 UCM F23 Euro So2 Avg. Acc.

Random  24.36 22.25 42.61 27.18 60.24 36.95  35.60
SimCLR  85.65 83.01 94.29 55.22 93.57 53.78  77.59

Loc-Aware 89.27 88.28 96.43 61.89 96.04 55.38 81.22

observe a bimodal pairwise distance distribution (Fig. with intra-continental
(1 = 1909 km) and inter-continental (uy = 9375 km) modes. Thus, we anchor
the scale parameter at o ~ 2.12 x 1072 (a kernel half-life of 500 km). Repre-
senting merely ~2.5% of Earth’s maximum great-circle distance, this restrictive
threshold isolates the lower tail of the intra-continental mode, ensuring most
intra-continental samples act as spatial hard negatives.

Fig.5: Dataset spatial density and pairwise distance distribution. (a)
Pairwise Haversine distances showing a bimodal distribution. (b) Geographic
density highlighting sample concentration in North America and Europe [§].

Empirical Hyperparameter Search. A grid search centered around this an-
chor reveals that o = 2.20 x 10~2 yields peak downstream performance (81.78%),
as shown in Table [3l

Table 3: Grid Search of o on average accuracy.
o (><1072) 0.10 1.00 2.05 212 2.20 235 250 265 5.00 10.00
Avg. Acc. (%) 80.80 81.73 81.15 81.28 81.78 81.67 81.65 81.41 81.55 80.60

Optimizer Hyperparameters. Optimal learning rate (Ir) and weight decay
(wd) found via grid search [3] are detailed in Table [4]
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Table 4: Selected learning rate (Ir) and weight decay (wd).
Loc-Aware SimCLR
ViT-S ResNet-50 ViT-S ResNet-50

Ir 3.75x107% 3.75 x 107* 3.75 x 107% 3.75 x 107
wd 0.5 0.1 0.5 0.1

5 Loc-Aware Extensions

To evaluate the robustness of Loc-Aware to batch stochasticity and multimodal
heterogeneity, we introduce three extensions addressing two key questions: (1)
Can a fixed bandwidth capture spatial structures across random mini-batches?
(2) Does incorporating auxiliary metadatzﬂ enrich representations or overly re-
strict them? To explore these questions, we dynamically adapt the bandwidth to
local batch geometry (ALoc-Aware), and integrate the extended metadata either
implicitly via sentence embeddings (Sent. Embed.) or explicitly via factorized
kernels (Joint Kernel).

Adaptive Loc-Aware (ALoc-Aware). With stochastic mini-batches, a fixed
global bandwidth o rarely captures meaningful geographic neighbors consis-
tently. To circumvent this, we introduce a sample-specific bandwidth o;, which
replaces the fixed parameter in the geodesic kernel (Eq. ), yielding the
adaptive formulation h,,(mg,m;) = exp(—d(my, m;)?/202). Drawing inspira-
tion from Stochastic Neighbor Embedding (SNE) [18], we model the proximity
weights as a categorical distribution. The probability Pj; of sample i selecting
neighbor j is defined as:

P = hth‘, (mjv ml)
o Zk;ﬁi hUz‘(mkvmi)
To calibrate the effective neighborhood size, we perform a binary search for o;

such that the Shannon entropy of this distribution equals the logarithm of a
target perplexity K (the effective number of neighbors):

()

H(P) =~ Py;log Py; = log(K). (6)
J#i
Substituting the calibrated h,, back into Eq. guarantees a dense, balanced
geographical neighborhood presence regardless of empirical batch variations.
We tuned ALoc-Aware via grid search, selecting K = 256 as the optimal con-

figuration (Table [5). ALoc-Aware (81.26%) slightly underperforms Loc-Aware
(81.78%), suggesting the fixed o is already a stable prior across mini-batches.

% We extend location to timestamp and GSD because they drive seasonal variations
and visual scale; this triplet (location, time, GSD) empirically yields the strongest
representation learning in multimodal frameworks like SatMIP(S) [3].
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Table 5: Grid Search of K Value on average accuracy
K Value 25 26 2o 28 29 210 olt ol2
Avg. Acc. (%) 79.03 79.44 79.18 81.26 80.96 81.07 81.24 81.17

Implicit Metadata Fusion (Sent. Embed.). The first extended strategy
collectively encodes all three metadata fields (location, timestamp, and ground
sample distance) into a single embedding space using a frozen sentence trans-
former, unlike the trainable BERT in [3], simply to compute pairwise proximity
distances. Following the key-value text serialization format of [3], we format the
different metadata fields as key-value pairs of strings and concatenate them to
form a composite sentence using the syntax "location: valuel, timestamp:
value2, gsd: value3". We then extract fy-normalized embeddings &; € R334
using a frozen all-MiniLM-L6-v2 model [25]. To integrate this unified semantic
space into our original formulation, we substitute the spatial distance d in our
similarity kernel (Eq. (2)) with the normalized cosine distance between meta-
data embeddings: deos(i,7) = (1 — &&;)/2 € [0, 1]. This yields an extended
semantic kernel hS°®, which directly replaces h, in the Loc-Aware loss (Eq. )
Consequently, temporal, spatial, and resolution proximities jointly shape the
contrastive objective without requiring any changes to the core visual architec-
ture. We use a bandwidth of o = 0.0010. As shown in Table [§, Sent. Embed.
reaches 79.60%, outperforming SatMIP (79.20%) but falling short of Loc-Aware
(81.78%), suggesting that implicit embedding might conflate distinct spatial sig-
nals.

Joint Metadata Kernel. The Loc-Aware loss (Eq. (3)) weights contrastive
pairs solely through the geodesic kernel h,(my,m;) (Eq. ), encoding geo-
graphic proximity alone. The second extended strategy employs a factored ap-
proach to keep each modality independent: rather than projecting location, GSD,
and timestamp into a shared embedding space, we augment h, multiplicatively
with two Gaussian RBF factors following the factored kernel design of [12]:

(log g; — log g;)? (ti —t;)?
sd(9i, 95) = —_—— |, ime(ti, tj) = -,
Wesd(9is 95) exr>< 207, Weime (ti, t;) = exp 202
(7)

where 7 and j index samples in the mini-batch (as in Eq. ), g; > 0 is the
GSD of sample i in meters, and t; is its acquisition timestamp in days since a
fixed reference epoch. GSD is encoded in log-space so that equal multiplicative
ratios receive equal kernel response regardless of absolute scale, since |logg; —
logg;| = |log(g:/g;)|. Because the joint weight is a product, a pair receives
high contrastive weight only when simultaneously close in location, resolution,
and acquisition time, imposing a stricter alignment objective than the single-
variable baseline. Replacing h, (my, m;) in Eq. with Ay (Mg, m;) - wesa (gk, Gi) -
Wime (tx, t;) yields the joint-kernel loss L3 setting wgsa = wiime = 1 exactly
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recovers Eq. . We implemented the Joint Metadata Kernel keeping oy, =
2.20 x 10~2 identical to the Loc-Aware baseline. The remaining two bandwidths
use training split statistics: ogq = 0.206 (std. dev. of logg;) and ogime = 426
days (Median Absolute Deviation of ¢;, robust to fMoW’s skewed dates). As
shown in Table[6] Joint Kernel achieves 81.50%, the best among all extensions
and the strongest on fine-grained datasets (R45, 031, UCM), though it still falls
below Loc-Aware (81.78%), indicating that the stricter multi-modal alignment
slightly hurts generalization.

Table 6: Performance comparison of Loc-Aware extensions: accuracies
in %. The table unifies the evaluation of adaptive bandwidth (ALoc-Aware),
extended metadata encoding via Sentence Embeddings (Sent. Embed.), and the
Joint Metadata Kernel against prior baselines. Best results across all configura-
tions are highlighted in bold, and second-best are underlined. *Results directly
reported from SatMIPS [3].

Model Metadata R45 031 UCM F23 Euro So2 Average
SatMIP* Extended 87.50 84.80 95.20 56.40 95.70 55.90 79.20
SatMIPS' Extended 89.70 87.90 94.90 60.80 95.10 57.10 80.90
ALoc-Aware Location 89.56 87.96 96.67 60.32 95.65 57.42 81.26

Sent. Embed. Extended (Sentence) 87.32 85.59 96.67 56.07 95.06 56.90 79.60
Joint Kernel Extended (Factored) 89.97 88.06 98.33 59.71 96.17 56.78 81.50

Loc-Aware  Location 89.56 86.99 97.14 62.01 97.22 57.77 81.78

Empirical Impact of the Extensions. Table [f] evaluates our extensions
against the SatMIPS baseline. Analyzing the performance across the six datasets
reveals three key findings:

— Superiority over Baselines: All our extensions, except Sentence Embed-
ding, and the Loc-Aware baseline outperform the SatMIPS state-of-the-art
(80.90% average). This validates the robustness of our spatial contrastive
objective.

— Geographic Prior Strength: Notably, our base Loc-Aware model relying
solely on location achieves the highest average accuracy (81.78%). Enforc-
ing simultaneous constraints on location, time, and resolution can be overly
restrictive, slightly degrading general-purpose feature learning.

— Multi-Modal Integration: When using all three metadata fields, inde-
pendently factorizing the modalities (Joint Kernel) reaches the best accu-
racy within the extensions (81.50%), dominating fine-grained datasets (R45,
031, UCM). Conversely, compressing all modalities into a single text sen-
tence via LLM embeddings (Sent. Embed.) achieves 79.60%. This suggests
that implicit embedding might conflate distinct semantic signals.

— Exploratory Proof of Concept: Although these extensions do not surpass
the overall performance of the proposed Loc-Aware baseline, they demon-
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strate the framework’s flexibility. They show that diverse multimodal con-
straints can easily be integrated into a single objective without the structural
complexity of cross-modal mapping networks.

6 Conclusion

We introduced Loc-Aware, a contrastive objective that incorporates geographic
proximity into self-supervised learning via a geodesic kernel. Extensive eval-
uations across six remote sensing benchmarks demonstrate its effectiveness,
significantly outperforming SimCLR in average accuracy and consistently sur-
passing state-of-the-art metadata-driven methods (SatMIP, SatMIPS). These
representations generalize exceptionally well across different visual backbones,
including ViT-S and ResNet-50. Our exploration into methodological exten-
sions, encompassing adaptive bandwidth calibration and extended metadata
encoding, revealed that the purely geographic Loc-Aware baseline yields the
strongest general-purpose representations. However, when integrating additional
attributes like time and resolution, independently factorizing them via a Joint
Metadata Kernel proved superior to a composite sentence embedding. Future
work includes developing learnable weighting mechanisms to balance multimodal
constraints, mitigating generalization bottlenecks. Furthermore, we aim to ex-
tend our geodesic objective to dense, patch-level contrastive learning for seg-
mentation tasks, and apply Loc-Aware to multi-temporal sequences encoding
seasonal invariances.
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