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Figure 1: Large-scale fine-grained geolocalization. We introduce an approach that can localize a
ground-level image within 100 m at the scale of a continent (here Western Europe) by combining the
scalability and robustness of classification with the precision of cross-view ground-aerial retrieval.
All images shown here are misregistered by either paradigm, but correctly localized by ours.

Abstract

Determining the precise geographic location of an image at a global scale remains
an unsolved challenge. Standard image retrieval techniques are inefficient due to the
sheer volume of images (>100M) and fail when coverage is insufficient. Scalable
solutions, however, involve a trade-off: global classification typically yields coarse
results (10+ kilometers), while cross-view retrieval between ground and aerial
imagery suffers from a domain gap and has been primarily studied on smaller
regions. This paper introduces a hybrid approach that achieves fine-grained geo-
localization across a large geographic expanse the size of a continent. We leverage
a proxy classification task during training to learn rich feature representations
that implicitly encode precise location information. We combine these learned
prototypes with embeddings of aerial imagery to increase robustness to the sparsity
of ground-level data. This enables direct, fine-grained retrieval over areas spanning
multiple countries. Our extensive evaluation demonstrates that our approach can
localize within 200m more than 68% of queries of a dataset covering a large part
of Europe. The code is publicly available at scaling-geoloc.github.io.

1 Introduction

Pinpointing where in the world an image was taken, down to a scale of meters, remains a challenge
in computer vision, especially when scaling beyond city limits [1, 2]. Achieving such fine-grained
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geolocalization across vast geographic expanses, like entire continents, allows us to localize images
without a corresponding GPS tag, such as older and historical images, or images where the EXIF
metadata was accidentally stripped, e.g. after image processing. Such technology would be a powerful
discriminator to validate images distributed in media, verify images for criminal investigations,
or detect AI-generated images. Models trained for large-scale geolocalization need to learn high-
level semantics about geographical and cultural patterns from ground views, which could act as a
valuable pre-training for remote sensing applications. Furthermore, accurate global priors are often
a foundational requirement for more complex downstream tasks, such as 6-DoF positioning based
on 3D point clouds or 2D maps [3, 4, 5, 6, 7, 8, 9], which typically require initial estimates within
approximately 100 meters.

Current approaches to visual geolocalization force a trade-off between geographic scale and localiza-
tion precision. Global classification methods [10, 11, 1, 12, 2, 13, 14, 15, 16] partition the world
into predefined regions (e.g., using administrative boundaries, grid cells, or prominent landmarks) and
train classifiers to assign a query image to one of these regions. While highly scalable, these methods
are fundamentally limited by the granularity of the partitioning, typically yielding coarse results with
errors exceeding 10 km, and are often constrained by the need for sufficient training data per region.
On the other hand, fine-grained retrieval approaches aim for higher precision. Ground-to-ground
image retrieval methods [17, 18, 19, 20, 21, 22, 23, 24] can achieve high accuracy, but struggle to
scale to large areas due to the sheer volume of database images. They also suffer from insufficient or
uneven geographic coverage of ground-level imagery. Cross-view retrieval techniques, matching
ground-level queries to aerial or satellite imagery [25, 26, 27, 28, 29], offer better scalability and
coverage, but must overcome significant viewpoint and appearance variations and have primarily been
studied at sub-country scales. These different streams of research have often evolved independently,
lacking a systematic comparison. Consequently, to the best of our knowledge, no existing solution
effectively provides both meter-level accuracy and broad, continent-scale applicability.

This paper introduces a novel, hybrid approach designed to bridge the gap between these differ-
ent research streams, unlocking scalable yet accurate geolocalization by synergizing classification
principles with cross-view retrieval (Fig. 1). Our key idea is to leverage a proxy classification task
during training, not directly for localization, but to learn rich, location-specific, ground-view feature
prototypes (Fig. 3). These prototypes implicitly aggregate fine-grained geospatial information visible
in ground-level images. Crucially, we then fuse these learned ground prototypes with embeddings
of readily available aerial imagery. This mechanism enables efficient and powerful fine-grained
cross-view retrieval across vast geographic regions without requiring explicit geometric alignment,
dense 3D models, or suffering excessively from the sparse coverage of ground-level training data.

Our contributions are threefold: (i) We propose a novel strategy to combine learned ground-view
prototypes with aerial embeddings for efficient large-scale yet fine-grained geolocalization. (ii) We
demonstrate that fine-grained visual geolocalization is feasible on a continent-sized region encom-
passing multiple countries. Our experiments on a substantial portion of Europe indicate over 68%
top-1 recall within 200 m, previously achievable only by city- or regional-scale retrieval systems [30].
(iii) We conduct a rigorous evaluation on a benchmark that covers most of western Europe at a
much finer scale than previously explored in the literature. We systematically compare our approach
against state-of-the-art classification and retrieval methods and provide detailed analyses of model
components, such as losses, granularity and backbones, and cross-region generalization capabilities.2

By localizing 59.2% of images within 100 m over an area of 284 000 km2, our work demonstrates a
path to overcome the long-standing trade-off between precision and scale in visual geolocalization.

2 Method

Problem definition. Our goal is to localize a query image at ground level IQ with high spatial accuracy
(∼100m) over a very large geographical area (e.g. continent-size), without any prior information
(e.g. GPS). We assume access to a large database of geotagged ground-level images fIGi g and tiled
overhead (aerial or satellite) images fIAj g. Modern solutions [17, 31, 24, 30, 22] encode the query
image into a D-dimensional embedding using a deep neural network � : RH×W×3 ! RD and
localize it via similarity search against embeddings inferred from the database images.

2Analytical use of StreetView imagery was done with special permission from Google.
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Figure 2:Inference pipeline. The prototypeszP are extracted from the model weights� and
upsampled to the target resolution using the S2Cell hierarchy. Aerial tiles roughly covering the cell
are encoded using the aerial encoder� A and concatenated. Both databases are combined per-cell
using the calibration factor� , resulting in the �nal database of cell codeszcell . During inference
(right), we extract the embedding of a query imagezQ with � G and we compute the similarity to all
cell codesf zcell

j
> zQ g. The estimated location is the cell with the highest similarity.

The precision/scaling trade-off.Retrieval-based (VPR) approaches have been studied extensively but
are hard to scale, given their inherent limitation that every query image must have visual overlap with
at least one database image to be localized. With their narrow �eld-of-view (FOV), this requires an
image database that densely covers the environment. As such, both storing the database embeddings
and querying them quickly becomes prohibitively expensive: a VPR method with performance
comparable to our approach would require storing embeddings for 470 million images for our largest
dataset (EuropeWest, Fig. 1). They can also be dif�cult to train, as contrastive learning is sensitive
to the sampling of positive and negative pairs, which becomes dif�cult (and more important) at scale.

One way to approach scaling is via classi�cation,i.e., partitioning the space into disjoint classes, such
as cells in a regular grid, whose prototypes summarizeall images in the area. This reduces the size
of the database and eschews the need for negative mining, as each example can be contrasted toall
prototypes—at the cost of accuracy, which is bounded by the granularity of the partitioning. Finer
partitions increase the number of prototypes, which is bounded by the available memory at training
time, and additionally impair convergence and generalization as each class is represented by fewer
examples. Additionally, at inference time, these methods are limited to areas covered at training time.
Despite these limitations, classi�cation-based methods are popular—in fact, VPR methods often train
classi�cation losses as a proxy task [18, 22] and revert to similarity search at inference time.

An alternative approach is cross-view localization using overhead imagery, which is inherently
more scalable, as one image tile can cover (and thus summarize) a larger area, reducing the size of
the database. Overhead imagery is also easier to acquire, and often readily available from public
sources—many rural roads are not covered by any ground-level imagery available on the internet.
These approaches however suffer from a large domain gap between database and query images, as
vertical structures like building facades are usually not visible in near-nadir imagery.

There is thus a clear trade-off between precision (i.e., each image is represented in the database)
and scalability (i.e., classi�cation over larger regions). These different research streams are rarely
compared or studied in combination. In this paper we combine their strengths. We provide more
details on previous work and how it relates to our method in Section 4.

Our solution: Combine cell prototypes and cross-view retrieval (Fig. 2).We propose to perform
retrieval overcell codesthat combine classi�cation prototypes and embeddings of aerial tiles: a
surprisingly simple formulation that has, to our knowledge, not been explored until now. We thus
learnl2-normalized class prototypesf zP

j g via a classi�cation proxy task. For partitioning we rely on
the S2 cell library [32], which de�nes a hierarchy over the Earth: a cell of a given levelL= X can
be split into 4 cells of levelL= X +1 (higher is �ner). We use cells at �xed levels, with cells being
roughly (but not exactly) equal. While previous works have used adaptive cell sizes to ensure that
each cell includes enough training examples, we �nd that this degrades accuracy in rural areas with
a lower density of database images. Instead, we rely on aerial information to constrain such cells.
Administrative regions, as used in previous works [1, 33], are far too coarse for our use-case.
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We de�ne aerial tilesI A
i of �xed size and ground sampling distance, centered at each cell. Aerial

tiles are encoded by a neural network� A into l2-normalized embeddingszA
i . We typically use cell

codes atL=15 (average edge length� 281 m), which is the upper limit we can store at training
time, and aerial tiles atL=16 (average edge length� 140 m). Prototypes and aerial embeddings are
thencombined into cell codesat the �nest granularity (typically levelL=16) in a straightforward
manner:zcell

i = � � zP
P ( i ) + zA

i , whereP(i ) de�nes the index of the cell atL 0 that is parent of cell
i at levelL . The calibration factor� 2 R is introduced to account for the empirical observation
that the similarities from queries to prototypes are generally smaller in magnitude than to the aerial
embeddings—we attribute this to the different granularity levels: cell code prototypes encode a larger
area (and more images), so the deviation of their embeddings is larger. Empirically we set� to match
the average top-1 similarities over the training set. We then embed a given query image intozQ using
the ground-level encoder� G and search for its nearest neighbors in the databasef zcell

i g.

Both aerial and ground-level encoders� A and� G use the same architecture, but with different
weights. The aggregation of patch embeddings into a single vector is performed with the optimal
transport head introduced in SALAD [24].

Figure 3:Supervision: We train query, aerial,
and prototype embeddings,zQ , zA andzP ,
to be similar for corresponding locations and
different otherwise. We interpolate prototypes
to account for the coarseness of their cells.

Training recipe (Fig. 3). We use database ground-
level images as “simulated” queries. Each training
example includes a ground-level query and an asso-
ciated aerial tile. The aerial tile is centered at the
location of the query, with a random rotation and
translation offset, for data augmentation. We train the
aerial and ground-level encoders� A and� G , as well
as the prototypesf zP

i g, jointly. Prototypes learn to
summarize a given area based on the training with
corresponding queries.

We follow a contrastive learning formulation, in
which we want ground-level, aerial, and prototype
embeddings to be similar when they correspond to the
same spatial location and distinct otherwise. These
three elements form a triangle with three constraints,
one along each edge: ground-prototype, ground-aerial, aerial-prototype. (i) Each query is contrasted to
all prototypes, such that they learn to encode features that represent what is visible from corresponding
ground-level images—e.g. facades, bridges, small details, elements under vegetation. (ii) Each query
is also contrasted to all aerial tiles that are in the batch, such that ground-level and aerial encoders
learn to embed similar information. (iii) Finally, each aerial tile is contrasted to all prototypes, such
that aerial embeddings are trained to be globally discriminative, eschewing the need for hard negative
mining. Because we build a separate aerial database, we detach the prototype gradients in this edge,
forcing the network to only aggregate ground-view information in the prototypes. We ablate these
loss terms in detail in the supplementary material, Table 9.

Loss formulation. The positive and negative terms of each of the three constraints are combined into
a multi-similarity loss [34]. We de�ne the total loss asL =

P
i 2B (L pos

i + L neg
i ), where the positive

term is computed for each queryi in the batchB as

L pos
i =

1
�

log
�

1 + 
 (zQ
i

> zA
i ) + 
 (zQ

i
> zP

i ) + 
 (zA
i

> zP
i )

�
; (1)

and the negative term is

L neg
i =

1
�

log

0

@1 +
X

j 2Bnf i g

�
� (zQ

i
> zA

j ) + � (zA
i

> zQ
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�
+

X

j 2N ( i )

�
� (zQ

i
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j ) + � (zA
i

> zP
j )

�
1

A :

(2)
HereN (i ) denotes the indices of all prototype cells whose spatial distance to the queryi is larger
than a threshold. The functions
 , � : R ! R enforce positivity with scale and bias hyper-parameters
� , � , � 2 R and are de�ned as
 (s) = e� � (s� � ) , and� (s) = e� (s� � ) .

Prototypes are associated with discrete cells but ground-level and aerial images are sampled con-
tinuously through space. Those located at cell boundaries should thus be treated carefully to avoid
artifacts that can impair the training. We linearly interpolate each positive prototypezP

i with its
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Table 1:Recall onBEDENL. (a) In traditional retrieval methods, the database size corresponds to
the number of ground-level images in the training set: they perform best yet are often intractable
(the state-of-the-art SALAD generates a 5 TB database). (b) Cross-view retrieval is faster but lags in
performance. (c) Classi�cation produces smaller databases and suffers less from domain gap, but s
bound by device memory at training time (L= 15) coarser cells). (d) Our hybrid approach combines
the bene�ts of (b-c) and performs comparably to (a) with a 30-60� smaller database.

Eval Method cell
level

Recall@K @200m Recall@K @1km database

K =1 K =5 K =100 K =1 K =5 K =100 size elems. dim.

(a)

gr
ou

nd
re

tr
ie

va
l SALAD [24]

16
OOM OOM OOM OOM OOM OOM5.1 TB 150M 8448

Ours (cell prototypes) 56.3 66.2 80.4 57.5 66.9 81.31.3 TB 150M 2176Ours (full) 64.0 73.8 85.7 65.3 74.5 86.5

(b)

ae
ria

l
re

tr
ie

va
l Ferverset al. [30]

16

33.3 48.9 74.2 36.2 51.3 75.5

42 GB 4.8M 2176+ negative mining 36.5 51.1 75.5 39.3 53.4 76.5
SALAD [24]-Aerial 39.2 53.6 74.1 42.6 56.2 77.0
Ours (full) 49.7 63.2 81.0 52.0 64.8 82.7

(c) ce
ll

pr
ot

ot
yp

es CosFace loss [38]

15

7.4 13.3 19.4 10.3 18.3 26.9

18 GB 2M 2176
Hierarchical loss [2] 8.1 14.5 27.8 14.0 23.2 43.2
Haversine loss [1] 10.2 19.5 36.2 17.8 25.7 42.0
Ours (cell prototypes) 47.3 59.4 74.7 49.9 60.9 76.9
Ours (full) 57.1 68.6 81.8 59.5 69.9 83.0

(d) hybrid
Ours (smaller dim.)

16
58.0 69.3 83.8 57.2 67.6 81.3 21 GB 4.8M 1088

Ours (full) 60.3 71.6 85.6 62.0 72.4 86.442 GB 4.8M 2176
Ours (DINOv3-L) 70.2 79.0 89.9 71.8 79.5 90.4 42 GB 4.8M 2176

neighbors, with weights computed based on either (i) the overlap between the respective prototype
cells and the camera frustum of the query, which is de�ned as a 2D triangle with50 mdepth, or
(ii) the distance between the centers of the aerial tile and of the 4 closest prototype cells (Fig. 3).

We empirically observe that this multi-similarity loss outperforms cross-entropy losses like In-
foNCE [35] and DCL [36]. It constrains the absolute similarity instead of the relative similarities.
We hypothesize this prevents images that cannot be localized,e.g. because of occlusion or lack of
distinctive features, from dominating the loss, as the gradient of their negative term remains small.

Pushing the boundaries of scalability.When scaling up classi�cation models to a very large number
of classes, the devil is often in the details—our largest model is trained with 7M cell codes (Table 2).
We highlight our most important learnings. The size of the prototypes during training is the limiting
factor when naively replicating them across devices. For example, with dimensionD=2176, only
� 250k prototypes can �t on each device. As a reference, this roughly covers Belgium atL=15.
To alleviate this, we uniformly shard theN prototypes across alld devices, such that each holds
only N=d of them. The backbone is replicated across devices for a fast forward pass. We gather the
image embeddings over all devices and compute the image-prototype similarity per-device. We then
compute a subset of the negative sum (Eq. (2)) locally and broadcast it to all devices. This minimizes
data transfers and thus keeps the training fast. It is faster than replicating the entire forward pass,
which transfers prototype gradients between devices. We train with 128 16GB TPUv2 [37].

3 Experiments

Datasets.Our model ingests both overhead and ground-level imagery. Publicly available ground-level
datasets are not of suf�cient scale or density for our purposes. We use Google StreetView imagery,
captured by six rolling-shutter, �sh-eye cameras mounted on cars. StreetView rigs all have similar
camera models and angles relative to the road, so we found data augmentation crucial to prevent
over�tting: we stitch StreetView images into panoramas and sample crops of 224� 224 pixels with a
pinhole camera model and random roll, pitch, yaw, and FOV. In order to sample a consistent number
of images per region, we select panoramas via farthest point sampling over both space and capture
time in order to maximize spatial and temporal coverage. We consider a maximum of 120 panos per
L=14 S2 cell [32], enforce that panos are least40 mapart to prevent oversampling, and skip cells
that contain less than 5 panos. We then generate 4 image crops per pano. We use sequences captured
in year 2023for evaluation onlyand sequences from the remaining years 2017–2024 for training.
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Figure 4: Impact of the density of the training data. We slice the recall@K @200m on
EuropeWest(Table 3) by the temporal (left) and spatial (right) density of StreetView images within
L=15 cells. We compare our full (hybrid) model (blue) with one relying only on ground-level images
(red). The aerial embeddings help improve the accuracy especially when ground-level data is sparse.

For overhead assets, we use both aerial (captured by planes) and satellite images. We pick the
highest-resolution asset available and sample 256� 256 px tiles at a60 cm/px resolution. For training,
we sample tiles with a maximum offset of80 mw.r.t. the ground-level images, and randomly rotate
them. For inference, we sample north-aligned tiles centered at the S2 cells.

We consider two geographical regions:BEDENL, consisting of three countries (BE, DE, NL), and
a larger supersetEuropeWest, with ten countries comprising most of western Europe (PT, ES, IT,
AT, CH, DE, FR, BE, NL, CZ). We useBEDENLfor most experiments and ablation studies and
EuropeWestto demonstrate the scalability to larger regions.

We evaluate generalization capabilities on three other datasets, see Table 2: (i)UK+IE: Two additional
countries (UK, IE) for which we build the database using only overhead images and query with
StreetView imageswithout re-training. (ii) Trekker : StreetView images from backpacks [39],
worn by walking operators, as queries for models trained onBEDENL. They have a different spatial
distribution (i.e., pedestrian-centric) and suffer from occlusions as the devices are often close to walls.

Table 2:Datasets.Number of ground-level images and S2
cells (atL=15) and approximate area covered (km2).

Dataset
Training Evaluation

Images Cells Area Images Cells Area

BEDENL 150M 2.0M 139k 1.5M 378k 25.7k
EuropeWest 470M 7M 433k 4.5M 1.2M 69.7k
UK+IE N/A N/A N/A 1.2M 194k 16k
Trekker N/A N/A N/A 130K 4.3k 1.5k
GoogleUrban N/A N/A N/A 767k 3.1k 1.1k

Table 3:Left: Recall on EuropeWest. Note that VPR is
infeasibleat this scale (470M images).Right: Recall on
UK+IEfor the model trained on EuropeWest. The database
is built fromaerial tiles only, without retraining.

Method
EuropeWest Cross-Area (UK+IE)

Recall@K @200m Recall@K @200m

K =1 K =5 K =100 K =1 K =5 K =100

Ferverset al. [30] 32.6 47.6 72.1 11.6 19.5 39.3
Ours (prototypes) 46.4 58.4 72.7 N/A N/A N/A
Ours (full) 57.5 69.4 84.3 18.4 28.1 47.2

Ours (DINOv3-L) 68.7 78.1 89.1 27.4 38.2 58.6

(iii) GoogleUrban: Images captured
by consumer phones, covering 5 cities
included inBEDENL, part of a propri-
etary dataset previously used to eval-
uate localization algorithms in urban
settings [5] and in the 2022 Kaggle
Image Matching Challenge [40].

Metrics. At inference time we extract
embeddings for a new (unseen) set
of images and �nd the database em-
beddings with highest similarity. The
database can be be built from ground-
level images (“ground retrieval” in Ta-
ble 1, i.e., VPR), aerial tiles (“aerial
retrieval”), cell codes learned via clas-
si�cation, or a combination of aerial
and cell code retrieval. Note that for
models trained for classi�cation, sim-
ilarity search in feature space and top-
K classi�cation are equivalent. We
evaluate performance in terms of lo-
calization recall at different spatial
thresholds and for different number
of nearest neighborsK . The accuracy
of classi�cation-based methods is limited by their granularity level,i.e., L= 15 (average cell edge
length281 m), whereas our aerial and hybrid models work atL= 16 (average cell edge length140 m).
Given space constraints and for a fair comparison we report recall at200 mand1 km, irrespective of
cell granularity. Refer to the appendix for localization results at 100 m on theEuropeWestdataset.
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Table 4:Generalization to pedestrian
viewpoints.We report localization recall
on the urbanTrekker dataset.

Method Recall@K @200m

K =1 K =5 K =100

Ours (VPR) 21.5 29.9 46.1

Ferverset al. [30] 11.1 20.6 47.1
SALAD [24]-Aerial 13.4 23.1 46.0
Ours (prototypes) 15.5 24.8 44.3
Ours (full) 18.7 29.3 51.3

Ours (full/BEDENL+) 30.3 44.2 63.5

Evaluation—Scaling to a continent (Table 1& 3–left).
We conduct large-scale experiments over multiple coun-
tries in Europe.Setup:Because of the large compute re-
quirements, we do hyper-parameter search onBEDENLand
then train a larger model onEuropeWest. Baselines:For
cross-view retrieval, we re-train a model similar to that
of Ferverset al. [30], but with the same granularity and
aerial tile size used by our method. To strengthen this
baseline, we perform of�ine hard-negative mining (using
k-NN) between aerial embeddings once during training.
We also adapt SALAD [24], a state-of-the-art ground-
based retrieval model [24], to cross-view retrieval with
the multi-similarity loss [34]. For classi�cation, we train
two baselines with variants of the cross-entropy loss: a
hierarchical loss from OSV-5M [2] and with the smoothing introduced by PIGEON [1], based on the
Haversine distance between training images and cell centers. We provide additional details on the
baselines and a full ablation of loss terms in the supplementary. For completeness, we also report
results for traditionalground-based retrievalfor BEDENLin Table 1 —forEuropeWest(Table 3) the
database would simply be too large.Results:OnBEDENL, classic image-to-image retrieval exhibits
high accuracy but is computationally infeasible. Cross-view retrieval drastically reduces the size of
the database, but the domain gap impairs recall. Classi�cation achieves higher recall, but the sparsity
and diversity of the data hinders the embedding averaging in a cell. Our approach combines the
strengths of both. A larger backbone, DINOv3-L [41], yields another substantial performance gain.

Table 5: Impact of cell size L and fea-
ture dimensionality D . We report recall on
BEDENL. N is the number of S2 cells.

L D Recall@K @200m N
K =1 K =5 K =10

12 2048+128 37.8 50.7 70.3 86K
14 2048+128 50.2 62.8 78.9 760K
15 2048+128 60.3 71.6 85.6 2.0M
16 2048+128 63.3 73.8 87.1 4.8M

13 8192+256 46.1 59.3 76.2 278K
14 4096+128 52.8 64.8 80.6 760K
15 1024+64 58.0 69.3 83.8 2.0M
16 1024+64 60.7 72.5 86.4 4.8M

Table 6:Impact of the frustum and cell
interpolation. We compare them to nearest
neighbour sampling, onBEDENL.

Ground Aerial Recall@K @200m

K =1 K =5 K =100

NN NN 57.8 69.8 84.6
Frustum NN 58.9 70.5 85.0

NN Interp. 58.5 70.3 84.9
Interp. Interp. 57.7 69.5 84.3

Frustum Interp. 60.3 71.6 85.6

Evaluation—Cross-area generalization (Table 3–
right). A fundamental shortcoming of geolocalization
methods based on classi�cation techniques is that they
require retraining when faced with new data. We show
that our approach can generalize to completely unseen
areas by building the databaseusing only aerial im-
agery. Despite a drop in performance, our approach re-
mains applicable and can recover over half the queries
at K = 100. Note that given ground-level images, we
could also do VPR with their image embeddings, but
this would require indexing 109M images forUK+IE.
Here we use 2.8M aerial tiles.

Evaluation–Cross-domain generalization (Table
4). We evaluate our approach on queries from the
Trekker dataset, which contains Google StreetView
images taken from the vantage point of pedestrians.
In addition to drastic viewpoint differences (roadvs
sidewalk), many images are unlocalizable, as cameras
often closely face building facades. We feed them to
our model trained onBEDENL, without any �ne-tuning.
The drop in performance is primarily explained by
three factors: (i) viewpoint difference, (ii) unlocaliz-
able images, and (iii) this dataset is only available
for urban centers, while our training recipe prioritizes
good coverage ofall cells, the majority being in ru-
ral areas. To validate (iii), we train a new model on
BEDENL+, a dataset covering the same areas inBEDENLbut sampling a number of images per cell
proportional to the number of training sequences, instead of uniformly. This greatly improves perfor-
mance (as urban areas contain more sequences) and highlights the trade-off between localization in
urban centers and rural areas, dominated by roads.
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Table 7:Ablation of encoders onBEDENL.
Larger models and input images yield a better
localization. The initialization matters too.

Image
size (px)

Encoder
size & init.

Recall@K @200m

K =1 K =5 K =100

224

DINOv2-S14 57.0 67.6 82.0

SigLIP 2-B16 57.4 64.6 83.2
iBOT-B16 60.3 71.6 85.6
DINOv2-B14 63.5 73.4 86.2
DINOv3-B16 64.1 74.1 86.8

DINOv2-L14 69.7 78.5 89.5
DINOv3-L16 70.2 79.0 89.9

448 DINOv3-L16 76.1 84.1 93.0

Table 8: Generalization to phone images on
GoogleUrban. Fine-tuning with different image res-
olutions helps generalization.

Image size (px)
Encoder

Recall@K @200m

test training K =1 K =5 K =100

224
224 DINOv2-L14 24.5 39.3 70.8

DINOv3-L16 27.5 42.7 73.2

224 & 448 DINOv2-L14 23.4 38.1 70.0
DINOv3-L16 30.3 46.1 76.0

448
448 DINOv2-L14 29.4 45.6 75.6

DINOv3-L16 42.7 59.1 83.3

224 & 448 DINOv2-L14 27.1 43.2 75.4
DINOv3-L16 38.8 55.2 81.6

Ablation—Granularity (Table 5). The resolution of the grid at cell levelL and the feature dimen-
sionalityD have a large impact on accuracy. We use our `hybrid' model and report recall at200 m.
For a givenD, coarser grids yield lower recall, especially atL � 14. Coarse cells, often employed
in the literature [2, 1, 10], need to encode a quadratically growing area, thus increasing the visual
diversity within a class. While some works aim to alleviate this problem by �nding semantically
meaningful clusters [1], there is no guarantee that these features are observable in each image. At
constant database size, using more compact features with a higher-resolution grid is thus a better
trade-off between scalability and accuracy.

Ablation—Border interpolation (Table 6). We study strategies to align query and aerial embeddings
to their corresponding prototypes. The simplest one selects the cell nearest to the query or aerial tile.
We compare this to bilinear interpolation based on frustum/tile overlap and for queries, to selecting
all cells covered by their 2D camera frustum. We report the recall for our best, `hybrid' model at
200 m. The results show that the interpolation is always bene�cial for aerial tiles. On the other hand,
it impairs recall for queries, likely because it does not consider how far the scene is visible from the
ground. Surprisingly, selecting all overlapping cells works best.

Ablation—Backbones and image resolution (Table 7 & Table 8).We ablate the ViT vision
foundation models iBOT [42] (default), DINOv2 [43], SigLIP 2 [44] and DINOv3 [41], and their
variants. OnBEDENL, Table 7, larger backbones yield substantial improvements. DINOv3 [41]
generally works best, while �netuning and evaluation on larger images (448x448 px) yields again
signi�cant improvements. In Table 8, we study the model's generalization capabilities to casual images
from smartphones in urban areas,GoogleUrban. Our model with DINOv3-L16 [41] backbone,
�netuned and evaluated at 448px images, achieves almost 60% top-5 recall, suggesting strong
generalization to casual images. Note that, for generalization to non-square images, we augment the
training images with random zero padding on either the outer rows or columns.

Qualitative results. Figure 5 shows the prototypes learned from theEuropeWestdataset, visualized
with PCA, and the localization errors of our test set. Figure 6 shows examples of queries.

Implementation details.We train our models with 64 examples per batch per device (8192 examples
in total) for 200k steps (� 3 epochs onEuropeWest), with � 1 sper step and a total time of 2.5 days.
We use the Adam [45] optimizer with learning rates of0:003 for the encoders and0:01 for the
prototypes, both annealed to10� 6 by the end of training using a cosine schedule. Unless stated
otherwise, we use Vision Transformers [46] (B16) initialized with the iBOT [42] weights, and scale
the best setups to larger models. During training we randomly drop layers with a probability of
0:1. The SALAD head [24] has32 64-D clusters and a128-D class token. All embeddings are
l2-normalized. The loss is parameterized by� =0 :2, � =100, and� =0 :2.

4 Related Works

Visual Place Recognition (VPR)approaches image localization as matching a query image against a
large database of geo-tagged ground-level images, typically via pre-extracted image features designed
to be robust to changes in viewpoint and illumination and to occlusions [47, 48, 49, 50, 51, 52, 53, 31].
In its simplest form, the query is then assigned the location of the closest image in the database. While
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Figure 5:Left: PCA visualization of the learned prototypes, which appear in different colors for
e.g., urban, forested, or coastal areas. The high-frequency noise suggests that they also encode
local distinctive information.Right: Test queries that are successfully localized (� ) are uniformly
distributed over the map, while failures (� ) are prevalent in rural areas, where training data is sparser.

early papers relied on handcrafted features [54, 55, 56], the main focus of modern VPR is learning
discriminative and compact representations. CosPlace [18] introduced a city-sized dataset and showed
that previous methods fail to scale to it, proposing to learn descriptors for retrieval with a proxy
classi�cation loss to bypass the expensive mining required by contrastive learning. Voet al. [57]
similarly concluded that the best features for retrieval are trained via classi�cation. EigenPlaces [19]
de�ned classes as to enforce viewpoint invariance in the learned features. TransVPR [58] signaled
a move towards ViTs [46] and self-attention [59]. MixVPR [60] proposed an MLP-based feature
mixer to aggregate features from off-the-shelf foundation models, while AnyLoc [20] explored
unsupervised aggregation techniques [61, 62, 63, 50]. SALAD [24] proposed an aggregation strategy
based on optimal transport with DINOv2 features and was subsequently improved with a mining
strategy that accounts for geographic distance [23]. MegaLoc [22] trained a single retrieval model on
�ve large datasets and showed it outperforms most previous models. Other research topics within
this scope include geometric veri�cation and re-ranking [4, 64, 53, 65, 66, 67, 21] and uncertainty
estimation [68, 69, 70, 71, 72]. Recently, MeshVPR [73] combined global features for retrieval with
a visual localization step based on local features and dense 3D textured meshes.

Cross-View localizationcompares ground-level images to overhead views, such as satellite imagery.
In practice, ground-level imagery is often too scarce to ensure global coverage. Early efforts relied on
warping image semantics to the overhead reference frame before matching [74, 75, 76, 77]. This topic
gained traction with the advent of deep learning [78, 79]. Liu et al. [80] learned orientation-aware
features by explicitly encoding per-pixel orientation information. Shiet al. [25] used polar transforms
to warp aerial images into panoramas, with an attention mechanism to alleviate distortions, while
[81] used feature transport for domain transfer across views. Yeet al. [27] proposed a technique to
convert panorama images into overhead views, while also directly matching unwarped panoramas to
satellite images. ConGeo [28] enhanced robustness on non-north-aligned panoramas and variable
�elds of view. Zhanget al. [26] used synthetic augmentations to benchmark cross-view localization
methods against weather, blur, or image compression. In a different direction, OrienterNet [7] matched
ground-level images to overhead semantic maps and SNAP [9] learned neural maps directly from
images—both use very small tiles and require GPS priors. Recently, Ferverset al. [30] demonstrated
the applicability of such methods to areas the size of the state of Massachusetts, with� 60% accuracy
at 50m. Their approach partitions regions into cells that factor in spherical distortions and combines
multiple scales of overhead images. Our approach shows higher accuracy over much larger areas.

Global geolocalizationfocuses on scaling up to much larger areas, up to Earth-scale. While they
employ different design paradigms, classi�cation techniques are most common. Early works such as
IM2GPS [47] extracted simple image features from a database of 6M geo-tagged images and used
retrieval for inference—our largest database consists of 470M images, rendering retrieval prohibitive.
PlaNet [10] partitioned the Earth's surface into S2 cells [32] into which images are classi�ed, but
suffers from limited precision, with only 26k cells of variable size. Clarket al. [13] introduced
learned latent features over hierarchical S2 cells, but remain limited to a similar number of cells at the
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