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Abstract
Earth observations made by geologists are spatial and temporal;
maps embedded in geologists’ field reports are the primary record
of where those observations were made. Recovering the geographic
location of these maps is therefore a key data-mining step: it enables
their export into a Geographical Information System (GIS) and
makes the entire corpus of reports spatially queryable. Existing
automated pipelines match the query against a fixed corpus of
pre-georeferenced maps. This may limit coverage, and does not
expose result uncertainty, even though every pipeline stage (OCR,
NER, geocoding, image matching) is noisy. We propose an anchor-
free probabilistic pipeline. A textual module extracts toponyms
via NER on captions and map-specialized OCR on the image, then
geocodes them into a spatial prior. A visual module scores candidate
maps, generated on the fly from OpenStreetMap, against the query
map using affine local feature matching between maps. We frame
georeferencing as a black-box optimization problem and solve it
with prior-guided Bayesian Optimization (𝜋BO).
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1 Introduction
Geologists document field trips in PDF reports that combine text
(objectives, observations) with spatial and temporal data. A central
piece of this data is the geological map, included as an image, which
shows where the study took place. Extracting and georeferencing
these maps automatically is essential for turning legacy reports
into usable spatial data. Recent challenges such as GeolAug1 (Inria
and BRGM) and DARPA AI4CMA2 reflect this growing interest.

Georeferencing a map is the assignment of geographic coordi-
nates to a map image. This is a central problem in cartography
and Geographic Information Systems (GIS) [8, 13]. Once solved,
1https://www.inria.fr/en/geolaug
2https://criticalminerals.darpa.mil/The-Competition
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legacy maps can be overlaid on modern GIS layers and combined
with other geospatial sources. Concretely, given a PDF report, the
task is to detect the geological maps it contains and compute, for
each map, a geographic transformation that aligns it to Earth’s
surface. We obtain this transformation by matching the query map
against a candidate map with known coordinates: each match gives
a Ground Control Points (GCPs), a pixel paired with its geographic
coordinates. The map can then be placed in a GIS.

While early systems required users to manually supply con-
trol points3, later work introduced semi-automatic pipelines for
georeferencing [2–4, 7, 11, 12]. Recent fully-automated systems
such as Uncharted4 and DIGMAPPER [5] apply OCR to extract
candidate place names, then match local image features against a
reference corpus. DIGMAPPER, for instance, retrieves the closest
match within a 10 km radius of a predicted center, from a corpus of
pre-georeferenced US Geological Survey (USGS) maps. [15] follows
a similar anchor-based approach for historical maps.

These methods share two limitations. First, they only work in
regions already covered by a pre-georeferenced corpus, which ex-
cludes most of the world. Second, although their pipelines chain
many components, each with its confidence score, uncertainty is
not propagated end-to-end, making the final result hard to interpret
or trust.

We propose a system that addresses both limitations in certain
configurations. Rather than relying on a fixed corpus of anchor
maps, we generate reference maps on the fly. We frame georef-
erencing as an optimization problem and solve it with Bayesian
Optimization (𝜋BO), guided by prior information (both textual
and visual) extracted from the PDF report. Uncertainty is carried
through the pipeline, so the final estimate comes with a confidence
region.

2 Problem
Let I be a map image to be georeferenced, with known physical
extent (the width and height of the area it depicts)5. Let T denote
the text that may be associated to the map image: the figure caption,
in-text references to the figure, and any labels detected on the
map. We focus on the following sub-problem: given (I,T) and the
physical extent of I, recover the geographic center 𝑥 = (𝜆, 𝜙) of the
area depicted. Solving this is sufficient for placing I in a GIS, and
aligning the associated spatial data with other geographic layers.

3https://docs.qgis.org/3.44/en/docs/training_manual/forestry/map_georeferencing.
html
4https://github.com/DARPA-CRITICALMAAS/uncharted-ta1
5We neglect projection distortion.

https://orcid.org/0009-0001-6058-8550
https://doi.org/XXXXXXX.XXXXXXX
https://www.inria.fr/en/geolaug
https://criticalminerals.darpa.mil/The-Competition
https://doi.org/XXXXXXX.XXXXXXX
https://docs.qgis.org/3.44/en/docs/training_manual/forestry/map_georeferencing.html
https://docs.qgis.org/3.44/en/docs/training_manual/forestry/map_georeferencing.html
https://github.com/DARPA-CRITICALMAAS/uncharted-ta1


KDD, August 09–13, 2026, Jeju, South Korea Marijan Soric

Figure 1: Visualization of 𝜋BO. (Top-left) GP mean: estima-
tion of 𝑓 . (Top-right) GP standard deviation: low near obser-
vations, high elsewhere. (Bottom-left) acquisition function:
indicates where to sample 𝑥 next. (Bottom-right) prior 𝜋 (uni-
form prior).

3 Methodology
3.1 Preprocessing
We parse PDFs with Docling [1] to extract figures and surrounding
text. For each figure we collect its caption and in-text references
using simple regex patterns (e.g., Figure X, Fig. X ). We classify each
figure as either “geological map” or “other” using a Vision Language
Model (VLM) (or, alternatively, a CNN/ViT classifier or zero-shot
CLIP). The same VLM also can also be used to extract the map scale
when it is explicitly stated in the figure, and otherwise returns an
estimate.

3.2 Textual information
We extract candidate toponyms from two complementary sources.
First, from the surrounding text: a Named Entity Recognition (NER)
model tags location entities in the caption and in-text context,
each with a confidence score. Second, from the map image: a map-
specialized OCR system, mapKurator Spotter [10] detects text on
the map, each detection with a confidence score.

Each candidate toponym is then geocoded using Nominatim6

over OpenStreetMap7, which returns a set of plausible Earth loca-
tions per name. At this stage we have multiple features: the OCR
confidence, the NER score, the Nominatim importance score, and
the Levenshtein distance between the candidate string and the
matched name. These scores will weight the candidate locations
during the optimization stage (subsection 3.5).

3.3 Visual information
Following prior work, given a candidatemap of the same scale as the
queryI, we run an local featurematching (LFM)model (LoFTR [14])
on the pair to produce pixel correspondences. RANSAC [6] then
filters these correspondences to a geometrically consistent subset
under an affine transformation. Although LFM models are trained
on pairs from the same physical scene, they transfer reasonably
well to map-to-map matching. The number of inliers, together with

6https://nominatim.org/
7https://openstreetmap.org/

the LFM and RANSAC confidence scores, defines a similarity score
between query and candidate. Figure 2 shows the inliers obtained
on an example.

3.4 Bayesian Optimization over candidate
centers

Let X denote the space of admissible candidate centers and let
𝑓 : X → [0, 1] be the similarity score defined in subsection 3.3.
We assume the true map center satisfies 𝑥∗ ∈ argmaxX 𝑓 . Unlike
retrieval-based approaches that match I against a fixed corpus, we
generate the candidate map at any 𝑥 ∈ X on the fly. The function 𝑓

is black-box (no gradients) and expensive: each evaluation requires
rendering and running LFM + RANSAC. Naive grid or random
search is expensive for large X. We instead use Bayesian Opti-
mization (BO): a surrogate model (Gaussian Process) is fit to past
evaluations and an acquisition function selects the next candidate
𝑥 ∈ X by trading off exploration and exploitation.

3.5 Prior knowledge
We use the textual evidence of subsection 3.3 as a prior over the
location of the optimum. Define 𝜋 : X → [0, 1] as an approxi-
mation of 𝜋 (𝑥) = P [𝑓 (𝑥) = maxX 𝑓 ]. We model 𝜋 as a mixture
of 2-D Gaussians centered on the geocoded candidate locations
𝜇𝑘 = (𝜆𝑘 , 𝜙𝑘 ):

𝜋 (𝑥) =
∑︁
𝑘

𝑤𝑘N2 (𝑥 |𝜇𝑘 , Σ𝑘 )

where the weights𝑤𝑘 are normalized aggregates of OCR, NER,
Nominatim, and Levenshtein confidences scores associated. We
then apply 𝜋BO [9], which reweights the BO acquisition function by
𝜋 , concentrating search around textually-supported regions while
preserving the ability to explore. Figure 1 illustrates the resulting
BO trajectory on a test function.

Figure 2: Results of LFM + RANSAC between (left) reference
map from BRGM and (right) generated map from OSM

4 Discussion and Next Steps
Wewill evaluate on a benchmark of BRGMPDF reports with ground-
truth georeferencing and on a synthetic OSM dataset, comparing
against baseline with ablation (textual prior and BO search). Several
extensions follow naturally: learning the mixture weights𝑤𝑘 , fine-
tuning LFM across cartographic styles, and using VLM to extract
richer visual and textual information priors.
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