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Abstract

Recent studies sucessfully lifted embeddings generated

by 2D vision-language foundation models to 3D space, en-
abling direct language-based interaction with 3D scenes.
Whereas most studies focus on understanding controlled,
small environments, we aim to adapt these methods to city-
scale scenes. Taking aerial imagery as a starting point, we
hope to produce a (partial) representation of a city that en-
ables language-based analysis of urban infrastructure and
inventory as well as socio-economical dynamics.
We can validate extracted information against the publicly
available city registries and public benchmarks, hoping to
demonstrate high usability across a wide range of applica-
tions.

1. Related Work

Recent progress in large-scale pre-training of vision-
language models (VLMs) allows a new level of image un-
derstanding, boosting the state of the art in a wide range of
tasks such as image classification [5, 14], object detection
[1], and open or closed set segmentation [2, 12].

Multiple studies have carried these successes to the field of
3D vision, enabling a new generation of open-vocabulary
scene understanding applications. Most remarkably, VLM
features allow open vocabulary queries on 3D scenes by ob-
ject or material. This is typically achieved by reconstruct-
ing a 3D scene from a set 2D images, then analyzing and
embedding the 2D images using a VLM, and finally fus-
ing the extracted 2D information into the 3D representations
[3, 8, 10, 11]. If desired, segmentation masks can be com-
puted during this pipeline [12] or at query time [10].
Importantly, existing work limits the scope of the repre-
sented environment to scenes at the scale of rooms, or sin-
gle landmarks [3, 10, 12]. We would be - to the best of our
knowledge - the first to extract meaningful information from

semantically enriched embeddings at the scale of a city by
text guidance.

2. Methodology

We identify the following main building blocks of our
pipeline:

1. 3D scene construction

2. 2D image embedding

3. Fusion of 2D embeddings into 3D scene

4. Evaluation

In the following, we briefly discuss the anticipated imple-
mentation of each building block, its necessary assump-
tions, and potential challenges.

2.1. 3D scene construction

Hopefully we will be able to use already available 3d scenes
such as STPLS3D[2] or Google Maps data. A key chal-
lenge is that for these datasets the relevant 2D images might
be unavailable or hard to register; for this reason, we may
have to build our own 3D scenes from 2D datasets using
aerial imagery as a starting point. Regardless, it may be
beneficial to add imagery from multiple perspectives (such
as street-level views) even if we can use a large point col-
lection. Our embeddings may benefit from the additional
information. Examples of large street-level data collections
would be Mapillary or KataView (by OpenStreetMap). Im-
portantly, note that these images do not require ground truth
labels. Their purpose is uniquely to improve the scene rep-
resentation and its semantics.

2.2. 2D image embedding

Ideally, we can reuse the OpenScene[10] or OpenMask][12]
pipeline, including the used CLIP-based embeddings or
SAM]7] segmentation masks.

However, CLIP[11] was trained on street-level images, not
necessarily aerial images. Hence the features may not gen-
eralize. Depending on our chosen input perspective, we



could try to find a VLM that is trained on a related task
such as RemoteCLIP[8], RSGPT[6], GRAFT[9], or even
EarthGPT[13].

2.3. Fusion of 2D embeddings into 3D scene

We plan to distill the semantic embeddings into the
3D representation following either OpenScene[l10] or
OpenMask3D[12]. Given our ambitions of scale, the 3D
mask-based approach appears particularly appealing, as it
does not require explicit storage of embeddings for every
point. Whether or not reasoning at instance level provides
sufficient detail will have to be determined.

2.4. Evaluation

The research of this project is directed towards two main
questions:

Firstly, does the language guidance provide new in-
sights into urban scenes that were not easily extractable
with conventional closed-set approaches? If successful,
our model may be able to estimate e.g. the age of build-
ings, the type of and wealth of city districts, the number of
churches, or the presence of construction sites. The relevant
ground truth can be either extracted from a city registry or
annotated by hand (in the case of somewhat rare objects).
As these would be mostly new applications, we would not
necessarily benchmark our method against existing meth-
ods but mainly demonstrate that the task is solved to some
extent by providing qualitative results.

Secondly, can we improve performance on already
partially solvable tasks by incorporating additional in-
formation? The combination of multiple perspectives (e.g.
multiple satellites or street level and aerial imagery) may
enhance results in remote sensing or urban scene under-
standing tasks. As a first step (and given the successful
incorporation of multiple perspectives), we would like to
benchmark our method on the ISPRS Potsdam dataset [4]
of satellite image segmentation (buildings, roads, trees, etc)
in a zero- or few-shot setting.

Alternatively, we can compare with respect to the Se-
mantic Terrain Points Labeling - Synthetic 3D (STPLS3D)
dataset, which offers a synthetic urban environment with 20
predefined classes for semantic segmentation tasks[2].

3. Milestones

1. Obtain or build a sparse city reconstruction with regis-
tered 2d images.

2. Apply or adapt either of the fusion methods to enrich it
with semantic embeddings.

3. Enable extraction of information about concrete, tangi-
ble objects (buildings, roads, parks, etc.).

4. Enable extraction of abstract semantic information (year
of the building, condition, etc.).
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