OrthoLoC: UAV 6-DoF Localization and Calibration
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Abstract

Accurate visual localization from aerial views is a fundamental problem with ap-
plications in mapping, large-area inspection, and search-and-rescue operations. In
many scenarios, these systems require high-precision localization while operat-
ing with limited resources (e.g., no internet connection or GNSS/GPS support),
making large image databases or heavy 3D models impractical. Surprisingly, lit-
tle attention has been given to leveraging orthographic geodata as an alternative
paradigm, which is lightweight and increasingly available through free releases by
governmental authorities (e.g., the European Union). To fill this gap, we propose
OrthoLoC, the first large-scale dataset comprising 16,425 UAV images from Ger-
many and the United States with multiple modalities. The dataset addresses domain
shifts between UAV imagery and geospatial data. Its paired structure enables fair
benchmarking of existing solutions by decoupling image retrieval from feature
matching, allowing isolated evaluation of localization and calibration performance.
Through comprehensive evaluation, we examine the impact of domain shifts, data
resolutions, and covisibility on localization accuracy. Finally, we introduce a refine-
ment technique called AdHoP, which can be integrated with any feature matcher,
improving matching by up to 95% and reducing translation error by up to 63%.
The dataset and code are available at: jhttps://deepscenario.github.io/OrthoLoC.

1 Introduction

Visual localization for Unmanned Aerial Vehicles (UAVs) is essential for digital-twin modeling [60,
74]], surveillance [29], search-and-rescue [51]], and infrastructure inspection [34], yet faces unique
challenges not addressed by ground-level localization systems. While ground-level approaches [356,
711 [70] benefit from similar viewpoints between images [59} 49, 571, aerial applications encounter
dramatic perspective differences and require scalability over large areas [69, [72].

Current UAV localization algorithms rely on retrieving the closest match from a database of posed
images [72,[77], which is inaccurate, or on 3D models of the scene [69, [66], which are memory and
computationally expensive. In limited resources settings, as it is often the case for connectivity-limited
environments, this can result in accuracy degradation. Recent approaches like LoDLoc [78] improve
storage efficiency by using Level-of-Detail (LoD) but still assume unchanged environments, perform
poorly in building-sparse areas such as highways, and its initialization depends on positioning sensors.

In contrast, a compelling solution involves geodata, such as orthographic aerial views (Digital
Orthophotos (DOPs)) and elevation maps (Digital Surface Models (DSMs)). These provide a reliable,
lightweight source for localizing UAV images, as shown in Figure [T Such data is increasingly
accessible through free releases from European government geoportals [46, 17]], and where public
access is limited, can be synthesized using photogrammetric tools [20]]. Geodata are scalable and

39th Conference on Neural Information Processing Systems (NeurIPS 2025) Track on Datasets and Benchmarks.

*Corresponding Author.


https://deepscenario.github.io/OrthoLoC

Georeferenced Coordinate Frame
Figure 1: Georeferenced UAV Localization / Calibration with Orthographic Geodata. Our
framework bridges the aerial-to-orthographic domain gap. It enables precise 6-DoF localization
and calibration using only DOP and DSM geodata. This approach works even in GNSS-denied
environments without requiring expensive 3D models or image databases.

better suited for low-resource settings. For example, covering an area of approximately 0.265 km?
would require a 3D model of around 8 GB [69], whereas geodata requires about 30 times less memory.
Surprisingly, no existing UAV localization approach seems to fully leverage these data sources. We
believe this is mainly due to the absence of aligned cross-domain datasets and the lack of full-pose
paired large-scale benchmarks specifically designed for localization using these types of geodata.

To fill this gap, we capture and release the Orthographic Aerial Localization and Calibration Dataset
(OrthoLoC). It comprises 5 main modalities such as UAV imagery, DOPs, DSMs, 3D point maps,
and 3D meshes with a total of 16.4K images captured in 47 regions in 19 cities across 2 countries.
Our dataset is the first to offer three key advantages: (1) paired UAV-geodata structure that decouples
pose estimation from image retrieval, eliminating confounding error sources in the evaluations; (2)
precise 6-DoF poses obtained through multi-view georeferenced photogrammetric reconstruction;
and (3) additional reference data sources to increase the domain gaps in the dataset.

We have evaluated state-of-the-art methods on this novel localization and calibration task in a
comprehensive benchmark. Additionally, we introduce a method-agnostic refinement technique called
Adaptive Homography Preconditioning (AdHOP) that further improves localization and calibration
accuracy. The technique exploits the uniform structure of DOPs to perform homography-based
warping by assuming quasi-planar surfaces common in built environments.

Our evaluation reveals several insights. First, state-of-the-art matching algorithms can generalize to
aerial perspectives but struggle with the substantial domain gap between perspective UAV imagery
and orthographic reference data. Second, our ADJHOP technique significantly reduces the perspective
disparity, improving all metrics across the tested methods, particularly achieving up to 95% and 63%
enhancements in matching and translation accuracy, respectively. Third, camera calibration in aerial
settings presents unique challenges due to fundamental geometric ambiguities that affect parameters
estimation. Finally, reference data characteristics including domain shifts, data resolutions, and
covisibility. significantly impact localization performance, with higher resolution geodata providing
improvement in accuracy.

The main contributions of this paper are: (1) OrthoLoC, the first UAV dataset providing alignment
with geodata across multiple modalities and locations; (2) a unified benchmarking framework for UAV
localization and calibration that integrates with state-of-the-art matching algorithms and includes our
AdHoP technique for addressing perspective disparities; and (3) benchmarking results for camera
localization and calibration and an analysis of performance factors including cross-domain challenges,
data resolution effects, and covisibility.

2 Related Work

2.1 UAV Localization Datasets

The advancement of UAV localization research has been hampered by dataset limitations. Most
existing collections fail to support comprehensive 6-DoF evaluation due to several shortcomings.
Datasets such as University-1652 [[77] and DenseUAV [[18]] provide only partial pose information



(typically 2-DoF or 3-DoF), insuf cient for applications requiring complete 6-DoF estimation.
Collections derived from Google Eariii3, [9, 52] predominantly feature nadir views, exhibiting
limited viewpoint diversitythat fails to capture oblique perspectives common in practics/
operations. Several datasets incorposytethetic data—either entirely synthetic environmeni&d]

32] or synthetically rendered view$8, [66]—introducing domain gaps that affect generalization to
real-world scenarios.

Most importantly, existing datasets latkegrated geodata resourcesucial for evaluating local-
ization methods leveraging lightweight orthographic representations. While the concurrent AnyVis-
Loc [72] dataset includes orthographic geodata, its primary pose evaluation focus is on 3-DoF rather
than full 6-DoF. Additionally, it presents a misalignment between its low-resolution satellite im-
agery and aerial photogrammetry data, which compromises effective evaluation of cross-domain
geodata-based localization. We illustrate this misalignment in the supplementary material.

In contrastOrthoLoC provides complete 6-DoF ground-truth poses with calibration information,
diverse viewpoints across multiple altitudes and angles, real-world imagery from different geographic
environments, carefully aligned high-resolution geodata, and paired structure that facilitates isolated
evaluation of localization algorithms, independent of retrieval errors. This comprehensive design
establishes a foundation for decoupled evaluatiodA¥ localization and calibration methods using
lightweight orthographic references, lling a critical research gap.

2.2 Visual Localization

Image retrieval-based localization. Image retrieval method5sl[2] [1,/50,/61] use global descriptors

to match query images against geo-tagged databases. CNN-based approaches such as N§tVLAD [
and Dislocation(2] are ef cient but struggle with large viewpoint and illumination changeSIAvV

imagery. Recent work&F, 31, [26] mitigate these issues through view synthesis and self-supervised
learning, yet performance drops under extreme perspective shifts. Chen[Hi] ahtfoduced
ComplexUAV, a high-resolution UAV dataset covering diverse terrains, along with a contrastive
learning framework that improves retrieval robustness and generalization. Nonetheless, retrieval-
based methods remain insuf cient for accurate 6-DoF UAV localization, motivating alternatives that
leverage geodata directly.

Matching-based localization. Structure-based methods typically build a 3D model using Structure
from Motion (SfM) techniques$3] and establish 2D-3D correspondences, either using mesh mod-
els [7,[76, 45, [69] or dense depth map®&f]. Pose estimation is then performed via PnP algo-
rithms [28, [24, 144, [36] coupled with RANSAC optimization14, (13,5, 6, [3]. Recent advances

in feature matching have produced three primary categories of matchers: dense matchers (e.g.,
DKM [21], ROMA [23]), semi-dense matchers (e.g., LOFTRI[57], eLoFTR [65], XoFTR [62]), and
sparse matchers (e.g., SuperGld€],| DeDoDe P2], XFeat [48]). Geometry-aware techniques

such as MASt3R38 and DUSt3R[B4] further improve matching by integrating geometric con-
straints. While these state-of-the-art matchers provide robust performance across many scenarios,
their effectiveness with orthographic geodata remains unexplored until now.

UAV -speci ¢ localization. Aerial vehicle positioning systems have evolved from 2-DoF to 6-DoF
approaches to address speci ¢ challenges. Early CNN-based techniques employed multiscale block
attention [B2] and capsule network@(], while recent transformer-based frameworks integrate
semantic guidanc@l] and relation-aware global attentiohg, 58, 39] to address scale variations

and urban uncertainties. However, most of these methods target only 2-DoF or 3-DoF localization
rather than full 6-DoF pose estimation required for advanced applications.

For extended pose estimation, several approaches have emerged with increasing degrees of freedom.
For 4-DoF estimation, methods alighAV observations with rendered or autoencoded satellite
imagery |7, /4]. 5-DoF methods employ dual Siamese networks with visual odometry and Kalman
Itering [ 59]. Recent 6-DoF frameworks leverage curriculum learni8i@,[viewpoint-robust feature
extraction [L2], attention-based architectures], visibility-aware registration11], and photorealistic
synthetic datag6, 68]. While all these methods depend on complete 3D models that require
extensive manual effort to create, our approach utilizes widely accessible geodata for 6-DoF pose
estimation and camera calibration. Benchmarking results demonstrate accurate localization despite
temporal gaps between geodata acquisitionldfd ight. This simpli es deployment by utilizing



Figure 2:Data Modalities in OrthoLoC. Each sample includes a query image, a point map (repre-
sented as a depth map), a local mesh, visible 3D keypoints, and photogrammetrically reconstructed
DOP/DSM. The dataset also includes an augmented versi@O#DSM derived from secondary
sources, introducing domain gaps for increased variability.

standardized, government-provided resources rather than requiring custom 3D reconstruction for
each operational area.

3 The OrthoLoC Dataset

We introduce a comprehensild®V localization dataset that addresses key limitations in existing
benchmarks. Our dataset comprises 16.4kW&& images spanning 47 locations across 19 cities

in Germany and the United States, captured in diverse environmental contexts including urban,
suburban, rural, and highway scenes. Each sample provides a query image with precise ground-truth
6-DoF pose, camera intrinsics, and rich 3D scene representations: point maps, 3D keypoints, local
meshes, and aligned 2.5D geodata rasters derived from multiple sources. Figure 2 illustrates the
data modalities in our dataset. Figure 3 presents the complete creation pipeline. Dataset details are
provided in the supplementary material.

3.1 Data Acquisition and Processing

Data collection employed commercial drones equipped with Global Positioning System (GPS). For
each location, we performed 3D scene reconstruction uSfivgand Multi-View Stereo MVS)
techniques to generate camera poses, dense point clouds, and textured meshes. The reconstructions
were georeferenced using Real-Time KinemaR& ) measurements or manually annotated Ground
Control Points (GCPs) to ensure precise spatial alignment.

From these reconstructions, we generated orthogrdpBies via camera renderings amtMs
through rasterization at 5 cm/pixel resolution. We complemented these with &XFKelypoints
extracted from th®OP and lifted to 3D using correspondif®SM elevations, providing reliable
landmarks for pose veri cation.

3.2 Data Pairing

To recover the pose and intrinsic parameters, visual localization methods often require solving image
retrieval before running the proper estimation algorithm. These two steps are coupled, making
it dif cult to disentangle the contribution of each component. Hence, we pair the query with
reference data to isolate the contribution of different components and evaluate localization algorithms
independent of retrieval performance.

To achieve this, we establish precise correspondences by ray-tracing from each query image with
known camera parameters onto the 3D mesh model and exact cropping region®®RlamdDSM
that geometrically align with the query viewpoint. To quantify how positional uncertainty affects



Figure 3:Dataset Creation Pipeline.First, (A) data acquisition involvedAV imagery collection.

This data, combined with georeferencing techniquesdikids andRTK, reconstructs a georeferenced

3D textured mesh. Subsequently, geodata is derived through rasterization and orthographic rendering.
Then, (B) data pairing identi es regions of interest for each query image via raycasting. These areas
undergo random expansion, followed by cropping geometric elements to form samples. Finally,
(C) the data is augmented with geodata from external sources, where spatial alignment is veri ed.

localization accuracy, we extend the reference area beyond the visible query region through spatial
perturbations by applying random offsets of 0-10 meters that simulate realistic retrieval imprecision.

In summary, a dataset sample consists of the t(iple; RP°P; RPSM: K : T; V;F; S), wherel 2
RH W 3 s the UAV image,P 2 R" W 3 s the point mapRPOP 2 RH™ W° 3 g the

orthophoto rasteRPSM 2 RH ™™ W is the elevation rasteK 2 R3 2 is the camera intrinsic
matrix, T 2 SE(3) is the camera pos¥, 2 RN 3 represents the mesh verticEs2 NV 2 de nes

the mesh faces, arfilis the set of 3D keypoints. All geometric elements are transformed into a local
coordinate system to preserve privacy while maintaining precise geometric relationships.

3.3 Domain Augmentation

Solving UAV localization requires robustness to natural changes in scenes due to time passing.
Typically, reference geodata may have been collected months or years bef&ve mht, creating

signi cant domain gaps that cannot be easily addressed through simple data augmentation or domain
adaptation techniques. These gaps are particularly challenging because they involve both appearance
and structural changes that vary unpredictably across locations and seasons.

We can divide these challenges into two categories: (1) visual domain gdp®Ra through
appearance changes (color shifts, illumination variations, seasonal differences) while maintaining
structural consistency; and (2) structural domain gag3SMs through geometric modi cations
(construction changes, vegetation growth, infrastructure evolution).

Including real-world domain gaps in our dataset is essential because synthetic alternatives cannot
replicate the complex natural variations occurring over time. Our dataset provides three sample
categories: minimal to no domain gap (i.e., same-domain) samples that include geodata from the
3D reconstruction, visual domain gaps only (i.e., cross-dom&@), and both visual and structural
disparities (i.e., cross-domaidOP andDSM). Cross-domain samples were created by incorporating
open geodata from European locations and visually verifying alignment with same-domain samples.

3.4 Comparison with Existing Datasets

OrthoLoCpresents the rstUAV localization dataset for 6-DoF pose estimation using governmental
geodata POPs andDSMs) as the only reference. This eliminates costly posed image databases,
meshes, or point clouds, enabling real-time localization without preprocessing.
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