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& World-Scale
UAY Simulation Engine

Fig.1: Overview of AirZoo. (Top) A million-scale synthetic UAV dataset with
pixel-perfect geometry featuring extensive flight trajectories across diverse global re-
gions. (Bottom) Fine-tuning on AirZoo empowers SoTA models to achieve superior
performance in aerial geometric 3D vision tasks, including Aerial image Retrieval,
Cross-view Matching, and Multi-view 3D Reconstruction.

Abstract. Despite the rapid progress in data-driven 3D vision, aerial
geometric 3D vision remains a formidable challenge due to the severe
scarcity of large-scale, high-fidelity training data. Existing benchmarks,
predominantly biased toward ground-level or object-centric views, do
not account for complex viewpoint transformations and diverse envi-
ronmental conditions in UAV-based sensing. To bridge this critical gap,
we propose AirZoo, a unified large-scale dataset and benchmark for
grounding aerial geometric 3D vision. AirZoo possesses three appeal-
ing properties: 1) Scalable Generation Pipeline: Leveraging freely
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available, world-scale photogrammetric 3D meshes, it renders vast out-
door environments with customizable UAV flight trajectories and config-
urable weather /illumination. 2) Comprehensive Scene Diversity: It
provides extensive global coverage (22 countries, 95 base flight sequences,
and 377 weather-conditioned trajectories), systematically encompassing
both highly structured urban landscapes and complex unstructured nat-
ural environments. 3) Rich Geometric Annotations: Each frame
provides synchronized, pixel-level metric depth and precise 6-DoF geo-
referenced poses, essential for geometry-aware learning. Through three
rigorous evaluation tracks—aerial image retrieval, cross-view matching,
and multi-view 3D reconstruction—we demonstrate that AirZoo serves
as a powerful "pre-training engine." Extensive experiments on both pub-
lic and newly collected real-world benchmarks reveal that fine-tuning on
AirZoo yields substantial performance gains for state-of-the-art models
(e.g., MegaLoc, RoMa, VGGT, and Depth Anything 3), establishing a
new performance upper bound for aerial spatial intelligence.

Keywords: Aerial Geometric 3D Vision - Global 3D Rendering - Cesium for
Unreal - Large-scale Aerial Dataset - Retrieval, Matching, and Reconstruction

1 Introduction

Geometric 3D vision, encompassing fundamental tasks such as image-based re-
trieval, feature matching, and multi-view reconstruction, serves as the corner-
stone of spatial intelligence and is indispensable for autonomous robotics and
mixed reality. Recently, the advent of foundation models with large-scale dataset
training has yielded unprecedented performance milestones. However, these ad-
vancements are largely tethered to a terrestrial-centric bias, as mainstream train-
ing corpora are predominantly harvested from ground-level [7,13,25,29,41,57]
or object-centric [6, 12,28, 53] perspectives. This inherent bias creates a severe
domain gap when these models are deployed on UAV platforms. Unlike ground-
based conditions, UAVs operate in a highly unconstrained 6-DoF space, intro-
ducing unique geometric challenges: drastic viewpoint shifts from oblique to
nadir, the frequent replacement of horizontal facades with roofs, and extreme
scale variations due to changing flight altitudes. Consequently, there is an ur-
gent imperative to curate a large-scale, geometry-aware aerial dataset for these
foundation models to unlock the potential of aerial spatial intelligence.
Existing UAV datasets struggle to simultaneously deliver the global scale and
dense geometric supervision required for robust 3D vision (see Tab. 1). While
many existing UAV datasets offer photorealism [8,43,54,61], they often lack the
scale and complete geometric ground truth (e.g., 6-DoF poses, metric depth)
needed for robust training. Even recent efforts providing geometric data [9, 11,
16,19,24,35,48,51] are limited to a few manually crafted city models and lack
viewpoint variety, making them insufficient for sequential geometric supervision.
Alternatively, while some works use freely available, global-scale 3D models like
Google Maps [2,59] to achieve unbounded spatial coverage, they are mainly
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designed for image retrieval tasks. Consequently, they only provide photometric
data, lacking the underlying 3D geometric ground truth entirely.

To boost the research on aerial geometric 3D vision, we present AirZoo,
a large-scale synthetic dataset designed to bridge the critical ground-to-aerial
data gap. Our dataset has several appealing properties: 1) Scalable Gener-
ation Pipeline: We develop a fully automated simulator based on a custom
AirSim-Cesium-Unreal Engine pipeline. The pipeline can automatically gener-
ate diverse environmental conditions, including varying weather and lighting,
ensuring high-fidelity rendering that reflects the complexity of the real world.
2) Comprehensive Scene Diversity: Unlike previous works limited to closed
worlds, our collection spans 22 countries with 95 base flight sequences rendered
into 377 weather-conditioned trajectories. This massive scale covers a wide range
of operational UAV environments, ranging from dense urban centers to rural
landscapes, to ensure robust generalization. 3) Rich Geometric Annota-
tions: Each flight sequence is captured with synchronized sensors, providing
RGB images, metric depth maps, and absolute geo-coordinates. This compels
the network to learn features grounded in stable 3D geometry rather than tran-
sient textures.

To systematically evaluate the utility of AirZoo, we propose a comprehen-
sive evaluation framework spanning three core aerial vision tasks: a) aerial image
retrieval, b) cross-view matching, and ¢) multi-view 3D reconstruction. Beyond
standard public benchmarks, we introduce AirZoo-Real, a real-world dataset
designed to test the limits of current algorithms. By fine-tuning a suite of foun-
dation models—including MegaLoc [3], RoMa [10], VGGT [45], and Depth Any-
thing 3 [26]—on the synthetic diversity of AirZoo, we demonstrate substantial
performance gains across all tracks. Most notably, our results reveal that AirZoo
imparts critical domain-invariant geometric knowledge, empowering these mod-
els with robust zero-shot generalization capabilities when deployed in complex,
unseen real-world UAV scenarios.

Our main contributions are summarized as follows:

— We introduce AirZoo, a million-scale synthetic UAV dataset covering di-
verse global regions with pixel-perfect geometric supervision (metric depth,
verified poses).

— We propose a scalable AirSim-Cesium-Unreal simulator that enables auto-
mated, high-fidelity rendering of global 3D tiles with varying weather and
lighting.

— We finetune SoTA methods (Megaloc, RoMa, VGGT, Depth Anything 3)
on aerial retrieval, matching, and reconstruction tasks, demonstrating that
training on AirZoo significantly improves the performance.

2 Related Work

UAV-Specific Datasets. Constructing a large-scale aerial benchmark with pre-
cise geometry is non-trivial. Existing datasets struggle to simultaneously balance
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Table 1: Comparison with large-scale UAV visual geometry datasets. Regions denotes
geographically distinct environments. (Note that University-1652 and SUES-200 are
limited to isolated landmarks, while AirZoo covers city-scale regions). Condition refers
to environmental variations. Sequence denotes continuous flight trajectories. Pose
indicates precise 6-DoF trajectory. v indicates available, X unavailable.

Dataset Images Regions Altitude (m) Pitch Type Condition Pose Depth Sequence
University-1652 [59]  37.8k 1652 - Varied ~ Syn. X X X X
SUES-200 [61] 24.1k 200 150-300 Varied  Real X X X
DenseUAV 8] 27k 14 80-100 Fixed  Real v X X X
UAV-VisLoc [54] 6.7k 11 4002k Fixed  Real v X X v
UAVDAL [51] 6.8k 1 50-300 Varied  Real X v v X
Game4Loc [19] 33.7k 1 80-650 Varied  Syn. X v X X
MatrixCity [24] 67k 2 100-450 Oblique  Syn. v v v X
UAVScenes [48] 120k 4 80-130 Fixed  Real X v v v
OrthoLoC [9] 16.4k 47 50-300 Varied  Real X v v X
AirZoo (Syn) 1.2M 95 0-800 Varied Syn. v v v v
AirZoo (Real) 9.4k+ 2 0-350 Varied Real v v v v

global scale, environmental diversity, and dense geometric supervision. Specifi-
cally, expansive aerial collections and large-scale retrieval benchmarks [2, 8,43,
54,59, 61] offer high photorealism or expansive coverage, but they fundamen-
tally lack complete geometric ground truth. To circumvent this, geometry-centric
datasets [9,11,16,19,24,35,48 51| provide dense annotations, yet they are severely
restricted to a few localized scenes or specific city models with limited viewpoint
variety. To bridge this critical gap, we propose AirZoo to unlock the geometric
potential of world-scale 3D maps. By introducing an automated pipeline that
simulates realistic UAV flight trajectories to render continuous sequences from
global 3D tiles, AirZoo uniquely pairs immense geographic variety with synchro-
nized dense geometry. This sequence-level design provides the essential spatial
context required for robust 3D vision, significantly boosting zero-shot general-
ization on real-world aerial tasks.

Aerial Image Retrieval. Cross-view image retrieval establishes the similarity
between UAV and satellite imagery to achieve coarse UAV localization. Due to
the high cost of collecting real-world data, University-1652 [59] utilized Google
Earth to simulate circle flights, constructing the first cross-view UAV-satellite
dataset and employing contrastive learning for discriminative feature learning.
With the advent of foundation models [33], AnyLoc [20] combined large-scale
pre-trained models with training-free aggregation, proposing a unified method
for various sub-tasks. However, given the scarcity of cross-view data and ground
truth, most current approaches still adopt methodologies from ground-based
place recognition, such as SALAD [18] and MegaLoc [3]|, which benefit from
more extensive training data.

Cross-view Matching. Cross-view matching aims to establish dense correspon-
dences or feature associations between images captured from drastically different
viewpoints. Previous works have largely focused on the ground-to-aerial domain,
utilizing datasets such as AerialMegadepth [43] and BlendedMVS [56]. However,
state-of-the-art matching [10,40] methods are predominantly trained on ground-
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Fig.2: Overview of the AirSim-Cesium-Unreal simulator. Python issues
WGS84 trajectories, Cesium for Unreal streams Google 3D Tiles into UE, and Air-
Sim controls synchronized RGB, depth, and georeferenced pose capture.

to-ground datasets like MegaDepth. Consequently, these models suffer from a
significant domain gap when applied to aerial-to-satellite matching. Due to the
lack of dedicated training on top-down satellite imagery, their capability to han-
dle the extreme geometric distortions and scale variations in aerial-satellite pairs
is severely limited.

Multi-view visual geometry estimation. Traditional pipelines and early
learning methods [4,22, 23, 36-38,44] heavily rely on stable correspondences and
struggle in ill-posed conditions. Recently, feed-forward Transformers [5, 26, 45,
47,55, 58] shifted the paradigm by directly predicting point maps to jointly
recover depth and poses. Leveraging massive training data and unified archi-
tectures, these methods have achieved state-of-the-art performance and remark-
able generalization across most standard scenarios. However, since their training
datasets mainly consist of ground-level images [7, 13,25, 29,41, 57], deploying
these general-purpose models on UAVs reveals a severe domain gap. They strug-
gle with unique aerial characteristics such as drastic oblique-to-nadir viewpoint
shifts and unstructured terrains. Consequently, scalable and robust geometry
estimation tailored for UAVs remains an open challenge. In this work, we lever-
age our constructed dataset to empower these foundation models, effectively
unlocking their potential for aerial applications.

3 The AirZoo Dataset

In this section, we describe the data generation framework and the statistics of
AirZoo.

3.1 Data Generation and Processing

Global Region Selection. We utilize Cesium for Unreal, a plugin that streams
Google 3D Tiles directly into Unreal Engine 5 (UE5). These tiles provide the
highest level of detail for global-scale 3D photogrammetry models currently avail-
able. We select regions across six continents, covering urban, rural, and natural
terrains for subsequent UAV trajectory simulations. Together, these curated re-
gions establish the bases for our subsequent UAV trajectory simulations.
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Fig. 3: Construction pipeline and properties of AirZoo. Global region selection
(top-left), simulation (top-middle), synchronized RGB-D rendering (top-right), and
multi-condition diversity (bottom).

Automated Rendering Pipeline. We develop a custom AirSim-Cesium-Unreal
simulator for continuous UAV trajectories over global terrains (Fig. 2). The sys-
tem integrates three core components:

— Unreal Engine (UE) provides physically based rendering and supports dy-
namic weather and illumination.

— Cesium for Unreal streams Google 3D Tiles into UE and anchors the
simulation world to geographic coordinates via Cesium Georeference.

— AirSim simulates the multi-rotor UAV and virtual cameras, executing WGS84
waypoints with reproducible pose control.

A Python controller orchestrates the acquisition loop across these components.
It parses predefined trajectories, sends waypoint commands through the AirSim
RPC interface, and performs on-the-fly WGS84-to-UE coordinate conversion.
For each waypoint, AirSim’s Steppable Clock coordinates tile loading and sensor
capture, allowing the simulator to move the UAV to the target pose and record
M = {RGB, depth, intrinsics, pose} in a synchronized step after the streamed
tiles are stabilized. This controlled loop provides deterministic captures with
reliable geometric annotations for downstream learning.

Synchronized RGB-D Rendering. Driven by the aforementioned pipeline,
we record continuous 30 fps flight trajectories rather than isolated keyframes,
generating temporally consistent data along each trajectory. As illustrated in
Fig. 3 (top-right), each rendered frame provides an RGB image coupled with
pixel-aligned absolute depth (in meters) and calibrated camera intrinsics. By
extracting these complete modalities, our engine overcomes the limitations of
previous works [2,59] that rely solely on photometric screenshots, enabling true
geometry-aware learning. Furthermore, we leverage UE5’s dynamic volumetric
systems to simulate diverse environmental conditions. As shown in the condition
examples of Fig. 3, we systematically randomize the time of day and weather
effects for each scene.
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Fig.4: Comprehensive statistics of AirZoo. (Left) Region, environment, and
weather distributions. (Center) Global coverage. (Right) Altitude and pitch envelopes.

3.2 Dataset Statistics

Scale and Modalities. AirZoo represents the largest and most geographically
diverse UAV geometric dataset to date, structured as continuous video sequences
rather than isolated image collections. As shown in Fig. 4, it spans 377 trajecto-
ries across 22 countries, yielding over 1.2 million high-resolution (1600 x 1200)
frames derived from nearly 2,400 km of cumulative flight trajectories. These re-
gions cover six continents and encompass a wide range of environmental diver-
sity, including urban, rural, and natural landscapes (summarized in the top-left
of Fig. 4).

As illustrated in the left panel of Fig. 4, the sequences are annotated with

semantic tags covering various weather presets (Sunny, Cloudy, Rainy, Foggy,
Snowy) and times of day (Day, Sunset, Night). Along these sequences, our sim-
ulated acquisition flights operate within the 0-800 m UAV altitude envelope. To
provide oblique-to-nadir coverage for existing methods, we dynamically sweep
the camera gimbal pitch from 10° (oblique) to 90° (nadir) across the sequences
(detailed in the right panel of Fig. 4).
Geometric Consistency. For seamless integration with standard geometric
pipelines (e.g., COLMAP), we unify data structure and provide a standard pin-
hole camera model with per-frame intrinsics (fs, fy, ¢z, ¢y) and precise 6-DoF
poses logged in both WGS84 (longitude, latitude, altitude) and ECEF Cartesian
coordinate systems. The full pixel-to-WGS84 coordinate transformation chain is
detailed in the supplementary material.

To validate spatial fidelity, we back-project points from a source frame using
rendered depth and pose, then re-project them into a neighboring target frame.
Bidirectional projection yields a median relative depth error of 0.066% with P90
at 0.174% and P95 at 0.380% (Fig. 5), confirming pixel-level depth and pose
fidelity. We further visualize multi-view correspondences and covisibility across
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Fig. 5: Geometric verification. (a) Projection-error CDF with 0.066% median error.
(b,c) Multi-view correspondences and covisibility from one region across four weather
trajectories.

Real UAV Capture (YouTube)

_ Synthetic Rendering (AirZoo)

Fig. 6: Real vs. synthetic comparison at the same viewpoint.

weather trajectories in Fig. 5(b,c), showing stable geometric alignment under
varying appearance conditions.

Photometric Realism. AirZoo uses Google Photorealistic 3D Tiles as the
data source, rendering from real-world 3D meshes textured with high-resolution
imagery [15]. To inspect visual realism, we collect real UAV views from public
DJI clips on YouTube, and reproduce the same viewpoints in AirZoo for synthetic
rendering. As shown in Fig. 6, the real and synthetic views are comparable in
scene layout, object scale, and dominant structural patterns. Although lighting
and shading differences remain visible cues for distinguishing the two, AirZoo
additionally provides synchronized geometry that is difficult to obtain from real
online videos.

3.3 Dataset Usage and Evaluation Protocol

We enforce zero spatial overlap between the AirZoo training set and all test
benchmarks (Table 2). Specifically, the synthetic AirZoo training split covers 19
countries, while Brazil, the USA, and New Zealand are held out for AirZoo-Test.
The evaluation protocol combines AirZoo-Real with public UAV benchmarks,
allowing us to test whether synthetic geometric diversity transfers to unseen real
regions across retrieval, matching, and reconstruction.
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Table 2: Train/test datasets with zero spatial overlap between Part 1 and Part 2.

Dataset Type Regions / Cities Usage Task Results
Part 1, Training (Synthetic)

AirZoo (Train) Synth. Global (19 countries) Train All -
Part 2, Zero-Shot Test

AirZoo-Real Real Changsha (China) Test All Tabs. 4, 6, 7
UAV-VisLoc [54] Real 11 regions (China) Test Retrieval Tab. 3
AerialExtreMatch [52] Real Changsha (China) Test Matching Tab. 5
UAVScenes [48] Real HK, Singapore Test  Reconstruction Tab. 7
UrbanScene3D [27] Real Shenzhen (China) Test Reconstruction Tab. 7
AirZoo-Test Synth. Brazil, USA, NZ Test  Reconstruction Tab. 7

4 Experiments

We evaluate AirZoo as a training dataset on three representative UAV tasks:
aerial image retrieval, cross-view matching, and multi-view 3D reconstruction.
For each task, we keep the backbone architecture fixed and compare its original
pre-trained version with the same model fine-tuned on AirZoo, so the perfor-
mance gap reflects the data contribution rather than architectural changes.

4.1 Aerial Image retrieval

Aerial image retrieval is formulated as cross-view geo-localization: given a UAV
query image, the goal is to retrieve the most relevant geo-tagged satellite tile.
This setting is challenging because viewpoint, scale, illumination, and seasonal
appearance can vary simultaneously. Existing methods still suffer from a clear
domain gap. Several approaches [17,30,51] transfer models trained on ground-
level data, and zero-shot pipelines such as AnyLoc [20] rely on frozen features.
Game4Loc [19] is designed for aerial retrieval but is trained in relatively limited
synthetic environments.

Training on AirZoo. We adopt MegalLoc [3] as the base retriever and fine-
tune it on AirZoo. MegaLoc is pre-trained on four ground-view datasets [1,7,42,
50], providing strong generic representations but remains suboptimal for nadir-
to-oblique matching. During fine-tuning, we use weighted InfoNCE [19], where
positive similarity is modulated by continuous overlap ratios between queries
and satellite tiles.

Evaluation Benchmark. We evaluate on two real-world aerial benchmarks: the
public UAV-VisLoc [54] and AirZoo-Real (i.e., our newly collected real-flight set).
In both settings, UAV images serve as queries, and the retrieval gallery is built
from Google Maps [14] satellite imagery at 0.3m ground resolution. Together,
the benchmark covers 13 geographic regions and over 1,000 query images across
diverse lighting conditions and flight altitudes. To reduce scale ambiguity caused
by altitude variation, we construct the gallery with multi-scale cropping (tile sizes
512 x 512 and 1024 x 1024) and a 50% overlap ratio.
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Table 3: Geo-localization results on the UAV-VisLoc dataset. Our AirZoo
fine-tuned Megal.oc consistently improves over the original Megal.oc across all evalu-
ation metrics (R@Q1, R@3, R@5, and AP@5). Improvements over MegaLoc are shown
in gray, and the best results are highlighted in bold.

Method R@1 R@3 R@5 AP@s5
AnyLoc [20] 17.01 29.51 36.57 12.60
SALAD [18] 25.72 40.03 46.77 17.95
Gamed4Loc [19] 18.68 30.75 41.79 13.20
MegaLoc [3] 26.91 45.04 52.68 19.09

MegaLoc (Ours) 28.64 (+1.73) 46.33 (+1.29) 53.74 (1+1.06) 19.78 (+0.69)

Table 4: Geo-localization results on the AirZoo-Real dataset. Our AirZoo fine-
tuned Megal.oc consistently improves over the original Megal.oc across all evaluation
metrics (R@1, R@3, R@5, and AP@5). Improvements over MegaLoc are shown in gray,
and the best results are highlighted in bold.

Method R@1 R@3 R@5 AP@5
AnyLoc [20] 4.52 9.35 10.45 2.94
SALAD [18] 7.36 19.18 29.48 7.73
Game4Loc [19] 12.67 23.59 34.18 10.66
MegaLoc [3] 6.46 16.52 22.16 6.33

MegaLoc(Ours) 18.66 (1 12.21) 40.70 (- 24.18) 50.53 (28.38) 17.22 (10.89)

Evaluation Metrics. We use Recall@K (K € {1, 3,5}) as the primary metric,
where a query is counted as correct if at least one positive tile appears in the
top-K retrieved results. We also report APQ5 to evaluate ranking quality among
the top returned candidates.

Results. Quantitative comparisons on UAV-VisLoc and our AirZoo-Real are
reported in Tab. 3 and Tab. 4, respectively (with per-scene results in the supple-
mentary). We observe that 1) AirZoo fine-tuning consistently improves top-rank
retrieval quality across both benchmarks; 2) the gain on UAV-VisLoc is moderate
since its query-reference pairs are predominantly nadir-dominant and primarily
differ in scale rather than viewpoint, making the cross-view gap less pronounced;
and 3) the gain on our real-flight benchmark is substantially larger, where arbi-
trary viewpoints coupled with stronger environmental variations create a more
challenging cross-view domain gap that better reflects real-world deployment sce-
narios. These results confirm that AirZoo is particularly effective for improving
robustness in realistic UAV geo-localization under extreme cross-view conditions
beyond near-nadir settings.

4.2 Cross-view Matching

Cross-view matching between orthophoto references and oblique UAV imagery is
a core step for UAV pose estimation. The task is difficult because large viewpoint
changes, altitude variation, and weather differences jointly affect geometric cor-
respondence quality. Most existing matchers are not designed for extreme aerial
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Fig. 7: Qualitative cross-view geo-localization comparisons. Each row corre-
sponds to a real-world UAV query, and each column shows the Top-1 retrieved satellite
tile from different methods. Correct and incorrect predictions are highlighted with
green and pink borders, respectively. Fine-tuning on AirZoo yields more stable re-
trievals across challenging viewpoints and environmental changes.

gaps. ELoFTR [49] and RoMa [10] are primarily trained on ground-view datasets
such as MegaDepth [25]. RoMa (GIM) [39] leverages massive video supervision
to enlarge data scale; however, such video-derived data lacks long-term temporal
spans and diverse environmental dynamics, failing to capture complex illumina-
tion.

Training on AirZoo. We adopt RoMa [10] as the base matcher and fine-tune it
on a curated mixture of the MegaDepth [25] and AirZoo datasets. The network
weights are initialized from the publicly available RoMa checkpoint pre-trained
on outdoor scenes [10].

Evaluation Benchmark. We evaluate on two complementary benchmarks: the
public AerialExtreMatch [52] dataset and AirZoo-Real (i.e., our newly collected
real-flight benchmark). Combined, they span three geographic locations and
more than 500 UAV query images. For each query, we use its GPS prior to crop
spatially corresponding reference tiles from Digital Surface/Orthophoto Models
(DSM/DOM), and then perform cross-view matching on these candidates.
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Table 5: 6-DoF localization results on the AerialExtreMatch dataset. Gray
values indicate improvements over the previous baseline.

Method (5m, 1°) 1 (10m, 1°) 1 (20m, 2°) 1
LoFTR [40] 66.67 66.67 84.47
ELoFTR [49] 81.82 81.82 85.61
DUSt3R [47] 1.52 3.78 16.29
MASt3R [32] 76.14 76.52 87.50
RoMA [10] 95.83 95.83 96.59
RoMA (GIM) [39] 94.32 (-1.51) 94.32 (-1.51) 97.35 (1 0.76)
RoMA (Ours) 96.21 (4+0.38) 96.21 (1+0.38) 98.11 (+1.52)

Table 6: Translation results on the AirZoo-Real dataset. Gray values indicate
improvements over the previous baseline.

Method median | acc@5m 71 acc@Ql10m 1 acc@20m 1
LoFTR [40] 244.20 3.04 6.89 8.13
ELoFTR [49] 229.64 3.93 7.73 9.40
DUSt3R [47] 214.57 2.46 7.80 14.15
MASt3R [32] 183.75 12.70 20.06 24.12
RoMA [10] 5.87 44.95 55.58 57.30
RoMA (GIM) [39] 3.22 ( 2.65) 77.71 (132.76) 84.14 (1 28.56) 86.93 (1 29.63)
RoMA (Ours) 3.03 (2.84) 179.78 (+34.83) 85.35(+29.77) 86.93 (+29.63)

Evaluation Metrics. We report recall-based localization metrics. On Aeri-
alExtreMatch, which provides full 6-DoF annotations, we measure pose recall
at (bm, 1°), (10m, 1°), and (20m,2°). On the AirZoo-Real dataset, where the
ground truth comes from precise RTK positions, we report translation recall at
5m, 10m, and 20m, together with median translation error.

Results. Quantitative evaluations on the AerialExtreMatch and AirZoo-Real
datasets are reported in Tab. 5 and Tab. 6, with qualitative comparisons in Fig. 8.
We observe that 1) AirZoo fine-tuning consistently improves performance over
the original RoMa in 6-DoF and translation-only evaluations; 2) the advantage
remains under both strict and relaxed error thresholds, indicating stable geomet-
ric generalization rather than threshold-specific gains; and 3) improvements are
especially clear in translation-only localization, where the AirZoo-trained model
produces fewer mismatches and more spatially distributed correspondences on
static scene regions. AirZoo provides effective cross-view supervision for robust
UAV matching and downstream pose estimation under challenging viewpoint
and environmental variations.

4.3 Multi-view 3D Reconstruction

Multi-view 3D reconstruction from UAV imagery aims to recover camera poses
and dense geometry from image sequences. Compared with ground-view capture,
UAV data introduces larger altitude changes, stronger oblique views, and wider
illumination variations. Recent transformer-based systems, including CUT3R [46],
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Fig. 8: Qualitative cross-view matching results on AirZoo-Real. Pink boxes
highlight mismatched regions. The original RoMa produces many incorrect correspon-
dences under aerial cross-view conditions. RoMa (GIM), trained on large-scale aerial
video data, alleviates this issue to some extent. Our RoMa, trained specifically for cross-
view matching, produces more uniformly distributed correspondences concentrated on

static scene structures.

MapAnything [21], VGGT [45], and DA3 [26], are mainly trained on ground-level
datasets such as CO3D [34] and RealEstatel0K [60]. As a result, their direct
transfer to UAV trajectories remains challenging.

Training on AirZoo. We fine-tune VGGT [45] and DA3 [26] on AirZoo.
We select 16 trajectories from Brazil, the USA, and New Zealand for valida-
tion/testing, and use the remaining 361 trajectories for training on 8 A100 GPUs.
During training, we sample clips with overlap ratios between 50% and 75%, and
variable sequence lengths (2-24 frames for VGGT, 2-10 frames for DA3). This
strategy increases exposure to diverse baselines and motion patterns.

Evaluation Benchmark. We evaluate on a synthetic test set constructed by
selecting 16 trajectories from AirZoo, as well as on AirZoo-Real (i.e., our newly
collected real-flight set). The real-flight dataset contains 9,430 images captured
over four areas (school, driving school, substation, and plaza) during three time
windows (06:00-08:00, 12:00-14:00, and 18:00-20:00), with additional low-light
data (22:00-24:00) for two scenes. During acquisition, the UAV pitch angle is
maintained between 30° and 45° at approximately 160 m altitude, with RTK
ensuring accurate extrinsics. Depth maps are obtained by rendering from 3D
models built via oblique photogrammetry.

Evaluation Metrics. Following the standard evaluation protocol in [26], we
report distance-thresholded 3D reconstruction metrics using the F1 score com-
puted from precision and recall based on Chamfer Distance, with a threshold of
d = 10.

Results. Quantitative evaluations on UAVScenes [48], UrbanScene3D [27], Air-
Zoo test set, and AirZoo-Real are reported in Tab. 7, with qualitative compar-
isons in Fig. 9. We observe that 1) AirZoo fine-tuning consistently improves
performance over both VGGT and DA3 across all test sets; 2) the discrepancy
between real-world and synthetic results reveals that domain gap remains a
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UAVScenes

Input

Map
Anything

VGGT-
SLAM

CUT3R

VGGT

VGGT
(Ours)

Missing 3D geometry

DA3

DA3
(Ours)

Fig. 9: Qualitative results on AirZoo-Real, UAVScenes and UrbanScene3D.
Red boxes highlight missing or erroneous regions in the reconstruction produced by
the original model. For each column, the reconstruction result is shown with a side
view on the left and a top-down view on the right. Compared with the baselines, our
fine-tuned model produces cleaner and more complete geometry.

substantial challenge for real-flight trajectories, where AirZoo training provides
notable improvements. We also note that while VGGT-SLAM achieves the best
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Table 7: Reconstruction results on AirZoo-Test, AirZoo-Real, UAVScenes
and UrbanScene3D datasets. Our AirZoo fine-tuned VGGT and DA3 consistently
improve over the original methods across all testsets. Improvements over original meth-
ods are shown in gray, and the best results are highlighted.

UAVScenes [48] UrbanScene3D [27] AirZoo-test AirZoo-Real

Method F17 F17 F11 F11
CUTS3R [46] 83.51 39.64 64.99 48.88
MapAnything [21] 90.30 49.73 83.35 45.00
VGGT-SLAM [31] 86.42 45.32 75.65 53.95
VGGT [45] 86.20 43.38 67.67 42.48
VGGT(Ours) 86.98(10.78) 52.61(18.23) 77.32(19.65)  43.67(+1.19)
DA3-Large [26] 87.38 47.83 54.10 49.97
DA3-Large (Ours) ~ 91.42 (2.93) 55.91 (+ 8.08)  86.09 (131.99) 53.07 (+3.10)

performance on AirZoo-Real, this is largely due to its BA-based optimization,
giving it an accuracy edge over purely feed-forward baselines. AirZoo provides ef-
fective supervision for robust multi-view 3D reconstruction from UAV sequences
under challenging viewpoint, illumination, and environmental variations.

5 Conclusion

This paper presents AirZoo, a unified large-scale dataset and benchmark for
grounding aerial geometric 3D vision. The proposed benchmark introduces three
key contributions namely 1) a scalable generation pipeline that leverages world-
scale photogrammetric meshes to render customizable UAV trajectories, 2) com-
prehensive scene diversity spanning 377 weather-conditioned trajectories across
22 countries, and 3) rich geometric annotations providing synchronized pixel-
level metric depth and precise 6-DoF geo-referenced poses. Extensive evalua-
tions across three rigorous geometric tracks demonstrate that AirZoo serves as
a powerful pre-training engine, yielding substantial performance gains for state-
of-the-art models on real-world benchmarks. We believe this work not only ad-
vances the field of aerial geometric perception by bridging the critical gap in
high-fidelity training data, but also establishes a new performance upper bound
for aerial spatial intelligence.
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