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Abstract. Metric scale monocular geometry estimation has seen signif-
icant progress through large-scale data aggregation, yet current founda-
tion models suffer from a persistent “scale-collapse” phenomenon: dis-
tant landmarks and vast landscapes are metrically underestimated. This
performance gap stems from a training data bottleneck, where exist-
ing metric-scale datasets are hardware-constrained to unvaried street-
level LiDAR or short-range indoor scans, or consist of synthetic data
that lacks the semantic complexity of the physical world. To bridge this
gap, we curate a new metrically-grounded, in-the-wild dataset that we
call MetricScenes, gathered from a variety of sources including Inter-
net photo collections and stereo imagery. We estimate camera poses and
initial depth maps for each scene using off-the-shelf methods, and re-
cover absolute scale from geo-tagged metadata as well as known stereo
camera baselines. We also improve the quality of depth maps derived
from MetricScenes via a new two-stage Poisson completion method. Fine-
tuning MoGe-2 on our dataset significantly mitigates scale-collapse and
achieves superior metric accuracy in unconstrained, open-domain scenes
while maintaining state-of-the-art performance on standard benchmarks.
Project page: https://metricscenes.github.io/.
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1 Introduction

Determining absolute scene scale from a single image is an inherently ill-posed
task. Consider the tourist photo of the Arc de Triomphe in Fig. [Il From vi-
sual information alone, we can’t be completely certain that we’re looking at
the monumental real-world landmark, as opposed to a cleverly constructed toy
scene. However, there are visual cues to absolute scale, some of which humans
rely on, such as reference objects of known scale (e.g., people). Modern monoc-
ular geometry estimation (MGE) models ought to be able to perform a similar
deduction via such semantic priors and other cues.

However, we found that current state-of-the-art methods frequently fail to
estimate correct scene scale, leading to a persistent scale-collapse phenomenon in
“in-the-wild” scenarios. Fig. [1|shows an example where clear semantic references
(people) are present, yet where models like MoGe-2 |33] exhibit a significant scale
inconsistency across the range of distances: the predicted metric scale for near-
field objects is plausible—in this case, the tourists have a plausible height—yet
the scale for far-field structures is dramatically underestimated—here, the Arc
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Fig. 1: Scale-collapse in metric geometry estimation. State-of-the-art monocu-
lar geometry estimation (MGE) methods like MoGe-2 exhibit a persistent scale-
collapse phenomenon, where far-field structures are metrically shrunk and pulled to-
ward the camera. According to Wikipedia, the real Arc de Triomphe has a physical
width of 44:8 m, but MoGe-2 predicts a metric point cloud of width just 18:8 m. By
fine-tuning on our proposed MetricScenes dataset, our model, WildMoGe, recovers a
more faithful landmark scale (43:4 m) while maintaining consistent metric estimation
for foreground subjects (~ 1:4 m).

de Triomphe in the background is metrically predicted to be just 18:8 m wide,
which is more than 2 smaller than the ground truth width (44:8 m). MoGe-2
has posited a miniaturized landmark, despite cues to the contrary.

We argue that this performance gap is due to limitations in available training
data. Current metric-scale, real-world datasets are restricted to two narrow cate-
gories due to hardware constraints: 1) terrestrial LIDAR datasets like KITTI
and Argoverse 2 , which are predominantly confined to vehicle-mounted street
scenarios featuring limited diversity, and 2) active 3D scanner-captured data,
such as ScanNet++ and ARKitScenes |1, which are restricted by their short
effective range to small-scale environments like indoor rooms. Synthetic datasets
attempt to bridge this gap through diverse perspectives and motions ,
but fail to capture the true metric diversity of the real world due to the reliance
on procedural rules and limited 3D assets.

To enrich the availability of real-world metric data, we introduce Metric-
Scenes, a large-scale dataset curated from a variety of commonplace visual
sources including Internet photo collections and stereo imagery. These sources
provide the environmental and semantic variety missing from existing hardware-
constrained datasets. We reconstruct camera viewpoints and initial depth maps
via off-the-shelf methods, then recover absolute physical scale by leveraging ge-
olocated landmark metadata and stereo camera baselines. Specifically, we ag-
gregate data from AerialMegaDepth , MegaScenes , and Stereo4D ,
and develop pipelines to extract metric-scale depth maps in each case. We ob-
serve that depth maps derived from SfM and MVS often lack foreground tran-
sients. Naive Poisson completion fails here because the gradient guidance pro-
duced by monocular models also suffer from scale-collapse, causing the solver to
unnaturally enlarge foreground objects or distort boundaries. To remedy this,
we propose a two-stage edge-aware Poisson completion algorithm that decou-
ples background metric alignment from foreground integration, ensuring sharp
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boundaries and consistent metric scale throughout the view. We show that ne-

tuning MoGe-2 on MetricScenes signi cantly improves metric accuracy for un-

constrained, in-the-wild photos. Our model generalizes e ectively to novel scenes
while maintaining performance comparable to state-of-the-art methods on stan-

dard benchmarks.

2 Related Work

Scale Ambiguity. Recovering absolute dimensions from a single image in-
volves inherent scale ambiguity. Despite advances, resolving true physical scale
remains a central challenge for monocular metric depth and geometry estima-
tion (MDE/MGE). Early works like ZoeDepth [2] |and LeRes [45] attempted to
bridge this gap using domain-speci ¢ metric heads or focal length decoupling.
Recent foundation models have introduced more sophisticated alignment strate-
gies. The Metric3D series|[10,44] transform images into a virtual camera space to
resolve metric ambiguity across diverse data sources. UniDepth v2 [23] employs
a self-prompting camera module, which simultaneously learns to predict cam-
era embeddings. MoGe-2| [33] decouples structural geometry from global scale,
utilizing DINOv2 global tokens for scale prediction.

However, these architectural innovations are often insu cient for robust in-
the-wild generalization. As shown in Fig.[], state-of-the-art models su er from
scale-collapse in unconstrained environments, often underestimating the dimen-
sions of distant structures. This performance gap suggests that the primary bot-
tleneck is no longer architectural, but rather a fundamental lack of scale-diverse,
real-world training data.

Metric-scale Datasets. Real-world metric depth datasets relied on physical
sensors like terrestrial LIDAR (e.g., KITTI [30], Argoverse 2 [38], Waymo [28])
and active 3D scanners (e.g., ScanNet++|[43], ARKitScenes [1]). While scale-
accurate, these are restricted to driving corridors with limited diversity or small-
scale indoor rooms and often su er from spatial misalignment and sensor asyn-
chrony. To bypass these hardware limits, synthetic datasets, like urban-focused
MatrixCity [17]{and Synscapes [39], indoor-oriented Hypersim|[24], and aerial-
view TartanAir [34], provide noise-free, dense labels across diverse domains. To
further improve generalization, internet-scale collections like MegaDepth|[19]
and BlendedMVS [42] use structure from motion methods [25] to reconstruct
scenes with wide semantic diversity, though they recover geometry only up to
an unknown scale.

We analyzed standard training data and found a critical imbalance: large-
scale in-the-wild SfM datasets o er semantic variety but lack metric scale. Metric
supervision is currently split between LiDAR-based datasets, comprising 59%
of outdoor metric frames but limited to driving scenarios; and the rest are
synthetic data, which lacks real-world complexity. No existing large-scale real-
world dataset simultaneously provides absolute scale and in-the-wild diversity.
Our work addresses this gap by creating MetricScenes, a real-world metric-scale
dataset that provides depth training data that is both metric and sharp.
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3 Generating Metric-Scale 3D Data

To Il critical gaps and add diversity missing in existing real-world metric datasets,
we leverage widely available visual sources, including Internet photo collections
and stereo imagery. In Sec. 3.1, we describe how we process noisy Internet photo
collections and recover physical scale using geo-tagged metadata. In Sec. 3.2, we
cover how we acquire high-quality dense depth maps from stereo video sequences
and recover metric scale using known camera baselines. The initial depth maps
we obtain from o -the-shelf vision methods often contain holes and missing re-
gions. In Sec. 3.3, we describe a new two-stage edge-aware depth completion
strategy that preserves correct scene scale and geometry while enhancing depth
sharpness.

3.1 Internet Photo Collections

We gather imagery from AerialMegaDepth [32] and MegaScenes [29], which
consist of diverse Internet-sourced photography, including historical archives,
tourist snapshots, and professional imagery. Speci cally, AerialMegaDepth en-
hances MegaDepth [19] by jointly reconstructing landmarks with geo-tagged
aerial views rendered from Google Earth. MegaScenes provides a vast collection
of SfM reconstructions recovered at an arbitrary scale. We leverage geo-tagged
images from online mapping services to anchor these reconstructions to absolute
physical dimensions.

Robust SfM and MVS. For AerialMegaDepth, we use the SfM results pro-
vided in their dataset. For MegaScenes, we implement a pipeline addressing both
structural errors and local depth inaccuracies. First, to resolve potential Doppel-
ganger issues [5], where visually similar but geographically distant 3D surfaces
cause spurious correspondences that mislead the reconstruction, we follow [40]
to obtain sparse reconstruction results with MASt3R-SfM [7] and the Doppel-
ganger classi er. For both AerialMegaDepth and MegaScenes, after MVS [26], on
the obtained geometric depths, we apply a stability Itering strategy to identify
and remove unstable pixels with high depth variance, and leverage MoGe-2's
predictions to Iter out depth-bleeding regions where background depth eats
away foreground depth [18,19]. This depth re nement pipeline ensures the nal
labels are geometrically consistent and free from dynamic artifacts. Examples
are shown in Fig. 2.

Metric-Scale Recovery from Geolocations. To establish a globally consis-

tent metric coordinate system, we leverage geo-referenced imagery to anchor
our 3D reconstructions, as illustrated in Fig. 2. AerialMegaDepth achieves met-
ric scale by jointly reconstructing Internet photos with Google Earth renderings
from speci ed, geolocated viewpoints. Since the rendered viewpoints are inher-
ently metrically grounded, the resulting models inherit the absolute metric scale.
Since MegaScenes lacks metric information, we leverage online mapping sites to
obtain geo-tagged street view images:
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Fig. 2: Metric depth from Internet photo collections. Geo-tagged images ob-

tained from online mapping sites can be used to scale SfM results to absolute met-
ric scale. AerialMegaDepth [32] is reconstructed with pseudo-synthetic views rendered
from Google Earth and scenes are scaled accordingly. MegaScenes [29] contains natively
unscaled SfM results. We augment these SfM models with georeferenced street-level
views to scale the geometry to physical dimensions. After scaling and running MVS,
we apply a depth lItering method to remove transient objects ( box) and lIter

out depth-bleeding regions (red box).

Viewpoint sampling: We ascertain the landmark's outline and sample
approximately 100 evenly distributed viewpoints along surrounding roads.
Coverage optimization: To ensure full-facade coverage, we query for im-
ages with camera headings directed toward the scene center and apply geo-
metric occlusion checks to remove obstructed views.

Data preference: We prioritize imagery and metadata contributed by pro-
fessional providers over those from individual users, as the former o ers more
accurate geolocation.

To register these geo-tagged images to existing reconstructed SfM models in
MegaScenes, we use a method based on MASt3R. Speci cally, MASt3R descrip-
tors are used to compute matches between geo-tagged images and the existing
reconstructed models. To resolve matching ambiguities arising from scene sym-
metries or repetitive elements, we use the Doppelganger classi er [40] to prune
spurious correspondences in the scene graph. After registering the geo-tagged
images, we use the COLMAP's model aligner [25] to rotate the reconstruction
into a Manhattan World frame, ensuring the dominant vertical and horizon-

tal structures in the scenes are axis-aligned. To establish absolute metric scale
and positioning, we apply RANSAC to robustly estimate a similarity trans-
formation between the recovered 3D camera positions and their corresponding
Earth-Centered, Earth-Fixed (ECEF) coordinates. To ensure robustness, we dis-
card scenes with implausible scale factors, high mean registration errors, or low
RANSAC inlier ratios.

3.2 Stereo Imagery

The Stereo4D dataset [11] provides a large-scale collection of diverse, real-world
stereoscopic video sequences captured using VR180 devices. The dataset origi-
nally o ers roughly-estimated metric scaled depth maps, using the assumption
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