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Abstract—Crowd-sourced imagery is increasingly important
for urban mapping and visual localization. However, its reliability
is limited by GPS inaccuracies and heterogeneous capture condi-
tions, including device variability, viewpoint differences, illumi-
nation changes, and temporal shifts. In these settings, achieving
metric-scale pose estimation remains a central challenge. Deep
Learning-based pose estimation models address this problem
by learning to estimate the 6-DoF pose using geometric cues
between image views and metric supervision during training
on large datasets. This encourages spatial consistency and sup-
ports generalization across diverse conditions. Recent learning-
based architectures, often based on vision transformer encoders,
approach the task through unified multi-task frameworks that
jointly predict metric depthmaps and 2D-2D correspondences,
with relative pose estimated downstream. This thesis evaluates
whether such frameworks predict accurate metric depthmaps
under domain shifts. Experiments show that, even with scale
correction through data-driven fine-tuning with metric supervi-
sion, depth predictions from multi-task relative pose estimation
models fail to generalize reliably to out-of-domain environments.
In contrast, monocular models, trained on significantly larger
and more varied datasets, demonstrate strong zero-shot reliability
for metric depth prediction. A hybrid pipeline is proposed that
combines the geometric consistency of relative pose models with
the stable metric cues of monocular models, enabling robust pose
estimation in crowd-sourced outdoor environments.

I INTRODUCTION

Applications such as urban planning [1], infrastructure
monitoring [2], and disaster resilience [3] increasingly rely
on large-scale visual data. Crowd-sourced imagery provides a
scalable and low-cost alternative for such applications, cov-
ering diverse locations and capture conditions that extend far
beyond the scope of controlled datasets. For instance, crowd
workers have used Google Street View panoramas to annotate
urban objects such as street trees, generating accurate geo-
tagged urban maps [4]. Similarly, platforms like Bee Maps
[5] leverage driver-collected street-level imagery to support
detailed mapping of urban infrastructure, while imagery from
Mapillary [6] has been applied to identify road signs, map
pedestrian infrastructure such as sidewalks and crosswalks, and
enhance navigation services.

Despite these benefits, commodity GPS tags in crowd-
sourced imagery often introduce errors of several meters,
undermining their reliability as ground truth for mapping
and localization. Such inaccuracies hinder the training and
evaluation of deep learning methods that rely on accurate

supervision, including models for visual place recognition,
camera pose regression, and large-scale mapping. This prob-
lem is further compounded by the heterogeneity of the data:
images originate from diverse devices, capture conditions,
and viewpoints, which complicates consistent pose estimation
and metric scale recovery. Structure-from-Motion (SfM) [7]-
[9] remains the most reliable purely image-based approach
for camera pose recovery, but is computationally expensive,
sensitive to initialization, and requires auxiliary information
for metric scale.

Early learning-based methods attempted to bypass these
limitations by directly regressing camera poses from images,
demonstrating the feasibility of end-to-end pose estimation but
struggled in complex or dynamic environments [10]. Relative
pose estimation is the task of estimating the relative pose
between two images, whereas absolute pose estimation seeks
to regress the pose of a new image directly with respect to
a known reference frame. In deep learning—based methods,
relative approaches often generalize better to unseen environ-
ments since they do not rely on scene-specific cues but instead
learn features that transfer across domains [11], [12]. Later
approaches shifted toward training specialized networks for
individual components, such as depth estimation or feature
matching, combining geometric principles with data-driven
learning to improve scalability and accuracy [13].

More recently, unified architectures have emerged that
jointly learn dense image-to-image correspondences and met-
ric depth prediction within a multi-task framework. These
models show strong promise for robust feature matching
across diverse scenes and challenging conditions. Because
metric scale recovery is inherently tied to coherent geo-
metric understanding, such architectures implicitly enforce
scale by embedding cross-view geometric constraints within
their learned representations. Training on metric supervision
encourages models to capture both structural and semantic
priors relevant for scale estimation. Nevertheless, it remains
unclear whether such representations generalize robustly to
crowd-sourced outdoor imagery.

In particular, the depthmaps predicted by multi-task rela-
tive pose estimation models must be examined to determine
whether they are accurate in metric scale, i.e., whether the
predictions are aligned with ground-truth or absolute measure-
ments. Beyond accuracy, it is also important to assess whether



the scale of these predictions remagmnsistent meaning it exploiting prior knowledge of a scene such as pre-computed
does not change within a scene and is comparable acrossps or densely captured reference imagery with known
different scenes, or whether it varies depending on the inppbses. For instance, ACE [14] is a map-aware absolute pose
The central issue is whether uni ed multi-task architecturesstimation framework that leverages scene-speci c re-training
which couple correspondence learning with depth supervisitmimprove depthmap predictions using only images and asso-
to enforce metric scale, can generalize under domain shiiated poses. While effective when this information is avail-
In contrast, monocular metric depth models, trained on vastple, map-aware approaches are fundamentally constrained
larger and more diverse datasets, may provide more robbgttheir dependence on priors, limiting their applicability in
and reliable metric cues even though they lack cross-viesgenarios with sparse coverage or unreliable ground truth.
supervision. In contrast, map-free approaches, suchviiskey [16], avoid

To address these gaps, this work systematically compareBance on priors, generally trading some accuracy for greater
the two paradigms: evaluating the capability of multi-tasgeneralization across heterogeneous data.
relative pose estimation approaches to enforce metric scaleRecent map-free architectures for relative pose estimation,
benchmarking them against monocular metric depth modedsich asDUSt3R [17], advance learned pose estimation by
and testing whether metric ne-tuning improves robustneggintly integrating correspondence search, depth regression,
or merely leads to scene-specic adaptation. The followingnd geometric consistency into a uni ed model that processes
research questions guide this study: image pairs. This multi-task framework encourages models

1) Can multi-task architectures supervised on metric degh €mbed structural coherence across views alongside im-
generalize across diverse outdoor environments? ~ Plicit scale cues, yielding robust performance under view-

2) Are the depthmaps produced by multi-task architectur@8int and illumination changes. Its succesSdASt3R[18],
accurate in metric scale, and does the scale remai@hhances the framework with reciprocal matching strategies

consistentwithin and across scenes? and descriptor-level supervision, and further introduces a “Fast

3) Can heuristic or data-driven scale correction improvaeciprocal Matching” algorithm with theoretical guarantees
the accuracy of depthmap predictions from multi-tasRn computational ef ciency. Building on this line of work,
models and lead to more reliable downstream podUSt3R[19] extends pairwise inference to multi-view to
estimation? impose richer geometric constraints and reduce memory when

4) Do monocular metric depth models, trained on largéggressing 3D points. MeanwhilblASt3R-SfM20] integrates

datasets, achieve metric scale accuracy more relialyffozen MASt3R backbone into a full SfM pipeline, com-
across domains? bining ef cient image retrieval, high-quality correspondence

matching, and global optimization for scalable and accurate
3D reconstruction of unconstrained image collections. These
Traditional Structure-from-Motion (SfM) [7]-[9] pipelines developments highlight the versatility of such architectures: a
have long been regarded as the gold standard for visual locgihgle backbone can be adapted for correspondence estimation,
ization (6-DoF pose estimation) and 3D scene reconstructitglative pose prediction, and full 3D reconstruction.
from images alone. These methods rely on detecting and\evertheless, despite employing scale-aware losses during
matching local features across multiple images, followed lsaining, it remains unclear to what extent joint learning of
triangulation and bundle adjustment to jointly estimate camesaene geometry and correspondences enforces faithful metric
poses and reconstruct scene geometry. While highly acagale under domain shifts and unseen environments. A persis-
rate under controlled scenarios, SfM demands dense imaget bottleneck in outdoor pose estimation research lies in the
coverage, precise initialization, and substantial computatiorslarcity of suitable benchmarks [21]. Existing datasets often
resources [7]. These requirements limit SfM's scalability inely on SfM pipelines for ground truth generation and inherit
large-scale or dynamic outdoor environments, which oftdheir limitations. Examples include Aachen Day-Night [22]
include challenges typical of crowd-sourced imagery: moand the Map-Free Visual Localization Benchmark [23], both
ing objects, illumination changes, temporal differences, amdnstructed from heterogeneous image sources. Automotive
heterogeneous data quality. Additionally, SfM requires scatlatasets such as RobotCar Seasons and CMU Seasons offer
information from the scene such as known object sizes lmng-term variation in illumination and weather but exhibit
ground-truth data collected via sensors such as LiDAR telatively constrained viewpoint changes [21]. Ground truth
recover metric scale [7]. in these datasets is typically generated through COLMAP
Deep learning-based pose estimation reformulates camegeonstructions [8], [9], sometimes supplemented with manual
localization as a learning problem, training neural networks smnotation of 2D-3D correspondences [22] and curated pair
regress camera positions and orientations either directly framlection. As a result, pose labels may still inherit errors from
images or through intermediate representations such as deffiv reconstructions [23], or require multi-sensor fusion to
feature correspondences, or dense matching. These methuodgate inaccuracies [21].
can be distinguished asmap-awareor map-freedepending  Metric supervision encourages networks to capture typical
on how they are applied. Map-aware methods, includW@E object sizes and distance distributions in outdoor scenes,
[14], ACEO[15], andMAREPQJ11], achieve high accuracy by embedding metric scale within their feature representations.
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By leveraging diverse geometric cues and semantic pri@sategies to improve metric scale accuracy in depthmaps
betweenimages, relative pose estimation models internalizgedicted by scale-aware multi-task models, covering explicit
not only geometric consistency but also implicit metric scalecale estimation techniques and implicit data-driven correction
information. However, their generalization ability dependsiethods, respectively.
crit.ic.ally on the_size, accuracy, anq diversity.of. availablﬁl_A Problem Formulation
training data, which remains challenging to obtain in complex
outdoor settings. Given a setA of anchor images de ned as

Unlike relatiye pose esti_mation models, monqcular depth A=f(13;P3:K2) ji=1;:;Nag; 1)
models are trained to predict dense depthmaps independently
for each image, enabling access to far larger and more varigberel# is thei-th anchor imageP{ = (R#;t{) its known
training datasets. While such models do not explicitly enco§g@mera pose or assumed to be at the origin, Kridthe
cross-view geometry or relative pose constraints, their depftirinsic parameters. Similarly, we de ne the s@tof query
predictions provide valuable metric cues that can complemémages
multi-view pose estimation pipelines and strengthen their Q
robustness. Typically, these models are rst pre-trained on
large-scale datasets to learn general depth cues, and twelerequ is thej-th query imageKjq are the intrinsics, and
ne-tuned on smaller metric datasets to re ne predictionEjq is the unknown camera pose to be estimated.
and improve alignment with absolute scale [24]-[26]. For Given a pair of images|? (anchor) andl ]_q (query), the
example, Depth Anything V2[26] is a metric monocular matchingneural network function
depth estimation model trained through large-scale teacher— G (12191 M, 3)
student distillation. Leveraging over 62 million real-world LU I
images alongside synthetic data, it demonstrates strong zetkes the two images as input and predicts robust pixel
shot generalization across diverse environments. correspondenced j; between them by leveraging learned

Existing works have yet to fully evaluate how multi-taskeature representations and enforcing mutual nearest-neighbor

relative pose estimation models generalize metric scale ungelationships for cyclic consistency.

domain shifts, particularly in diverse outdoor and crowd- Consider themetric depthneural network function
sourced imagery settings. Addressing this gap, this thesis ) H W 3

makes three main contributions: H:lk! De2R )

1) A systematic evaluation of metric depthmap predic- that predicts a densgepthmapD de ning a 3D point at
tions from scale-aware multi-task relative pose estimavery pixel in imagel ¢ in the camera frame. Some models
tion models, compared against monocular metric depthay directly predict metric 3D points, while others predict per-
models, assessing their accuracy and consistency unpiel metric depth valuesdg 2 R" W). Using the camera
domain shifts. intrinsic parameters, each depth value at piielv) can be

2) An empirical analysis of scale variation in depthmapgansformed into a corresponding 3D point expressed in the
from multi-task relative pose estimation models, demoramera coordinate frame.
strating that predicted scale varies with input. The study For |* (anchor) and jq (query), if Mjj containsP valid
further tests ne-tuning with metric depth supervision a2D-2D image matches, the projection model is then
a scale correction strategy and shows that improvements
remain largely scene—spge}(/:i c rather than gengralizable. uﬁp = KJ'G| RD 'aP L p=1i20P ©)

3) A scalable pipeline that integrates relative pose esg 2 SO(3) andt 2 R® de ne the relative transformation
mation models with robust monocular depth predictorrom the anchor to the query framk, the query intrinsics,
enabling generalizable relative pose estimation acrogsd 2 R a scalar depth factor (= 1 if D is in metric
heterogeneous outdoor scenes. The pipeline can be #&iale).
ther extended by incorporating large-scale datasets SUCfThUS, the relative pose between anchoand queryj is
as ZOD [27] and Waymo [28] to broaden coverage bystimated by nding the optima{R:t) that minimizes the
accurately localizing nearby images from crowd-sourcedprojection error over all correspondencedvin; (as shown
collections like Mapillary. in Figure 1). Pose estimation is performed using OpenCV's

solvePnPRansac , which robustly rejects outliers while

. ) . ] o solving this optimization.
This section outlines the relative pose estimation framework

studied in this thesis. Section IIl.A formally de nes the prob“l'B Choice of G (Image Matching)

lem and introduces a modular pipeline that combines denseA core component of the formulation in Section IIl.A is the

3D depthmaps with 2D image correspondences to estimatatching functionG, which establishes correspondences be-
relative camera pose at metric scale. Sections IIl.B and Illf@&een image pairs. Dense matching methods typically exhibit
then present the models and baselines used to instant@tadratic complexity in the number of pixels, which becomes
this pipeline. Finally, Sections Ill.D.1 and IIl.D.2 describgrohibitively slow for large-scale or crowd-sourced imagery if
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Fig. 1: Using DL based models to substitute for the functi@gimage matching or correspondence search) dngd3D
depthmap predictions), the relative post ) between anchor and query images can be estimated using PnP.

not carefully addressed. MASt3R introduceBast Reciprocal
Matchingscheme that reduces matching complexity by orders
of magnitude while providing theoretical guarantees of cor-

Pro [25], and Depth Anything V2[26]. ZoeDepth is
rst pretrained on multiple datasets for relative depth
estimation to capture scene geometry and then ne-

rectness. This is used & across all evaluations presented in
this work. Experiments show that MASt3R outperforms prior

approaches across a wide range of baselines and illumination

changes, achieving 80% absolute improvement in VCRE

tuned on metric datasets to produce accurate metric-scale
depthmaps. DepthPro is trained to predict metric depth
directly from the start using diverse synthetic and real
datasets, focusing on high-resolution, sharp depth outputs.

AUC! on the Map-Free localization benchmark [18].
[II.C Choice of H (Depthmap Prediction)

The second component of the formulation is the function
H, which provides dense geometric predictions used for pose
estimation. The central question of this thesis is whether
models trained with metric scale supervision generalize to
unseen domains. To this end, we consider a diverse set of
H functions:

MASt3R-DPT: MASt3R uses the same learned de-
scriptors to generate correspondences (Section III.B)
and depthmaps via a distinct Dense Prediction Trans- )
former (DPT) head. It also predicts con dence scores for 10gether, these choices allow us to compare whether
depthmap predictions. The scale correction strategies @&€Pthmaps produced by multi-task relative pose estimation
scribed in Section 111.D are applied to improve the metri@'0dels (MASE3R-DPT) can outperform specialized monocular
scale for MASt3R-DPT. This con guration enables uslepth models in terms of metric scale alignment with Oracle.
to study whether multi-task supervision, which couples . .

correspondence and geometry prediction, can proddfeP Scale Correction Strategies for MAStSR-DPT

metric depthmaps across different scenes.

Metric Monocular Depth Models: We consider three
monocular metric depth modelZoeDepth[24], Depth-

Depth Anything V2 has the largest and most diverse
training domain, including 62 million pseudo-labeled real
images, subsequently ne-tuned on metric datasets for
scale-consistent predictions. As detailed in Appendix A,
these models leverage large and diverse training datasets
with some overlap (Table V).

The Metric Depth Oracle uses ground-truth LiDAR
point clouds which serve as a reference for evaluating
the metric accuracy of predicted depthmaps and facilitates
scale correction. It also allows us to evaluate the MASt3R
matching performance.

This section outlines the approaches used to quantify and
analyze metric scale discrepancies between predicted scene
geometry and ground-truth measurements. Section [lI.D.2

1YCRE AUC (Visual Correspondence Relative Error, Area Under Curvé?u“'neS epr|C|t_scaIe estimation methods that compare the
measures the accuracy of predicted correspondences by quantifying gieund truth LIDAR measurement to the MASt3R-DPT

reprojection error between matched points and the true 3D geometry.d@pthmaps_ Section 111.D.2 explains the data-driven ne-tuning
summarizes the proportion of correspondences with reprojection errors be

lo . . . . . .
varying thresholds as an area-under-curve score, with higher values indicaﬁ_féategy that |mpI|C|tIy tries to Improve the model's predlc-
more accurate and robust matching. tions.



[11.D.1 Explicit Scale Correction In this approach, the MASt3R-DPT is ne-tuned using a
Explicit scale correction involves computing determinis[egression loss that directly. compares predicted and ground-
tic scale factors and subsequengipplying these factors to truth 3D depthmaps. All weights are frozen, except those of

MASt3R-DPT predictions before downstream pose estimatiotlli'.e DPT head forxthe anchor image which is updated using
This process does not update any model parameters; insteag 1) — 1 KX 1predti: V] X 1:gU: VIK, ; (10)
the predicted 3D points are rescaled to align with LIDAR 9 jM 4j (V)M preds R

measurements in the anchor frame. Given two depthmaps . ) . .
de ned in the anchor image fram®?2(u;v) 2 RH W 3 whereM ; denotes the set of pixel locations with valid ground-

composed ok2 2 R: truth dppth from LiDAR. This training opjective d_eviate; from
the original MASt3R and DUSt3R pipelines, which weigh the
5= fx2 oy Dred= fXE preddits ; (6) loss with con dence scores. _ _ -
the objective is to compute scale factor(s) that best dlign, The central premise undg rlylngl this datq—drlven tralnllng IS
. ] that the model learns a distribution specic to the training
to the ground-truth measuremed; using all(u; v) where we . . .
X . S : scenes. It is therefore of interest to determine whether targeted
have valid 3D LiDAR points in the coordinate frame of thé . ; .
X g . . “ne-tuning of the depth regression head can effectively correct
anchor image. We evaluate explicit scale correction using_a :
L ) scale-related errors and how well such adaptations transfer
the heuristic scale factors detailed below. . . -
i o ) _to novel scenes. This approach is conceptually similar to re-
1) Per-Axis Scale Estimatiom per-axis scale VeCt®8 = yqining strategies employed in map-aware frameworks such

[Sx:sy:s.] is computed as the ratio of norms along eacs AcEg, which adapt depth predictions using scene-speci ¢

coordinate axis supervision, as well as to the nal metric ne-tuning stages
s o KD Sk K K2 x V- 20 @ commonly used in mon(_)cular depth p_rediction models (e_.g.,
per-axisk = | 2 ek K Y20, ZoeDepth, Depth Anything V2). We aim to study the gains

o of such adaptations across scenes to assess generalization
where k represents the direction arklk denotes a gpjjity and to compare performance against other metric depth

chosen norm (e.gL; or L,). o prediction networks.
2) Mean Per-Axis Scaldnstead of estimating independent

scale factors per coordinate axis, this method computes
a single global scalenean by comparing the averade, The experimental evaluation is divided into two parts. First,

IV E XPERIMENTS

norm across all axeg we assess performance on the Vision Benchmark Rome (VBR)
. kD2, ko dataset, comparing off-the-shelf models and scale correction
Smean= P—RA XYz 0 agt’k : (8) strategies. Second, we analyze generalization on Mapillary

k2t xyiz KD prek K2 imagery, providing a qualitative evaluation under real-world

This approach assumes the same scale error acré@pture conditions.
axes, unlike per-axis scaling which corrects each axig A Experimental Setup
independently.

3) Similarity Transform (Umeyama Methodk full sim-
ilarity transform estimating scals, rotation R, and

This section details the datasets used, how training and
evaluation splits were de ned, and chosen evaluation metrics.

translationt solves IV.A.1 Datasets
X ) The Vision Benchmark Rome(VBR) [29] dataset contains
s;R;t =arg min SRX Poreat U Xigt 5,5 (9) trajectories collected across six locations in Rome: Spagna,
s Pincio, DIAG, Campus, Colosseum, and Ciampino. For this

with R 2 SO(3) andt 2 R3. The Umeyama algorithm study, Pincio (dense vegetation), DIAG (indoor setting), and
provides a closed-form solution including the optimafolosseum (crowded with people) are excluded, focusing

scales; the translation and rotation from this solutioinstead orSpagna Campus andCiampino, which represent
are ignored. urban scenes featuring buildings and roads. The dataset also

provides associated frame transformations between the LiDAR
and camera sensors, as well as camera intrinsics and distortion
This section presents a strategy for implicitly encoding scaparameters. Trajectories collected in the Campus scene orig-
into thedepthmaypredictions generated by the neural networinate from the same physical location at Sapienza University
H . Rather than relying on post-hoc scaling corrections, this apf Rome and thus treated as one uni ed scene (Figure 3b).
proach aims to improve the metric stability of the predictionis contrast, trajectories from the Ciampino scene are recorded
by modifying the model's outputs directly, thereby producingn different physical locations with no overlap and these are
accurate metric depthmaps without depending on LiDAR aplit into two independent scenes, Ciampinol and Ciampino2
test time. Supervision is provided via ground-truth LiDARFigure 3c).
point clouds, with the goal of reducing scale error while Each scene includes one or more trajectories consisting
preserving the geometric consistency learned by MASt3R. of images, local LiDAR point clouds, and corrected poses

[11.D.2 Implicit Scale Correction
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