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Calib3R: A 3D Foundation Model for Multi-Camera to Robot

Calibration and 3D Metric-Scaled Scene Reconstruction

Davide Allegro', Matteo Terreran! and Stefano Ghidoni®

Abstract—Robots often rely on RGB images for tasks like
manipulation and navigation. However, reliable interaction typi-
cally requires a 3D scene representation that is metric-scaled and
aligned with the robot reference frame. This depends on accurate
camera-to-robot calibration and dense 3D reconstruction, tasks
usually treated separately, despite both relying on geometric
correspondences from RGB data. Traditional calibration needs
patterns, while RGB-based reconstruction yields geometry with
an unknown scale in an arbitrary frame. Multi-camera setups
add further complexity, as data must be expressed in a shared
reference frame. We present Calib3R, a patternless method that
jointly performs camera-to-robot calibration and metric-scaled
3D reconstruction via unified optimization. Calib3R handles
single- and multi-camera setups on robot arms or mobile robots.
It builds on the 3D foundation model MASt3R to extract
pointmaps from RGB images, which are combined with robot
poses to reconstruct a scaled 3D scene aligned with the robot.
Experiments on diverse datasets show that Calib3R achieves
accurate calibration with less than 10 images, outperforming
target-less and marker-based methods.

Index Terms—Calibration and Identification; Sensor Fusion;
3D Reconstruction.

I. INTRODUCTION

Robots perceive and understand their surroundings using
onboard sensors, most commonly RGB or RGB-D cameras,
which capture both visual and geometric information from
the environment for tasks such as manipulation [1]-[3] and
autonomous navigation [4], [5]. Although RGB-D cameras
and other 3D sensors provide depth information, they often
suffer from noise and incomplete measurements in real-world
conditions [6]-[8]. RGB cameras, on the other hand, are
generally more stable, less affected by noise and capable of
capturing high-resolution images rich in color and texture. For
this reason, many robotics applications prefer to rely on RGB
data [9], [10]. However, despite its effectiveness, 2D visual
data alone is insufficient for safe and reliable interaction with
the environment. Robots require a 3D representation of their
surroundings that is metric-scaled and aligned with their own
reference frame [11], [12]. This challenge becomes even more
complex when multiple RGB cameras are used simultaneously
to cover a wider field of view and capture richer visual
information, as all camera data must be expressed with respect
to the robot reference frame [13], [14]. Addressing this issue
involves two fundamental tasks: (i) extrinsic calibration of the
onboard cameras with respect to the robot’s reference frame,
and (ii) 3D scene reconstruction, to estimate the environment’s

LAll the authors are with the Department of Information Engineer-
ing (DEI) at the University of Padova, via Gradenigo 6/B, 35131
Padova, Italy. Email: davide.allegro.l@phd.unipd.it,
[matteo.terreran; stefano.ghidoni]@unipd.it

Collection of
RGB images

Calib3R

Joint optimization for scene and robot alignment

~ ~
/ .
\,

MASt3R i i
i Scene geometry optimization :

’ ‘ Pointmaps | Camera-to-robot calibration ]
Image i

e

{
E
i ’
1 Cross-camera alignment

Y features

Output:
i Multi-Camera to robot calibration and 3D metric-scaled reconstruction

Fig. 1. Overview of the Calib3R method. A set of RGB images and their
corresponding robot poses are used as input. The images are processed
by the 3D foundation model MASt3R to generate dense local pointmaps.
These pointmaps, together with the robot poses, are then used in a joint
optimization that estimates the global scene geometry, performs camera-to-
robot calibration, and refines cross-camera alignment. The result is a metric-
scaled 3D reconstruction aligned with the robot reference frame.

geometry from visual inputs. Although both processes rely
on geometric correspondences extracted from a set of RGB
images, they are traditionally addressed as separate tasks.

In the context of extrinsic calibration, the process is com-
monly referred to as hand-eye calibration for robotic arms [15],
and as motion-based calibration for mobile robots [16], [17].
Despite the differences between these two approaches, they
share a common goal: estimating the pose of each camera
with respect to a robot reference frame such as the end-effector
frame for manipulators or the base frame for mobile robots.
To encompass these configurations under a unified term, we
refer to the general case as camera-to-robot calibration.

Traditional camera-to-robot calibration methods typically
rely on capturing multiple images of fiducial markers or
calibration patterns [18]-[22], require dedicated infrastructure
such as external motion capture system [23], additional sensors
such as LiDAR [24], [25], and often involve manual data
collection [26]. These requirements make them too slow

This work has been submitted to the IEEE for possible publication. Copyright may be transferred
without notice, after which this version may no longer be accessible.



https://arxiv.org/abs/2509.08813v1

and cumbersome for dynamic environments where fast and
frequent recalibration is often required. Moreover, calibration
techniques for multi-camera setups typically focus on relative
extrinsics between cameras, while neglecting the estimation of
the transformation between each camera and the robot refer-
ence frame [27]-[30]. Additionally, most existing approaches
are tailored to either robotic arms or mobile platforms [31],
[32], neglecting the shared challenges between these settings.
Such limitations highlight the growing need for calibration
methods that are fast, robust, and easy to deploy, and that can
seamlessly generalize across different robotic configurations.

Once the camera-to-robot calibration is available, the second
step—reconstructing the 3D scene—typically relies on multi-
view geometry. Approaches like DUSt3R [33] and its succes-
sor MASt3R [34] propose a novel two-view reconstruction
paradigm that estimates local dense 3D geometry directly
from two RGB images by extracting visual correspondences
and relative camera poses. MASt3R-SfM [35] further extends
this approach by introducing a global alignment strategy that
optimizes multiple pairwise poses to place all views into a
shared coordinate system, even though only up to an unknown
scale factor. While the resulting reconstructions lack the metric
scale, their geometric accuracy and consistent alignment offer
a valuable opportunity: by adding the information provided
by the robot’s known poses (e.g., from odometry or forward
kinematics), it is possible to simultaneously estimate the
camera-to-robot transformation and the scale factor required
to align the reconstruction to the robot reference frame, thus
obtaining a metric 3D representation of the environment.

To exploit this opportunity, we propose Calib3R, the first
method to jointly perform camera-to-robot calibration and
dense 3D reconstruction using only RGB images and cor-
responding robot poses, all within a single comprehensive
optimization process. Images captured by a single- or multi-
camera system mounted on the robot are first processed by
the 3D foundation model MASt3R, which produces local
pointmaps. These pointmaps, combined with the robot’s poses,
are used in a unified optimization that reconstructs the global
scene geometry, performs camera-to-robot calibration, and, in
the multi-camera case, refines the relative alignment between
cameras. The result is a metric-scaled 3D reconstruction
aligned with the robot’s reference frame, as illustrated in
Fig. 1. Calib3R demonstrated to be robust and accurate over
a wide range of synthetic and real-world scenarios, including
both robotic manipulators and mobile robots, eliminating the
need for depth sensors, fiducial markers, or multi-stage calibra-
tion procedures and achieving high-precision calibration with
less than 10 images. Notably, Calib3R outperformed existing
target-less methods and even several pattern-based baselines.

In summary, this paper presents the following key contribu-
tions:

o Calib3R, a unified framework for joint camera-to-robot
calibration and metric-scaled 3D scene reconstruction in
robotic systems with multiple cameras, including both
mobile platforms and manipulators;

¢ a joint loss function that integrates relative local recon-
structions from a 3D foundation model with robot motion
constraints, enabling the estimation of all main camera

parameters in a single optimization step without requiring
any calibration pattern;

« an extensive performance evaluation on diverse datasets,
demonstrating that Calib3R achieves a precision level
comparable to or better than pattern-based methods, while
being more general;

e a systematic study on data efficiency, showing that
Calib3R remains robust and outperforms both targetless
and pattern-based baselines even in low-data scenarios.

II. RELATED WORKS

Hand-Eye Calibration: Hand-eye calibration is a well-
established problem in robotics that aims to estimate the
relative pose between a camera and a robot’s end-effector.
It is typically addressed by capturing a series of images of
a known calibration pattern (e.g., a checkerboard) using a
camera rigidly mounted on the robot hand, and using both
the images and the corresponding robot poses to compute the
camera’s extrinsic parameters. Different mathematical formu-
lations exist for solving hand-eye calibration; a widely adopted
approach involves solving the equation AX = X B, where X
is the unknown rigid transformation describing the pose of the
camera with respect to the robot, while A and B denote the
relative motions of the end-effector (from robot kinematics)
and the camera (from pattern observations), respectively [31],
[36]-[38]. Several other approaches were proposed: Shah [39]
formulated a closed-form solution for the hand-eye problem
by using an algorithm based on Singular Value Decomposition
(SVD) and the Kronecker product to solve for rotation and
translation separately, while Li et al. [40] used dual quater-
nions to solve them simultaneously overcoming the limitations
of the Kronecker product. Wang et al. [23] extended hand-
eye calibration to multi-camera setups by incorporating a
common reference frame but required an external motion
capture system, limiting its applicability to small setups.
Andreff and Heller [41], [42] proposed two similar hand-eye
calibration methods that leverage the Structure-from-Motion
(SfM) paradigm to estimate camera motion and introduce a
formulation for hand-eye calibration that includes a factor
to metrically scale camera poses. However, their methods
treat motion estimation and calibration as two separate steps.
This decoupling, especially when relying on hand-crafted
features such as SIFT [43] for point correspondences, can lead
to suboptimal calibration accuracy and reduced robustness.
Furthermore, although their approaches achieve metric-scaled
camera poses, they do not produce a globally consistent 3D
reconstruction aligned with the robot’s reference frame in a
unified process. More recent learning-based approaches [44]
introduce deep models for hand-eye calibration but require the
robot’s gripper to be visible in the camera view.

Zhi et al. [45] were the first to leverage the 3D foundation
model DUSt3R for hand-eye calibration of a single-camera
system mounted on a robot arm, but their method, Joint
Calibration and Representation (JCR), relies on a precomputed
reconstruction that is aligned to the robot only in a subse-
quent post-processing step. As a consequence, reconstruction
and calibration remain two separate processes, with the 3D



model treated as an external input rather than being integrated
into the calibration loop. This separation limits the mutual
refinement between the two stages and ultimately reduces
the accuracy and generality of the results. Additionally, JCR
performs translation and rotation optimization independently,
a decoupled strategy that reduces accuracy. Finally, the method
relies on a grid search over a predefined range of scale values
to determine the optimal metric factor—an approach that is
computationally inefficient and not well suited for general,
scalable applications.

We address these limitations by introducing a unified op-
timization framework that jointly performs multi-camera to
robot calibration and metric-scaled 3D reconstruction at once.
The method integrates the 3D foundation model directly into
the calibration process, allowing both stages to benefit from
mutual feedback. Crucially, it also optimizes the metric scale
factor as part of the same loop, eliminating the need for
exhaustive grid search.

Motion-Based Calibration: Although often treated sepa-
rately, motion-based calibration is fundamentally related to
hand-eye calibration [46]. Both share the same underlying
goal: estimating the transformation X that best aligns the
motion of the camera with that of the robot. In this context,
A and B represent the relative motions of the robot base and
the camera, respectively. The robot base frame is typically
defined at the geometric center of the four wheels, and its
motion is commonly derived from odometry or wheel encoder
measurements. Censi et al. [47] exploit this approach by
combining wheel odometry with exteroceptive sensor data for
multi-sensor calibration on mobile robots. Similarly, Kum-
merle et al. [48] propose an algorithm for visual odometry
calibration based on motion data. CamOdoCal by Heng et
al. [49] calibrates multi-camera systems integrating wheel
odometry with matching features between current frames and
all other cameras’ past frames, leading to slow and compu-
tationally intensive calibration. Della Corte et al. [32] build
on these efforts by jointly estimating sensor time delays and
extrinsic parameters between cameras and robot. However, it
is well known that motion-based methods struggle to recover
the full six degrees of freedom (6DoF) in camera-to-robot
transformations when the robot moves on a planar surface [50].
In such cases, the z-component of the transformation becomes
unobservable due to the lack of vertical motion, a limitation
known as the unobservability of the z-coordinate. To address
this, Zuniga’s RobotAutocalib [51] rely on ground plane
detection to estimate all 6DoF. However, its sequential two-
step process, first solving for z, y, and yaw angle, then
estimating the remaining 3DoF, can introduce inconsistencies.
It also requires a large number of images (often exceeding
50) to accurately reconstruct the ground plane. Similarly,
MEMROC [20] achieves full 6DoF estimation with fewer
images but depends on a calibration pattern for extrinsic
estimation.

Recently, several learning-based calibration methods have
emerged. Meyer et al. [52] introduced a technique that uses
road features (e.g., lane markings) to calibrate yaw and es-
timate ground orientation for pitch and roll. However, this
method assumes the vehicle follows a straight path with clearly

defined road markings. Yan et al. [53] proposed SensorX2Car,
which estimates the 3DoF rotation between the sensor and the
robot using vanishing points and the horizon line. This method,
however, assumes the vehicle’s orientation aligns with its
trajectory, making it unsuitable for side-mounted cameras [23].
To address these limitations, our novel calibration method
estimates the full 6DoF pose of single- or multi-camera
systems with respect to the robot by detecting the ground
plane directly from the metric-scaled 3D reconstruction which
is also generated by our method. This approach does not
require external markers or other scene elements such as lane
markings, vanishing points, or predefined trajectories.

3D Foundation Models: Traditional 3D reconstruction
methods, such as Structure-from-Motion (SfM) [54] and
Multi-View Stereo (MVS) [55], rely heavily on visual feature
matching across multiple views. While learning-based meth-
ods such as VGGSfM [56] and DF-SfM [57] have advanced
the field by integrating end-to-end trainable components into
the classical SfM pipeline, they still depend on handcrafted
solutions for keypoint detection, camera initialization, and
triangulation. As a result, they often struggle in scenarios with
only a few available viewpoints or minimal camera motion.

The emergence of large-scale 3D Foundation Models [58],
[59] has marked a paradigm shift in 3D vision. Among
these, DUSt3R [33] decomposes the SfM problem into two
distinct stages: (1) local 3D reconstruction from image pairs
through pairwise pointmaps, and (2) global alignment of these
pointmaps into a unified world coordinate system. Although
this formulation simplifies the overall optimization process
compared to traditional pipelines, it introduces challenges in
precision and scalability.

To overcome these limitations, MASt3R [34] extends
DUSt3R by incorporating dense, pixel-level matching and
more robust pointmap regression mechanisms, leading to more
reliable local reconstructions. Building further on this foun-
dation, MASt3R-SfM [35] proposes a complete multi-view
framework, processing multiple image pairs with MASt3R
and subsequently aligning them to a consistent global coor-
dinate frame through a dedicated optimization process. More
recently, VGGT [60], a state-of-the-art 3D foundation model,
introduced a feed-forward neural network to directly infer
all key 3D scene attributes without requiring any explicit
optimization step.

Despite these advancements, a critical limitation of current
3D foundation models is their lack of metric consistency and
alignment with a robot’s reference frame. These models rely
solely on independently moving cameras without explicitly
including robot motion into the reconstruction pipeline. As
highlighted in [45], they often fail to produce physically
accurate, metric-scaled reconstructions, even when trained on
metrically consistent data. This scale ambiguity, combined
with the absence of alignment to a robot’s reference frame,
significantly hinders the applicability of these 3D foundation
models in robotics, where accurate metric reconstruction is
essential. Calib3R addresses these limitations by directly in-
tegrating robot poses into the optimization process, enabling
both metric-scaled 3D reconstruction and accurate camera-
to-robot calibration. This joint formulation ensures that the



resulting 3D model is not only metrically consistent but also
aligned to the robot’s reference frame.

III. PRELIMINARIES

Our method takes inspiration from the recent MASt3R-
StM framework [35], which performs Structure-from-Motion
optimization based on pointmaps output by the 3D foundation
model MASt3R [34]. In this section, these models are briefly
described highlighting their main mathematical concepts and
notations.

MASt3R is a recent 3D foundation model which computes
joint local 3D reconstruction and dense pixel-wise matching
between a pair of input images. Formally, given two RGB im-
ages of size W x H, denoted as 7¢, 70 € RW>*#*3 the model
predicts two corresponding pointmaps, X%?, X/ ¢ RWxHx3,
These pointmaps are dense 2D maps with the same structure as
the input images, where each pixel, instead of storing an RGB
color, contains its corresponding 3D coordinate expressed
in the reference frame of Z°. Each pointmap is associated
with its own confidence map, C** and C»/ ¢ RWxHx1
which indicate the reliability of the predicted 3D points. Addi-
tionally, the model outputs two d-dimensional features maps
D" D% € RW>xHxd capturing local appearance features.
To establish reliable correspondences between the two images,
the fast nearest-neighbor (NN) algorithm from [34] is applied
to the feature maps D%’ and D%/ . This algorithm initializes a
set of points on a regular pixel grid and iteratively refines them
to obtain the correspondences M*/ = {y;, > yJ} =1, |mii|
between Z* and Z7, where y,,, v denotes a pair of matching
pixels.

MASt3R-SfM builds upon the MASt3R model to develop
an unconstrained SfM pipeline for multi-view reconstruction
from a collection of images. It exploits MASt3R’s encoder
as an image matcher to identify pairs of overlapping images,
and its decoder to perform pairwise local 3D reconstruction
in the form of pointmaps, along with dense pixel-wise corre-
spondences for the selected pairs. Based on the resulting local
pointmaps, it performs a two-stage global optimization: first
aligning local reconstructions in 3D space via a matching loss,
then refining the alignment by minimizing 2D reprojection
errors.

Specifically, given a collection of N images, MASt3R-SfM
first constructs a sparse scene graph G = (V, &) where each
vertex in V is an image and each edge ¢ = (n,m) € & is
a pair of overlapping images [35]. To select this subset of
informative image pairs, it adopts a scalable pairwise image
matcher which predicts co-visibility scores between image
pairs to retain only those with sufficient overlap. The matcher
builds on the ASMK (Aggregated Selective Match Kernels)
image retrieval method [61], leveraging the token features
produced by MASt3R’s encoder as local features, to predict
an approximate co-visibility score s € [0, 1] that measures the
likelihood of overlapping content between two images, Z and
T7. By evaluating all possible image pairs, a symmetric co-
visibility score matrix S € [0, 1]V > is constructed. MASt3R-
SfM then builds a sparse, connected co-visibility graph by
sampling a minimal yet connected set of image pairs from &,

via farthest point sampling and nearest-neighbor connections.
For each image pair (4, j) in the co-visibility graph, MASt3R’s
decoder is used for joint local 3D reconstruction and pixel-
wise matching, obtaining raw pointmaps X“?, X%J. Since
each pair involving a same image Z" provides a different
estimate of X™"™ and C™" for all (n,j) € &™ where
E" = {(a,b) € Ela = nV b = n}, the various estimates
obtained for an image 7" are aggregated into a canonical
pointmap X" using a confidence-weighted average defined as:

Zeesn cnn (6) Xnn (6)
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where X™"(e) is the pointmap X™" obtained from the image
pair e = (n,j) € £™. MASt3R-SfM aims to compute global
scene reconstruction, which strongly depends on parameters
such as the camera intrinsics K and the extrinsic pose of each
view, denoted as TV:, for n =0,...,N — 1. To ensure that
the pointmaps precisely satisfy the pinhole projection model,
it introduces a constrained pointmap x" defined explicitly as
a function of the camera parameters:

X" =, (o0, K, TYY, Z™) 2)

X" = (D

where each 3D point x7'; at pixel (i,7) in the constrained
pointmap is obtained by means of the inverse reprojection
function 7, ! depending on 3D points from the depth map
7n = X:’f:ﬁ, the camera intrinsics K, the camera pose
of view n,' Tgf , and a scale factor o,,. These parameters
are treated as optimization variables for each pointmap to
enforce relative consistency across views through a two-step
optimization process that addresses the global alignment.

First, the optimization coarsely aligns each local pointmap
x" within a common world coordinate system YV by minimiz-
ing a 3D matching loss L£3p via gradient descent. This loss
reduces the distance between corresponding 3D points across
multiple views and is defined as:
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where p € M™™ denotes the matching pixels in each
respective image, weighted by their respective confidence g,,.

Then, a second optimization stage refines the scene geome-
try by minimizing the 2D reprojection error of 3D points in all
image pairs, represented by the reprojection loss Lop defined
as:
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ensuring that projected 3D points 7,(x,") from camera m
accurately correspond to their original 2D observations y;;
on camera n and viceversa, with each term weighted by the
confidence ¢, of the pixel correspondence between y,; and y,".
However, this two-step sequential approach is prone to error
accumulation, making it less reliable than joint optimization
methods. Moreover, MASt3R-SfM exhibits physical scale
inconsistencies [45], producing 3D representations that lack
metric accuracy and are not aligned with the robot’s reference



frame, posing significant challenges for deployment in real-
world robotics scenarios.

IV. CALIB3R

Calib3R jointly performs camera-to-robot calibration and
3D scene reconstruction, supporting a wide range of robotic
systems equipped with RGB cameras, including both mobile
platforms and manipulators, as illustrated in Figure 1.

Calib3R follows the approach presented in MASt3R-SfM,
making use of the foundation model MASt3R to compute
pairwise local 3D pointmaps, which are then aligned through
a global optimization process into a common reference frame.
The proposed method handles both single- and multi-camera
setups mounted on a robot, and relies on a unified optimization
step that incorporates robot-centric information—such as kine-
matics or odometry—to improve reconstruction consistency
and produce metric-scaled, globally consistent 3D reconstruc-
tions directly aligned with the robot’s coordinate system.

As illustrated in Figure 2, consider a mobile robot navi-
gating an environment or a manipulator operating within its
workspace, equipped with M RGB cameras. While moving
through a sequence of NN robot poses, the system captures
images of a generic static 3D scene. Given this collection of
N x M images, the objective is to estimate the transformation
ng_ between each camera C; and a robot reference frame R
(e.g., robot end-effector or robot base) while simultaneously
producing a metric 3D reconstruction of the observed scene,
expressed in the initial robot reference frame (W = Ry).
To achieve this, Calib3R first computes pairwise local 3D
pointmaps as intermediate representations, exploiting the co-
visibility graph strategy introduced in [35]. As described in
Section III, a subset of informative image pairs £ is selected
using a pairwise image matcher based on MASt3R’s encoder,
potentially including pairs from different cameras if they have
overlapping content. MASt3R then processes these pairs to
generate local 3D reconstructions and computes canonical
pointmaps ij) for each image : = 0,..., N — 1 from each
camera j = 0,...,M — 1. These local reconstructions are
then aligned in the robot reference frame through a single
optimization process that aims to minimize a loss function
involving three main contributions: (i) a scene geometry term
to enforce 3D reconstruction quality, (ii) a camera-to-robot
calibration term to incorporate robot motion and metric-
scaled information, and (iii) a cross-camera term to model
rigidity constraints between sensors when multiple cameras
are available.

The scene geometry term estimates the rigid transforma-
tions T(}/X . that align each camera view C;; to a common
reference frame )}V, based on 3D correspondences between
local pointmaps. This term is composed of the two losses
introduced in Section III: the 3D matching loss L£3p defined
in (3) to minimize distance of any pair of matching 3D point
in the pointmaps, and the 2D reprojection loss Lop in (4)
which enforce consistency between different viewpoints. Since
Calib3R is designed for general multi-camera setups, these
constraints are explicitly modeled through per-camera losses
Lsp,j and Lop ; for each generic 4" camera.

The camera-to-robot calibration term is a loss defined
according to the classic hand-eye calibration formulation:

N—-1
L= ||AX - XBl|, (5)

=0

As illustrated in Figure 2, A; and B; are the robot and
camera motions between poses ¢ and ¢ + 1, while X is the
unknown rigid transformation from the camera to the robot
reference frame. In traditional hand-eye calibration, both A;
and B, are assumed to share the same metric scale—typically
ensured by deriving B; from observations of a calibration
pattern. In contrast, Calib3R does not rely on any patterns
and directly estimates camera motion during the optimization
process, where the relative motion of the j** camera from pose
1 to pose 7 + 1 is computed as:

=Ty - T¥,,, - (6)
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Since such estimations of the camera motion lack a consistent
metric scale, the standard hand-eye calibration formulation
in Eq. (5) cannot be applied directly. To overcome this, we
explicitly introduce an unknown scale factor A; > 0 for each
camera j mounted on the robot, and incorporate it into the
optimization. A separate scale factor per camera is essential
to handle cases where no visual overlap exists between images
captured by different cameras. Without such shared content,
the relative scale between their independently reconstructed
scenes cannot be inferred from visual correspondences. The
resulting calibration loss for the j*"* camera is defined as:

N—-1
Learj = Y 14X = XB;i(\)|l, ()
1=0
where
Rp.. Mg, .
Bji(Aj) = { o f} ®)

represents the camera motion with its translation components
scaled by the A; factor. This formulation ensures alignment
between each camera’s motion and the robot’s trajectory,
enforcing metric consistency and enabling all camera obser-
vations to be expressed in the initial robot reference frame.

When multiple cameras are mounted on the same robotic
system—for instance, in mobile platforms to enhance envi-
ronmental perception [20], [51], it is possible to exploit the
relative rigid transformation between cameras as additional
constraints in the optimization process. To this end, Calib3R
introduces a dedicated cross-camera consistency loss that
jointly optimizes the relative poses between multiple cameras
when available. By leveraging synchronized robot motion and
enforcing rigidity constraints, it preserves the fixed inter-
camera geometry throughout the trajectory, enabling consistent
multi-camera calibration within a unified optimization frame-
work. As shown in Figure 3 for a multi-camera robot setup,
the motion of two cameras C,, and C,, between poses i and
1+ 1 can be expressed using the general hand-eye formulation
AX = X B, as follows:

Cn,i C _ C C7n,i
T, inTe, =Te, Te
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Fig. 2. Formulation of camera-to-robot calibration. Let R; denote the robot’s reference frame at time step ¢, either the robot base for a mobile platform (left)
or the end-effector for a manipulator arm (right). The robot is equipped with one or more cameras C; and moves from pose 4 to i 4 1 within the environment,

capturing images of a static 3D scene during its motion. A; and Bj ; represent the relative motions of the robot and the gt

camera, while X denotes the

unknown rototranslation matrix describing the pose of the camera with respect to the robot reference frame.

where X = TC is the unknown r1g1d transformation between

cameras C, and Cm, while A; = T " 1+1 and B; = TCC::H
denote their respective motions between consecutive robot
poses. Applying this constraint across all images for a camera
pair (C,,,C,,) mounted on the robot yields the following

cross-camera loss:

('7"099 - Z H n l+1 TC
(10)

where TCCZ’;I()\n) and T m 1+1(>\m) represent the relative
transformation between consecutive poses with their transla-
tion components scaled by the corresponding factors \,, and
Am. This cross-camera loss enforces geometric and temporal
consistency across cameras by ensuring that their relative
motions, remain coherent throughout the robot trajectory.

In summary, Calib3R jointly optimizes scene geometry,
camera-to-robot calibration parameters, and inter-camera re-
lationships through the following unified loss function:

Cy, 7nL
~TE e Onl

WL7+1

M-1
ﬁCalz’bSR = E E3D,j + £2D,j +£cal,j + § Ecross .
: ——
j=0 scene v(n,m)

1D
The unified loss function is minimized via gradient descent,
simultaneously estimating in a single step all key camera pa-
rameters to ensure a consistent, metric-scaled, and physically-
constrained reconstruction aligned with the robot’s reference
frame. Specifically, the optimization yields: (i) the pose TC‘/Jv .
for each image ¢ of each camera j relative to the initial
robot frame, (ii) a scale factor \; for each camera’s trajectory,
and (iii) the rigid camera-to-robot transformations ng for all
cameras mounted on the robot.
When only a single camera is mounted on the robot (M =
1), the joint loss L..,ss vanishes, since there are no camera

pairs to compare. In this case, it has no influence on the overall
optimization.
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Fig. 3. Relation of incremental motion of multiple cameras onboard of the
same robot formulated as an hand-eye calibration problem where the unknown
matrix X = T " descrlbeﬂ the relatlve pose among cameras Cp, and Cp,.

V. EXPERIMENTAL EVALUATION PROTOCOL

To validate the effectiveness of the proposed Calib3R
method, we designed a comprehensive evaluation protocol
encompassing both robotic arms and mobile robot scenarios,
demonstrating its applicability across different robotic plat-
forms. In both contexts, we selected datasets that include at
least one scene with a standard calibration pattern, enabling
direct and fair comparisons with both traditional calibration
methods that explicitly rely on such patterns and more recent
pattern-free approaches based on generic image features. In
addition, we also assess Calib3R on datasets that do not
contain any pattern, to highlight its general applicability in



Fig. 4. Franka Pattern dataset: Experimental setup with
a 7x10 checkerboard (3 cm squares) placed within the
robot’s workspace for calibration.

Fig. 5.

unconstrained and realistic environments. Qur evaluation is
focused on two core aspects, as introduced in Sec. IV: the
accuracy of camera-to-robot calibration, and the metric scale
consistency of the scene geometry.

A. Metrics

We adopt two quantitative metrics to comprehensively as-
sess the calibration accuracy and the metric scale accuracy of
the 3D reconstruction.

Calibration accuracy is measured in terms of translation
and rotation errors of the estimated camera-to-robot transfor-
mation. The translation error is computed as the Euclidean
distance between the estimated translation vector ¢ and the
ground-truth vector ¢. The rotation error is computed as the
angle derived from the axis-angle representation of the relative
rotation matrix between the estimated R and ground-truth R
rotations, denoted as angle(-):

] M1 R M— .
et =37 Z It —tll2, eg= Z angle(RTR). (12)
1=0 1=0

Metric scale accuracy is evaluated on datasets that include
a checkerboard. All checkerboard corners detected across IV
views from M cameras are reprojected into the reconstructed
pointcloud and arranged based on the known checkerboard
layout. We compute the mean Euclidean distance d*) be-
tween adjacent corners (both row- and column-wise) for each
checkerboard detection k, and evaluate the mean reconstructed
square size mg in comparison with the ground-truth square
size s. We report the absolute scale error mg — s, the standard
deviation o, and the relative scale error 5 as follows:

my
s = sz %) =

This evaluation provides a robust indication of Calib3R’s
ability to produce metrically accurate reconstructions, an es-
sential capability for robotic perception and interaction.

x 100. (13)

Franka Object dataset: Generic objects are
placed in the robot’s workspace to support calibration
and scene reconstruction without relying on a pattern.

Fig. 6. GraspNet-1Billion dataset: Robot
setup with generic objects placed in its
workspace [62].

B. Manipulator-mounted Camera Validation

Calib3R is validated on three different robotic arm datasets:
two collected using our own manipulator setup and one public
benchmark. The Franka Pattern and Franka Object datasets
were acquired using a Kinect Azure camera rigidly mounted
on a Franka Emika Panda robot arm (see Fig. 4 and Fig. 5).
The Franka Pattern dataset consists of 25 robot poses captured
in front of a 7 x 10 checkerboard with 3 cm squares, while the
Franka Object dataset replicates the same poses but replaces
the checkerboard with generic objects to simulate a pattern-
free setting.

To extend our evaluation to realistic manipulation scenarios,
we also include the GraspNet-1Billion benchmark [62], a
large-scale public dataset for robotic grasping (Fig. 6). We
randomly select 25 images from scene_0100 to maintain
consistency with our experimental protocol.

C. Mobile Robot Validation

For mobile robots, we evaluate Calib3R on multiple datasets
collected across various platforms and diverse environments.

The MEMROC dataset [20] includes both real and synthetic
sequences captured using a tri-camera setup mounted on a
mobile robot observing a 7 x 6 checkerboard with 10cm
squares (see Fig. 9 and Fig. 10). This dataset enables direct
comparison between pattern-based and pattern-free calibration
methods.

The OpenLORIS dataset [63] provides single-camera se-
quences recorded in realistic indoor environments (Fig. 11),
while the CSE Benchmark [64] offers synthetic data generated
in NVIDIA Isaac Sim using a mobile robot equipped with a
dual-camera configuration (Fig. 12).

D. Computational Setup

Experiments with Calib3R and the 3D foundation model-
based method were conducted on an NVIDIA A40 GPU with
48 GB of GDDR6 memory. Classical calibration methods were



TABLE I
AVERAGE ERROR IN THE ESTIMATED CAMERA-TO-ROBOT (HAND-EYE) TRANSFORMATION, COMPUTED USING IMAGES ACQUIRED FROM 25 ROBOT
POSES IN THE FRANKA PATTERN DATASET (FIG. 4), FRANKA OBJECT DATASET (FIG. 5) AND GRASPNET-1BILLION (FIG. 6). THE PATTERN COLUMN
INDICATES WHETHER THE CORRESPONDING METHOD REQUIRES A CALIBRATION PATTERN. TRADITIONAL METHOD CAN NOT BE USED IN FRANKA
OBJECT DATASET AND GRASPNET-1BILLION BENCHMARK SINCE IT IS NOT INVOLVED A CALIBRATION PATTERN.

Method Pattern Franka Pattern dataset | Franka Object dataset | GraspNet-1Billion [62]
et [cm] eg [rad] et [cm] eg [rad] et [cm] eg [rad]
Tsai [36] v 2.631 0.041 - - - -
Park [37] v 3.610 0.038 - - - -
Horaud [46] v 2.743 0.038 - - - -
Andreff [65] v 11.341 0.033 - - - -
Daniilidis [66] v 2.472 0.035 - - - -
Evangelista [31] v 0.781 0.041 - - - -
COLMAP [54] + Calib X 28.210 0.122 18.212 0.092 22.324 0.122
DUSI3R [33] + Calib X 24.641 0.043 16.431 0.031 18.212 0.042
MASt3R SfM [35] + Calib X 1.812 0.023 1.742 0.027 3.427 0.032
VGGT [60] + Calib X 1.734 0.034 1.674 0.038 2.342 0.031
Calib3R X 1.127 0.014 0.415 0.011 1.744 0.023

executed on a standard workstation equipped with an Intel
Core 17-1280P CPU, 16 GB of RAM, and running Ubuntu
20.04.

VI. RESULTS ON HAND-EYE CALIBRATION

We conducted extensive experiments on Franka Pattern
dataset (Fig. 4) to compare classical pattern-based hand-
eye calibration methods [31], [36], [37], [46], [65], [66],
against recent reconstruction-based methods inspired by
Zhi [45]. Specifically, reconstruction-based methods, includ-
ing COLMAP [54] and 3D foundation model such as
DUSt3R [33], MASt3R-SfM [35], and VGGT [60], were used
to estimate camera poses purely through visual geometry. Sub-
sequently, these poses are used to perform hand-eye calibration
using the formulation proposed by Zhi [45].

The quantitative results of our experiments, summarized in
Table I, present a thorough comparison of classical pattern-
based (v') and modern pattern-free calibration strategies (X)
by evaluating average translation and rotation errors in the
estimated camera-to-robot transformations. Notably, Calib3R
significantly outperforms all reconstruction-based methods
that follow a two-step calibration pipeline, such as COLMAP
+ Calib and DUSt3R + Calib, reducing the translation error by
an order of magnitude (1.127 cm compared to 28.210 cm and
24.641 cm, respectively). Calib3R also outperforms MASt3R-
SfM + Calib, achieving nearly a 40% reduction in both
translation and rotation errors. Importantly, although both
methods are built on MASt3R, the joint optimization strategy
of Calib3R clearly demonstrates that a unified pipeline yields
more accurate and consistent results. This underlines the
inherent limitations of decoupled approaches, which are more
vulnerable to intermediate reconstruction errors and misalign-
ments between stages. Furthermore, Calib3R surpasses even
the strongest reconstruction-based competitor, VGGT + Calib,
reducing translation error by over 30%. Among traditional
pattern-based methods, Calib3R outperforms all except Evan-
gelista’s reprojection-minimization approach, which achieves a
slightly lower translation error of 0.781 cm. However, Calib3R
achieves the best rotation accuracy overall—including com-
pared to Evangelista’s method—reaching a remarkably low

error of 0.014 radians. This robustness in rotation estima-
tion stems from two key factors: first, rotation is inherently
unaffected by scale ambiguity, which remains a challenging
component of calibration; and second, unlike checkerboard-
or pattern-based methods that rely on a limited set of locally
accurate points, our approach leverages 3D foundation models
that extract and match visual features densely and globally
distributed across the image, resulting in more stable and
redundant geometric constraints. To demonstrate Calib3R’s
broad applicability, we evaluated it not only on scenes with
calibration patterns, where it performs comparably or better
than the state of the art, but also on patternless environments.
Specifically, we tested it on Franka Object dataset (Fig. 5),
replacing the checkerboard with arbitrary objects to simulate
a realistic scenario without explicit calibration targets. In this
more challenging setting, traditional pattern-based methods
are no longer applicable, underscoring the importance of
robust pattern-free calibration approaches. Calib3R clearly
outperforms all reconstruction-based methods, achieving ex-
ceptionally low translation and rotation errors (0.415cm and
0.011 radians, respectively). Remarkably, these results are even
superior to Evangelista’s method tested on Franka Pattern
dataset, which had the advantage of using a dedicated calibra-
tion pattern. This highlights a significant advancement in the
accuracy and reliability of pattern-free calibration approaches.

Moreover, since 3D foundation model-based reconstruction
methods are typically more computationally demanding, we
restrict our comparison to other foundation model-based ap-
proaches and analyze how calibration accuracy varies with the
number of input images in the Franka Object dataset, as shown
in Fig. 7.

In this experiment, we started with the initial set of 25
images captured by the single-camera system and progres-
sively removed 2 random images at each step until reaching a
minimum of 5 images—a particularly low number for calibra-
tion. The results show that Calib3R consistently outperforms
all other methods in both rotation and translation accuracy.
Specifically, it achieves a translation error below 5cm and
a rotation error under 0.04 radians with as few as 5 images.
Notably, with just 15 images, Calib3R maintains a translation
error below 1 cm.



Calibration Error vs. Number of Images
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Fig. 7. Camera-to-robot transformation accuracy as a function of the number
of input images. Starting from 25 images, 2 random images were removed at
each step down to a minimum of 5.

To further assess the robustness of the proposed method,
we evaluated its calibration accuracy on the publicly available
GraspNet-1Billion dataset [62]. Similarly to the Franka Object
dataset we limited the comparison to pattern-free methods.
The resulting hand-eye calibration accuracy is reported in the
last column of Table I. Calib3R achieves superior perfor-
mance even on the challenging GraspNet dataset, although
the results are slightly less accurate than those obtained
on the Franka Object dataset. This gap may be attributed
to the limited variability in robot motion within GraspNet
sequences, which primarily involve grasping tasks. The re-
sulting camera viewpoints are predominantly top-down, with
minimal rotation—particularly around the roll and pitch axes.
This lack of diverse and distinctive motion trajectories likely
limits the observability of the unknown transformation, thereby
reducing the effectiveness of calibration methods that rely
on motion diversity to achieve high accuracy. A qualitative
example of the metric-scaled 3D reconstruction using a scene
from the GraspNet-1Billion dataset is shown in Fig. 8. The
reconstruction was generated using 15 RGB images, and it
clearly shows how all elements are accurately aligned with
the robot’s base reference frame.

As a final step, we assessed the metric scale accuracy of the
reconstructed 3D scene on the Franka Pattern dataset, focusing
on Calib3R and recent dense reconstruction-based approaches.
Note that COLMAP was excluded from this analysis, as it
does not produce reconstructions that are sufficiently dense or
complete to reliably project the checkerboard corners into 3D
space. The evaluation of this metric is reported in Table II.
As clearly shown, Calib3R achieves the highest metric con-
sistency among all methods, significantly reducing the relative
scale error of its closest competitor VGGT + Calib (3.67% vs.
5.67%).

VII. RESULTS ON MOTION-BASED CALIBRATION

To evaluate the generalizability and robustness of Calib3R
in mobile robot scenarios, we performed extensive experi-
ments with several state-of-the-art calibration methods. These

Fig. 8. Metric-scaled 3D reconstruction of a scene from the GraspNet
dataset [62], generated using only 15 RGB images. Both the estimated camera
poses and the corresponding robot poses are expressed in the robot’s base
frame by applying the kinematics from the initial end-effector pose (at step
0).

TABLE 11
METRIC SCALE ACCURACY OF 3D RECONSTRUCTION ON FRANKA
PATTERN DATASET. THE TABLE REPORTS THE MEAN SCALE ERROR, THE
STANDARD DEVIATION AND THE PERCENTAGE SCALE ERROR RELATIVE
TO THE TRUE CHECKERBOARD SQUARE SIZE OF 3 CM. LOWER VALUES
INDICATE HIGHER METRIC CONSISTENCY.

Franka Pattern dataset
Method ms — s [em] | o [em] | es [%]
DUSt3R [33] + Calib 0.79 0.091 26.33
MASt3R SfM [35] + Calib 0.41 0.027 13.67
VGGT [60] + Calib 0.17 0.008 5.67
Calib3R 0.11 0.005 3.67

approaches are designed exclusively for calibration and do
not include 3D reconstruction, which is typically handled by
separate systems. To the best of our knowledge, no existing
method jointly performs both calibration and reconstruction in
mobile robot setups. Therefore, we evaluate Calib3R against
the following calibration-only baselines:

o Motion-based methods: Zuniga et al. [51] (pattern-free
X) and MEMROC and its variant Joint-MEMROC [20]
(pattern-based v);

o Learning-based method: SensorX2Car by Yan et al. [53]
(pattern-free X).

Note that, a well-known limitation in mobile robot cali-
bration is the z-unobservability problem [50]. Since the robot
moves on a planar surface, the z-component of the transfor-
mation cannot be inferred from motion alone. In accordance
with existing literature [51], we estimate this z-translation
component post-calibration using the camera’s height from the
ground.

To this end, we propose a VLM-based ground plane es-
timation pipeline. Specifically, we employ Grounding DINO
[67] and SAM?2 [68] to segment the floor in each RGB
image using natural language prompts. These segmentations
are back-projected to the final 3D pointcloud and the final z-
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Fig. 9. Real-world experimental setup of

the MEMROC dataset [20]. the MEMROC dataset [20].

Fig. 10. Synthetic experimental setup of Fig. 11. Robot from the

Fig. 12. Experimental setup from the CSE

OpenLORIS dataset [63]. Benchmark dataset [64].

TABLE III
AVERAGE ERROR IN THE ESTIMATED CAMERA-TO-ROBOT TRANSFORMATION ACROSS THE REAL-WORLD AND SYNTHETIC MEMROC DATASETS, AS
WELL AS THE OPENLORIS AND CSE BENCHMARKS, COMPUTED OVER 25 ROBOT POSES. THE PATTERN COLUMN INDICATES WHETHER THE METHOD
REQUIRES A VISIBLE CALIBRATION PATTERN.

Real MEMROC [20]

Synthetic MEMROC [20]

OpenLORIS [63] CSE benchamrk [64]

Method Patern |0 "reml g [rad] | ep [em] ep [rad] er [em]  ep [rad] | e; [em]  eg [rad]
MEMROC [20] 7 3412 0.031 0712 0.004 - - - -
Joint-MEMROC [20] | « 3325 0.031 0.709 0.005 - - - -
Zuniga [31] X 2231 0123 7172 0113 35126 0202 | 17123 0189
SensorX2Car [53] X — 0.043 - 0.026 - 0.039 - 0.028
Calib3R X 3725 0021 2432 0.006 3419 0033 | 2723 0005

component of the camera-to-robot transformation is estimated
as the average height of the camera across N all frames:

1Nfl
v

This prompt-based approach proves more robust than tra-
ditional geometric methods (e.g., RANSAC [69]), which are
prone to misidentifying other planar surfaces such as tables or
walls as the ground.

Table III summarizes the results across the following
datasets: real-world and synthetic MEMROC datasets [20],
OpenLORIS [63], and the CSE benchmark [64]. The MEM-
ROC datasets feature visible checkerboard calibration patterns,
allowing the use of pattern-based methods such as MEMROC
and Joint-MEMROC. In contrast, OpenLORIS and CSE do
not contain such patterns, making pattern-based methods in-
applicable.

Calib3R demonstrates strong and consistent performance on
both the real-world and synthetic versions of the MEMROC
dataset. On the real-world data, it achieves results comparable
to the best pattern-based method, Joint-MEMROC, with only
a 12% increase in translation error (3.725cm vs. 3.325cm),
while improving rotation accuracy by approximately 32%,
as discussed in Sec. VI. As expected, MEMROC and Joint-
MEMROC achieve superior performance on the synthetic
dataset, thanks to their use of highly accurate relative cam-
era poses obtained via the calibration pattern. In such ideal
conditions, free of noise, pattern detection is nearly perfect,
resulting in metrically precise camera poses.

Among pattern-free methods, Calib3R clearly stands out.
The motion-based method by Zuniga et al. [S1] shows signifi-

(14)

cantly higher errors, particularly on the real-world MEMROC,
with translation errors exceeding 10cm and rotation errors
above 0.1 rad. The learning-based approach SensorX2Car [53]
does not estimate translation and achieves low rotation accu-
racy.

We further evaluated Calib3R on the OpenLORIS [63]
and CSE benchmark [64] datasets (last two columns of Ta-
ble III). On both datasets, Calib3R substantially outperforms
the alternatives, especially in translation, achieving errors of
3.419cm and 2.723 cm—an order of magnitude lower than
those of Zuniga’s method (35.126 cm and 17.123 cm), which
is impractical for real-world robotic applications. SensorX2Car
remains limited by its lack of translation estimation. In rotation
as well, Calib3R achieves strong results outperforming all
other state-of-the-art pattern-free approaches.

As in the robotic arm scenario, we evaluated the calibra-
tion methods on the real MEMROC dataset by progressively
reducing the number of images per camera, from 25 down
to 5. The results, shown in Fig. 13, reveal that Calib3R sig-
nificantly outperforms other pattern-free methods, maintaining
high accuracy even with fewer than 10 images per camera.

A qualitative example of a 3D reconstruction using the
MEMROC dataset is shown in Fig. 14, generated from only 15
RGB images per camera. The figure illustrates the estimated
camera poses alongside the corresponding mobile robot poses
at each acquisition step. The reconstruction is metric-scaled
and aligned with the initial position of the robot’s base
reference frame, accurately reflecting the robot’s pose at each
point in the trajectory.

The real-world MEMROC dataset was also used to evaluate
the metric scale accuracy of the 3D scene reconstructed
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Fig. 13. Camera-to-robot transformation accuracy as a function of the number
of input images. Starting from 25 images, 2 random images were removed at
each step down to a minimum of 5.

Fig. 14. Metric-scaled 3D reconstruction of the environment using 15 images
per camera from a MEMROC dataset sequence [20]. The reconstruction
includes the estimated camera poses and the corresponding 15 robot poses,
all expressed with respect to the first robot pose reference frame.

exclusively by Calib3R, since other methods focus solely on
camera calibration and do not produce any reconstruction.
The evaluation follows the same protocol adopted for robotic
arm setups (see Sec. V). Specifically, we compute the mean
reconstructed square size myg, its standard deviation o, and
the relative percentage error across all detectable checkerboard
corners.

Calib3R achieves a highly accurate metric reconstruction,
with a mean scale error of mg; — s = 0.48cm, a standard
deviation of o, = 0.025, and a percentage scale error €5 =
4.8%.

VIII. CONCLUSIONS

In this paper, we presented Calib3R, a unified calibration
method for both single- and multi-camera setups mounted
on robotic arms or mobile robots. Calib3R leverages the 3D
foundation model MASt3R to estimate the relative pose of one
or more cameras with respect to the robot’s reference frame.

Our method requires only a set of RGB images acquired
from the robot-mounted cameras and the corresponding robot
poses obtained via kinematics or odometry. Unlike traditional
approaches that treat calibration and 3D reconstruction as
separate tasks, Calib3R performs both simultaneously, produc-
ing accurate camera-to-robot calibration and a metric scale

3D reconstruction of the environment aligned to the robot
reference frame. To the best of our knowledge, this is the first
unified approach that generalizes across both robotic arms and
mobile platforms, as well as across single- and multi-camera
configurations.

We carried out extensive experiments using both real-world
and synthetic datasets, demonstrating that Calib3R is highly
accurate, robust, and effective even in low-data conditions
with fewer than 10 images per camera. Notably, we found
that traditional calibration patterns can be replaced by generic
task-relevant objects, achieving camera-to-robot transforma-
tion errors below 0.5 cm in robotic arm setups, outperforming
conventional methods.

As 3D foundation models continue to advance, future work
will focus on enabling real-time calibration and reconstruction,
and extending the method to handle dynamic environments.
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