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Abstract— Stationary eye-to-hand calibration, which esti-
mates the transform between a fixed camera and the robot
base, is a prerequisite for vision-guided manipulation. Marker-
free methods based on mask-level differentiable rendering (DR)
achieve high accuracy, but their silhouette objective is non-
convex: they converge only from a close initial estimate and
must solve a new optimization for every scene. The robot itself,
however, constrains the camera-base transform through the
image location of its base, the projection of its base axes,
and the configuration of its arm. We present SHEC3R, which
encodes these cues as robot-grounded prompts that condition a
pretrained visual-geometry backbone. Given RGB frames and
robot masks, SHEC3R predicts the base-to-camera transform
and a dense point cloud in the robot base frame in a single
forward pass, without a calibration board, robot meshes, or
joint readings; one depth frame recovers the metric scale.
When used to initialize the same DR stage, which does require
meshes and joint readings, SHEC3R reaches a final rotation
error below 5° on 80.2% of simulated and 86.0% of real
scenes, compared with 8-25% for prior initializers. To train and
evaluate SHEC3R, we introduce RoboEyeCalib, a benchmark
with 2.83M synthetic frames from four simulated arms and
883 real scenes from five physical arms, and we additionally
evaluate on the Flexiv Rizon 4 subset of RH20T. Code and data
will be released.

I. INTRODUCTION

Stationary hand-eye calibration (SHEC) [1], [2], also
called eye-to-hand calibration, estimates the rigid transform
between a fixed external camera and the robot base. The
standard target-based procedure attaches a calibration board
to the end effector and pairs its observations with the
reported end-effector poses. Although the formulation is
well established, it requires accurate forward kinematics,
reliable target detection, and a data-collection routine that
must be repeated whenever the camera is moved. Marker-
free methods [3], [4], [5], [6], [7], [8], [9], [10] remove
the board and instead rely on differentiable rendering, visual
tracking, or geometric registration. Among them, mask-based
differentiable rendering (DR) [4], [3] achieves high accuracy:
it aligns rendered robot silhouettes with observed masks and,
when it converges, recovers the extrinsic to within a fraction
of a degree. However, the silhouette objective is highly non-
convex. Its basin of attraction is narrow, and an optimization
initialized outside this basin typically terminates in a local
minimum far from the true pose.

The final accuracy of DR thus depends largely on its ini-
tialization, and existing initializers rarely place the estimate
within the basin. For instance, when we fix the scenes and the
DR stage and vary only the initializer (Section V-C), every
initializer converges on 82-100% of the scenes in which it
starts within 10° of the ground truth, yet prior initializers

start within this range on only 1-17% of scenes. Therefore,
rather than running a robot-specific optimization from a poor
starting point at every deployment, we learn to predict an
initial estimate inside the basin directly from RGB images
and robot masks.

We introduce SHEC3R, which builds SHEC on a pre-
trained visual-geometry foundation model (7% [11]). Given
N RGB observations and per-frame robot masks, SHEC3R
predicts both the base-to-camera transform ch and a dense
scene point cloud in the robot base frame in a single forward
pass. The backbone is trained for multi-view reconstruction
without robot-specific supervision: it receives no labels for
the robot base frame or the arm configuration, and its
predictions are expressed relative to the cameras, up to an
unknown scale. SHEC3R therefore conditions it with input-
dependent calibration prompts that encode three cues: the
image location of the robot base, the projected directions
of the base axes, which resolve the base orientation, and
the arm configuration visible in the robot mask. Cross-frame
attention over these prompts fuses evidence from multiple
robot configurations into a single shared calibration.

The two outputs constrain each other: the extrinsic deter-
mines the frame in which the reconstruction is expressed, and
the reconstructed geometry constrains where the base can lie.
During training, we enforce this consistency by lifting the
detected base location into 3D through the predicted point
map and requiring it to agree with the predicted translation.
At deployment, the prediction can be used directly as a feed-
forward calibration that requires no robot model, or as the
initialization of an optional DR stage, which additionally
uses URDF meshes and joint readings.

For training and evaluation, we build RoboEyeCalib, a
synthetic-plus-real calibration dataset spanning four simu-
lated and five real robot arms. Unlike existing datasets [12],
[13], [14], which target camera-to-robot pose estimation on
one or a few robots or provide camera-to-base extrinsics
only as a by-product of large-scale teleoperation on a single
arm type, RoboEyeCalib is built for marker-free SHEC and
combines large-scale synthetic supervision with real-world
data across multiple robot morphologies.

In summary, our contributions are:

e We propose SHEC3R, a learned initializer for SHEC that
conditions a pretrained visual-geometry backbone with
robot-grounded calibration prompts and predicts T, and
a base-frame point cloud without a calibration board, robot
meshes, or joint readings.

e We introduce RoboEyeCalib, a synthetic-plus-real dataset
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Fig. 1.

SHEC3R pipeline. Given N RGB frames and robot masks, SHEC3R conditions a pretrained visual-geometry backbone with robot-grounded

calibration prompts and predicts the base-to-camera transform T'.; and a scene point cloud in the robot base frame. The prediction is used directly or as

the initialization of an optional differentiable-rendering (DR) stage.

and benchmark for marker-free SHEC that covers diverse
cameras, scenes, and robot morphologies, with camera—
base layouts held out for evaluation.

e We show that SHEC3R provides a reliable initialization
for DR refinement, improving calibration accuracy and
robustness over prior marker-free methods on simulated
and real robots, including the external RH20T platform.

II. RELATED WORK

Classical stationary hand-eye calibration. Classical meth-
ods [1], [2] estimate the camera-to-base transform from
paired robot and target observations, assuming accurate robot
kinematics, a calibration target, and carefully collected mo-
tion sequences. These assumptions make the problem math-
ematically clean but are inconvenient at deployment scale,
since every new robot—camera setup repeats the procedure.
Marker-free and optimization-based calibration. Recent
methods replace the board with robot-centric visual cues
and solve a per-scene optimization [4], [3], [9], [6], [8].
EasyHeC [4] aligns rendered and observed robot masks
by differentiable rendering from a keypoint-based initializa-
tion, and EasyHeC++ [3] replaces this initialization with a
sampling-based search; Kalib [9] tracks reference points and
solves PnP, and Hydra [6] registers the robot model to RGB-
D observations. These methods require the robot kinematic
model, per-frame joint readings, or both, and their accuracy
depends on how close the optimization starts to the solution.
We quantify this dependence in Section V-C, where SHEC3R
supplies the initialization for EasyHeC’s mask-based DR
stage.

Camera-to-robot pose estimators address a related prob-
lem. RoboPose [15] estimates the robot pose and joint
angles by render-and-compare against the robot CAD model,
whereas CtRNet-X [16] detects 2D keypoints and solves
PnP against 3D keypoints obtained from joint angles through
forward kinematics, using differentiable rendering only for
self-supervised training. Both therefore require the robot
model at inference.

Robotics vision foundation models. Visual-geometry foun-
dation models learn reusable priors for camera pose, depth,
point clouds, and multi-view structure [17], [18], [19], [20],
[21], [22], [11], [23], [24]. Recent work applies these priors
to robot calibration, but for cameras moving with the robot.
Bi-JCR [7] calibrates wrist-mounted cameras on two arms
by combining DUSt3R [17] reconstructions with forward
kinematics, and Calib3R [5] jointly optimizes MASt3R [18]
pointmaps and robot poses for cameras mounted on ma-
nipulators or mobile robots. Robo3R [10] conditions a
visual-geometry backbone on robot state to predict metric
reconstruction in the robot frame. SHEC3R addresses the
stationary eye-to-hand setting: it requires neither joint angles
nor predefined per-robot keypoints at inference, and recovers
geometry in the robot base frame from static observations.
Datasets and benchmarks. Existing datasets do not support
training a marker-free stationary calibration model across
robots. Pose-estimation datasets such as DREAM [13] and
the keypoint dataset of Lu et al. [12] cover one or a
few robot types. Large-scale manipulation datasets offer
diverse scenes but limited calibration data: DROID [14]
contains only Franka arms, which our data already cover,
with checkerboard extrinsics later refined automatically for
a subset of episodes; Open X-Embodiment [25] aggregates
datasets whose camera modalities vary by subset, with depth
in only some of them, and does not document camera-to-base
extrinsics; and RoboMIND [26] records four embodiments
with RGB-D cameras but likewise does not describe camera-
to-base extrinsics. Among the datasets we examined, only
RH20T [27] provides scene-varying camera-to-base extrin-
sics, RGB-D observations, and joint states on an arm outside
our own data. RoboEyeCalib (Section IV) addresses this gap
with synthetic and real data across multiple arms and held-
out camera-base layouts, and uses the Flexiv Rizon 4 subset
of RH20T for external evaluation.

III. METHOD

We formulate stationary hand-eye calibration (HEC) as
robot-grounded visual geometry. Given N RGB frames



{I,}N_, captured by a fixed external camera and corre-
sponding robot masks {M, })_,, our goal is to estimate
the rigid transform T, € SE(3) from the robot base frame
to the camera frame, and to predict dense scene geometry
expressed in the robot base frame. Because camera and base
are both fixed, T is shared across all frames, while different
robot configurations supply complementary visual evidence.
Figure 1 gives an overview.

Visual-geometry backbone. SHEC3R builds on a pretrained
feed-forward 3D reconstruction backbone [11]. Each frame is
encoded into patch tokens by a DINOv2 ViT encoder [28],
followed by a multi-view decoder with alternating frame-
local and cross-frame attention that produces per-frame dense
point maps and camera-pose features. We freeze the encoder
and fine-tune the decoder at a low learning rate, preserv-
ing the pretrained visual-geometry prior while adapting it
to robot-frame grounding. This suits stationary calibration
because estimating T, is not independent of reconstruction:
the extrinsic defines the frame in which scene geometry
becomes actionable, while reconstructed geometry provides
the spatial evidence for the base pose. SHEC3R therefore
does not replace reconstruction with pose regression; it
queries the reconstruction prior with robot-specific cues.
Robot-grounded calibration prompts. We convert encoder
features and robot masks into K input-dependent prompt
tokens. Let F' € R"*? denote the patch features of one
frame and let M be the robot mask pooled to the patch grid.
Base-location prompt. A lightweight patch-wise detector
predicts a heatmap over robot-mask patches. The resulting
attention weights select the feature most likely to correspond
to the robot base origin, producing a base token that acts as
an explicit spatial anchor for the calibration problem.
Axis-orientation prompt. Localizing the base origin does not
determine the full 6D transform. We additionally predict the
projected 2D directions of the three base-frame axes near
the detected base region and aggregate them into an axis
token. This supplies an image-space orientation cue that
helps resolve the rotational symmetries common in robot
bases. The base frame’s origin and axis directions are a
software convention with no intrinsic visual definition, so
this branch is supervised explicitly rather than left to emerge
from the pose loss.

Mask-guided arm prompts. The remaining tokens summarize
the visible robot configuration. Rather than average-pooling
masked features, a set of learnable queries cross-attends to
robot-mask patches, retaining spatial information about link
orientation and end-effector direction as further evidence for
the shared base pose.

The prompt set P = [ Phase; Paxisy Parm | € is ap-
pended to the decoder token sequence of each frame. Frame-
local attention lets the prompts interact with that frame’s
geometry; cross-frame attention fuses prompt evidence from
all robot configurations into a single stationary estimate.
Base-to-camera pose head. We collect the prompt states
from all N frames and aggregate them with a small Trans-
former pooling head. The pooled representation maps to a
6D rotation representation [29] and a 3D translation, and

RKXd

the rotation is orthogonalized into a valid rotation matrix,
yielding T, € SE(3). Since the camera is stationary we do
not rely on relative camera-pose tokens, whose ground-truth
motion is degenerate in this setting.

Robot-frame point map prediction. In parallel, the decoder
outputs a dense per-frame point map in the camera frame,
transformed into the base frame by the estimated calibration,
X, =T, o 'X.. This yields a robot-grounded point cloud as
an additional output and provides the 3D evidence used by
the detection-anchored losses below.

Detection-anchored training objective. Regressing T,
alone does not force the detected base, the reconstructed
point cloud, and the predicted extrinsic to be mutually
consistent. We therefore anchor all three to a common 3D
base point. The base detector is supervised by a per-patch
binary cross-entropy against a Gaussian heatmap, with a
standard deviation of one patch, centered at the projected
ground-truth base origin. The axis branch is supervised by
a cosine loss on the projected base-axis directions, weighted
by the same heatmap and restricted to axes whose projected
5cm segment is at least one pixel long.

Because the camera and the base are fixed, all frames
share one camera frame. Let X, (p ) denote the point of
X, at pixel p of frame n, and let t denote the translation
of T¢p, both expressed in this frame. We divide both by
§ = 7 Lnpev [Xn(p)|l2, where V' is the set of pixels
with valid ground-truth depth, which makes the following
losses invariant to the global scale of the reconstruction. For
frame n, let X,, ; be the point map averaged over patch j,
and let oy, ; be the softmax weight of the base detector with
temperature 0.1, computed over the patches that are at least
30% covered by the robot mask. The lifted base point is

n = Z ap, jin j» and we define
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where ¢ € {x,y,z} 1ndexes coordinates, hs is the Huber
loss with threshold d, b and p(p) are averages over frames,
€ = 1075, and Q is the set of pixels that have valid depth
and lie outside the robot mask in all N frames. Lj; ties the
detection, the reconstruction, and the predicted translation
to a single 3D point; Ly requires all frames to agree
on this point; and L. keeps static scene points consistent
across frames, which prevents cross-frame attention from
collapsing into independent single-frame reconstruction. The
total objective is

L= £point + )\cb‘ch + /\detﬁdet + /\axisﬁaxis (2)

+ )\liftﬂlift + >\xf£xf + )\scﬁscv
where Lpgins is the scale-aligned point-map loss of the
backbone, and L., combines a Huber loss (6 = 0.1) on the
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translation, rescaled by the same alignment factor as Lpoint.,
a translation-direction cosine loss, and geodesic and column-
cosine rotation losses. We set Ay = 0.2, Aget = 9, Aaxis = 1,
)\lift = 05, )\Xf = 0.2, and )\SC =0.5.

We train in two stages: synthetic pretraining with exact
masks, camera parameters, and base-to-camera labels, fol-
lowed by real-world fine-tuning that handles sensor noise,
lighting variation, segmentation error, and hardware-specific
appearance. Stage 1 runs for up to 30 epochs of 5,000 itera-
tions on eight NVIDIA GeForce RTX 2080 Ti GPUs (about
3.5 days), and we use the epoch-26 checkpoint selected on
the validation split. Stage 2 fine-tunes this checkpoint for 15
epochs of 200 iterations on four GPUs of the same type.
Both stages use AdamW with a one-cycle cosine schedule;
the learning rates of the new modules and of the decoder are
10~* and 107" in Stage 1 and are reduced by 10x in Stage 2.
Unless stated otherwise we use K = 4 prompt tokens: one
base, one axis, and two mask-guided arm tokens.
Differentiable-rendering refinement. The feed-forward
prediction can be used directly or refined by a local
differentiable-rendering stage [30]. Since monocular recon-
struction is up to scale, we first recover a metric scale
from one RGB-D frame as the median ratio of measured
to predicted depth over robot-mask pixels, and apply it to
the translation and the point cloud. Starting from T we
then optimize a small pose update A&, applied on the left
of the initial estimate and shared by all N frames, that
minimizes the discrepancy £ between rendered and observed
robot masks:

AL* = arg IninE(exp(Ag/\)’i‘cb),
AEERS 3)
T = eXP((AE*)A)ch-
Following EasyHeC [4], we solve for a local minimizer with
Adam starting from A& = 0. This refinement is optional:
the learned model provides a fast global estimate, while
mask-based optimization supplies local geometric precision
when needed. In contrast to optimization-only calibration,
the renderer is initialized near the correct solution, which
improves convergence and robustness (Section V-C). Un-
like the feed-forward stage, however, rendering requires the
URDF link meshes and per-frame joint readings mapped
through forward kinematics, so we report the refined results
separately from the robot-model-free ones.

IV. ROBOEYECALIB DATASET

Overview. RoboEyeCalib benchmarks robot-grounded sta-
tionary hand-eye calibration across diverse robots, view-
points, and scenes. It pairs large-scale synthetic data,
which carries exact labels, with real deployments, which
carry sensor noise, lighting variation, segmentation error,
and hardware-specific appearance. It covers Franka Panda,
xArm6, SO-100, and WidowX Al in simulation, and Franka
(Panda and Research 3), AIRBOT Play, SO-101, OpenMa-
nipulatorX, and URSe in the real world. We additionally
convert the Flexiv Rizon 4 portion of RH20T [27] into the
same format as an external sixth real platform. Figure 2
shows samples and Table I summarizes the splits.

TABLE I
ROBOEYECALIB SUMMARY. A scene IS ONE CAMERA—BASE
CONFIGURATION WITH N=6 FRAMES. SYNTHETIC DATA FOLLOW AN
APPROXIMATE 8:1:1 SPLIT. RH20T [27] IS EVALUATED BUT NOT
RELEASED. THE 88 REAL TEST SCENES INCLUDE THE 44-SCENE
FOUR-ARM MAIN SPLIT.

Source Split Arms Scenes (T.p) Frames
Synthetic (ours) train—+val 4 425,208 2,551,248
yntaetic fours test 4 46,739 280434
train-+val 5 795 4,770

Real (ours) test 5 88 528
train+val 1 11,305 67,830

RH20T [27] (external) test 1 561 3.366

Synthetic data. We generate synthetic data in Man-
iSkill3 [31] using tabletop scenes (Table, KitchenCounter),
RoboCasa [32] kitchen layouts, ReplicaCAD [33], [34]
room-scale apartments, and AI2-THOR [35] environments
(ProcTHOR [36], RoboTHOR [37], iTHOR, Architec-
THOR). To match the stationary hand-eye setting, each
episode follows a fixed-view, varying-pose protocol: camera
intrinsics and extrinsics and robot base placement are fixed,
while the arm is articulated into six randomly sampled valid
joint configurations. Each frame records RGB, depth, robot
segmentation masks, and joint states (gpos); the simulator
provides exact T, labels. Across four arms, eight envi-
ronment families, and 8,056 background scene instances
this yields 471,947 camera—base configurations and 2.83M
labelled frames. For each arm, the training, validation, and
test splits use disjoint background scene instances.
Real-world data. Our real split contains 883 scenes (5,298
frames, N=6 per scene) across five physical arms, collected
in several laboratories: Franka (494 scenes, combining the
Franka Emika Panda and its successor, the Franka Research 3
(FR3), which share the same kinematic structure and are
reported as one arm), AIRBOT Play (114), SO-101 (110),
OpenManipulatorX (106), and URSe (59). We hold out 88
scenes for testing, with no camera placement shared across
splits for the main four-arm comparison. This is the held-out
variable throughout the paper: new camera—base layouts and
scenes, not new robot morphologies.

Cameras. Real-world data are captured with 15 fixed external
camera units at three image resolutions, covering both active
and passive stereo sensing: Intel RealSense D415 and D435
(active IR stereo) and Stereolabs ZED 2i (passive stereo).
The Franka data are the most diverse, spanning five sites
and both sensor types. Only fixed external cameras are
used for calibration, and RH20T contributes seven additional
calibrated RealSense cameras.

Robot masks. Synthetic masks are provided by the simulator.
Real-world masks are generated automatically by a Ground-
ing DINO [38] + SAM 2 [39] pipeline.

Ground-truth calibration. Reference T, values are obtained
once per physical setup using a two-stage board-based
protocol. We first establish the rigid transform Tj; from
a ChArUco board to the robot base using known board
placement. We then estimate the board-to-camera transform



Fig. 2. RoboEyeCalib overview. RGB, depth, and back-projected point
clouds for synthetic scenes across four arms and eight environment families
(left), and for real-world setups of six physical arms captured with Intel
RealSense and Stereolabs ZED cameras (right).

TABLE 11
SYNTHETIC RESULTS PER ROBOT (100 SCENES PER ARM; MEDIANS,
er IN °, e IN CM). Stage: + DR 1S REFINED; PNP AND REG. ARE THE
KALIB AND HYDRA PIPELINES. BOLD: BEST.

Franka Panda SO-100 XArmé6 WidowX Al
Method Stage er et eRr et eRr et eRr et
EasyHeC +DR 99.69 54.12 0.56 0.59 10243 2598 102.66 31.25
EasyHeC++ +DR 82.51 35.86 88.57 43.65 82.97 26.83 100.68 53.54
Kalib PnP  53.38 12044 1397 14.62 57.76 70.40 29.83 28.834
Hydra reg. 1.88 955 026 020 146 731 024 026
SHEC3R +DR 0.05 0.07 0.05 005 0.08 014 0.04 0.04

T, from detected corners via PnP and compute T, =
TCtT;Sl. These references are used for both real-domain
fine-tuning and evaluation.

V. EXPERIMENTS

Our experiments ask whether a learned initialization
makes DR refinement converge reliably, and how far it
transfers beyond the robots and cameras it was trained on.

A. Protocol and Baselines

We compare against four marker-free methods: Easy-
HeC [4], EasyHeC++ [3], Kalib [9], and Hydra [6],
which represent segmentation-and-rendering, improved-
initialization-and-rendering, tracking-and-PnP, and RGB-D
registration pipelines, respectively. All methods are evaluated
with the same camera intrinsics, N=06 observations, and
train/test splits. Baselines are given the inputs required by
their original pipelines, including masks, joint states, URDF
meshes, or RGB-D when applicable. The feed-forward net-
work of SHEC3R uses RGB images and robot masks and
predicts rotation and translation up to scale; one depth
frame recovers the metric translation scale. For EasyHeC,
EasyHeC++, and SHEC3R, we apply the same multi-frame
DR refinement to the initial estimate; Kalib and Hydra use
their own PnP and registration pipelines. We report geodesic
rotation error er in degrees and translation error e; in
centimeters, using medians over test scenes. Kalib succeeds
on fewer than 70% of both synthetic and real scenes under
our discrete wide-baseline protocol, so we report its errors
only on successful cases.

B. Main Comparisons

We evaluate on four simulated arms with 100 test scenes
each and on six real arms, including the Flexiv Rizon 4 from
RH20T (Section IV), and report results per robot.

Table II reports results on the four simulated arms.
SHEC3R achieves the lowest median rotation and translation
errors on all four arms, with rotation errors of 0.04-0.08°
compared with 0.24-1.88° for Hydra, the strongest baseline.
EasyHeC and EasyHeC++ often fail to initialize DR inside
the correct basin (Section V-C), and Kalib’s estimates carry
large rotation errors on all four arms. Two medians are
optimistic: EasyHeC solves more than half of the SO-
100 scenes, so its 0.56° hides a 41.23° mean, and Kalib
succeeds on only 62% of WidowX Al scenes. Figure 4 shows
qualitative comparisons.

Table III reports results on the six real arms, listing
the model-free feed-forward mode of SHEC3R separately
from the methods that use a robot model. The test sets
contain 12 scenes for Franka and AIRBOT Play, 10 for
OpenManipulatorX and SO-101, 7 for URSe, and 561 for
Rizon 4. With DR refinement, SHEC3R achieves the lowest
median rotation error on Franka, AIRBOT Play, URS5e, and
Rizon 4, and the lowest median translation error on these four
arms and OpenManipulatorX. On SO-101, Hydra achieves
the lowest errors on both metrics. Kalib solves only 8-43%
of the scenes per arm, and its median rotation error on
the solved scenes exceeds 29° on every arm. The largest
margins appear on URS5e and Rizon 4, where all baselines
have median rotation errors of 60-134°, whereas SHEC3R
reaches 0.96° and 0.04°. On Rizon 4, SHEC3R also attains
a median refined mask IoU of 0.996, compared with 0.26—
0.37 for EasyHeC++ and Hydra. Figure 5 shows qualitative
comparisons on real-world scenes.

C. Initialization Quality Controls the Basin of Attraction

To test whether initialization determines the success of
refinement, we fix the scenes and the DR stage and vary only
the initializer. EasyHeC, EasyHeC++, and SHEC3R provide
initial estimates to the identical multi-frame DR refinement.
We evaluate on 400 simulated scenes (100 each for Franka
Panda, SO-100, xArm6-Robotiq, and WidowX Al), 86 real
scenes from our self-collected arms, and 561 RH20T Rizon 4
scenes, computing metrics on the scenes common to the
compared methods. EasyHeC is evaluated only in simulation
because it requires a per-robot keypoint detector.

Under the shared refinement (Table IV), SHEC3R reaches
an S@5° of 80.2% in simulation and 86.0% on our real
scenes, compared with 25.2% for EasyHeC and 8.0-15.1%
for EasyHeC++. Including the RH20T Rizon 4 scenes raises
the S@5° of SHEC3R to 90.3% and lowers that of Easy-
HeC++ to 7.9%.

Table V groups the scenes by initial rotation error. When
the initial error is below 10°, all methods succeed on 82—
100% of scenes; beyond 45°, all methods succeed on at
most 8%. The basin of the shared refinement bounds what
can succeed, while the initializer determines which bin a
scene starts in. The methods therefore differ mainly in the



TABLE III
REAL-WORLD RESULTS PER ROBOT (MEDIANS, e IN ©, e IN CM). FF SHEC3R USES NO ROBOT MODEL; ALL OTHER COLUMNS DO. BOLD: BEST
AMONG ROBOT-MODEL COLUMNS. KALIB: SOLVED SCENES ONLY. TPANDA AND FR3. YFROM RH20T [27], FINE-TUNED ON ITS TRAINING SPLIT.

SHEC3R FF SHEC3R +DR EasyHeC++ Kalib Hydra
Robot N egr et eR et eRr et eRr et solved egr et
Franka' 12 14.64 12.16 0.68 2.16 3258 38.42 29.80 446.83 1/12 515 7.37
AIRBOT Play 12 536 6091 1.58 2.73 66.87 62.35 48.77 31033  4/12 2,74 278
OpenManipulatorX 10 5.75 7.73 1.64 1.07 149 1.17 68.01 5552 2/10 6.03 2.58
SO-101 10 7.64 1855 3.85 2.13 88.13 2220 79.46 38.24 4/10 1.99 1.59
URSe 7 873 41.15 0.96 0.99 73.07 49.89 80.1 88.6 3/7 96.76 24.02
Rizon 47 561 041 8.37 0.04 0.05 133.72 60.69 77.43 72.6 148/561 59.57 53.72
TABLE IV —e— Sim+Real (Ours) —e— Real only — FF --- +DR
SAME SCENES AND REFINEMENT, DIFFERENT INITIALIZERS. ~20
MEDIANS. Real (all) ADDS 561 RH20T RIZON 4 SCENES. S@k: 815 § 15 m
PERCENTAGE OF SCENES WITH FINAL ERROR BELOW k; INIT IN BASIN: g 10 g REE NS 0e
PERCENTAGE WITH INITIAL ROTATION ERROR BELOW 10°. § 5 < e M
2 g - R i
Init Final  Final o o S@5° it in ‘93 icsnnu "6iissonn
Method ot°  r1ot® transcm S@2° s@5 &2cm  basin Training epoch Training epoch
Sim EasyHeC 80.2 805 263 238 252 238 165 Fig. 3. Effect of synthetic pretraining. Mean errors during real-world
(400) EasyHeC++ 90.2 886 413 7.8 8.0 7.8 10 fine-tuning on the 44 scenes of the four-arm main split.
SHEC3R 58 005 007 788 802 778 615 8 pht.
Real EasyHeC++ 789 807 490 151 151 93 93 101). Figure 3 compares real-world fine-tuning with and
(86) SHEC3R 59 074 104 756 860 593 709 . . . .
without synthetic pretraining under the same schedule. Syn-
Real (all) EasyHeC++ 1294 1282  60.1 7719 70 36 heti inine 1 both the feed-f d and refined
(647)  SHEC3R 046 004 005 861 903 816 96.1 thetic pretraining lowers both the feed-forward and refine
TABLE V errors at every evaluated epoch, and the gap remains at the

SUCCESS RATE BY INITIAL ROTATION ERROR. S@5° (%) AFTER THE
SHARED REFINEMENT; SUBSCRIPTS GIVE THE NUMBER OF SCENES PER
BIN, AND “~” MARKS EMPTY BINS.

Method [0,5)° [5,10)° [10,20)° [20,45)° [45,180)°
Sim EasyHeC 96 28 97 38 67 21 31 62 2 251
(400) EasyHeC++ 100 4 - 5413 2973 0310

SHEC3R 99179 9967 89 47 5855 852
Real EasyHeC++ 1007 1004 673 2015 060
(86) SHEC3R 92 39 8222 86 22 333 -
Real (all) EasyHeC++ 1002; 1002 437 36 67 0550
(647) SHEC3R 91600 8222 86 22 333 -

fraction of scenes initialized inside the basin (last column of
Table IV): SHEC3R places 61.5% (sim) and 70.9% (real) of
scenes within 10°, compared with 16.5% for EasyHeC and
1.0% (sim) and 9.3% (real) for EasyHeC++.

D. Generalization

Adapting to a new robot. Rizon 4 appears in neither
synthetic pretraining nor our self-collected real data. We
evaluate on its 561 RH20T test scenes both the model
fine-tuned on our five self-collected arms and a model
fine-tuned on the RH20T Rizon 4 training split. Without
Rizon 4 training data, SHEC3R reaches median rotation
errors of 67.6° feed-forward and 71.3° after refinement, as
its initialization lies outside the basin of the DR stage. After
fine-tuning on Rizon 4 data, these errors drop to 0.41° and
0.04°, respectively, matching Table III. Extending SHEC3R
to a new robot requires training data from that robot.

Training-data composition. We study the effect of synthetic
pretraining on the 44 real test scenes of the four-arm main
split (Franka, AIRBOT Play, OpenManipulatorX, and SO-

final epoch, where the mean refined rotation error is about 5°
compared with 8° without pretraining. Synthetic pretraining
alone, however, transfers poorly to real images, with rotation
errors of 25-103° across the four real arms, so both data
sources are needed.

Unseen camera intrinsics. SHEC3R does not take the
camera intrinsics as input, so we test whether it generalizes
beyond the fields of view (FoV) seen in training. We render
32 scenes at 9 vertical FoVs with the scene, robot state, and
camera pose fixed, train on FoVs of 45-75°, and hold out
30-40° and 80-90°. Across this 3.7 range of focal lengths,
the median rotation error stays within 2.9-7.7° and the trans-
lation error within 6.8—-10.5 cm, without an abrupt increase at
the boundaries of the training range. Supplying the intrinsics
explicitly remains a natural extension (Section VI).

E. Base Visibility

In many eye-to-hand installations, the camera mainly
observes the workspace and the upper arm, so the robot
base may be only partly visible or outside the image.
Since every scene in the main real-world test split contains
the base, we evaluate this setting on a Franka subset of
RoboEyeCalib in which the base is partly or fully out of
frame, with 90 scenes for fine-tuning and 25 for testing. As
base visibility decreases, the feed-forward rotation error of
SHEC3R increases from 3.7° with the base in frame (15
scenes) to 11.0° at the image edge (3 scenes) and 17.6° out
of frame (7 scenes), while the translation error stays within
7.6-10.8 cm without a consistent trend. The visible arm still
constrains the robot position, whereas the base is needed to
resolve its orientation.

The base-location and axis prompts are computed only



TABLE VI
ARCHITECTURE ABLATION

TABLE VII
CONSISTENCY-LOSS ABLATION

(REAL; MEANS, °/CM). (SIM; MEANS, CM).

FF +DR lift cross-frame  scene
R e Variant residual spread incons.
Variant eR et er €t
Full 7.52 1.75 1.08
Full 10.28 11.04 4.87 347 /o Lipe 12.31 1.71 1.02
w/o axis 12.70 13.33 6.98 8.48 w/o fo 9.38 3.87 1.04
w/o arm 8.14 10.93 3.68 4.77 w/o »Csc 5.83 0.89 1.36

pool. + SE(3) 847 1141 395 426

over visible robot-mask patches, whereas the mask-guided
arm prompts are always active. When the base projects
outside the image, the base detector is supervised with an
all-zero target and does not predict a base location. SHEC3R
then relies on the arm prompts alone, consistent with the
larger degradation in rotation than in translation.

FE. Ablations

Architecture. Table VI compares variants trained from syn-
thetic pretraining onward under a matched 18-epoch budget,
together with a full model retrained under the same budget,
on the 44 real test scenes of the four-arm main split. These
rows are comparable with each other but not with Tables II
and III, and we report mean errors, which are sensitive to
failure cases. Removing the axis-orientation prompt degrades
all four metrics and more than doubles the refined translation
error. The other two variants trade translation for rotation:
removing the mask-guided arm prompt, or using the feature-
pooling baseline with an SE(3) regression head, lowers the
refined rotation error but raises the refined translation error
by 37% and 23%, respectively. No variant reduces both
refined errors.

Consistency losses. Table VII removes one loss at a time
(epoch 26, 300 synthetic test scenes of Franka Panda, SO-
100, and xArm6) and measures the feed-forward quantity
each loss targets, in centimeters after metric scaling: the
lift residual between the lifted base point and the predicted
translation, the RMS cross-frame spread of the lifted base
point, and the scene inconsistency, i.e., the mean pairwise
Chamfer distance between non-robot point clouds of differ-
ent frames. Each loss mainly controls its own target (bold):
removing Lyg or Lg. raises the corresponding error by 64%
or 26%, and removing L¢ more than doubles the cross-frame
spread. The losses also interact: Lys additionally lowers the
lift residual, whereas L. trades some base-point consistency
for scene consistency.

Input protocol. We further evaluate the multi-frame protocol
on the 44 real test scenes of the four-arm main split. Using a
single frame instead of six increases the refined median error
from 1.52°/2.11cm to 2.59°/2.72cm, showing that multi-
frame fusion improves accuracy. To isolate the effect of view
diversity, we select three of the six frames with minimal
rather than maximal joint-space distance, which halves their
pairwise joint-space spread. This increases the feed-forward
rotation and translation errors by about 15%, and the error
distribution shifts as a whole without introducing new failure
cases. View diversity improves accuracy but is not a prereq-
uisite.

Fig. 4. Qualitative results on synthetic scenes. Rows show the four
simulated arms; columns show (a) SHEC3R, (b) EasyHeC, (c) EasyHeC++,
(d) Kalib, and (e) Hydra, with rotation and translation errors.

Fig. 5. Qualitative results on real-world scenes. Rows show the six
real arms; columns show (a) SHEC3R, (b) EasyHeC++, (c) Kalib, and (d)
Hydra. “failed” marks unsolved scenes.

G. Runtime and Robot-Grounded Reconstruction

On an NVIDIA GeForce RTX 2080 Ti GPU, feed-forward
prediction takes 0.48s per scene with N=6 frames, and
the optional DR refinement takes about 90s. Grounding
DINO + SAM 2 masking adds 0.36s per frame without
human input, so masking and feed-forward inference together
take about 2.7s for a six-frame scene. This excludes data
acquisition, i.e., moving the arm through the six joint con-
figurations, which dominates the total calibration time.

Beyond calibration, the same forward pass predicts dense
point maps, which the estimated T, transforms into the
robot base frame (Fig. 6). They require no additional network
inference, and their metric scale is recovered from the same
depth frame used for calibration.

VI. LIMITATIONS

SHEC3R has several limitations. Only the feed-forward
stage is robot-model-free: refinement uses URDF meshes
and joint readings, and metric translation requires one depth
frame. Real training data require ChArUco-calibrated ex-
trinsics, so calibration is paid once per robot family, and
robots without training data are not supported (Section V-
D). Camera intrinsics are inferred implicitly; supplying them
would require retraining. Rotation accuracy drops when the
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(b) Real: Franka, AIRBOT Play, OpenManipulatorX, SO-101, URSe, Rizon 4

Fig. 6. Robot-grounded point clouds. Input RGB frames (top) and
predicted point maps in the robot base frame (bottom), obtained from the
same forward pass as the calibration.

base leaves the image (Section V-E), and the near-symmetric
XArmo6 base can cause 180° yaw flips that refinement cannot
correct. Finally, SHEC3R assumes a fixed external camera
and robot masks at inference.

VII. CONCLUSION

We presented SHEC3R, a learned robot-grounded initial-
ization for stationary eye-to-hand calibration. Holding the
scenes and the refinement stage fixed shows that the bottle-
neck is initialization, not refinement. SHEC3R starts 61.5%
(sim) and 70.9% (real) of scenes inside the basin of the
shared DR stage, against 1-17% for prior initializers, which
lifts the share of scenes refined to within 5° from 8-25%
to 80.2% and 86.0%. Extending SHEC3R to robots without
training data, eye-in-hand cameras, and online recalibration
remains future work. We will release RoboEyeCalib, the
code, and the model weights.
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