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1 Introduction

Estimating the six degrees of freedom (6DoF) pose of unknown objects using only monocular RGB images is a challenging task, especially when dealing with textureless
and small objects. Textureless surfaces hinder feature detection, while small motion complicates the estimation of geometric relationships. Monocular RGB inputs
introduce scale ambiguity and inconsistencies across frames. Without depth information or pre-existing object models, traditional feature-based methods and SfM
pipelines become ineffective. MonoTracker is a model-free, RGB-only, 6D detector that works on unseen objects, enabling zero-shot 6D pose estimation by jointly
optimizing object poses and correcting scale inconsistencies in monocular depth predictions.
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3 Technical Details 4 Results and Metrics
MonoTracker takes as input a sequence of images and the object mask from the first frame. Y Estimating 6D object trajectories on three datasets
Data Pre-processing: It simultaneously tracks the object mask in subsequent frames using YCBInEOAT COLMAP DSfM ACEO | RayDiffusion | MonoGS | BundleSDF
. . T . . Pos. Error (cm) | 34.76 37.91 - 12.43 7.39 5.84
XMem[1] and obtains metric monocular depth predictions via DepthAnything-v2[2]. Accuracy @ Som 1 7 - - =5 T =
Initial Pose Estimation: Feature matching within the masked area using LoF TR [3] between e e — = - ~ — =
consecutive frames and previous keyframes to establish point correspondences. Following by a AUC @ 10cm 1 0.15 0.10 ~ 0.47 0.53 0.55
robust PnP solver to estimate initial pose. ADD-S @ 10cm t 0.02 0.17 - 0.32 0.39 0.53
ADD @ 10cm 1 0.01 0.00 - 0.11 0.15 0.27
Pose Graph Construction: The new frame is connected to the previous ones selected as ADD-S @ 30cm 1 0.23 0.22 = 0.65 0.74 0.82
: ADD @ 30cm 1 0.23 0.21 - 0.56 0.62 0.71
keyframes in a pose graph. Med. Rel. Rot. Err. (°) | 12.33 12.10 - 8.20
Joint Pose-Scale Optimization: Solve an optimization problem that jointly refines the pose and METMRCL ROLERAAS L 1520 = = L 12 e
T ) ) ) i ) . Rel. Rot. Err. AUC@5° 1 0.21 0.24 - 0.18 0.60 0.46
scale of the depth maps, by minimizing point cloud alignment, disparity, and projection SEFIAVE SOLEAR m——— RGE | ReyDitfusion| WMonoSS | BundieSDF |
error-based losses. Pos. Error (cm) | 43.14 - 42.83 30.14 34.92 24.26
. Accuracy @ 5cm 1 0.1 - 0.06 0.14 0.20 0.30
Y Keyframes in Pose Graph Accuracy @ 10cm 1 0.20 ~ 0.15 0.34 0.43 0.46
AUC @ 5¢cm 1 0.05 - 0.03 0.06 0.10 0.12
Keyframes: with the closest estimated orientations within a window size of 15 frames. AUC @ 10cm 1 0.11 - 0.07 0.16 0.22 0.26
. . . . . ADD-S @ 10cm 1 0.00 - 0.00 0.06 0.00 0.01
T.he. Gregdy Rotatlon Similarity strategy forms a robust pose graph with frames share ADD @ 100m 7 555 B o e . o
similar viewpoints. o ADD-S @ 30cm 1 0.00 — 0.01 0.17 0.06 0.12
AR. . — arccos ( trace R’ RJ = 1 2) ADD @ 30cm 1 0.00 - 0.01 0.00 0.04 0.07
o ( ( pred pred ) )/ Med. Rel. Rot. Err. (°) | 11.42 - 27.16 7.34 3.89 4.48
. . . . Mean Rel. Rot. Err. (°) | 11.80 - 32.11 14.48 4.51 6.42
e Joint Pose-Scale Optimization Rel. Rot. Err. AUC@5" | | 0.20 - 0.05 0.16 0.34 0.30
. .. . . . . . HO3D COLMAP DSfM ACEO RayDiffusion MonoGS BundleSDF
We run a JOl_nt pose-scale optlmlzgtlon both for coarse pose estimation between neighboring e = 337 306 314 = T
frames and in a global Bundle Adjustment that runs every few frames. Accuracy @ 5cm 1 - 0.69 0.68 0.88 0.92 0.96
i s : - A @ 10cm 1 - 0.77 0.89 1.00
Optimized Variables: Poses T%, with respect to the World coordinate system and Y - 031 TEE -
scale-shift parameters a', B' for each frame are optimized variables. AUC @ 10cm 1 = 0.53 0.54 0.69 0.71
B i ADD-S @ 10cm 1 - 0.15 0.14 0.35 0.25 0.38
Loss Function: Weighted sum over all point correspondence  X4% = {(x/},x% )Yico ADD @ 10cm 1 - 0.09 0.13 0.22 0.22 0.27
ADD-S @ 30cm 1 - 0.57 0.64 0.78 0.75
nB_1 ADD 076
B3A i sl i BesA N @ 30cm 1 - 0.56 0.63 0.73 0.74
LI — Z (},sﬁépaﬁ_;l +)’d‘cgﬁsp_a>rity +)’r£iépr_)()j ) s X Med. Rel. Rot. Err. (°) | - 6.07 21.29 14.43 7.08 5.44
j=0 . /B =B B, 4GB Mean Rel. Rot. Err. (°) | - 9.62 28.85 24.20 7.91 6.76
) A=A A, +pA XA‘ - Rel. Rot. Err. AUC@5° 1 - 0.17 0.07 0.07 0.17 0.24
,B—A A B—A~;B||? - - -
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(where X4 and XZare 3D points back-projected \ -
. Jd . . Camgy x/
using the optimized scale and shift parameters.)
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