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Abstract. We present an RGB-only method for 6D object pose esti-
mation that leverages monocular depth cues from a single image. Al-
though monocular depth estimation has advanced substantially, its pre-
dictions remain scale-ambiguous and locally unreliable, limiting their
use in metric pose refinement. We address this gap by closing the loop
between depth correction and pose refinement: monocular depth is not
only a regularizer but is iteratively calibrated and filtered using pose-
induced geometric consistency, enabling stable metric pose updates from
RGB alone. We propose a dynamic depth outlier removal module based
on metric consistency and infer object pose from dense 2D correspon-
dences. Both components are embedded into a recurrent optimization
loop, enabling iterative depth correction and pose refinement. Experi-
ments on seven BOP datasets demonstrate state-of-the-art performance
among RGB-only methods, without requiring real depth input.

Keywords: 6D Object Pose Estimation · RGB-Only Pose Refinement ·
Recurrent Pose-Depth Refinement

1 Introduction

Estimating accurate 6D object poses from visual observations is fundamental to
various applications, including robotic manipulation [36], augmented reality [28],
and autonomous perception. Despite recent progress in deep learning-based pose
estimation [23, 24, 33, 37], achieving instance-level 6D pose estimation from a
single RGB image remains a longstanding challenge. The absence of true depth
information makes monocular observations inherently ambiguous in scale and
geometry, leading to unstable optimization and limited accuracy.

Existing RGB-based refinement methods typically rely on photometric align-
ment or feature flow consistency between rendered and observed images [14–16,
22, 26, 29]. However, such approaches often fail in complex real-world scenar-
ios with textureless regions, occlusions, or illumination changes, where purely
appearance-based cues are insufficient for robust geometric correction. The lack
of reliable depth constraints prevents these methods from converging to accurate
metric geometry, as shown in Fig. 1.



2 Hao et al.

Problem 1: Scale Ambiguity 

Problem 2: Geometric Noise

MUTUAL BOOSTING
(MDC-Net)

Metric
Mono-Depth

Consistent
Pose

Better Depth

Better Pose
Depth to Pose
（Refine）

Dynamic Depth Outlier Removal
Geometric Consistency Filters Outliers

Scale Refinement Module
Scale Estimation Refines Depth and Pose Metric

Input RGB Existing Approaches：
Decoupled&Ambiguous

Generated 
3D Point Cloud
（Uncalibrated）

Large Scale &
Position Error Correct Scale

& Inlier Consensus

Inlier-Aligned
Points

Our Closed-Loop
Framework

(Conceptual Diagram)

THE PROBLEM
(Monocular Depth Ambiguity)

THE SOLUTION
(Joint Depth and Pose Estimation)

THE RESULT
（Better Depth and Pose)

Initial
Misaligned Pose

Input RGB Refined Mono-Depth
(Metric)

Corrected
Point Cloud

Geometric
Outlier &

Noise

Ambiguous
Metric Scale Calibrated

Metric Scale

Uncalibrated
Relative Depth

Fig. 1: Overview. RGB-based 6D object pose estimation is challenging due to the
lack of depth information. On the other hand, despite recent advances in monocular
depth estimation, most predictions remain noisy and metric-inconsistent because of
the problem’s ill-posed nature. Nevertheless, they provide useful relative depth cues,
which we exploit for RGB-only 6D pose estimation in this work. We propose a recurrent
refinement framework that jointly optimizes pose and depth, iteratively improving both
depth consistency and pose accuracy.

To address these issues, we introduce MDC-Net, a framework that capitalizes
on monocular depth cues to inject dense 3D geometry into the RGB-based pose
refinement process. Starting from an initial 6D pose, MDC-Net iteratively refines
the object’s pose by enforcing both geometric and photometric alignment within
a unified optimization loop.

Specifically, we design a Scale Refinement Module (SRM) that decouples rel-
ative and absolute geometry by predicting a global scale factor from image-level
features, converting relative monocular depth into metric depth. In parallel, an
Inlier-Guided Depth Refinement (IGDR) module identifies and removes incon-
sistent regions based on point cloud registration residuals, enabling iterative
monocular depth updates and preventing error accumulation. Together, these
two modules form a closed-loop refinement system that progressively corrects
pose and depth estimation toward accurate metric geometry, as shown in Fig. 1.

Extensive experiments on the LINEMOD [3] and YCB-Video [43] bench-
marks demonstrate that MDC-Net significantly boosts both pose accuracy and
depth consistency using only RGB input. Our method surpasses recent RGB-
based state-of-the-art techniques [29–31] across key metrics, establishing new
state-of-the-art performance while maintaining strong robustness and general-
ization across diverse scenes. By integrating scale-aware depth prediction with
outlier-resistant geometric reasoning, MDC-Net provides a new perspective for
low-cost, depth-free 6D pose refinement.

Our main contributions are summarized as follows:
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– First, we propose a recurrent joint pose-depth refinement formulation for
RGB-only 6D object pose estimation. Given a coarse initial pose, MDC-Net
iteratively updates both monocular depth and object pose, rather than using
monocular depth as a fixed auxiliary prior.

– Second, we propose SRM, which enforces metric consistency by aligning
global scale/shift and introducing geometry-aware constraints to transform
relative monocular depth into an absolute depth proxy suitable for iterative
refinement.

– Third, we propose IGDR, a geometric-consistency-driven refinement strategy
that filters and updates unreliable depth regions using pose-induced residu-
als and pairwise compatibility, effectively mitigating error propagation over
iterations.

– Extensive experiments on LINEMOD and YCB-Video benchmarks demon-
strate that MDC-Net consistently outperforms existing RGB-based refine-
ment methods. The proposed framework offers a scalable, low-cost, and
geometry-consistent solution for monocular 6D pose refinement.

2 Related Work

Monocular depth estimation (MDE) has recently evolved from supervised [10,
27] or self-supervised [12,48] structural constraints toward generalizable geomet-
ric modeling with strong cross-domain and zero-shot transfer capability [13,34].
Methods such as Depth Anything V2 [46], ZoeDepth [1], Metric3D V2 [21],
DepthPro [2], and MoGe-2 [41] enhance depth quality through unified encoders,
scale-transfer mechanisms, semantic priors, and improved data synthesis, col-
lectively advancing monocular-depth quality toward universal geometric repre-
sentation learning. Despite this progress, two fundamental challenges remain
unresolved: the inherent scale ambiguity of monocular prediction (where models
produce only relative or affine-invariant depth) and the persistence of outliers in
reflective, thin-structure, or low-texture regions. These issues limit the reliability
of monocular-depth in downstream geometric tasks, and current global regular-
ization or post-processing strategies still lack adaptive mechanisms to address
scale inconsistency and error propagation [2, 41, 46]. Resolving both scale de-
terminacy and depth-outlier suppression remains a key bottleneck for applying
monocular-depth in geometry-intensive applications.
Monocular-depth-based 6D pose estimation. Recent methods have ex-
plored monocular depth as a geometric cue for 6D pose estimation. OLD-Net [11]
reconstructs object-level depth from a monocular RGB image by deforming
category-level shape priors and aligns the predicted depth with canonical object
representations for category-level pose recovery. SingRef6D [38] further improves
monocular novel object pose estimation by fine-tuning Depth Anything V2 and
introducing depth-aware matching from a single RGB reference. These works
demonstrate the value of monocular depth for recovering object geometry when
real depth is unavailable. However, they primarily use monocular depth as an
estimation or matching cue. In contrast, MDC-Net targets the refinement prob-
lem given an initial pose and explicitly performs iterative bidirectional updates:
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the current pose induces geometric consistency constraints for depth correction,
and the corrected depth is then used to re�ne the next pose. This recurrent mu-
tual update di�erentiates our method from prior monocular-depth-driven pose
estimation pipelines.
Pose re�nement has increasingly relied on end-to-end correspondence [31,32]
and �ow-based networks [20,35] that follow a �render-matching-iterative re�ne-
ment� paradigm [26,42], as exempli�ed by SCFlow [15], GenFlow [29], and their
successors. By embedding 3D shape priors and multi-scale correlations, these
methods achieve e�cient re�nement and strong generalization, while maintain-
ing full di�erentiability [15]. Recent advances also show that incorporating depth
or 3D �eld constraints can further stabilize the optimization process [39]. How-
ever, most models still lack explicit outlier rejection or robust weighting during
pose computation, relying instead on implicit suppression learned by the net-
work. This design makes them vulnerable to mismatches caused by occlusions,
specularities, or appearance inconsistencies, and their robustness often deteri-
orates under noisy or out-of-distribution conditions. Emerging research trends
thus aim to integrate explicit residual-based �ltering [19], geometric consistency
checks [47], or depth-aware reweighting [6] into end-to-end frameworks to recover
the robustness traditionally o�ered by classical geometric registration.

Fig. 2: Overview of the proposed framework. Given an RGB image, an initial
pose, and the object model, our method iteratively re�nes the pose through a closed-
loop pipeline. We �rst predict monocular depth from the RGB input and then extract
features to construct a 4D cost volume. Using a recurrent matching structure, we
incorporate a dynamic outlier removal module to explicitly handle depth noise when
predicting the pose, which is subsequently used to compute pose-induced �ow for the
next iteration. By explicitly integrating monocular depth, geometric consistency, and
dense matching, our design enables robust pose re�nement in RGB-only settings.

3 Method

Given a single RGB image, an initial pose estimate Pk�1 , camera intrinsics, and
the CAD model of the target object M, our goal is to iteratively re�ne the
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object's 6D pose under RGB-only input. Unlike prior RGB-based re�nement
methods that rely solely on photometric consistency, our framework leverages
monocular depth predicted from a monocular depth estimator to inject geometric
supervision into the re�nement process. Speci�cally, we �rst provide an overview
of the MDC-Net pipeline in Section 3.1, which integrates monocular depth es-
timation with iterative pose optimization. We then describe the design of the
two key components: the Scale Re�nement Module (SRM) in Section 3.2, which
converts relative depth into metric depth through global scale prediction, and
the Inlier-Guided Depth Re�nement (IGDR) component in Section 3.3, which
suppresses depth outliers and iteratively updates monocular depth to enhance
geometric consistency. Finally, we present implementation details and training
strategies in Section 3.4.

3.1 Overview

The overall architecture of MDC-Net is illustrated in Fig. 2. Given a single
RGB image, a known 3D object model, and an initial pose estimate, our goal is
to iteratively re�ne the 6D pose of the object without relying on ground-truth
depth. The core idea of MDC-Net is to leverage monocular depth as a geometric
bridge between image appearance and object pose, progressively improving both
the depth quality and the pose accuracy in a closed-loop manner. Speci�cally, we
�rst employ a pre-trained monocular depth estimator [41] to generate a relative
depth map from the input RGB image. This relative depth lacks metric scale
and may contain noise or inconsistent regions.

To address these issues, MDC-Net introduces two lightweight but comple-
mentary modules: (1) a Scale Re�nement Module (SRM) that predicts a global
scale factor and local residuals from image features to transform Drel into a
metric monocular depth Dabs ; (2) an Inlier-Guided Depth Re�nement (IGDR)
module that detects and removes mismatched points based on registration resid-
uals, iteratively updating the monocular depth to improve geometric consistency.

At each iteration, the mesh is rendered under the current pose to obtain
rendered RGB/depth, object masks, and visible surface points, which provide
shape constraints for dense matching and pose-induced �ow. The rendered and
observed features are used to build a 4D cost volume, while SRM converts monoc-
ular depth into a metric-consistent depth proxy. IGDR removes geometrically
inconsistent correspondences based on the mesh-constrained 3D relations. In
particular, P k�1 and Pk denote the previous and updated pose estimates, �Pk

denotes the predicted residual pose update, Fk denotes the pose-induced �ow or
matching feature used at iteration (k), and hk denotes the hidden state of the
GRU-based recurrent pose regressor. The GRU takes the current matching fea-
tures, corrected monocular depth features, and previous hidden state as input,
and predicts �P k , which is applied to Pk�1 to obtain Pk .

Through this design, MDC-Net e�ectively integrates monocular depth rea-
soning and pose re�nement into a uni�ed iterative framework, enabling accurate,
scale-aware, and geometry-consistent 6D pose estimation from RGB-only input.
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3.2 Scale Re�nement Module

Monocular depth estimation typically recovers only relative depth, lacking metric
scale and often exhibiting a�ne bias or scale drift across scenes and viewpoints.
To address these limitations, we introduce a robust Scale Re�nement Module
(SRM) that combines global a�ne correction with region-aware scale adapta-
tion, enabling the network to jointly model global depth scaling and local scale
variations for producing stable metric monocular-depth.

Given a predicted relative depth map, the scale re�nement module �rst ex-
tracts global image features and regresses a set of global a�ne parameters to
linearly correct the overall depth range. To further compensate for spatially vary-
ing scale inconsistencies commonly observed in complex scenes, a lightweight
convolutional branch predicts a pixel-wise adaptive scale �eld. The �nal metric
monocular depth is computed as

Dabs(x; y) = S(x; y) � (� � D rel (x; y) + �) + �D (x; y) (1)

where � and � denote scalar global scale and shift parameters, respectively,
S (x; y) 2 R H�W represents a spatially varying local scale �eld, and �D(x; y) 2
RH�W denotes a local depth residual term used for �ne-grained detail re�ne-
ment. By combining the stability of global a�ne normalization with the �exibil-
ity of local adaptation, the scale re�nement module maintains consistent metric
depth relationships across diverse viewing conditions, illumination changes, and
re�ective regions. During training, we enhance the original depth supervision
with a geometric consistency loss to ensure that the re�ned metric depth is
coherent in 3D space. Speci�cally, we introduce normal-consistency and repro-
jection terms formulated as:

L geo = krn (D abs) � rn (D gt )k1 + kP (D abs) � P (D gt )k1 (2)

where n(�) denotes surface normals derived from depth, and P(�) represents the
reprojection of 3D points back to the image plane. The overall loss function is
de�ned as:

L SRM = L scale + � 1L depth + � 2L grad + � 3L geo (3)

where Lscale supervises global scale corrections, Lgrad penalizes depth-gradient
discrepancies to preserve edges. Ldepth constrains pixel-level accuracy, and Lgeo

enforces geometric consistency. By decoupling a�ne scale and enabling region-
level adaptation, the scale re�nement module e�ectively suppresses global bias
and local drift in monocular depth predictions while remaining lightweight, pro-
viding a signi�cantly more reliable geometric input for subsequent outlier re-
moval and pose re�nement.

3.3 Inlier-Guided Depth Re�nement Module

In RGB-only 6D pose re�nement, correspondence errors are a major source of
instability because incorrect matches can directly corrupt the iterative optimiza-
tion. Existing end-to-end re�nement networks typically regress pose updates
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from dense optical �ow or feature �elds without explicit outlier rejection, allow-
ing inconsistent matches to propagate through the optimization pipeline. To ad-
dress this limitation, we introduce the Inlier-Guided Depth Re�nement (IGDR)
module, which establishes correspondences between rendered and real images
via optical �ow and explicitly removes mismatches using 3D geometric consis-
tency. This process yields more reliable monocular depth and correspondence
constraints, thereby improving stability and accuracy in pose re�nement.

Given the current pose estimate Pt , the 3D model M, and the input RGB
imageIreal , this component renders a synthetic view Irend . A dense �ow �eld
Fr!t is then computed (e.g., using RAFT) to obtain 2D correspondences:

C =
��

urend
i ; ureal

i

�
ju real

i = u rend
i + F r!t

�
urend

i

�	
(4)

Both I real and I rend are passed through a monocular depth estimation net-
work to generate monocular depth maps Dreal and Drend . Using camera intrin-
sics K, each correspondence pair is lifted to 3D:

prend
i = D rend

�
urend

i

�
� K �1 ~urend

i (5)
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�
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i

�
� K �1 ~ureal
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Each pair
�
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i

�
lies in di�erent coordinate frames related by an un-

known rigid transform [R; t]. Inspired by TurboClique [44], we evaluate pairwise
geometric consistency in this component. For any two correspondence pairs (i; j),
We de�ne the geometric inconsistency as:
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�
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Pairs satisfying eij < � geo are considered compatible. We construct a com-
patibility graph G = (V; E), where nodes V denote correspondences and edgesE
denote geometric agreement. Through heuristic clique sampling and consistency
scoring, we extract the high-consistency subset as inliers.

To improve robustness, we incorporate feature similarity and �ow con�dence
into a reweighting scheme:

wi =
1

jN(i)j

X

j2N(i)

exp

 

�
e2

ij

2� 2

!

� si (8)

where N (i) is the geometrically compatible neighborhood. si is the match-
ing con�dence score, and � controls the sensitivity to geometric inconsistency.
High weights correspond to inliers. The re�ned monocular depth is obtained via
weighted fusion:

D re�ned (x; y) =

P

i
wi � D real

�
ureal

i

�

P

i
wi

(9)
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The updated depth is fed into the next pose re�nement iteration, forming a
closed-loop procedure consisting of �ow matching, geometric consistency evalu-
ation, outlier rejection, depth re�nement, and pose re�nement.

By explicitly modeling multi-point geometric relations, this inlier-guided re-
�nement overcomes the limitations of end-to-end re�nement networks that rely
on single-point residuals or implicit robustness. Without requiring real depth, the
module provides principled outlier detection and yields more stable geometric
constraints. Experiments show that this module consistently improves pose and
monocular depth accuracy under large initialization errors, illumination changes,
and occlusions.

3.4 Implementation Details

For the input RGB images I, we �rst crop the target out based on the initial
pose, and then resize it to a �xed resolution of 256Ö256. Given the ground-
truth pose during training, we render the object to obtain supervisory signals
for optical �ow and depth (used only for training losses), while no ground-truth
depth is used at inference. We use the exponentially weighted strategy [15,39] to
calculate the loss in each iteration for �ow loss, pose loss, and depth matching
loss.

4 Experiments

Table 1: RGB-only 6D pose estimation results on 7 BOP datasets. We report the
o�cial BOP metric, Average Recall, on the unseen track. All methods operate without
real depth at inference; our method achieves the best results with only one hypothesis.

Method LM-O T-LESS TUD-L IC-BIN ITODD HB YCB-V Avg.

MegaPose [26] 62.0 48.5 84.6 46.2 46.0 72.5 76.4 62.3
SCFlow [15] 62.9 57.9 75.9 47.9 34.2 74.5 70.7 60.5
FoundPose [32] 61.0 57.0 69.4 47.9 40.7 72.3 69.0 59.6
GenFlow [29] 56.3 52.3 68.4 45.3 39.5 73.9 63.3 57.0
GigaPose [31] 63.1 58.2 66.4 49.8 45.3 75.6 65.2 60.5
Co-op(5 hypo) [30] 65.5 64.8 72.9 54.2 49.0 84.9 68.9 65.7

Ours 66.8 65.2 75.2 54.8 48.2 84.2 74.1 66.9

4.1 Experimental Settings

The MDC-Net was trained on a combination of large-scale object-mesh datasets,
including ShapeNet-Objects [4], Google-Scanned-Objects [8], and Objaverse [5],
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covering about 90K unique 3D models. Since these datasets only provide object
meshes, we reuse the synthetic renderings provided by [42], which are generated
from these meshes with approximately 3 million images in total. All models are
trained under identical settings without using real depth or ground-truth pose
supervision. For evaluation, we follow the BOP benchmark protocol [18] and test
on seven datasets: LM-O [3], T-LESS [17], TUD-L [18], IC-BIN [7], ITODD
[9], HB [25] and YCB-V [43]. Together, these datasets contain 108 objects with
diverse scales, textures, and symmetry properties, providing a comprehensive
generalization and robustness evaluation.

4.2 Comparison with the State of the Art

Table 1 compares MDC-Net with recent RGB-only 6D pose estimation and
re�nement approaches, including MegaPose [26], SCFlow [15], FoundPose [32],
GenFlow [29], GigaPose [31], and Co-op [30]. We report the o�cial BOP metrics,
including Average Recall (AR), Visible Surface Discrepancy (VSD), Maximum
Symmetry Surface Distance (MSSD), and Maximum Symmetry Projection Dis-
tance (MSPD), all under the RGB-only setting. Our MDC-Net achieves the high-
est overall Average Recall (AR) of 66.9%, outperforming the previous best Co-op
(65.7%) and other �ow-based re�nement networks. Notably, our method ranks
�rst on LM-O (66.8%) ,T-LESS(65.2%),and IC-BIN (54.8%), demonstrating
strong generalization to both synthetic-to-real transfer and texture-rich scenes.
This improvement veri�es that monocular depth guided optimization can e�ec-
tively re�ne poses without requiring real depth input.

Table 2: Ablation of SRM and IGDR on LM-O and YCB-V under the RGB-only
setting. �X� indicates the component is enabled and ��� disabled.

LM-O YCB-V

SRM IGDR AR " VSD" MSSD" MSPD" AR " VSD " MSSD " MSPD"

- - 59.9 53.8 55.6 70.3 66.3 56.4 70.3 72.2
X - 63 57.2 58.9 72.9 70.8 64.4 72.4 75.6
- X 64.5 59.1 60.4 74.1 72.3 63.5 75.1 78.3

X X 66.8 61.6 62.8 76.0 74.1 61.6 78.6 82.1

Further analysis shows that MDC-Net remains competitive even on texture-
less or symmetry-dominant datasets such as T-LESS and ITODD, where depth
ambiguity often causes failure in previous RGB methods. The Scale Re�nement
Module (SRM) enhances the geometric consistency of monocular depth, while
the Inlier-Guided Depth Re�nement (IGDR) removes inconsistent 3D correspon-
dences during optimization. Together, these modules contribute to robust per-
formance across di�erent types of objects and illumination conditions.
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