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Click-to-Model: Real-Time Interactive Object Modeling and Robust 6D
Pose Tracking

Abstract— Accurate perception of target objects is funda-
mental to robotic manipulation, yet current perception methods
rely on known object models and perform poorly in tracking
unseen objects. Simultaneously, computational costs during
real-time robotic arm grasping hinder the pursuit of real-
time performance. To address this challenge, we propose CLM,
an interactive tracking framework based on learn-match. For
object modeling, it introduces a shape-color-driven particle
size matching method that effectively captures surface feature
points. Combined with depth maps, this approach reconstructs
models while ensuring consistency with the original object’s
dimensions. Furthermore, we incorporate a learning-matching-
based tracking mechanism that balances accuracy with real-
time performance. Experiments conducted on YCB-V, and our
self-built dataset demonstrate that our method not only matches
the ADD(-S) metric of current SOTA approaches, but more
importantly, achieves stable tracking of unseen objects and
resolves re-localization issues when targets exit the field of
view. Ablation studies further confirm that the scale-matching
strategy based on joint shape-color particles is crucial for scale
recovery.

I. INTRODUCTION

Robotic systems deployed in dynamic and unstructured
environments must frequently interact with previously un-
seen objects. Reliable 6D pose estimation and tracking is
therefore essential for perception, manipulation, and task
execution, as shown in Fig. 1(a). However, as illustrated in
Fig. 1(b), most existing pose tracking methods assume access
to pre-defined CAD models or require offline object scanning
prior to deployment. These assumptions limit scalability and
significantly slow down real-world operation, particularly in
human-in-the-loop scenarios where rapid object onboarding
is required.

Meta AI's SAM-3D [1] introduces a novel paradigm for
interactive object modeling. This method leverages appear-
ance and texture information from RGB images to generate
three-dimensional approximations of target objects through
user interaction, enabling geometric reconstruction of un-
seen objects without requiring pre-existing CAD models.
This modeling approach demonstrates strong flexibility in
open scenes, laying the groundwork for subsequent pose
estimation and tracking. However, as the method primarily
relies on texture and appearance cues from two-dimensional
images, it lacks constraints on real depth and physical scale.
Consequently, the generated 3D models typically reside in
a normalized scale space, exhibiting significant dimensional
discrepancies compared to real objects. This scale mismatch
directly impacts the accuracy of model-based 6D pose es-
timation [2], imposing clear limitations in scale-sensitive
applications like robotic grasping [3-5].
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Fig. 1 (a) RGB-D based 6D pose estimation enabling robotic grasping
and placement. (b) Fundamental obstacles for accurate and real-time pose
tracking in robotic tasks.

Conversely, NVIDIA’s FoundationPose [6] achieves high-
precision 6D pose estimation and continuous tracking for
novel objects through a learning-driven feature matching
and pose regression mechanism. It demonstrates superior
robustness on public datasets and in complex occlusion
scenarios. However, this approach relies on relatively precise
object models and initial mask inputs. Additionally, its
feature matching and optimization processes incur substantial
computational overhead, leading to high inference latency. In
real-time robotic arm grasping or human-robot interaction
scenarios, this computational burden struggles to meet the
demands for low latency and high responsiveness.

Based on this analysis, existing approaches have made
progress in “model acquisition” and “objects tracking” sep-
arately, but no unified framework has yet been established
that balances scale consistency, real-time performance, and
interactivity. To address this, we propose an interactive
object pose estimation and tracking framework based on
a learn-match mechanism. This framework minimizes user
interaction costs by requiring clicks to identify the target
object and establishes a tightly coupled relationship between
online modeling and pose estimation, as illustrated in Fig. 2.
By integrating learning-driven feature representation with ef-
ficient matching strategies, it significantly reduces inference
latency while maintaining pose estimation accuracy, enabling
real-time 6D pose output for unseen objects. This approach
enhances scale consistency and system responsiveness while
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Fig.2 The framework comprises three stages: preliminary segmentation and normalization, scale-consistent model restoration, and adaptive pose estimation.
A feature-aware fitness function integrating geometric, color, and robustness terms guides particle-based global alignment to recover a metrically consistent
object model. FoundationPose then provides high-accuracy pose estimation from RGB-D observations, serving as the primary localization module. ICP
operates as a lightweight geometric tracker, refining and stabilizing the pose under motion through fast local alignment when triggered. This coarse-to-fine
and learning-geometry hybrid design ensures metric correctness, robustness to occlusion, and real-time performance.

preserving model adaptability, offering a more feasible solu-
tion for robotic operations in open environments.

A key component of the proposed framework is a scale-
aware registration strategy that improves model alignment
during online reconstruction. We introduce a color-shape-
guided probabilistic particle sampling mechanism to select
representative points for scale alignment. Instead of relying
solely on geometric consistency, the method jointly consid-
ers color distribution and structural cues to guide particle
selection, enabling robust scale calibration even under partial
observations. This strategy enhances reconstruction stability
and reduces initialization drift.

For pose estimation and tracking, we design a hybrid
decision-based localization scheme that combines coarse
pose inference with geometric refinement. The system first
performs pose initialization and temporal tracking using a
learning-based estimator, and then selectively applies iter-
ative geometric alignment to refine the pose when neces-
sary. This decision-driven integration balances computational
efficiency and localization accuracy. By adaptively invok-
ing geometric refinement, the framework maintains real-
time performance while preserving robustness in challenging
scenarios.

The main contributions of this work are as follows:

1) Complete interactive perception pipeline: an end-to-
end click-to-model framework unifying segmentation,
3D modeling, and pose tracking for real-time deploy-
ment.

2) Scale-aware probabilistic registration: a color-shape
guided particle sampling method for robust online
scale alignment.

3) Decision-driven hybrid localization: a combined
learning-based and geometric alignment approach bal-
ancing real-time performance and accuracy.

II. RELATED WORK

A. Object Modeling from Segmentation and RGB-D Recon-
struction

Recent advances in foundation models have significantly
improved category-agnostic object segmentation, with the
Segment Anything Model (SAM) [7] demonstrating strong
generalization and prompt-based mask extraction capabili-
ties. Based on segmentation output, SAM3D-style pipelines
[1] perform object-centric reconstruction by isolating masked
regions and fusing multi-view RGB or RGB-D observations
to generate 3D models. SAM-6D [8] further extends this
paradigm to zero-shot 6D pose estimation. While such ap-
proaches alleviate dependence on pre-scanned CAD models,
RGB-driven reconstruction typically produces normalized
object geometry without reliable metric scale, limiting its di-
rect applicability to precise 6D pose estimation in robotic ma-
nipulation. Depth-aware fusion improves geometric fidelity
but does not fully resolve scale inconsistency under partial
observation. In contrast to prior work that focuses primarily
on visual reconstruction quality, our approach explicitly
addresses metric scale recovery during online reconstruction
through a color-shape-guided probabilistic point selection
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Fig. 3 Qualitative results on multiple datasets, including our self-collected dataset, the HOPE dataset, and the NVIDIA dataset. The figure illustrates
the pipeline from RGB input and object mask extraction to scale-aligned CAD reconstruction and subsequent 6D pose tracking across different object

categories.

strategy, enabling scale-consistent object modeling suitable
for downstream pose tracking.

B. 6D Pose Estimation and Tracking

6D pose estimation has been extensively studied us-
ing both model-based geometric alignment and learning-
based render-and-compare frameworks [9, 10]. Classical ap-
proaches rely on feature correspondence and iterative closest
point (ICP) [11, 12] refinement given accurate CAD models
[2, 13], achieving strong geometric consistency but requiring
reliable initialization and precise object geometry. Instance-
level methods such as DenseFusion [14], PVN3D [15],
and PVNet [16] leverage dense correspondences for pose
regression. Recent learning-based methods, such as Founda-
tionPose [6], significantly improve robustness and tracking
stability by leveraging learned feature representations and
synthetic-to-real generalization. However, these approaches
generally assume access to accurate CAD models and pre-
defined masks, limiting their use in scenarios involving
previously unseen objects. Methods such as DPOD [17],
FFB6D [18], SurfEmb [19], and GNC-Pose [20] improve
dense correspondence learning. Hybrid pipelines combining
learned initialization with geometric refinement have been

explored [21], yet reconstruction and tracking are typically
treated as independent stages. Our method integrates online
model generation with a decision-based hybrid localization
scheme that adaptively combines FoundationPose and ICP
refinement, achieving a balance between computational effi-
ciency and pose accuracy under real-time robotic constraints.

C. Model-Free and Unseen Object Pose Estimation

Traditional 6D pose estimation methods typically rely on
pre-scanned CAD models and category-specific training data
[22, 23], limiting their applicability to unseen objects [24].
To address this limitation, recent works have explored model-
free and generalizable pose estimation paradigms. OnePose
[25] and OnePose++ [26] employ template-based matching
without CAD models. Gen6D [27] and BundleTrack [28]
enable model-free tracking of novel objects. Category-level
methods such as NOCS [29], FS-Net [30], and GPV-Pose
[31] leverage learned shape priors. MegaPose [32] and La-
tentFusion [33] adopt render-and-compare strategies. Some
approaches leverage large-scale synthetic training and feature
matching to align RGB observations with pre-learned shape
priors, while others employ template retrieval or image-to-
image matching strategies to infer pose without explicit CAD
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supervision. Another line of research focuses on prompt-
based or segmentation-driven modeling, where object masks
or user interaction serve as the initialization cue for pose
estimation. These methods reduce dependency on pre-built
object models and improve flexibility in interactive settings.
However, they often face challenges in scale recovery, robust-
ness under large viewpoint changes, or maintaining stable
tracking over long sequences. Despite notable progress,
including recent advances in Gaussian splatting for pose
estimation [34, 35] and robust ICP variants, achieving ac-
curate, real-time, and robust pose tracking for previously
unseen objects in robotic manipulation scenarios remains an
open problem, particularly when interactive specification and
scale-consistent reconstruction are required.

III. METHODOLOGY
A. Overview

The Click-to-Model (CLM) framework addresses two cen-
tral challenges in interactive robotic perception of unknown
objects: precise metric scale recovery and stable real-time
6D pose tracking. Unlike conventional pipelines that depend
on pre-scanned CAD models with known dimensions, CLM
directly reconstructs scale-consistent object representations
from RGB-D observations and maintains reliable pose es-
timation through an adaptive hybrid tracking strategy. To
resolve scale ambiguity introduced by RGB-driven recon-
struction, CLM leverages aligned depth information and
formulates scale recovery as a probabilistic particle-based
optimization problem. Randomly sampled surface particles
are evaluated using a unified objective that integrates pho-
tometric consistency and geometric saliency, enabling met-
ric alignment between reconstructed geometry and physical
depth measurements. For pose tracking, CLM combines
FoundationPose [6] for robust global inference under mod-
erate motion with ICP [11, 12] for efficient local alignment
during rapid changes. A motion-aware mechanism monitors
inter-frame pose increments to adaptively switch between es-
timators, ensuring both stability and responsiveness. Recent
works on robust registration and deep point cloud alignment
[36] offer complementary strategies. This unified framework
achieves a balanced trade-off between accuracy and real-time
performance in unseen object manipulation scenarios.

B. Color-Shape Consistent Particle-Based Scale Recovery

In interactive object modeling based on SAM3D, the
reconstructed object model is typically produced at a nor-
malized scale and lacks metric consistency with the physical
world. This scale ambiguity often leads to multiple feasible
solutions or degenerate configurations due to symmetry,
repetitive structures, and partial visibility. To address this
issue, we introduce a global isotropic scale parameter s > 0
and formulate scale recovery as a depth-anchored optimiza-
tion guided by color—shape consistent particle selection.

Let the SAM3D-generated object model be represented as
a colored point cloud

S={(si.c) V. (1)

and the observed RGB-D scene be
T ={(t;,d;)},. 2

We denote the rigid transformation as T = (R, t) € SE(3).
Under scale and pose transformation, each model point
becomes

$; = R(ss;) + t. 3)

a) Particle-Based Anchor Selection.: To avoid unstable
correspondences in geometrically repetitive or textureless
regions [13, 37], we randomly sample n particles on the
model surface as candidate anchors. For each particle pg,
local geometric and color descriptors, denoted as ¢4 (py) and
o.(pk) respectively, are computed within its neighborhood.

We estimate the density of each particle in geometric and
color feature spaces using kernel functions:

||¢ Pk) ¢(Pz)||2

2

Zexp( [Pc(Pr) — ¢e(P)l ) 5)
202

1#k

Particles located in repetitive regions exhibit high density

and are therefore less reliable. We define a joint distinctive-
ness score

U(pr) = a( —logpy(pr)) + (1 — @) ( —log pe(pr)), (6)

where « € [0, 1] balances geometric and color contributions.
The score is normalized into a probabilistic weight

_ _=p(8U(pr))
> exp(BU(pr))’

with temperature parameter S > 0. Through iterative filter-
ing, we obtain a stable anchor set A = {a,,}}_, composed
of highly distinctive particles.

b) Depth-Anchored Scale Estimation.: Given anchor
correspondences between model anchors a,, and scene
points b,, € T, scale recovery is formulated as a weighted
least-squares problem:

)

M
min > wp, |R(sam) +t — byl>. (8)
With R and t fixed, this becomes a one-dimensional
quadratic optimization in s. Taking the derivative with re-
spect to s and setting it to zero yields the closed-form
solution:
S* _ Zi\r{ 1 wmaT RT (b - t) ) (9)
M
> m—1 @m [amll3

This expression directly ties the scale parameter to metric
depth observations in the RGB-D scene. Since the weights
wy, encode color—shape distinctiveness, unreliable or sym-

metric regions exert limited influence on the solution.
Overall, the proposed method decomposes scale recovery
into two coupled stages: distinctive anchor selection and
depth-consistent metric estimation. By integrating color and
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geometric cues during particle evaluation and leveraging
RGB-D measurements for metric anchoring, the approach
significantly reduces ambiguity under symmetry and oc-
clusion, providing a stable and physically consistent scale
foundation for subsequent 6D pose estimation and tracking.

C. Hybrid FoundationPose—ICP Object Tracking

After obtaining a scale-consistent object model s*S, object
pose estimation and temporal tracking are formulated as a
joint learning—geometry optimization problem. Let the RGB-
D observation at time ¢ be denoted as I; = {If ,, I} i}
The objective is to estimate the object pose T; € SE(3) in
the camera coordinate frame at each frame.

a) Primary Global Localization via FoundationPose.:
FoundationPose serves as the primary global localization
module. Given the current observation and the metric-
consistent model, FP predicts the object pose as

TfP = f9(1t75*8)7 (10)

where fp(-) denotes the trained network. By jointly lever-
aging RGB semantic representations and depth geometry,
FP performs direct pose regression in SF(3) and maintains
robustness under occlusion and background clutter.

From an operational perspective, FP is responsible for (i)
initial pose acquisition, (ii) recovery from large inter-frame
motion, and (iii) re-localization after tracking failure. Since
FP relies on statistical learning, strict geometric consistency
with the observed depth map is not explicitly enforced, and
minor pose drift may accumulate over long sequences.

b) Auxiliary Local Refinement via ICP.: To enhance
temporal continuity and metric precision, we introduce ICP
as a lightweight auxiliary tracking module. Let T;_; denote
the optimized pose from the previous frame. ICP assumes
small inter-frame motion and performs local refinement by
minimizing point-to-plane residuals:

2
AT, = arg IEiTnZ (n}(i) (ATT]_s; — tﬂ(i))) o
K3

where s; denotes model points, t,(;) denotes correspond-
ing observed points, and n ;) represents surface normals of
the observed cloud. The refined pose is updated as

TICP = AT, T} |. (12)

Since ICP searches only within a small local neighborhood
in SE(3), it converges rapidly and incurs low computational
cost, making it suitable for high-frequency pose propagation.
However, ICP cannot handle large pose jumps or global
misalignment.

c) Adaptive Execution Mechanism.: To balance global
robustness and local efficiency, we explicitly define a hier-
archical execution strategy in which FP acts as the primary
estimator and ICP serves as a secondary refinement module.

First, we quantify the inter-frame motion magnitude be-
tween the propagated pose and the FP prediction:

8 = |[log ((T7_,) "' T{F) (13)

I

where log(-) denotes the Lie algebra mapping from SE(3)
to se(3). This measures the relative pose change in the
tangent space.

Second, we evaluate geometric consistency using depth
residual:

1
Eaepn(T) = Z [TI(Ts;) — w2, (14)
where II(-) denotes the camera projection function and u;
are observed depth points.
We then define a unified trigger variable:

ar = I(M0¢ + A0 Egepen(TEF) + A3(1 —¢p) > 1), (15)

where ¢, is the network confidence score, \; are balancing
coefficients, and 7 is a threshold.
The final pose selection follows a hierarchical rule:

. TR,
T; = {T{CP’

ay = 17
16
ay = 0. ( )

In practice, this mechanism operates as follows:

o When large motion, geometric inconsistency, or low
network confidence is detected (a; = 1), FP is invoked
to perform global re-localization.

o Otherwise, ICP propagates the pose locally to ensure
temporal smoothness and computational efficiency.

d) Optimization Interpretation.: From an optimization
viewpoint, the hybrid strategy constitutes a hierarchical min-
imization framework. FP provides a globally informed ap-
proximation in a semantic feature space, while ICP enforces
local metric consistency in the geometric space. The trigger
mechanism dynamically switches between global search and
local refinement, thereby reducing drift accumulation, avoid-
ing unnecessary repeated network inference, and preserving
real-time performance.

Together with the scale recovery module, the proposed
system forms a closed-loop optimization pipeline: scale re-
covery guarantees metric correctness, FP ensures global pose
observability, and ICP maintains stable geometric tracking.
This unified design enables robust and continuous object
tracking under occlusion, abrupt motion, and complex scene
conditions.

IV. EXPERIMENTS
A. experimental Setup

Experiments are conducted using a workstation equipped
with an NVIDIA RTX 4090 GPU and an Intel i9 CPU.
All algorithms are implemented in Python and executed
on Ubuntu 22.04. RGB-D observations are captured using
an Intel RealSense D415i camera operating at a resolution
of 640 x 480 with a frame rate of 30 FPS. The RGB
stream is used for interactive object segmentation and model
reconstruction, while the aligned depth stream provides
metric geometric information for scale recovery and pose
estimation.
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To obtain accurate ground-truth object poses in real-world
experiments, a calibrated motion capture system is employed.
The motion capture cameras track reflective markers attached
to the target object and provide high-precision pose measure-
ments in the global coordinate frame. These measurements
are synchronized with the RGB-D data and used as reference
poses to evaluate the accuracy of the proposed method.

We evaluate the proposed CLM framework on both public
benchmarks [2] and a self-collected dataset. Specifically,
experiments are conducted on the HOPE and Nvidia’s
datasets, which contain challenging manipulation scenarios
with varying viewpoints, occlusions, and object appearances.
These datasets provide RGB-D observations together with
accurate object models and ground-truth poses, allowing a
comprehensive evaluation of pose estimation accuracy, as
shown in Fig. 3.

In addition, we construct a custom RGB-D dataset to
further evaluate the performance of CLM in interactive and
real-world environments. During data acquisition, objects are
observed under different viewing angles, motion speeds, and
partial occlusion conditions. The RealSense D415i camera
records synchronized RGB and depth streams, while the
motion capture system provides precise pose annotations.
This setup enables a controlled evaluation of both pose ac-
curacy and tracking stability. All experiments are conducted
using the same hardware and configuration to ensure fair
comparisons across different methods.

B. Metrics

To closely follow standard evaluation protocols for real-
time 6D pose tracking, we adopt the following metrics:

ADD(-S). We report the recall of ADD and ADD-S under
the 0.1 object diameter threshold (ADD-0.1d) [2], which
measures geometric pose accuracy and is widely used in pose
estimation benchmarks.

Runtime (FPS). To evaluate the real-time performance of
the proposed framework, we measure the average frames per
second (FPS) during the online tracking stage. The runtime
includes both the learned pose estimation of FoundationPose
and the geometric refinement using ICP within the hybrid
tracking strategy. Since object modeling and scale recovery
are performed only once during initialization, these stages
are excluded from the FPS measurement. For fair evaluation,
the system is first warmed up for several frames to eliminate
initialization overhead. The FPS is then computed over 300
consecutive frames. This measurement reflects the effective
runtime of the proposed CLM tracking pipeline under con-
tinuous operation.

Relocalization Success Rate. Relocalization Success Rate
(RSR) measures the ability of the tracker to recover the
correct object pose after tracking failure or large object
motion. A frame is considered successful if the estimated
pose satisfies the ADD(-S) threshold (e.g., ADD(-S) < 0.1d,
where d is the object diameter). The metric is defined as
the percentage of frames in which the system successfully
re-establishes accurate pose estimation.

C. Comparison with Prior Work

As shown in Table I, we compare CLM with representative
instance-level, zero-shot, and category-level 6D pose meth-
ods [39, 40] to evaluate performance under different prior
assumptions and deployment settings.

FoundationPose serves as a strong instance-level baseline.
When accurate CAD models and segmentation masks are
provided, it achieves high pose accuracy and stable temporal
refinement. However, this performance depends on object-
specific priors that are unavailable in unseen-object scenar-
ios. CLM removes both CAD and mask dependencies by
constructing an object model online from a single click
and recovering metric scale through geometric alignment.
Despite operating under weaker prior assumptions, CLM
achieves competitive ADD(-S) and AR while maintaining
real-time tracking.

We further compare with zero-shot approaches such as
Any6D [38] and other foundation-model-based pose esti-
mators. These methods directly regress 6D pose without
instance CAD, but are typically designed for single-frame
estimation and lack explicit metric-scale recovery or inte-
grated temporal tracking. As a result, robustness degrades un-
der occlusion, viewpoint changes, or tracking interruptions.
In contrast, CLM integrates online modeling, metric-scale
alignment, and learned refinement, enabling stable tracking
and reliable re-localization.

ZeroPose  proposes a
6D pose estimation framework that follows a
Discovery—Orientation—Registration  pipeline to detect
object instances and estimate poses using feature matching
between RGB-D observations and a given CAD model. It
generalizes to unseen objects without retraining but still
requires an accurate CAD model and relies on multi-stage
matching. In contrast, CLM eliminates CAD dependence by
interactively reconstructing scale-consistent object models
from RGB-D input and enabling real-time pose tracking,
making it more suitable for interactive robotic manipulation
scenarios.

Quantitative results in Table II support these observations.
While FoundationPose achieves the highest accuracy under
full supervision, CLM substantially narrows the performance
gap without requiring CAD models or masks. Compared to
zero-shot and category-level methods, CLM demonstrates
consistently higher re-localization success and occlusion
robustness, together with competitive real-time performance.
These results indicate that CLM achieves a favorable trade-
off between prior dependency, tracking stability, and deploy-
ment practicality.

CAD-prompted  zero-shot

D. Ablation Study

We further analyze the contribution of color and shape
cues in the proposed particle-based scale recovery module.
Removing either cue leads to a noticeable decrease in pose
accuracy and relocalization robustness, while the full model
achieves the best performance, demonstrating the effective-
ness of the proposed color-shape joint optimization.
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TABLE I: System-level comparison of representative 6D pose estimation methods:

Method No CAD Model Generalizability Interaction Real-time Tracking Metric Scale Recovery
NOCS [29] X X X Limited v

FS-Net [30] / SPD X X X Limited v

ZeroPose X X X X Partial

Any6D [38] v v X v
FoundationPose [6] X v X v v

CLM (Ours) v 4 4 4 v

TABLE II: Comparison of representative 6D pose estimation
pipelines in terms of pose accuracy, robustness, and runtime
efficiency.

Method ADD(-S)T RSR (%)t FPSt
FoundationPose [6] 0.95 0 16
Any6D 0.96 0

ZeroPose 0.83 0
Category-level 6D Pose 0.76 0

CLM (Ours) 0.95 0.96 (Click) 19

TABLE III: Ablation Study of a Particle Model Size Recov-
ery Module Driven by Color and Shape.

Method ADD(-S)T  RSR (%)t
w/o color + shape 0.64 0.46
w/o shape 0.72 0.61
w/o color 0.85 0.68
Ours 0.96 0.97

The ablation results in Table III demonstrate the effec-
tiveness of incorporating both color and shape cues into
the proposed particle-based optimization module. When both
cues are removed (w/o color + shape), the system relies only
on basic geometric alignment, resulting in relatively low per-
formance with an ADD(-S) score of 0.64 and a relocalization
success rate of 0.46. Introducing shape information alone
(w / o color) significantly improves the results, indicating
that geometric structure plays a critical role in stable pose
estimation. Similarly, incorporating only color information
(w/o shape) provides moderate improvement, suggesting
that appearance cues also contribute to identifying reliable
correspondences. The full model, which jointly leverages
both color and shape features, achieves the best performance
with an ADD(-S) of 0.96 and a relocalization success rate of
0.97. These results indicate that the complementary nature
of color and geometric cues effectively enhances both pose
accuracy and tracking robustness. Joint optimization enables
more reliable particle selection on the reconstructed surface,
leading to improved scale alignment and more stable pose
estimation during tracking.

Importantly, the improvements from geo-only PSO to
geo+color PSO are not marginal refinements but systematic
gains across accuracy and robustness metrics. This trend

indicates that robust initialization quality—rather than solely
temporal refinement—plays a decisive role in stable unseen-
object tracking. The results demonstrate that the proposed
color-shape alignment is not merely an auxiliary enhance-
ment, but a key component enabling reliable deployment
under realistic visual conditions.

V. CONCLUSIONS

We propose an interactive framework, CLM, for real-
time 6D pose estimation of unseen objects. This method re-
solves scale inconsistencies in RGB-D-driven reconstruction
through a color-shape consistency optimization mechanism,
enabling metric model recovery without relying on pre-
scanned CAD models. Based on a motion-aware hybrid
tracking strategy, it further balances stability and real-time
performance by integrating global learning estimation with
local geometric refinement. This framework maintains sta-
bility in dynamic scenes while reducing model dependency.
Limitations include sensitivity to depth quality and the
absence of an online shape update mechanism, which may
affect performance under severe initial occlusions. Future
research could explore the integration of online shape re-
finement techniques and collision-aware planning to enhance
robustness and adaptability in complex operational environ-
ments.
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