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Abstract. Most 6D object pose estimation pipelines rely heavily on 2D
detections, which can be inaccurate in cluttered and ambiguous scenes.
To overcome this issue, we propose a lightweight framework that im-
proves upon 2D object detections using multi-view consensus. We formu-
late cross-view instance association as an agglomerative clustering pro-
cess that groups detection candidates based on geometric consistency.
By leveraging multiple views, the approach recovers details missed in
single-view predictions, improving detection quality and pose estimation
accuracy. As a lightweight pre-processing step, it introduces minimal
computational overhead and can be seamlessly integrated into existing
pipelines. We release the source code.

1 Introduction

6D object pose estimation aims to recover the 3D rotation and translation of an
object relative to the camera [3[I0]. It is a central problem in computer vision
with applications in robotic manipulation [13], augmented reality [I], and digital
twin systems [7].

Recent single-view methods rely on feature matching between image obser-
vations and object models, enabling support for novel objects with only a CAD
model or reference images [912]. However, reliance on a single image makes
them susceptible to occlusion and ambiguity, particularly in cluttered scenes
with textureless objects.

Multi-view approaches address these limitations by leveraging multiple ob-
servations. CosyPose aggregates and jointly refines pose hypotheses across views,
improving robustness through geometric consistency [5], while other works simi-
larly exploit multi-view consistency [2l6]. However, existing multi-view methods
typically operate after pose hypotheses have already been generated. As a result,
their performance remains constrained by the quality of the initial 2D candi-
dates: missed detections remove visible objects from consideration, while false
positives can introduce inconsistent hypotheses that increase ambiguity during
downstream pose estimation. Furthermore, progress in open-source multi-view
6D pose estimation has been limited, with CosyPose being one of the latest
widely available systems [5], while most recent state-of-the-art methods focus on
single-view inference.



6D pose estimation pipelines typically follow a two-stage design, where image-
based object detection generates candidate regions for subsequent pose esti-
mation. Overall performance depends heavily on the quality of these regions.
Although recent category-agnostic detectors such as CAD-based Novel Object
Segmentation (CNOS) improve generalization, they remain unreliable under oc-
clusion and ambiguity [§]. We observe that the majority of erroneous pose esti-
mations are a result of inaccurate object detections, including missed detections
of visible objects and false-positive detections assigned to objects that are absent.

This motivates using multi-view geometry earlier in the pipeline, not only
to refine pose hypotheses but also to validate and improve the 2D detections
on which those hypotheses depend. To study this gap, we focus on the T-LESS
dataset from the BOP benchmark, which features textureless objects and pro-
vides accurate camera pose annotations, making it well suited for multi-view
reasoning under occlusion [4].

In this paper, we present a lightweight multi-view consensus framework for
refining 2D object detections. We model cross-view object association as an ag-
glomerative clustering problem, grouping candidates by geometric consistency.
This suppresses spurious detections and reinforces consistent observations across
views, resulting in more robust detections and reliable cross-view correspon-
dences. We demonstrate that refining detections before pose estimation im-
proves downstream RGB-D 6D pose estimation results while adding minimal
computational overhead. The source code is available at: https://github.com/
balintjanik/icpr26_cesi_workshop_6dposel

2 Method

The proposed method is designed as a plug-in refinement stage for existing RGB-
D 6D object pose estimation methods. Given a set of views, an off-the-shelf
detector first produces per-view object masks and confidence scores. Our method
refines these detections by enforcing multi-view geometric consistency before
passing the resulting masks to an unchanged downstream pose estimator.

Given calibrated RGB-D images and per-image object detections, we first
apply non-maximum suppression on the detections (with an IoU threshold of 7).
Then, each detection is lifted to 3D by back-projecting pixels within its mask
into a common world coordinate system with depth information provided by
the camera. Given a pixel u = (x,y) with depth d, its 3D position in camera
coordinates is computed as

pe=dK ! (1)
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and transformed to world coordinates as p,, = RT (p. —t), where K denotes the
camera intrinsics and (R, t) the extrinsics. For each detection i, we obtain a set
of 3D points X; with centroid ¢;, confidence score s; (estimated by the detector),
view index v; and mask m;.


https://github.com/balintjanik/icpr26_cesi_workshop_6dpose
https://github.com/balintjanik/icpr26_cesi_workshop_6dpose

2.1 Multi-view clustering

We associate detections across views via agglomerative clustering. The pairwise
distance between detections i and j is defined as
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where € is a small constant added for numerical stability. This encourages the
grouping of geometrically consistent detections, favoring high-confidence matches.
Assigning infinite distance to detections from the same view prevents intra-view
clustering. Clustering is performed using average linkage with a distance thresh-
old 7, = a- D,, where D, is the object diameter and « is a fixed scaling factor.
This makes the threshold adaptive to object scale.

After clustering, each cluster is restricted to at most one detection per view by
retaining, for each view, the highest confidence detection. Let Ve = {v; | i € C}
denote the set of supporting views. Clusters are ranked by |V¢| in descending
order, with ties broken by the cumulative detection confidence ), . ;.

2.2 Consensus mask reconstruction

For each retained cluster C, we define the aggregated 3D point set Pe = ;¢ Xi-

For each view v, the cluster mask MC(U) is defined as

) ms, if 3i € C with v; = v,
M = (3)

Tnorph (Mév)) , otherwise,

where MC(U) is obtained by projecting Pc into view v via u ~ K(Rp,, + t) for
pw € Fe, followed by rasterization into a binary mask, and Tierpn denotes a
morphological closing operation. This procedure reconstructs masks in views
where detections are absent or unreliable.

3 Experiments

We evaluate the proposed multi-view consensus framework on the BOP’19 eval-
uation subset of the T-LESS dataset, featuring textureless objects under heavy
occlusion and clutter. With our method included in the pipeline, we will first
measure the improvement in detection quality, and then assess the impact on
final pose estimation results. Pose estimation is performed using the Foundation-
Pose pipeline. We experiment with two state-of-the-art alternatives for object
localization in the pipeline: (i) segmentation masks from CNOS (a category-
agnostic detector); and (ii) bounding-box detections from the Pix2Pose detector
(RetinaNet) [I1], which is trained in an object-specific manner.
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Fig.1: Examples of original and corrected object proposals from the T-LESS
dataset. The rows show different views. The first three columns show a successful
correction, while the other three show a failure case.

We compare our multi-view consensus approach, which clusters, filters and
reconstructs detections across views, with a single-view baseline where the top-K
detections are selected independently per image based on confidence. K is fixed
to the known number of object instances per scene. Optimal hyperparameters
values a = 2.0, n = 0.7 were found empirically.

3.1 Detection reliability improvements

We evaluate segmentation quality using Intersection-over-Union (IoU) with ground-
truth masks (Table . Results for 1 view corresponds to the original pipeline
without our method using the CNOS detector. Increasing the number of views
improves mean IoU, whereas median IoU shows only minor gains. This is caused
by an improvement in robustness rather than per-instance accuracy, as the ratio
of total detection failures has been significantly reduced. Figure [I] shows qual-
itative examples of refined detections. In most cases, our multi-view consensus
improves robustness by restoring detections missed in individual views. However,
the last three columns show a limitation: if an object is not detected in any view,
our method cannot recover it.

The proposed module introduces minimal computational overhead, adding
just 11 milliseconds to the time taken for each view on T-LESS. Runtime was
measured on a simple desktop machine featuring an Intel Xeon CPU E5-2620
v4 (2.10GHz) CPU and a single Nvidia Titan RTX GPU.

3.2 Pose estimation improvements

We evaluate the impact of the refined detections on 6D pose estimation using the
FoundationPose pipeline with both detector alternatives. Importantly, the pose
estimation procedure itself remains single-view. Multi-view information is used



Table 1: Segmentation performance as a function of the number of views on the
BOP’19 subset of the T-LESS dataset.

Views Mean IoU Median IoU
1 0.485 0.742
3 0.541 0.751
5 0.561 0.753
10 0.589 0.769

Table 2: Pose estimation performance of the proposed method across varying
numbers of views on the BOP’19 subset of the T-LESS dataset. Multi-view in-
formation is used to refine object masks estimated by CNOS (left) and bounding
boxes given by Pix2Pose RetinaNet (right). Refined detections are fed into the
FoundationPose pipeline in both cases. The BOP’19 standard metrics are used.

CNOS Pix2Pose (RetinaNet)
Views 1 2 3 5 10 1 2 3 5 10
AR 0.579 0.653 0.678 0.690 0.704 | 0.577 0.673 0.698 0.709 0.707
MSPD | 0.601 0.679 0.705 0.717 0.732 | 0.599 0.700 0.727 0.738 0.736
MSSD | 0.590 0.666 0.691 0.702 0.717 | 0.590 0.686 0.711 0.722 0.720
VSD | 0.545 0.614 0.637 0.650 0.664 | 0.543 0.634 0.657 0.668 0.665

only to refine 2D detections prior to pose estimation. Table[reports performance
as a function of the number of views used for detection refinement. Using only
five views with the CNOS detector increases the average recall by 11.1 percentage
points, according to the standard BOP’19 benchmark recall metric.

Performance improves with more views, but the improvement becomes less
significant after several views. This indicates that most recoverable failures are
already resolved with a small number of observations. For Pix2Pose, perfor-
mance saturates around five views and slightly decreases when ten views are
used, likely because additional views may also introduce noisy bounding boxes
or false-positive detections. These detections can occasionally reinforce incorrect
candidates. Overall, the results show that improving detection reliability directly
translates into more accurate 6D pose estimates.

4 Conclusion

The results suggest that many pose estimation errors stem from inaccurate 2D
detections rather than the pose estimator itself. By enforcing cross-view consis-
tency, our plug-in refinement stage reduces detection errors and improves pose
accuracy. Its reliance on known extrinsics limits uncalibrated use, and remain-



ing failures show that geometric aggregation cannot resolve systematic errors or
persistent ambiguity.
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