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Abstract— 6D pose estimation of textureless objects is valu-
able for industrial robotic applications, yet remains challenging
due to the frequent loss of depth information. Current multi-
view methods either rely on depth data or insufficiently exploit
multi-view geometric cues, limiting their performance. In this
paper, we propose DKPMYV, a pipeline that achieves dense
keypoint-level fusion using only multi-view RGB images as in-
put. We design a three-stage progressive pose optimization strat-
egy that leverages dense multi-view keypoint geometry informa-
tion. To enable effective dense keypoint fusion, we enhance the
keypoint network with attentional aggregation and symmetry-
aware training, improving prediction accuracy and resolving
ambiguities on symmetric objects. Extensive experiments on the
ROBI dataset demonstrate that DKPMYV outperforms state-of-
the-art multi-view RGB and RGB-D approaches. The code will
be available at https://github.com/chenjiahongbq/DKPMYV.

I. INTRODUCTION

Textureless objects are commonly encountered in modern
industrial scenarios, such as mechanical components and
plastic utensils [1]. The lack of distinctive color or texture
makes these objects challenging for visual perception, draw-
ing increasing attention in the robotics community [2], as
exemplified by benchmarks like the ROBI [3] and XYZ-IBD
datasets [4]. Accurate estimation of 6D poses is essential
for a wide range of downstream robotic tasks, including
autonomous grasping and assembly [5-8].

In recent years, the vast majority of research has focused
on addressing the 6D pose estimation problem of textureless
objects using depth data [9-11] or RGB-D images [12-14].
While these approaches have significantly improved pose
estimation accuracy, they heavily rely on the quality of the
depth, which often degrades on specular surfaces [15-17],
transparent materials [18, 19], or low-light conditions [20].
Moreover, high-precision depth sensors are costly and oper-
ate at low frame rates, limiting their applicability in real-time
robotic perception [21]. RGB-based deep learning methods
have effectively addressed 6D pose estimation for textureless
objects [22]. Nevertheless, the reliance on single-view input
in most approaches [23-25] leads to limitations under scale
ambiguity, occlusions, and symmetric object [26].

To address the inherent limitations of single RGB-view
methods, recent researches have increasingly focused on
multi-view frameworks for robust pose estimation of tex-
tureless objects. Existing approaches typically fall into two
categories: sequential frame processing, as in object-level
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Fig. 1: Brief overview of the DKPMV. A three-stage progressive
optimization strategy is proposed, including dense point cloud
reconstruction, initial pose alignment, and nonlinear optimization.
To enable effective dense keypoint fusion, we enhance the keypoint
network with attentional aggregation and symmetry-aware training.

SLAM [27-29], and simultaneous multi-frame input [30-33].
While the former suffers from drift and latency due to
frame-by-frame processing, the latter is more suitable for
real-time robotic applications [34]. However, most existing
multi-frame methods rely on single-view pose initializa-
tion followed by global refinement, resulting in pose-level
fusion with limited exploitation of multi-view geometric
consistency [30, 31, 33]. While MV-3D-KP [32] performs
keypoint-level fusion to better utilize multi-view constraints,
it integrates only sparse keypoints and remains dependent on
depth input, which compromises robustness under occlusion
or missing depth, as demonstrated in [33].

Motivated by these challenges, we propose the DKPMV
that performs dense keypoint-level multi-view fusion using
only RGB images, as illustrated in Fig. 1. To resolve
ambiguities in keypoint prediction for symmetric objects,
we adopt a symmetry-aware training strategy (SAT) [35].
Moreover, we also design an attentional aggregation module
within the keypoint network to capture geometric constraints
among dense keypoints and improve prediction accuracy.
Furthermore, we propose a three-stage progressive pose
estimation strategy that leverages the dense keypoints. These
innovative designs enable reliable dense keypoint-level multi-
view fusion and significantly improve the robustness of
pose estimation in challenging scenarios. Extensive exper-



iments on the challenging ROBI dataset [3] demonstrate
that DKPMV outperforms state-of-the-art RGB and RGB-
D based approaches.

The main contributions of this work are as follows:

« We propose the DKPMYV, a 6D pose estimation frame-
work that achieves dense keypoint-level multi-view fu-
sion using only multiple RGB images as input.

o We employ SAT to resolve prediction ambiguities and
design an attentional aggregation module to enhance
keypoint accuracy and ensure effective fusion.

« We design a three-stage progressive pose optimization
pipeline that integrates multi-view geometry with dense
keypoint cues.

II. RELATED WORK
A. 6D Pose Estimation for Textureless Objects

Traditional methods improve pose estimation accuracy for
textureless objects by leveraging depth data [9-11] or RGB-
D images [12—14]. Due to depth unreliability on textureless
surfaces, RGB-based approaches provide an efficient solution
for 6D pose estimation by exploiting visual appearance
cues [22]. Template matching methods [36-38] infer poses
by comparing images with pre-rendered templates and are
suitable for textureless objects. Regression-based [39, 40]
methods estimate poses directly from global image features,
offering efficiency. However, both approaches exhibit dete-
riorated accuracy when facing large viewpoint variations,
occlusions, or domain shifts, due to the lack of explicit
geometrical modeling. Coordinates-based methods [41, 42]
aggregate pixel-wise object coordinates via RANSAC [43],
ensuring robustness in occlusion. Nonetheless, per-pixel co-
ordinate regression takes vast computational burden, prevent-
ing their applications in multi-view and real-time scenarios.

Semantic keypoint-based methods [41, 44, 45] detect a set
of 2D semantic keypoints and establish 2D-3D correspon-
dences with predefined points on CAD models, from which
the 6D pose is estimated via Perspective-n-Point (PnP). This
formulation transforms pose estimation into a structured
and interpretable task, enabling consistent exploitation of
multi-view geometric constraints [32]. Compared to sparse
keypoints, dense keypoint-based methods [24, 25, 46, 47]
capture richer scene information and exhibit greater ro-
bustness to occlusion. Furthermore, integrating graph neural
networks (GNN) enables geometric interactions among key-
points, further enhancing prediction accuracy [25]. However,
most existing methods utilize only single-view keypoint pre-
dictions without multi-view fusion, leading to depth loss and
scale ambiguity. Moreover, they lack dedicated mechanisms
to resolve keypoint ambiguities arising from object rotational
symmetries [35].

B. Multi-View 6D Object Pose Estimation from RGB Images

Multi-view 6D pose estimation has been shown to be
effective in addressing the depth and scale ambiguities in-
herent in single-view settings. According to the input, these
approaches can be categorized into sequential-frame based
ones (e.g., object-level SLAM [27-29]) and simultaneous
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multi-frame based ones [30-33]. Sequential frame methods
are susceptible to cumulative drift and processing latency,
whereas simultaneous multi-frame method process multiple
views in parallel, delivering the responsiveness required for
real-time robotic tasks [34]. However, most existing multi-
frame methods perform pose-level fusion either through
global optimization of individually estimated single-view
poses [30, 31] or by decoupling translation and rotation
estimation through multi-view center keypoint fusion [33].
Such strategies are prone to accumulated errors and lim-
ited in fully exploiting cross-view consistency. Keypoint-
based methods offer a more interpretable and geometric
formulation, enabling more geometry-aware multi-view in-
tegration [32]. Nevertheless, current multi-view keypoint
approaches are typically limited to sparse keypoints while
requiring depth input, suffering from occlusion and degraded
depth quality [32].

To address these challenges, we achieve dense keypoint
fusion and introduce a three-stage progressive optimization
pipeline that directly estimates 6D pose from RGB images,
enabling robust and accurate keypoint-level multi-view fu-
sion.

IIT. METHOD

Given a set of RGB images {Z; }}/:1 and a collection of
object instances, the objective is to estimate the 6D pose
of each object, defined by its rotation R € SO(3) and
translation t € R3, wrt. a global coordinate frame. We
assume that the relative camera poses between views and the
3D geometry of each object (i.e., CAD models) are known.
A set of N 3D keypoints P; € R? is uniformly sampled
from each CAD model using farthest point sampling (FPS).

As illustrated in Fig. 2, the proposed method consists
of several stages, with the key innovation lying in the
dense keypoint-level fusion across multiple views and a
dedicated three-stage progressive pose optimization pipeline.
We begin with 2D bounding box detection for each object
instance in every image using an off-the-shelf YOLOv1I.
These bounding boxes are used to crop and resize the input
images. The patches are then processed by the KeypointNet-
SAT network to generate dense keypoint predictions. A
multi-view matching module is then employed to establish
consistent keypoint correspondences across views for each
object instance. Finally, the matched dense keypoints are
passed to the pose estimation module to recover the final
6D pose.

A. Single-view Dense Keypoints Estimation

The dense keypoint prediction network is built upon
CheckerPose [25]. It integrates a GNN to capture geometric
relations among dense keypoints and a CNN to extract
visual features from RGB inputs. In addition to 2D keypoint
coordinates, the network outputs a binary visibility code
b, for each keypoint, indicating whether it lies within the
object’s region of interest (ROI). This visibility cue is used
to filter out unreliable keypoints and improve the overall
prediction quality.
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Fig. 2: Structural illustration of the DKPMV. Given multi-view RGB images and corresponding 2D bounding boxes, we perform dense
keypoint detection for each object in each view. The detected keypoints are matched across views and subsequently fed into a three-stage

progressive pose estimation module.

To ensure effective keypoint fusion and stable network
training, we adopt the SAT [35] to resolve keypoint pre-
diction ambiguities on symmetric objects by transforming
all equivalent poses into a unified canonical representation.
Specifically, given a proper symmetry group M (O) for
object O, which defines the set of transformations that leave
the object appearance unchanged:

M ={m € SE(3)|Vp € SE(3),R(O,p) = R(O,m -p)}
1
where R(O,p) is the image of Object O under pose p
(ignoring lighting effects), m is a rigid motion related to
the symmetry, and m - p is the pose after applying motion
m. A corresponding operator Map(-) on SO(3) is employed
to map symmetric equivalent poses to a consistent canonical
form:
Map(R) =

S7IR, VR e SO(3) (2)

where Map(-) ensures consistent keypoint supervision across
all symmetric-equivalent poses during training. And S is the
optimal rotation matrix that best aligns the input R:

S = arg min ||S*1R — I
SeM(0)

I 3)
By this means, we significantly improve pose estimation
performance for rotationally symmetric objects, as discussed
in Section IV.

Furthermore, inspired by the SuperGlue [48], we replace
the max-based node update scheme used in the Edge-
Conv [49] module of CheckerPose with an attentional aggre-
gation (Att), enabling more effective modeling of geomet-
ric relationships among dense keypoints. Specifically, each
keypoint x; aggregates features from its £k = 20 nearest
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neighbors {x;} jcar(i). as defined in CheckerPose [25]. The
message mg_,; is computed by attentional aggregation over
all connected keypoints {j : (i,7) € £}. Given a query g;
derived from the keypoint feature x! at the /-th layer, and
key and value k;, v; derived from each neighboring keypoint
feature :c , the message is computed as a weighted average
of the values

Mmeg—y; = E Qi Vi,

Ji(i,5)€E

ayj = Softmax;(q, k;)  (4)

and the updated keypoint feature at the /+1-th layer, denoted
as '™, is computed as:

f]) (5)

This node update strategy enhances keypoint localization
accuracy, thereby improving the final pose estimation per-
formance, as discussed in Section IV.

scf“ = x! + MLP(Concat[mg¢_,;,

B. Estimating Object Pose Using Matched Keypoints

We accomplish multi-view keypoint matching by first
pairing the two views with the closest poses, followed by
keypoint reconstruction and projection of the reconstructed
3D points onto the remaining views. Implementation details
of keypoint matching can be found in Appendix.

After matching instance-level keypoints across multiple
views, we obtain a set of 2D predictions p? € R? for each
instance, where 4 indexes the keypoint and j denotes the
view. The theoretical projection of each keypoint p! € R?
can be computed as:

) J
X { ’11‘ ] =K, (R; (RP; +t) +t;) (6)



where /\Z denotes the depth value determined by the known
camera intrinsics K; and extrinsics (R;, t;), defined relative
to the first camera. Based on the Gaussian assumption
and Bayes’ theorem, the optimal pose estimation can be
formulated as:

N V
R* t* = argminzz '
Rt =1,=1

where N denotes the number of valid points that are simul-
taneously visible across all views, i.e., those with b, = 1,
and thus satisfies N < N. Detailed derivation for Eq. 7 is
refered to Appendix.

Based on Eq. 6, N intermediate variables 1-:’2» are intro-
duced, which represent the reconstructed 3D keypoints and
satisfies:

P —p] (7)

2

P,=RP;+t, iec{l,...,N} (8)

Then, the optimization in Eq. 7 can be equivalently decom-
posed into two subproblems:

v

- )

P = argmin g ‘
P =1

P, — D]

2,2':{1,...,1\7} )

N
R* t :arg%{F;HRPZ——Ft—Pi (10)

2

Motivated by Egs. 7, 9, and 10, we design a three-stage
progressive optimization strategy for pose estimation.

Optimized dense point cloud generation. We perform
multiple iterations of RANSAC [43], where a threshold 71
is applied, and select the candidate set of p] with the best
combined score of inlier count and reprojection error. For
each 3D point P, we perform multi-view reconstruction
using the valid view set V; via singular value decomposition
(SVD), resulting in the globally optimal estimate 13i*, as
defined in Eq. 9.

Pose alignment with dense correspondence. We estimate
the initial pose (R*,t*) by aligning the reconstructed dense
point cloud P = {P; € R3 N, with the reference 3D
keypoints P, = {P; € R3}¥,. Specifically, we solve
Eq. 10 using the Umeyama algorithm [50], combined with
RANSAC [43], where a threshold 75 is imposed to suppress
outliers by selecting the solution with the maximum number
of inliers from P.

Nonlinear optimization. Given the initial pose estimates
(R*,t*), we further refine the solution by performing global
nonlinear optimization (NO), leveraging multi-view keypoint
predictions.

To mitigate the influence of outliers, only valid 2D key-
points are included in the optimization, and the cost function

inlier

is defined as:
> > o] )
i=1 jeV;

where o(-) denotes a robust loss function to reduce the
impact of heavy-tailed noise.

N3d

p! — bl (11)

arg min
R*t*
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Please refer to Appendix for more detailed information on
the three-stage progressive pose estimation method.

IV. EXPERIMENTS
A. Datasets and Evaluation Metrics

We evaluate our method on the ROBI dataset [3], which
provides multi-view RGB images and ground-truth 6D poses
for 7 textureless industrial objects. The dataset comprises
images acquired using a high-end Ensenso and a low-cost
RealSense sensor. To balance speed and accuracy, we adopt
256 keypoints as our primary configuration. Following [17,
33], we train our keypoint network with only synthetic im-
ages provided by the ROBI dataset. Evaluation is conducted
on the real-world test sets captured by both Ensenso and
RealSense sensors for all objects.

Following [33], we evaluate pose estimation performance
using the common average recall (AR) under two adopted
metrics: the average distance (ADD) and the 5-mm/10-degree
(bmm, 10°) metric. For symmetric objects, we report the
minimum error over all equivalent ground-truth poses under
symmetry, based on either the ADD or the (5mm, 10°)
metric. In our evaluation, a ground-truth pose is considered
valid only if its visibility score is larger than 75%, consistent
with the rule in [33].

B. Comparison with State-of-the-Art Methods

Following [33], we conduct experiments on the ROBI
dataset using varying numbers of views (4 and 8). We
compare our method with SOTA multi-view approaches,
including both RGB and RGB-D methods: CosyPose [30],
MV-3D-KP [32], and Jun’s method [33]. Tables I and II
report the pose estimation results for seven highly reflective
textureless objects on the Ensenso and RealSense test sets,
respectively.

On the Ensenso test set, our method achieves the highest
AR under the 4-view setting, reaching 93.4% and 89.8% on
the ADD and (5mm, 10°) metrics respectively, surpassing
the RGB-D-based MV-3D-KP [32] method. With 8§ input
views, the performance of our method is further bolstered,
yielding 96.8% and 92.6% across the two metrics, respec-
tively. Notably, DKPMV consistently surpasses the MV-3D-
KP [32] baseline under these configurations.

On the RealSense test set, the performance of RGB-D
methods drops significantly due to the reduced quality of
depth data, whereas our method demonstrates a substantial
advantage. Its performance significantly surpasses both RGB
and RGB-D methods, especially under the (5mm, 10°) met-
ric, where it outperforms the second-best method by a large
margin of 13.0% and 13.5% in the 4-view and 8-view settings
respectively.

C. Ablation Studies

Extensive ablation studies are conducted to evaluate each
component, including SAT, attentional aggregation (Att)
node update, keypoint density, and pose estimation method.
A stricter metric (2mm, 3°) is introduced for more intuitive
comparison of pose estimation performance.



Objects 4 Views \ 8 Views
CosyPose + LINE2D ~ MV-3D-KP Jun’s Ours | CosyPose + LINE2D ~ MV-3D-KP Jun’s Ours
Input Modality RGB RGBD RGBD RGB RGB | RGB RGBD RGBD RGB RGB
Tube* ADD 325 74.8 94.0 89.4 95.4 50.3 91.4 96.0 94.0 98.0
Fitting! | (5, 10) 45.7 76.2 95.4 88.1 88.1 715 94.7 96.0 92.0 98.0
Chrome* | ADD 55.7 73.0 90.8 86.7 97.6 70.1 88.5 91.9 93.7 98.2
Screw (5, 10) 63.2 78.2 88.5 85.1 94.1 78.7 90.2 90.8 90.2 97.6
Eve Bolt* | ADD 35.1 85.1 93.2 93.2 87.8 79.7 93.2 94.6 94.6 91.9
4 t ] (5, 10) 27.0 78.4 87.8 67.6 81.1 64.9 83.8 85.1 75.8 85.1
Gear* ADD 25.9 80.2 85.2 91.4 98.8 432 88.9 93.8 97.5 100.0
(5, 10) 29.6 79.0 85.2 85.2 98.8 457 92.6 91.4 93.8 97.5
Zioz ADD 65.5 87.9 96.6 94.8 100.0 77.6 96.6 96.6 98.3 100.0
gzag (5, 10) 37.9 75.9 93.1 89.7 100.0 63.8 93.1 96.6 93.1 100.0
DIN ADD 15.6 57.8 90.6 69.5 92.1 242 64.1 93.8 73.4 94.4
Connector | (5, 10) 12.5 46.1 84.4 53.9 90.5 23.4 51.6 93.0 59.4 91.3
D-Sub* ADD 9.9 553 92.5 79.5 82.0 15.5 63.3 95.7 84.5 95.0
Connector'| (5, 10) 11.2 39.1 83.2 472 76.4 11.2 41.6 91.3 55.9 78.9
ALL ADD 343 73.4 91.8 86.4 93.4 51.5 83.7 94.6 90.9 96.8
(5, 10) 324 67.6 88.2 73.8 89.8 51.3 78.2 92.0 80.0 92.6

Table I: The AR (%) of 6D object pose estimation on Ensenso test set, evaluated with the metrics of ADD and (5mm, 10°). There are a
total of nine scenes for each object. (f) indicates the use of the SAT strategy, and (x) denotes symmetric objects, following [33].

Objects 4 Views \ 8 Views
CosyPose + LINE2D  MV-3D-KP Jun’s Ours | CosyPose + LINE2D ~ MV-3D-KP Jun’s Ours
Input Modality RGB RGBD RGBD RGB RGB | RGB RGBD RGBD RGB RGB
Tube* ADD 27.9 70.6 79.4 86.8 91.2 69.1 83.9 86.8 85.3 92.6
Fittingt | (5, 10) 485 72.1 76.5 79.4 779 82.3 85.3 83.8 91.2 92.6
Chrome* | ADD 58.6 68.5 87.1 929 94.3 77.1 80.0 929 929 94.3
Screw! | (5, 10) 64.3 82.9 84.3 77.1 91.4 85.7 943 91.4 87.1 92.9
Eve Bolt* | ADD 58.8 76.5 85.3 94.1 85.3 735 94.1 85.3 94.1 91.2
Y Tl (5,10 412 67.6 82.3 55.9 76.5 61.8 91.2 85.3 76.5 88.2
Gear* ADD 36.1 83.3 88.8 94.4 97.2 55.6 972 91.7 97.2 97.2
car (5, 10) 38.9 77.8 61.1 86.1 94.4 58.3 94.4 63.9 88.9 94.4
Zieza ADD 429 78.6 96.4 89.3 929 714 92.9 929 96.4 92.9
gzag (5, 10) 21.4 71.4 96.4 85.7 92.9 64.3 92.9 92.9 92.9 92.9
DIN ADD 3.8 36.5 82.7 51.9 98.1 15.1 51.9 84.6 82.7 98.1
Connector | (5, 10) 1.9 30.8 75.0 327 96.2 9.6 34.6 84.6 577 96.2
D-Sub* ADD 6.9 403 88.9 70.8 97.2 9.7 45.8 90.3 81.9 98.6
Connector!| (5, 10) 6.9 18.1 444 31.9 81.9 8.3 333 55.6 43.1 94.4
ALL ADD 33.6 64.9 86.7 82.9 93.7 53.1 78.0 89.2 90.1 95.0
(5, 10) 31.9 60.1 743 64.1 87.3 529 75.1 79.6 76.8 93.1

Table II: The AR (%) of 6D object pose estimation on RealSense test set, evaluated with the metrics of ADD and (5mm, 10°). There
are a total of four scenes for each object. (T) indicates the use of the SAT strategy, and (x) denotes symmetric objects, following [33].

SAT strategy. As illustrated in Fig. 3 (a), SAT strat-
egy produces well-structured keypoint distributions with
preserved geometric constraints, while its absence results
in scattered and inconsistent predictions. Furthermore, the
results presented in Table III confirm that incorporating the
SAT strategy significantly improves pose estimation perfor-
mance. The gains become more pronounced as the number of
keypoints increases, since more accurate keypoint predictions
enable more effective multi-view fusion. Notably, the largest
performance gain is achieved when the number of keypoints
increases to 512, yielding improvements of 43.1% under the
(2mm, 3°) metrics. This highlights the importance of the
SAT strategy for robust multi-view dense keypoint fusion.

Attentional aggregation. As illustrated in Fig. 3 (b), the
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Point num ‘ G, 10) ‘ @3
| w/o SAT w SAT A | w/o SAT w SAT A
32 48.3 81.5 33.2 21.2 51.0 29.8
64 48.3 854 37.1 25.2 62.9 37.7
128 54.3 88.7 34.4 24.5 62.3 37.8
256 57.6 88.1 30.5 28.5 66.9 38.4
512 62.9 90.7 27.8 27.8 70.9 43.1

Table III: Comparison of pose estimation performance with and
without the SAT strategy on the Tube-Fitting object from the
Ensenso test set.

original CheckerPose [25] exhibits large deviations in the
prediction of certain keypoints. In contrast, our keypoint
network with Att node update more effectively captures the



Fig. 3: (a) Comparison of overall keypoint distributions with
and without the SAT strategy. (b) Comparison of local keypoint
localization accuracy with and without the Att. Please refer to the
appendix for additional results.

Fig. 4: Pose estimation accuracy and runtime (including keypoint
prediction and pose estimation) on the Tube-Fitting object under
varying numbers of keypoints.

geometric constraints among neighboring dense keypoints,
leading to more geometry-aware and accurate keypoint lo-
calization. Meanwhile, the results presented in Table IV
demonstrate that our Att node update significantly improves
pose estimation performance on most objects. Notably, under
the (2mm, 3°) metric, our method achieves improvements
of 4.6% and 2.1% in the 4-view and 8-view settings respec-
tively, confirming the effectiveness of our design.

Number of keypoints. Fig. 4 shows the pose accuracy
under the strict (2mm, 3°) metric and the runtime, tested

323

4 views 8 views

(5., 10) @2.3) (5. 10) @2.3)
Ori At Ori At Ori Att Or At

Tube-Fitting 86.8 88.1 649 669 98.0 98.0 82.1 80.8
Chrome-Screw 923 941 438 503 947 97.6 55.6 544

object

Eye-Bolt 824 81.1 405 419 86.5 85.1 527 554
Gear 92.6 98.8 765 81.5 963 97.5 84.0 84.0
Zigzag 100.0 100.0 93.1 94.8 100.0 100.0 91.4 96.6
DIN-Connector 88.1 90.5 460 61.1 90.5 91.3 595 68.3
DSub-Connector 739 76.4 174 18.0 81.3 789 23.6 23.6
ALL 88.0 89.8 546 59.2 925 926 64.1 66.2

Table IV: Comparison of pose estimation performance between our
Att node and the original (Ori) on the Ensenso test set.

on an Intel® Core™ Ultra 9 285K CPU and Nvidia 5090
GPU. As expected, pose estimation accuracy exhibits a
generally increasing trend with more keypoints in both 4-
view and 8-view settings, validating the effectiveness of the
DKPMV. The observed variations in accuracy and runtime
at 32, 64, and 128 keypoints stem from insufficient keypoint
density, where prediction noise disrupts the effectiveness
of keypoint fusion and increases the required number of
RANSAC iterations during optimization. This further con-
firms the importance of using an appropriate number of dense
keypoints for effective fusion.

Pose estimation method. As shown in Table V, we
compare our pose estimation method with the minimal three-
point solver (Min3P) [51] with RANSAC [43]. Our method
consistently outperforms Min3P [51] across both metrics,
with especially notable gains under the strict (2mm, 3°)
metric, achieving improvements of 12.0% and 9.2% in
the 4-view and 8-view settings, respectively. These results
demonstrate the effectiveness of our pose estimation pipeline.
Meanwhile, NO improves the performance of both methods,
demonstrating its effectiveness. Although Min3P requires
only three points to compute the pose, it fails to fully leverage
the information from multi-view keypoints, resulting in lower
pose estimation accuracy. In contrast, our method achieves
high-precision pose estimation by performing only the first
two stages of optimization. Fig. 5 illustrates the pose esti-
mation visualizations for both our method and Min3P.

Min3p Ours NO 4 views 8 views
(w/o NO) 5,100 (2,3) (G,100 (2,3
1 v 65.3 13.4 80.6 23.8
2 v v 88.5 47.2 90.1 57.0
3 v 89.8 58.3 92.6 66.2
4 v v 89.8 59.2 92.6 66.2

Table V: Comparing our method with Min3P [51] on Ensenso
test set for all objects. We adopt RANSAC followed by nonlinear
optimization (NO) for Min3P to suppress outliers and refine the
estimated poses, thereby ensuring a fair comparison.

V. CONCLUSIONS

This paper proposes DKPMYV, a novel multi-view RGB
pipeline for 6D pose estimation of textureless objects, which
achieves dense keypoint-level fusion without relying on



Fig. 5: Visualizations of the 6D pose estimation results on (a) Ensenso and (b) RealSense test sets using 4-view input. The green or
red renderings indicate whether the predicted poses satisfy the (5mm, 10°) metric, while red circles highlight missed or falsely detected
object. The enlarged views further highlight the fine-grained differences in pose estimation accuracy. More examples are in the appendix.

depth input. Leveraging three-stage progressive optimization,
Att, and SAT, our method effectively captures multi-view
geometric cues. Extensive evaluations on the ROBI dataset
confirm that our approach sets a new SOTA among RGB-
based methods and even surpasses RGB-D methods in most
scenarios. Future work will focus on modeling dense key-
point uncertainty to enhance multi-view geometric fusion.
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