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Abstract

6D pose estimation plays a crucial role in ob-
ject recognition and localization tasks in com-
plex scenes. However, existing methods still
show significant limitations when handling oc-
cluded or low-texture objects. To address these
challenges, this paper proposes the GCMA6D
method. In the point cloud branch, a 3DGCN-
based geometric feature extraction module is
designed, while the image branch incorporates
Large Kernel Attention to achieve dual rep-
resentation of the target. Furthermore, a
Cross-Modality Attention mechanism is con-
structed to promote deep interaction between
RGB features and geometric features. Com-
bined with the Squeeze-and-Excitation module,
this approach effectively enhances foreground
regions while suppressing background interfer-
ence, thereby improving the model’s robustness
in complex scenarios. Ablation experiments
demonstrate that the three core modules signif-
icantly enhance performance on the LineMOD
dataset, with an overall network accuracy of
97.7%. Comparative experiments further vali-
date the effectiveness of the proposed method:
compared with DenseFusion, the ADD-S metric
on the LineMOD dataset increases by 3.4 per-
centage points, and by 0.8 percentage points on
the YCB-Video dataset.

1 Introduction

Object 6D pose estimation aims to infer the three-
dimensional rotation and translation of a target rela-
tive to the camera, and is crucial in applications such
as robotic manipulation [1] and augmented reality [2].
However, achieving high accuracy and robustness re-
mains challenging under low-texture conditions or par-
tial occlusions.

Traditional methods are mainly feature-based or
template-based. Feature-based methods rely on 2D-3D

correspondences but struggle when keypoints are sparse,
while template-based methods match rendered tem-
plates, with performance dropping under occlusion or
appearance changes.

Deep learning has significantly advanced the field.
RGB-based methods, such as PoseCNN [3] and Bb8 [4],
achieve progress but lack depth information, limiting ro-
bustness in complex environments. RGB-D methods,
such as DenseFusion [5], fuse RGB and point cloud fea-
tures at the pixel level, improving accuracy, but rely on
PointNet for geometric features, which may miss fine lo-
cal details. Later methods, such as PVN3D [6], add local
feature modeling but increase computational cost, limit-
ing real-time use. Large-scale foundation models [7] offer
strong generalization and robustness, yet their size and
inference latency hinder real-time deployment.

To address these issues, we propose an efficient 6D
pose estimation model. The method localizes the re-
gion of interest using the RGB-D mask, enhances tex-
ture features with large kernel attention in the image
branch, and models local geometry using a 3D graph
convolutional network. Cross-modal attention enables
interaction between RGB and point cloud features, and
a squeeze-and-excitation module emphasizes the fore-
ground while suppressing background interference. Fi-
nally, RGB and geometric information are fused at the
pixel level to produce the 6D pose. Experiments show
that the method achieves competitive accuracy and ro-
bustness.

2 Related Works
2.1 RGB-Based Pose Estimation Methods

RGB-based 6D pose estimation methods can be primar-
ily categorized into keypoint-based and direct regres-
sion approaches. Unlike traditional schemes that rely
on handcrafted feature descriptors to extract keypoints,
deep learning methods can learn more discriminative se-
mantic keypoints. For instance, YOLO-6D predicts the
3D bounding box of a target based on the YOLO frame-
work, projects it onto the 2D image plane, and then



estimates the 6D pose using the PnP algorithm.

In contrast, direct regression methods employ end-to-
end networks to predict the 6D pose directly, without ex-
plicit keypoint correspondences. PoseCNN (3] performs
semantic segmentation followed by regression of rota-
tion and translation, achieving a compact architecture.
Building upon this, DeepIM introduces iterative refine-
ment, progressively optimizing the pose by minimizing
the discrepancy between observed and rendered images.
Furthermore, CosyPose [8] improves rotation parameter-
ization to enhance training stability and achieves signif-
icant performance gains in multi-object scenarios.

Beyond keypoint-based and regression approaches,
other RGB-based 6D pose estimation methods have also
made progress. CRT-6D achieves real-time estimation
via cascaded regression trees, balancing speed and accu-
racy, yet its performance degrades under low-resolution
or complex backgrounds. FS6D [9] targets few-shot sce-
narios, predicting poses of novel categories with only a
small number of support views, thereby greatly improv-
ing generalization. RNNPose [10] leverages temporal
continuity in video sequences for more stable estimation,
but incurs high computational cost, limiting its applica-
tion in real-time or resource-constrained environments.
Overall, RGB-based methods benefit from simple input
requirements and fast inference, making them suitable
for real-time applications; however, due to the lack of
geometric information, their robustness and accuracy re-
main limited under occlusion, complex backgrounds, or
low-texture conditions.

2.2 RGB-D-Based Pose Estimation
Methods

With the advent of RGB-D sensors, models can access
richer information. FEarly approaches often processed
RGB and depth separately. For example, PoseCNN and
YOLO-6D leveraged depth point clouds to refine pre-
dictions using ICP [11] or GICP [12]. Another line of
methods directly concatenated RGB and depth features
as network inputs [26], but this strategy often failed to
fully exploit their complementary information. Subse-
quent research has focused more on cross-modal cor-
relations. PointFusion [13], for instance, extracts fea-
tures via CNN and PointNet and designs a fusion net-
work to achieve deep integration. Recent methods fur-
ther enhance fusion effectiveness: SurfEmb [14] jointly
learns geometric and visual representations through sur-
face embedding; MaskedFusion introduces an occlusion-
aware mechanism for pixel-level fusion; CMFF6D [15]
employs a multi-branch progressive fusion framework to
integrate high-resolution RGB and depth geometric fea-
tures, improving representation but incurring substan-
tial computational overhead.

To address the limitations of RGB-D methods in ex-

ploiting local geometry under occlusion, low-texture, and
complex backgrounds, this work proposes a point cloud
feature extraction module based on graph convolution
to strengthen neighborhood modeling, combined with
cross-modal attention to facilitate deep interaction be-
tween RGB and point cloud features. This design en-
ables the construction of a 6D pose estimation network
that is both accurate and robust.

2.3 Attention Mechanisms

In large-scale or redundant-input models, attention
mechanisms can guide the network to focus on crit-
ical information while suppressing irrelevant features.
SENet [16] adaptively adjusts feature weights by model-
ing channel dependencies, whereas Cond-Conv employs
dynamic convolution kernels to enhance model flexibil-
ity. In comparison, self-attention enables global inter-
actions, capturing long-range dependencies and dynami-
cally modulating feature importance, demonstrating su-
perior performance in complex tasks. In the context
of 6D pose estimation, SaMfENet [17] leverages self-
attention to enhance multi-scale geometric representa-
tion of point clouds, significantly improving performance
under occlusion and low-texture conditions. Inspired by
this, CMA-Net applies self-attention for cross-modal fu-
sion between images and point clouds, enhancing robust-
ness while maintaining accuracy, enabling stable 6D pose
estimation even in challenging scenarios.
The main contributions of this work are as follows:

e We propose an end-to-end RGB-D 6D pose estima-
tion network that predicts the pose from a single
RGB-D image through instance-level semantic seg-
mentation.

e We introduce Large Kernel Attention and 3D Graph
Convolutional Network (3DGCN) modules within
the network architecture to enhance local and global
feature modeling, thereby improving spatial struc-
ture understanding.

e We conduct a systematic analysis of pixel-level fea-
ture fusion methods and compare them with conven-
tional approaches, demonstrating the critical role of
cross-modal fusion in improving 6D pose estimation
performance.

3 Method

3.1 Network Overview

Figure 1 illustrates the overall architecture of the pro-
posed network, which consists of four main components:

Semantic segmentation module employs the PoseCNN
semantic segmentation network to process input RGB
images. It identifies bounding boxes of target objects
and crops the relevant regions. The resulting masks are
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Figure 1: The overall architecture of GCMAGD consists of five components: performing semantic segmentation on
the RGB-D image to obtain the target and its point cloud; feeding the image patch into the image feature module
to extract color features; processing the point cloud with 3DGCN to enhance local geometric features; fusing
pixel-level and global features and inputting them into the pose regression module to predict the object’s rotation
and translation, thereby achieving 6D pose estimation.

used to precisely locate objects in the depth map. Com-
bining this information with camera intrinsics, depth
map pixels are converted into corresponding 3D point
clouds, providing an accurate and reliable foundation
for subsequent image and point cloud feature extraction.
This process effectively suppresses background interfer-
ence, ensuring the pose estimation network focuses on
target objects.

Point cloud feature extraction module consists of two
branches, 3D-GCN and PointNet, which extract point-
wise and global features from the segmented point cloud.
PointNet processes unordered point clouds through mul-
tiple fully connected layers and obtains global features
via global max pooling, capturing the overall geomet-
ric structure of the target object. To better represent
the local structure of point clouds, a novel 3D graph
convolutional network (3D-GCN) is introduced, combin-
ing learnable 3D graph convolution kernels with graph
max pooling, effectively modeling local geometric rela-
tionships and enhancing the understanding of 3D spatial
structures.

Image feature extraction module inputs cropped tar-
get regions into a ResNet18 backbone to extract basic
color features and generate preliminary feature maps.
These feature maps are further processed by a pyramid
scene parsing network (LKA-PSPNet), which extracts
rich color embedding features across multi-scale recep-
tive fields and generates multi-resolution feature maps.

Multi-scale representations enhance the semantic under-
standing of target regions, providing more precise image
information for subsequent multi-modal feature fusion.
Feature fusion and pose estimation module fuses im-
age and point cloud features at the pixel level and en-
codes them into a global feature representation, forming
a multi-level, multi-modal composite feature. Fused fea-
tures are input into the pose regression module, which
directly predicts translation and rotation parameters of
the target object, enabling accurate 6D pose estimation.

3.2 Semantic Segmentation

Semantic segmentation is a critical component of the net-
work, providing essential data support for the backbone.
At this stage, we adopt the semantic segmentation net-
work from PoseCNN to process the input RGB images.
The module first separates the target region from the
background and crops the image to extract the object of
interest. Through this process, we obtain RGB images
and corresponding depth maps containing only the tar-
get object, thereby effectively suppressing background
interference and allowing the subsequent pose estimation
network to focus on key information. In addition to en-
abling precise fusion of image and point cloud data, the
generated masks effectively filter out background noise,
concentrate on the target, and significantly improve es-
timation accuracy under occlusion and low-texture con-
ditions, as illustrated in Figure 2.
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Figure 2: Semantic segmentation network. For each
RGB image, N+1 binary masks are generated for
objects and background; the masks are used to crop the
image and extract the object region from the depth
map, providing accurate input for feature extraction
and pose estimation.

3.3 Point Cloud Feature Extraction
Module

In traditional pose estimation methods, the complemen-
tary nature of RGB and depth information is often un-
derutilized. To address this limitation, this study first
generates the object’s surface point cloud from the depth
map and feeds it into the network for processing. Sub-
sequently, geometric features of the point cloud are ex-
tracted using the PointNet and 3D-GCN modules. The
process of geometric feature extraction is illustrated in
Figure 3.
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Figure 3: PointNet encodes 3D point clouds via fully
connected layers and global max pooling, capturing
only single-scale geometry. To address this, we
introduce a 3D-GCN module that extracts features
using learnable 3D graph convolutions on local
neighborhoods, capturing directional information and
local structures. Combined with graph max pooling, it
generates multi-scale geometric features.

3.4 Image Feature Extraction Module

An image feature extraction network based on ResNet18
and LKA-PSPNet was constructed to extract deep fea-
tures containing rich semantic information. Compared
with PSPNet, LKA-PSPNet enhances the model’s abil-
ity to capture local structures, textures, and edge infor-
mation in the image while effectively modeling the local
and global relationships of features after pyramid pool-
ing, enabling the capture of key information at multiple
scales.

Large Kernel Attention (LKA) is a novel linear atten-
tion mechanism that combines the strengths of convo-
lutional operations and self-attention. It captures both
local contextual information and long-range dependen-
cies while avoiding the limitations of traditional self-
attention in channel-wise adaptability, thereby improv-
ing the network’s representation of multi-scale critical
features. The structure of the LKA-PSPNet module is
illustrated in Figure 4.

Figure 4: Structure of the LKA-PSPNet module. The
input to the module is the preliminary feature map
extracted from the image patch cropped by the
bounding box, and the output is the refined feature
map of the image patch.

The preliminary features are processed through the
PSPModule (pyramid pooling module) to extract multi-
scale features. The resulting features are then fed into
the LKA module. Within this module, the features first
pass through a depth-wise convolution layer (DW_Conv)
that independently applies convolution to all 1024 in-
put channels while maintaining the spatial dimensions
of the feature map. Next, the feature map goes through
a depth-wise dilated convolution layer (DW_D_Conv),
which aligns the convolution kernel center with the in-
put feature map center to effectively capture contextual
information over a larger receptive field. A subsequent
1x1 pointwise convolution integrates the feature infor-
mation. Finally, the original input feature map is mul-
tiplied element-wise with the generated attention map
to produce the weighted feature representation, which
serves as the module output.

During the output stage, the feature map gradually re-
stores spatial resolution through three upsampling mod-
ules (using bilinear interpolation) and three Dropout lay-
ers. This design, combining pyramid pooling and at-
tention mechanisms, effectively enhances the network’s
ability to capture multi-scale object features while pre-
serving rich image information, thereby improving the
robustness and accuracy of pose estimation.

3.5 Feature Fusion and Pose Estimation

Feature Fusion. In the fusion stage, pixel-level image
features from the RGB branch are integrated with point-
level geometric features from the depth branch. Lever-
aging the alignment between RGB and depth images,
these features are concatenated at the pixel level to form
a comprehensive representation that encodes geometry,



color, and local context. The fused features are then
passed into the pose regression network for 6D pose pre-
diction.

Point cloud features are extracted from depth maps
that naturally correspond to RGB images. Based on
this spatial alignment, pixel-wise concatenation is per-
formed. The resulting representation captures geomet-
ric structure, visual appearance, and neighborhood rela-
tionships. To further refine this information, the fused
features are processed by two shared-weight multilayer
perceptrons (MLPs), followed by average pooling to ob-
tain a compact global descriptor. Finally, the pixel-level
fused features are combined with this global descriptor
to generate the final feature embedding, which is fed into
the pose estimation network to infer the 6D pose. The
overall feature fusion procedure is illustrated in Figure
5.

RGB Image
(W)

RGB Image Cop RGB Festure | Flaten RGB Feature Feature Fusion
GxHW) (CIxHW) N (CTHC2CHN)

Gilobal Feature
(C4N)
Final Feature
(C1-C24C3-CayN)

Figure 5: The target region is masked, and RGB and
depth features are pixel-aligned. RGB features are
extracted via CNN C1 xN, point cloud features via

PointNet and 3DGCN C2 xN and C3 xN. Features are
concatenated, encoded with MLP, globally pooled, and
combined with global features to form the final
representation.

The CMA-Net module takes RGB features (F1),
3DGCN point cloud features (F2), and PointNet point
cloud features (F3) as inputs and implements a multi-
feature cross-attention weighting mechanism to effi-
ciently fuse RGB and point cloud features.

Within this module, multimodal feature fusion is
achieved through a combination of attention mechanisms
and feature concatenation. Specifically, the three in-
put features are mapped to the Query, Key, and Value
components of the self-attention mechanism. A dot-
product attention operation is then applied to generate
the weighted feature representation. The self-attention
mechanism captures global dependencies, enabling deep
spatial and semantic interactions between RGB and
point cloud features, thereby significantly enhancing the
representational power of cross-modality feature fusion.
The dot-product attention operation is computed as fol-
lows.

Attention(Q, K, V') = Softmax ( Qj{; ) Vv (1)

In CMA-Net, two attention computations are used.

The first enhances RGB features, and the second en-
hances point cloud features. Their outputs, together
with the original point cloud feature, are fed into the
SE module, which adaptively reweights channels. The
reweighted outputs are then concatenated along the
channel dimension to form the final multimodal repre-
sentation, effectively fusing RGB and point cloud fea-
tures while emphasizing critical channels.

Figure 6: In CMA-Net, two attention computations are
applied: one on (F1, F2, F3) to enhance RGB features,
the other on (F2, F1, F3) to enhance point cloud
features. Both outputs, along with F3, pass through
the SE module, then all three are concatenated along
the channel dimension to form the final multimodal
representation.

Pose Estimation. After feature extraction and fusion,
multimodal fused features are obtained for the sampled
points. In the pose estimation stage, these fused features
are fed into a neural network to regress the object’s 6D
pose parameters, including the rotation matrix R, trans-
lation vector ¢, and confidence score c.

The network loss function is computed as follows:

N
_ 1 p
Loss = ¥ ZE:I (L? ¢; — wlog(ci)) (2)

In the equation, N represents the number of fused fea-
tures; ¢; denotes the confidence of the i-th fused feature



in regressing the pose, with higher confidence indicating
more accurate pose parameters; w is a balancing coeffi-
cient; L¥ represents the pose loss of the i-th fused fea-
ture. For asymmetric objects, the pose loss is computed
as follows:

e

N

, 1T R R
Li = M E H(ij + t) — (RZ.’E] + ti)
j=1

In this equation, M denotes the number of points ran-
domly sampled from the target model; z; is the j-th
point in the sampled point cloud; Rz; + t represents
the coordinates transformed by the ground-truth pose;
Rixj + #; represents the coordinates transformed by the
pose predicted from the i-th fused feature. This formula
calculates the average distance between corresponding
points under the ground-truth and estimated poses.

For objects with rotational symmetry, the object
shape or texture does not define a unique canonical
frame. Therefore, for symmetric objects, the pose loss
is defined as the average distance between each point in
the estimated transformed point cloud and its nearest
point in the ground-truth transformed point cloud:

M
1 . o h
L2 =57 20 min (R +0) = (R + 89| ()
j=1

After obtaining the initial pose estimation, a pose re-
finement process is typically performed to improve ac-
curacy. Traditional ICP-based optimization methods
are time-consuming and unsuitable for real-time applica-
tions. Following DenseFusion, we employ a CNN-based
refinement approach consisting of three fully connected
layers. The fused features are aggregated via a max-
pooling layer to form a global feature, which is then used
for iterative pose refinement. At each iteration, the net-
work predicts a residual pose. After k iterations, the
predicted residual poses are sequentially combined with
the initial pose to obtain the final pose estimation:

[R18] = [Ric | ta] - [Ri—1 [ tea] -+~ [Rolto]  (5)

In this equation, [Ry | tx] represents the residual pose
after the k-th iteration, and [Rg |to] denotes the initial
pose output from the pose estimation network.

3.6 Evaluation Metrics

The accuracy of object pose estimation methods is eval-
uated using the average distance metrics ADD and
ADD-S. For asymmetric objects, the ADD metric is
used, which computes the mean distance between cor-
responding points of the object model transformed by
the ground-truth pose [R|t] and the estimated pose [R|{].
ADD is defined as follows:

ADD — % > |z vy -z b ©
xeM

In this equation, M denotes the set of points in the
object model, x represents a point in M, and m is the
number of sampled points.

For symmetric objects, the ADD-S metric is used,
which computes the average distance between each point
in the point cloud transformed by the estimated pose and
its nearest neighbor in the point cloud transformed by
the ground-truth pose:

1
ADD-S = — E min
m 0<k<n
zeM

(Rz +1) — (Ray, + f)H (7)

A threshold of 10% of the object’s diameter is set. If
the average distance is below this threshold, the pose
estimation is considered correct; otherwise, it is deemed
incorrect. Accuracy is calculated as follows:

Numyp,e

Accuracy = x 100% (8)

Numgr

4 Experiments
4.1 Experimental Environment

The training and testing experiments were conducted
on the following hardware and software environment:
Intel i5-12600KF CPU, NVIDIA RTX 4060 Ti GPU,
Ubuntu 20.04.4 operating system, Python 3.9, CUDA
11.8, cuDNN 9.1.0, and PyTorch 2.4.

The training parameters are set as follows: the initial
learning rate is 0.0001 to accelerate model convergence
and is dynamically adjusted using a learning rate de-
cay strategy. The total number of training epochs is
500, with a batch size of 8. To improve data preprocess-
ing efficiency, data loading is performed with 20 parallel
threads. The learning rate decay is triggered when the
loss reaches a threshold of 0.016, reducing the learning
rate by 70% each time to gradually decrease the step size
for parameter updates. The weight decay is initially set
to 0.015 with a decay rate of 0.3 to mitigate overfitting
and enhance generalization.

To evaluate the performance of the proposed method,
experiments were conducted on two public datasets:
LineMOD and YCB-Video. The LineMOD dataset is a
common benchmark for 6D pose estimation, character-
ized by low-texture objects with complex backgrounds
and varying illumination, making it effective for assess-
ing improvements under challenging conditions. During
training, 15% of the images were used for training, and
the remaining 85% for testing. The YCB-Video dataset
contains 21 objects with diverse shapes and textures, to-
taling 133,827 frames across 92 videos. Among them, 80



videos are used for training, and 2,949 key frames from
the remaining 12 videos are used for testing. Addition-
ally, the training set includes 80,000 synthetic images
generated from public data. This dataset encompasses
varying levels of occlusion, complex shapes, and diverse
textures, providing challenging scenarios that help com-
prehensively evaluate the model’s generalization ability
and robustness.

4.2 Ablation experiments

All ablation experiments were conducted on the
LineMOD dataset. The results of the ablation study
are shown in Table 1, Accuracy is defined according to
the LineMOD evaluation metric. DenseFusion serves as
the baseline. The 3DGCN variant incorporates a graph
convolution module into the original PointNet-based ge-
ometric feature extraction. CMA-Net introduces a cross-
modality attention mechanism, and LKA refers to the
PSPNet image feature extraction module enhanced with
Large Kernel Attention.

Table 1: Comparison of Ablation Study Results on
LineMOD. Accuracy (%) is reported.

3DGCN CMA-Net LKA Accuracy (%)

94.3

v 96.9
v 95.4

v 96.2

v v 97.2
v v 97.4
v v 96.8

v v v 97.7

4.3 Algorithm Comparison on the
LineMOD Dataset

For the LineMOD benchmark, consistent with prior
studies, we define a prediction as correct when the ADD-
(S) distance is within 10% of the corresponding ob-
ject’s diameter. The accuracy, measured as the ratio
of correctly estimated keyframes to the total number of
keyframes, serves as the evaluation criterion.

Table 2 presents a comparison of our method with
several representative RGB-based and RGB-D-based ap-
proaches on the LineMOD dataset, where bold numbers
indicate the best performance and objects marked with
an asterisk (*) denote symmetric objects. Among RGB-
based techniques, HRPose, PoseCNN+ICP, and DPOD
obtained average accuracies of 87.6%, 88.6%, and 95.1%,
respectively. These results suggest that, even without
depth input, competitive performance can be achieved
by leveraging effective temporal modeling strategies.

DenseFusion(iterative

Figure 7: Comparison of pose estimation results for
selected objects in the LineMOD dataset. Red points
indicate the point cloud transformed according to the

predicted object pose.

Figure 7 illustrates comparative results for selected
categories. From a category-wise perspective, the pro-
posed method performs exceptionally well on objects
with occlusion or low texture, such as camera, duck,
lamp, cat, and phone. This is primarily attributed to
the graph convolution-based point cloud fusion mod-
ule, which enhances local geometric detail extraction
and spatial context modeling. For symmetric objects
like eggbox and glue, the method achieves 100% accu-
racy, demonstrating robustness in handling symmetry-
induced ambiguities.

In contrast, most existing algorithms struggle with
low-texture objects such as ape, driller, and duck. RGB-
based methods lack stable features, while improvements
from depth information and iterative optimization are
limited. Our method fully leverages the complementary
information from RGB and depth, achieving superior re-
sults on low-texture objects.

4.4 Algorithm Comparison on the
YCB-Video Dataset

For evaluating pose estimation on the YCB-Video
dataset, we used two metrics: the area under the ADD-
(S) curve (AUC) for thresholds between 0 and 10 cm, and
the proportion of poses with an ADD-(S) error below 2
cm, which indicates high-precision predictions. In Table
3, the highest score for each object under both metrics
is highlighted in bold, and objects with an asterisk (*)
are symmetric and assessed accordingly.

Based on the AUC metric, our method achieved an av-
erage accuracy of 92.9% on the YCB-Video dataset, out-
performing SaM{Net (92.6%), G2L-Net (92.4%), Dense-
Fusion (91.2%), and MSCNet (91.5%). Compared with
DenseFusion and MSCNet, this represents improvements
of 1.7% and 1.4%, respectively, demonstrating stronger



Table 2: Performance comparison of various methods on the LineMOD dataset.

Object HRPose PoseCNN+ICP DPOD DenseFusion QaQ TMFNet Ours
ape 61.2 77.0 87.5 92.3 90.3 93.4 96.4
benchvise 95.5 97.5 97.5 93.2 94.3 94.3 97.8
camera 84.9 93.5 96.3 94.4 96.8 97.1 98.1
can 93.6 96.5 99.6 93.1 95.6 97.2 97.5
cat 86.0 82.1 94.3 96.5 95.8 97.7 98.0
driller 96.2 95.0 95.5 87.0 90.0 96.3 96.5
duck 68.0 7.7 88.0 92.3 92.1 93.6 94.8
eggbox* 99.0 97.1 99.9 99.8 100.0 99.9 100.0
glue* 97.0 99.4 97.8 100.0 100.0 99.7 100.0
holepuncher 78.1 52.8 88.9 92.1 93.0 95.4 96.8
iron 95.5 98.3 99.8 97.0 97.9 97.2 98.5
lamp 96.6 97.5 96.7 95.3 96.9 98.0 98.4
phone 86.7 87.7 95.0 92.8 96.5 97.6 97.8
MEAN 87.6 88.6 95.1 94.3 95.3 96.8 97.7

Note: Bold values represent the top-performing results. Objects with an asterisk (*) denote symmetric

cases.

pose regression capability. Under the <2cm accu-
racy measure, our method reached 95.7%, surpassing
SaMfNet (95.6%), MSCNet (93.9%), and DenseFusion
(95.3%).

Overall, our method performs well across both met-
rics and object categories, showing strong generaliza-
tion and robustness. However, as shown in Table 3,
all methods, including ours, exhibit lower accuracy on
large_clamp and extra_large_clamp, primarily due to lim-
itations in PoseCNN semantic segmentation: the two
types of clamps are visually very similar, making it
difficult to generate precise masks, which in turn af-
fects pose estimation. Nevertheless, our method achieves
significant improvements in overall 6D pose estimation
accuracy, particularly under the <2cm measure, and
demonstrates enhanced robustness and precision com-
pared with other RGB-D methods.

To visually compare the predictions of different algo-
rithms on YCB-Video, we rendered the estimated re-
sults of each method. All methods use PoseCNN output
for semantic segmentation; the predicted poses are com-
bined with sampled point information to generate point
clouds, which are then projected back onto the original
images to directly observe the consistency between esti-
mated poses and ground truth. The comparative results
are shown in Figure 8.

5 Conclusion

This paper presents an end-to-end 6D pose estimation
network based on RGB-D images. The network remains
robust under severe occlusion, complex backgrounds,
and low-texture conditions. Ablation studies show that

graph convolutional feature extraction and multimodal
feature fusion significantly improve pose estimation ac-
curacy and local feature perception. While limitations
exist for highly symmetric or heavily occluded objects,
the method demonstrates potential for optimization in
feature representation, occlusion handling, and cross-
modal fusion. Future work will focus on improving
background-masked region processing and exploring few-
shot or zero-shot applicability to enhance its use in
robotic tasks.
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