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Abstract

To achieve real-time and accurate pose estimation for weakly textured or occluded tar-
gets, this study proposes a feature-enhancement 6D pose estimation method based on
DenseFusion. Firstly, in the image feature extraction stage, skip connections and atten-
tion modules, which could effectively fuse deep and shallow features, are introduced to
enhance the richness and effectiveness of image features. Secondly, in the point cloud
feature extraction stage, PointNet is applied to the initial feature extraction of the point
cloud. Then, the K-nearest neighbor method and the Pool globalization method are applied
to obtain richer point cloud features. Subsequently, in the dense feature fusion stage, an
adaptive feature selection module is introduced to further preserve and enhance effective
features. Finally, we add a supervision network to the original pose estimation network
to enhance the training results. The results of the experiment show that the improved
method performs significantly better than classic methods in both the LineMOD dataset
and Occlusion LineMOD dataset, and all enhancements improve the real-time performance
and accuracy of pose estimation.

Keywords: feature extraction; feature fusion; feature enhancement; pose estimation

1. Introduction
Six-dimensional target pose estimation refers to the prediction of the target’s rotation

matrix and translation vector in the camera coordinate system, and it has been extensively
applied in many fields, including robotic manipulation, autonomous driving, and aug-
mented reality. These applications encounter significant challenges in achieving accurate
and real-time performance, particularly when objects are occluded or weakly textured.
Early approaches relied exclusively on RGB images for object pose estimation, which inher-
ently limited their capacity to capture the full three-dimensional structure of objects. RGB
images primarily provide appearance information and are highly sensitive to occlusion,
lighting variations, and weak texture. Consequently, when objects are partially occluded
or lack visual patterns, these methods fail to extract robust spatial features, resulting in
significant degradation of pose estimation accuracy.

The development of deep learning has significantly promoted the advancement of
computer vision. CNNs excel at spatial feature extraction (e.g., A-YONet [1]), and LSTMs
are effective in sequential data, such as treatment prediction [2], medical dialogs [3], finan-
cial risk forecasting [4], and ICU outcome prediction [5]. Deep learning supports weak-label
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training in IoHT scenarios [6], while adversarial models like HAA enhance robustness via
graph neural networks [7]. Multimodal fusion methods typically leverage PointNet++ [8]
for point cloud feature extraction and segmentation networks such as CRF-enhanced U-
Net [9] for RGB image feature learning, thereby integrating heterogeneous data sources.
RNNs with attention mechanisms have been proven effective in semantic and quality
analysis [10], and IoT-based systems combined with deep learning enhance the accuracy of
image detection [11]. In resource-limited environments, DRL-based scheduling [12] and
blockchain-enhanced logistics frameworks ensure traceability and efficiency of scheduling
and logistics processes [13]. Deep reinforcement learning-based scheduling [14] and adap-
tive architectures [15] further refine feature discrimination. A neural network, optimized
by genetic algorithms, also shows strong performance in financial forecasting [16]. Some
researchers combined Bi-GRU with the Mayfly Algorithm (MFA) for supply chain sales
forecasting, achieving lower errors than traditional models [17]. This idea is similar to the
one outlined in our work, which enhances overall performance by improving core system
elements. These deep learning techniques form the foundation of our feature enhancement
framework for pose estimation, demonstrating the potential of deep methods in various
application domains.

The emergence of RGB-D cameras introduces additional in-depth information, offering
new solutions for pose estimation problems. Traditional pose estimation methods for RGB-
D images involve manually extracting features from RGB-D images and matching them.
They are easily affected by many factors such as target occlusion and light changes, resulting
in poor practical application performances. With the widespread use of Convolutional
Neural Networks (CNNs), some researchers have applied these networks to solve RGB
image pose estimation problems. These methods can be categorized into two types. The
first category utilizes CNNs to detect 2D keypoints in RGB images, and then employs the
Perspective-n-Point (PnP) algorithm to calculate 6D pose parameters, as seen in PVNet [18]
and OSOP [19]. It solves the problem of keypoint detection for textureless objects, which
traditional methods cannot achieve. However, in the case of occlusion, the detection method
of 2D keypoints cannot accurately estimate the pose of the target. The second category
directly uses CNN to obtain the 6D pose of the target. Xiang [20] utilizes the advantages of
two data sources in a cascade design to estimate the initial pose from RGB images, but the
accuracy of the pose is not sufficient. These methods rely on Iterative Closest Point (ICP)
or multi-view hypothesis verification schemes to refine the estimation results, which are
very time-consuming.

In response to the shortcomings of the above two types of methods, Charles [21] and
Xu [22] utilize a point cloud network and a CNN to extract dense features from cropped
RGB images and point clouds. Then, they connect these extracted dense features for pose
estimation. DenseFusion [23] employs CNNs to extract color features and PointNet [24]
to extract point cloud features, which are subsequently fused at the pixel level to estimate
object poses. It achieves higher accuracy in scenarios with occlusion and low illumination.
However, it is extremely challenging to estimate the pose of objects with similar appearances
or reflective surfaces. Many researchers believe that this is due to the insufficient fusion of
the two types of data, and they focus on improving the fusion method for color features
and point cloud features. FFB6D proposes a full-stream bidirectional fusion network that
performs fusion at each encoding and decoding layer. The appearance information of RGB
and the geometric information of point clouds serve as complementary information in the
feature extraction process [25]. NF6D proposes a novel network, similar to PointNet++ [8],
to process fused features and estimate the pose of an object [26].

To address the limitations of existing fusion-based methods, which often suffer from
incomplete feature representation and suboptimal fusion under occlusion or weak texture,
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we propose a novel 6D target pose estimation framework with feature enhancement.
Specifically, we introduce skip connections and attention modules into the image feature
extractor to enrich deep semantic information. For point cloud features, we employ an
improved PointNet++ to capture both geometric and semantic cues. Furthermore, we
design an adaptive feature selection module to optimize the dense fusion of RGB and point
cloud features and integrate a supervision network to refine the training process. Together,
these innovations enable more robust and accurate 6D pose estimation in challenging
scenarios, outperforming previous methods in both occluded and low-texture conditions.

2. Related Work
2.1. Pose Estimation from RGB Images

The RGB-based method utilizes only RGB images to estimate object pose. The classic
method typically first finds the keypoints, then matches them to calculate a 6D pose.
Recently numerous new methods using neural networks to estimate a 6D pose have
been developed, which can be categorized into two types: holistic methods [27,28] and
correspondence-based methods [29,30]. The holistic method uses neural networks to
directly regress the 6D pose: Hu et al. [31] propose a single-stage 6D pose estimation
network, which first establishes the correspondence between 3D object keypoints and
2D image positions, and then directly regresses the 6D pose from the correspondence
using a deep architecture. Avery et al. [32] propose a novel recursive network architecture,
DeepRM, for 6D pose refinement. The correspondence-based method mainly uses CNN to
detect keypoints, then uses algorithms such as PnP to establish 2D-3D correspondence and
obtain the 6D pose: Li et al. [33] propose a coordinate-based disentangled pose network to
characterize the rotation and translation of objects, which unifies the indirect PnP strategy
and the direct regression strategy to estimate object pose. Zakharov et al. [34] propose the
DPOD method to estimate dense multi-class 2D-3D correspondence between input images
and known 3D models, utilizing PnP and RANSAC algorithms to estimate object poses.

2.2. Pose Estimation from RGB-D Images

The RGB-D-based method attempts to estimate the pose of weakly textured or oc-
cluded objects by depth or point cloud information. The RGB-D-based method can be
categorized into two types: direct regression methods [35,36] and two-stage methods [37,38].
The direct regression method predicts object poses using features of RGB-D data. For exam-
ple, DenseFusion uses CNNs and PointNet to extract features from RGB images and point
clouds, respectively, and then integrates them using a specific feature fusion method to
estimate the object pose. Petitjean et al. [39] propose a robust 6D pose estimation method
based on quality the evaluation of RGB-D fusion, which can improve robustness for low-
quality depth and RGB inputs. The two-stage method first establishes correspondences
between 2D and 3D information using PnP and other algorithms, and then calculates
the 6D pose using a least squares algorithm. For example, PVN3D [40] integrates RGB
and point cloud information to generate 3D keypoints using a full-pixel voting network.
PointPoseNet [41] takes a point cloud as input and regresses per-point unit vectors, which
point into 3D keypoints. The frameworks of direct regression and two-stage methods differ;
most researchers focus on the fusion of point cloud and RGB data [42–44], whereas our
study focuses on the richness and effectiveness of feature information.

3. Method
3.1. Overall Process

Six-dimensional target pose estimation adopts known pose models to predict the 6D
pose of real-world objects. DenseFusion takes segmented images as real scenes, and uses
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CNN and improved PointNet to extract color features and point cloud features for deep
fusion. Therefore, feature extraction is an extremely crucial step, where the effectiveness
and richness of color features and point cloud features have a significant impact on the
accuracy of pose estimation. We improve DenseFusion by enhancing feature information.

The algorithm framework is shown in Figure 1, consisting of three main parts. The
first part involves semantic segmentation of RGB images. Firstly, the color and depth maps
are cropped based on the mask bounding box; subsequently, the depth values within the
masked region are converted into a point cloud. The second part involves feature extraction
and fusion. First, we use CNN and an improved PointNet++ to extract color and point
cloud features. Second, we fuse the color and point cloud features at each pixel level. Then,
the fused features are input into the adaptive feature selection module to generate adaptive
features for each sampling point. The third part performs pose estimation by passing the
adaptive features into the supervised pose estimation network, which predicts the pose of
each sampling point; and outputs the pose estimation result with the highest confidence
level. Finally, the pose iteration module of DenseFusion is applied to further improve the
accuracy of pose estimation.

RGB image
Semantic 

segmentation

Cropped image

Masked

Point cloud

Improved

PointNet++

CNN

Feature fusion

Feature Adaptive 

Selection Module

Adaptive 

Feature

Pose estimation

Rotate R

Translate t

Confidence c

Iterative 

refinement

Iterative 

Point cloud

Rotate R

Translate t

Prediction per sampling point

 

Figure 1. Overall network framework.

3.2. Semantic Segmentation

The semantic segmentation framework consists of an encoder and a decoder, which
encode and decode color images to generate N + 1 channel result maps. We use the semantic
segmentation network in PoseCNN [20] to crop images. It crops target objects from RGB-D
images, ultimately generating color and depth maps that contain information about targets.
Finally, we convert the depth map of the mask position into the point cloud using the
camera intrinsic parameters. The formula is as follows:

z = d/s
x = (u − cx)× z/ fx

y =
(
v − cy

)
× z/ fy

(1)

where (u, v) is the position coordinate of each pixel in the depth map, (x, y, z) is the 3D
position coordinate of the point cloud, d is the depth data of the pixel at (u, v), s is the
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camera scale factor, (cx, cy) is the camera center coordinate and ( fx, fy) is the focal length of
the camera on the x and y axis, respectively.

3.3. Feature Extraction and Fusion

As shown in Figure 2, the cropped image and masked point cloud are obtained through
semantic segmentation. The cropped image is processed by the Improved Color Feature
Extraction Network, and the masked point cloud is processed by the Improved Point Cloud
Feature Extraction Network. The resulting image and point cloud features are subsequently
fused by the Feature Fusion Network to produce a fusion feature. The detailed design of
each network will be described in the following section.

Semantic 

segmentation

Cropped image

Masked

Point cloud

Fusion feature

Improved Color Feature Extraction Network

Improved Point Cloud Feature Extraction Network

PointNet

KNN

Samoling 

Points

Max Pooling

Resnet18
SE Module + 

PSPNet

Attention module

Feature 

fusion 

process

 

Figure 2. Proposed feature extraction and fusion framework.

3.3.1. Color Feature Extraction

DenseFusion constructs a network to extract color features, applying ResNet [45] as the
encoder and PSPNet [46] as the decoder. The extracted deep features contain rich semantic
information. However, multiple convolution layers could cause the loss of positional
information, resulting in incomplete semantic information of deep features. To solve this
issue, we add skip connections and attention mechanism modules into the network, as
shown in the red part of Figure 3.

We first add a Squeeze and Excitation (SE) module [47] after the Pyramid Pooling
Module (PPM), then add an attention mechanism module [48] into the connection channel
between the encoding and decoding processes. The SE module and the attention mechanism
module are shown in Figure 4. The SE module obtains an attention-weighted graph through
global pooling, fully connected layers, and a sigmoid function; subsequently, the attention-
weighted graph assigns weights to input channels. The attention mechanism module takes
the current level feature Ci of ResNet and the higher-level feature Pi+1 of the upsampling
layer as inputs. Through two convolutional layers and a sigmoid function, the attention-
weighted graph, the same size as Ci, is generated. Then the weighted Ci is added to Pi+1

via a skip connection.
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Figure 3. Improved Color Feature Extraction Network.
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Figure 4. (a) Image of SE module; (b) image of attention mechanism module.

Through the attention mechanism module and skip connection, the network can more
effectively utilize low-level features, obtain more effective contextual semantic information,
and consequently improve the accuracy of pose estimation. In addition, because the size of
the input segmented image is small, the image size in the four Bottlenecks of ResNet is only
reduced by half, thereby retaining more feature information. When the sizes of Ci and Pi+1

are different, Pi+1 achieves double upsampling through the bilinear interpolation algorithm.
Finally, P1 is sampled into the feature map P0 which is the same size as the input image.
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3.3.2. Point Cloud Feature Extraction

DenseFusion only uses PointNet for feature extraction from randomly sampled points,
which limits the precision of the extracted features and results in a lack of semantic infor-
mation in the point cloud. To obtain more comprehensive extract point cloud features,
we improve PointNet++ using the K-nearest neighbor (KNN) method, max pooling, and
random sampling. The process is shown in Figure 5.

PointNet Max Pooling

KNN

sampling points

(n,3)

(N,C)
(N,3)

(n,k,C)

(n,C)

Figure 5. Improved Point Cloud Feature Extraction Network.

Firstly, PointNet is employed to perform initial feature extraction of the point cloud
data. The network input is the (N × 3) point cloud, which is converted from the masked
depth map. N denotes the number of points in the masked point cloud, and 3 represents the
three-dimensional spatial coordinates. The point cloud (n × 3) is randomly sampled from
the mask point cloud (N × 3). Subsequently, the K-nearest neighbor (KNN) algorithm is
applied to compute the neighbor feature indices of each randomly sampled point, thereby
constructing a local feature matrix of size (n × k × C). Finally, local features are aggregated
through max pooling. In this study we set k = 6 to balance local geometric information and
computational overhead. A smaller k may lead to the loss of local structures, whereas an
excessively large k could introduce background noise and increase computational cost. In
addition, the farthest point sampling method often mostly focuses on sampling edge points,
since errors in semantic segmentation masks are often concentrated at the edges, which
increases the likelihood of invalid points in farthest point sampling. Therefore, random
sampling is adopted to improve pose estimation accuracy.

3.3.3. Feature Fusion

So far, we have obtained dense features from both the image and the 3D point cloud.
The two features are fused by their corresponding coordinate relationship, and dense
RGB-D features are generated. The fusion steps are shown in Figure 6. In addition, we
believe that there is no fixed hierarchical distinction between point clouds and images; their
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importance may change in different scenarios. Therefore, in the final output section, we
introduce an adaptive feature selection module to obtain more accurate feature information.

(n,32) (n,64) (n,128)

(n,256) (n,512) (n,1024)

Conv Conv

Conv Conv

Conv

(n,1408)

Figure 6. Feature fusion process.

The adaptive feature selection module weighs the channel dimension to determine
whether color features or point cloud features are more suitable for the current scene.
Through global pooling layers, convolutional layers, ReLU function, and Sigmoid function,
the fused features are processed to obtain an attention-weighted image, which is the same
size as the input channel. The adaptive feature selection module is shown in Figure 7.
The adaptive feature selection module ensures that the minimum weight of the channel
is 0.5, which not only performs channel filtering, but also effectively preserves the basic
information of all channels.

(n,1408)

Fusion Feature

Avg pool Conv+ReLu Sigmoid

× 

Adaptive Feature

(n,1408)

matrix multiplication× 

Figure 7. Fature adaptive selection module.

3.3.4. Pose Estimation and Refinement

Through the above steps, we obtain the fused features of the sample points. In the
pose estimation stage, the fused features are fed into the neural network, where they are
used to regress the rotation matrix R, the translation vector T, and the confidence score c.
The pose estimation network of DenseFusion consists of three identical small networks,
each containing four layers of one-dimensional convolution. The network loss function is
set as follows:

L1 =
1
n

n

∑
i=1

(
Lp

i ci − wlog(ci)) (2)

where n represents the number of fused features. ci represents the confidence score of the
regression pose. Higher confidence scores indicate higher accuracy of pose parameters. w



Electronics 2025, 14, 4125 9 of 19

represents a balancing hyperparameter. Lp
i represents the pose loss of the ith fused feature;

The loss formula of asymmetric objects is as follows:

Lp
i =

1
M

M

∑
j=1

∥∥(Rxj + t
)
−

(
R̂ixj + t̂i

)∥∥ (3)

This formula represents the average distance between each corresponding coordinate
of the sampled point cloud under the ground-truth pose and the estimated pose. M is
a point cloud randomly selected from the target model. xj is the jth point cloud in the
dataset of random point clouds. Rxj + t is the coordinate from the real pose transformation.
R̂ixj + t̂i is the estimated coordinate after the ith fusion feature.

Although the loss function (3) is clearly defined for asymmetric objects, symmetric
objects do not have unique normative frames. Therefore, the loss function is the average
distance between each corresponding point of the estimated model and the closest point of
the ground truth model. The formula is as follows:

Lp
i =

1
M

M

∑
j=1

min
0<k<M

∥∥(Rxj + t
)
−

(
R̂ixk + t̂i

)∥∥ (4)

We add a supervised network into the original pose estimation network; this network
directly supervises the prediction of model points. Since both networks have the same
adaptive features as inputs, the regressed 6D pose of the estimation network is aligned
with the standard model point cloud predicted by the supervised network; their outputs
remain consistent. Compared to using only estimation networks to regress 6D poses, the
supervised network provides auxiliary supervision for training the estimation network.
Supervised networks are used to train feature extraction networks to output more refined
features, which improves the accuracy of predicting poses. The estimation networks
and the supervised network are shown in Figure 8, where the blue frame represents the
estimation networks; the orange frame represents the supervised network, which outputs
the predicted CAD model point cloud.

Adaptive Feature

MLP(1408, 640) MLP(640, 256) MLP(256, 128) MLP(128, 4)

MLP(1408, 640) MLP(640, 256) MLP(256, 128) MLP(128, 4)

MLP(1408, 640) MLP(640, 256) MLP(256, 128) MLP(128, 4)

R

T

C

MLP(1408, 640) MLP(640, 256) MLP(256, 128) MLP(128, 4)
Model

 Point

Estimation Network

Supervision Network

 

Figure 8. Structure of estimation network and supervision network.
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In the supervision network, we calculate the gap between the predicted point cloud
q and the CAD model point cloud y, then calculate the average value of the gap, for
asymmetric objects:

L2 =
1
M

M

∑
j=1

∥∥qj − yj
∥∥ (5)

For symmetric objects:

L2 =
1
M

M

∑
j=1

min
0<k<M

∥∥qk − yj
∥∥ (6)

Finally, L1 and L2 are summed as the total loss, and the hyperparameters γ is applied
to balance the two losses. We set γ = 0.05 to reduce the dominance of the reconstruction
loss from the supervision network in pose regression, ensuring that the supervision serves
as an auxiliary signal rather than substituting the primary task:

L = (1 − γ)L1 + γL2 (7)

After obtaining the results of pose estimation, we perform pose refinement to achieve
better results. The common refinement method, ICP, is too time-consuming to satisfy the
requirements of real-time applications. Referring to DenseFusion, we employ a CNN-
based refinement method comprising three fully connected layers. The fused features
are transformed into global features by a max pooling layer, and the iterative network
simultaneously outputs the residual pose. After k iterations, the predicted residual pose is
cascaded with the original pose to obtain the final pose, which is shown in Formula (8):[

R̂
∣∣ t̂

]
= [Rk | tk ]·[Rk−1 | tk−1 ] · · · [R0 | t0 ] (8)

where [Rk | tk ] represents the residual attitude result after the kth iteration, and [R0 | t0 ]

represents the initial pose output of the pose estimation network.

4. Experiments and Results
4.1. Datasets
4.1.1. LineMOD Dataset

The LineMOD dataset consists of video frame images of 13 weakly textured objects;
the images of eggbox and glue have rotational symmetry. It is a benchmark dataset used
for object pose estimation. The LineMOD dataset features cluttered scenes, varying lighting
conditions, and weak object textures.

4.1.2. Occlusion LineMOD Dataset

The Occlusion LineMOD dataset is created by adding annotations to each scene on
the LineMOD dataset, and each image is significantly obscured. It is suitable for detecting
the effectiveness of algorithms in estimating the pose of occluded objects.

4.2. Evaluation Metrics

We evaluate the accuracy of pose estimation by the average distance (ADD) and
the average closest point distance (ADD-S). For asymmetric objects, ADD is used as an
evaluation metric, which calculates the average distance between the corresponding point
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pairs of the target model point cloud in both the real pose and the estimated pose. The
definition of ADD is as follows:

ADD =
1
m ∑

x∈M

∥∥(Rxj + t
)
−

(
R̂ixj + t̂i

)∥∥ (9)

where M represents the point set of the target model point cloud. [R|t] denotes the ground
truth pose. [R̂i|t̂i] denotes the estimated pose. For symmetric objects, ADD-S is used
as an evaluation metric, which calculates the average distance between each point of the
estimated model and the closest point of the ground truth model. The definition of ADD-S
is as follows:

ADD − S =
1
M ∑

x∈M
min

0<k<n

∥∥(Rxj + t
)
−

(
R̂ixk + t̂i

)∥∥ (10)

If the average distance is less than 10% of the target’s diameter, we think the estimated
6D pose is considered correct.

4.3. Implementation Details

The experiment is conducted on a single NVIDIA RTX 2060 GPU (NVIDIA Corpora-
tion, Santa Clara, CA, USA), utilizing software platforms that include CUDA 11.1, PyTorch
1.8, and Python 3.6. During the training process, we follow the settings in NF6D [26], using
15% of the images for training and the remaining images for testing. For the LineMOD
dataset, the training dataset contains 2372 RGB-D images, and the test dataset contains
13,406 RGB-D images. For the Occlusion LineMOD dataset, 181 images are used for train-
ing, and 1031 images are used for testing. The training process is repeated 20 times for
each epoch. Due to the varying image sizes obtained through semantic segmentation, only
one image can be used per extraction in the CNN stage. To accelerate the acquisition of
training results, we utilize a single category for training. Firstly, we train the pose esti-
mation backbone network until convergence. Secondly, we train the refinement network.
The optimal parameters are determined through tuning as follows: the batch size is 8, the
maximum epoch of iterative training is 500, the learning rate is 0.0001, the loss function
hyperparameter w is 0.015, both the learning decay rate and the hyperparameter decay
rate are set as 0.35, and the iteration number of the network is 2.

4.4. Results on the Datasets
4.4.1. Result on the LineMOD Dataset

Table 1 presents the performance comparison between the proposed method and
classic RGB and RGB-D methods on the LineMOD dataset. Symmetric objects are shown
in bold in Table 1. Bold numbers indicate relatively higher performance metrics. The
experimental results show that the pose estimation accuracy of our proposed method is
99.2% on the LineMOD dataset. Under the same pose optimization strategy, compared with
representative RGB methods such as RNNPose [49], CDPN, DPOD, and RKDT [50], the
accuracy of our proposed method is improved by 1.7%, 9.2%, 3.9%, and 6.2%, respectively.
Compared to DenseFusion, our method improves pose estimation accuracy for all 13 ob-
jects on the LineMOD dataset and has an overall average accuracy improvement of 4.8%.
Compared with representative RGB-D methods such as NF6D, Uni6D [42], Uni6Dv2 [43],
and CA6D [44], our method achieves accuracy improvements of 2.3%, 1.7%, 1.5%, and
1.2%, respectively, and is only slightly inferior to FFB6D [25].
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Table 1. Pose estimation results of the LineMOD dataset. Objects with bold name are symmetric.

Type

RGB R-GBD

RNNPose
[49]

CDPN
[33]

DPOD
[34]

RKDT
[50]

DenseFusion
[23]

NF6D
[26]

Uni6D
[42]

Uni6D-
v2

[43]

CA6D
[44]

FFB6D
[25] Ours

ape 88.2 64.4 87.7 91.1 92.3 93.5 93.7 95.7 99.0 98.4 95.6
ben 100 97.8 98.5 97.2 93.2 95.2 99.8 99.9 99.0 100 99.5
cam 98.0 91.7 96.1 88.4 94.4 93.9 95.9 95.7 98.0 99.4 99.6
can 99.3 95.9 99.7 98.2 93.1 95.5 99.0 96.0 98.0 99.0 99.4
cat 96.4 83.8 94.7 88.2 96.5 98.6 98.1 99.2 96.9 99.9 99.1

drill. 99.7 96.2 98.8 97.8 87.0 94.8 99.1 99.2 97.9 100 99.6
duck 89.3 66.8 86.3 80.1 92.3 96.0 89.9 92.1 94.3 98.4 97.6
egg 99.5 99.7 99.9 99.3 99.8 100 100 100 95.2 100 99.9
glue 99.7 99.6 96.8 96.6 100 99.7 99.2 99.6 95.1 100 100
hole 97.4 85.8 86.9 79.4 92.1 94.5 90.2 92.0 98.0 99.5 99.5
iron 100 97.9 100 98.5 97.0 97.5 99.4 97.9 97.9 99.9 99.5
lamp 99.8 97.9 96.8 98.5 95.3 98.9 99.4 98.4 99.9 99.5 99.7

phone 98.4 90.8 94.7 94.8 92.8 95.1 97.4 97.6 98.0 99.7 99.0
MEAN 97.4 89.9 95.2 92.9 94.3 96.4 97.0 97.2 97.5 99.5 99.1

Experimental results demonstrate that, compared with recent methods such as Uni6D
and CA6D, our approach exhibits distinct advantages in feature representation and fu-
sion strategy. Uni6D primarily mitigates projection errors through a unified framework,
while CA6D enhances robustness via context modeling. In contrast, our method strength-
ens the feature representations of both images and point clouds prior to fusion Further,
it incorporates an adaptive feature selection module during fusion to dynamically bal-
ance the contributions of the two modalities. In addition, a supervision network aligns
with the CAD model geometry to impose further constraints on feature learning. Conse-
quently, our method achieves stronger scene adaptability and robustness while maintaining
lightweight characteristics.

In addition, we apply rotation and translation to the point cloud model, and then
project it onto the image to visually compare our method with DenseFusion on the
LineMOD and Occlusion LineMOD datasets, as shown in Figures 9 and 10. Each box
displays the results of four types of objects. As shown in Figure 9, for the same object in
the same scene, the estimation error of DenseFusion exceeds the threshold. In contrast, the
error of our method remains within the allowable range, demonstrating the effectiveness
of our method.

DenseFusion 

    

Ours 

    

Figure 9. Cont.
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DenseFusion 

    

Ours 

    

DenseFusion 

    

Ours 

    

Figure 9. Visualization comparison of partial results of LineMOD dataset.

DenseFusion 

    

Ours 

    

DenseFusion 

    

Ours 

    

Figure 10. Visualization comparison of partial results of Occlusion LineMOD dataset.
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4.4.2. Result of the Occlusion LineMOD Dataset

For the Occlusion LineMOD dataset, our method is compared with FFB6D, Dense-
Fusion and NF6D. The accuracy has been improved by 26.9%, 2.5%, and 0.3% compared
with FFB6D, DenseFusion, and NF6D, respectively. Figure 10 shows that, compared with
DenseFusion, our method exhibits better performance on seven occluded objects, except
for the driller, which is consistent with the results in Table 2. Bold numbers indicate rel-
atively higher performance metrics. Specifically, our method performs well on all other
targets except for the ape and duck. After analyzing the experimental results, we conclude
that the severe occlusion of the two objects results in only a small portion being visible.
Consequently, the features extracted from color images and point clouds are significantly
influenced by background interference, resulting in insufficient and ineffective feature
representations. This suggests that, under extremely severe occlusion scenarios, even
our enhanced feature extraction network may not be able to extract sufficiently effective
image and point cloud features for fusion and enhancement, thereby leading to suboptimal
subsequent pose estimation.

Table 2. Pose estimation results of the Occlusion LineMOD dataset.

Type FFB6D DenseFusion NF6D Ours

ape 47.2 73.2 68.4 75.0
can 85.2 88.6 92.7 92.9
cat 45.7 72.2 78.0 69.3

driller 81.4 92.5 95.1 88.5
duck 53.9 59.7 62.1 63.8

eggbox 70.2 94.2 96.1 96.8
glue 60.1 92.6 93.5 96.5

holepuncher 85.9 78.8 83.6 90.6
MEAN 66.2 81.5 83.7 84.0

At the same time, the comparison with FFB6D is noteworthy. While our method is
slightly inferior to FFB6D on the LineMOD dataset, it substantially outperforms FFB6D on
the Occlusion LineMOD dataset. This not only validates the effectiveness of our feature
utilization and enhancement strategy but also demonstrates the superiority of our approach
under severe occlusion. The reason for this lies in the design of FFB6D, which performs
static bidirectional fusion at each encoding and decoding layer. Although this ensures
sufficient information interaction, it incurs high computational complexity and neglects
the varying importance of different modalities across diverse scenarios. In contrast, our
method enhances image and point cloud features separately prior to fusion. It incorporates
an adaptive feature selection module during fusion to dynamically adjust the weights
of the two modalities. In addition, an auxiliary supervision network aligns the learned
features with CAD model geometry, further constraining feature learning. As a result, our
approach maintains lightweight characteristics while achieving stronger scene adaptability
and robustness.

4.4.3. Ablation Experiments

To evaluate the performance of various improvements, we conduct several abla-
tion experiments. Firstly, we compare the performance of DenseFusion with three
different settings:

• Improving only the color feature extraction network.
• Improving only the point cloud feature extraction network.
• Improving both, all under the setting without the refinement network.
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As shown in Table 3, both the improved image feature extraction network and the
Improved Point Cloud Feature Extraction Network outperform the original DenseFusion
algorithm, with a notable enhancement in pose estimation accuracy for thirteen objects.
Bold numbers indicate relatively higher performance metrics. The average accuracy is
increased by 8.4% and 4.5% over DenseFusion, respectively. The experimental results
indicate that the improved image feature network is notably superior to the point cloud
network because it can effectively integrate shallow feature information and enrich the
semantic content of deep features. Although the improvement in the point cloud network
enhances feature extraction capability, a substantial gap remains in terms of semantic
information density. When both improved networks are employed simultaneously, their
performance increases by 0.9% and 4.7%, respectively, compared to using only the image
feature network or only the point cloud feature network. Moreover, the accuracy of pose
estimation for test objects is improved. This demonstrates the complementary mechanism
of the two modal features. Image features supply rich semantic information, while point
cloud features enhance geometric representation. The synergistic effect of the two-types of
feature significantly improves the overall performance of the system.

Table 3. Evaluation of extraction networks. Objects with bold name are symmetric.

Type DenseFusion Improved Color
Feature Extraction

Improved Point
Cloud Feature Extraction Both

ape 79.5 86.8 82.1 88.8
benchvise 84.2 96.4 93.1 98.1

camera 76.5 93.1 84.8 92.7
can 86.6 94.1 86.6 95.2
cat 88.8 95.4 92.0 97.7

driller 77.7 94.0 87.0 94.6
duck 76.3 87.4 84.6 89.8

eggbox 99.9 99.9 99.9 99.9
glue 99.4 99.9 99.9 99.9

holepuncher 79.0 94.5 87.3 93.6
iron 92.1 95.4 93.9 95.4
lamp 92.3 95.7 95.2 97.9

phone 88.0 95.8 92.7 96.2
MEAN 86.2 94.5 90.7 95.4

In addition, based on the improved feature extraction network, we evaluate the
impact of incorporating the adaptive feature selection module and the supervised network
on pose optimization. Table 4 shows that incorporating the adaptive feature selection
module and the supervised network enhances the accuracy of target pose estimation. Bold
numbers indicate relatively higher performance metrics. Specifically, besides slightly worse
performance on cats, the pose estimation accuracy of all other targets is satisfactory. After
adding a supervised network, the average estimation accuracy increases by 1.8%. After
adding a feature adaptive selection step, the average estimation accuracy increases by 1.9%.
When the two networks are combined, the average estimation accuracy increases by 2.6%.

The ablation results indicate that enhancing the color feature extraction network leads
to a substantially larger performance improvement than the enhancements of the point
cloud network, the supervision module, or the adaptive feature selection network. This is
mainly because RGB images, even under weak-texture or partially occluded conditions,
still provide relatively rich semantic and boundary information. Skip connections help
preserve fine spatial details from shallow layers, while the attention mechanism highlights
the most important features, together enhancing the complementarity between shallow
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and deep features. In contrast, point cloud features, although useful for capturing local
geometric structures, contribute less due to sampling sparsity, depth noise, and limited
global semantic information. The adaptive feature selection network dynamically balances
the contributions of RGB and point cloud features, thereby further enhancing feature fusion.
The supervision network primarily facilitates feature alignment and stabilizes training,
resulting in a relatively limited standalone contribution.

Table 4. Evaluation of supervision network and adaptive feature selection module. Objects with bold
name are symmetric.

Type Supervision Network Adaptive Feature Selection Module Both

ape 90.1 90.1 90.9
benchvise 97.7 97.6 98.2

camera 97.0 96.8 97.3
can 97.0 97.9 98.4
cat 97.5 96.4 97.4

driller 95.7 97.0 97.8
duck 91.5 91.0 92.2

eggbox 99.9 99.9 99.9
glue 99.9 99.9 99.9

holepuncher 94.5 94.2 95.2
iron 96.2 98.3 98.5
lamp 97.5 98.2 99.0

phone 96.4 96.7 97.1
MEAN 96.2 96.3 97.0

5. Conclusions
We have made two improvements to the feature extraction network to address the

problem of insufficient and ineffective feature extraction. The first improvement introduces
skip connections and attention mechanism modules into the CNN, enabling the network to
fully utilize shallow features and effectively highlight the semantic information of deep
features. The second improvement utilizes the enhanced PointNet++ for point cloud
processing, thereby addressing the insufficient semantic information provided by the
original PointNet. The experimental results indicate that the improved feature extraction
networks can extract richer and more effective semantic information, effectively integrating
image and point cloud features. Whether the improved feature extraction networks are
applied individually or in combination, the accuracy of pose estimation can be enhanced.
Additionally, we believe that there is no primary distinction between point clouds and
images. The relative importance of point clouds and images may change in different
scenarios. Therefore, in the final output section, this study introduces an adaptive feature
selection module to obtain more accurate feature information for pose estimation. Finally,
a supervised network is introduced to output more refined features for matching the
regressed 6D pose of the estimation network. The experimental results demonstrate that
our method significantly outperforms DenseFusion and other approaches, with real-time
performance and accuracy in pose estimation effectively improved.
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