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ARTICLE INFO ABSTRACT

Keywords: Effectively implementing color and depth modalities into the model for accurate 6D object pose
6D pose estimation estimation in the presence of occlusions and complex backgrounds remains a challenge in the
Cross-modality attention fusion field of robotics vision. To tackle these problems, a novel method LDFpose, a lightweight
Embedding-free hierarchical attention deep fusion network based on RGB-D input is proposed for real-time and precise object pose
Adaptive hierarchical keypoints sam- estimation in this paper. Unlike existing methods, this developed method effectively captures
pling global semantic information from complex textured backgrounds for the color feature extraction

using an Embedding-Free Hierarchical Transformer (EHT) encoder, while significantly reducing
computational overhead. In the point cloud feature extraction, an Adaptive Hierarchical Keypoints
(AHK) sampling strategy is applied, which employs sparse sampling of distant key points to
expand the receptive field and improve the efficiency of point cloud interactions. Furthermore, the
model adaptability to heterogeneous inputs and its global representation capability are enhanced
by integrating RGB and geometric features in use of the Adaptive Modal Fusion (AMF) block,
facilitating more effective complementary data fusion. Experimental results on the datasets
including Linemod, YCB-Video, Occlusion Linemod, and a custom dataset of Occlusion of Apes
(OccoA) demonstrate that LDFpose outperforms existing methods in pose estimation accuracy
and inference speed, particularly in scenarios with different lighting conditions and high degrees
of occlusion arising from practical industrial applications.

1. Introduction

Vision-based pose estimation of objects in 6 Degree of Freedoms (6D) involves the calculation of their precise
spatial orientations and locations referring to the camera’s coordinate system in use of visual features. This plays a
crucial role in industrial applications such as autonomous driving [1, 2], robotic arm grasping [3, 4], and augmented
reality [5, 6]. 6D pose estimation provides essential scene spatial information by estimating the object’s orientation
R(R,, R}, R;) and translation T(T\,T,,T,).enabling visual servo systems to perform precise operations. Vision-
based pose estimation methods have evolved from non-learning to deep learning-based approaches, as techniques are
applied to solve other computer vision tasks [7, 8, 9]. Traditional geometry-based methods, which rely on handcrafted
features [10, 11, 12], typically utilize manually designed local feature extraction algorithms to detect key points in
images and establish the connections between 2D images and 3D models. Commonly used algorithms for this purpose
include SIFT (Scale Invariant Feature Transform) [13], SURF (Speeded-Up Robust Features) [11], FPFH (Fast Point
Feature Histograms) [14], and ORB (Oriented FAST and Rotated BRIEF) [12]. However, practical robotic grasping
under factory environments, complex backgrounds and inter-object occlusions often face the difficulties, such as the
loss or mismatch of key features. Consequently, these challenges increasingly demand a solution to reliable extraction
of keypoints and descriptors under significant illumination or viewpoint variations. Moreover, occlusions introduce
the increased computational complexity, thereby making it difficult for real-time systems to operate in such scenarios
effectively. This ultimately impacts the accuracy and robustness of pose estimation.

Driven by advances in object detection [15, 16], deep-learning networks have been increasingly investigated
and utilized for pose estimation tasks. Early developed approaches primarily relied on RGB data to address the
detection [17, 18]. Nevertheless, these methods entail reconstructing 3D structural information from 2D image
observations, which is fundamentally an ill-posed inverse problem [19]. The non-uniqueness of depth solutions often
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restrains the effectiveness of these techniques from practical applications, particularly in complex scenarios. With the
widespread deployment of industrial-grade RGB-D cameras [20, 21], the primary challenge now lies in effectively
integrating color and depth information from a single RGB-D image to achieve accurate 6D pose estimation of objects.
In early works, a cascade design was used to handle RGB and depth information [22, 23]. This approach initially
generated a preliminary estimation from the RGB image, which was subsequently refined using the depth map. In
this process, the depth image offers complementary information to the RGB image, thereby aiding in the resolution of
scale ambiguity. Also, RGB-D fusion strategies have evolved from basic concatenation or pixel-wise addition [24] to
feature-level deep fusion approaches [21, 25, 26, 27, 28]. Classic feature fusion methods [25] focused on late-stage
point-wise fusion, thereby enhancing global information. To better combine modality information, some studies
considered bidirectional fusion at earlier stages [21], realizing more robust pixel-wise features. Recently, the fusion of
information [28] has been improved by leveraging the global semantic similarity between color and geometric features,
which helps in tackling issues such as texture loss caused by reflections. However, this method exhibits limitations in
distinguishing local-level differentiation, particularly requiring the edge refinement when objects are occluded during
robotic grasping. This makes difficult to effectively model the global relationship between RGB and depth data, thereby
posing the ongoing challenges for robust 6D pose estimation of objects in open scenes.

With the successful implementation of Transformer into natural language and vision tasks [29, 30], this enables
researchers to model long-range dependencies, thereby enhancing RGB-D information fusion. Several studies have
employed Transformers for RGB-D feature extraction [31], establishing robust 2D-3D correspondences between RGB
images and point clouds [25, 32]. Though these approaches can effectively handle complex environments, Transformer-
based architectures generally incur higher computational burden as compared to CNNs. Additionally, keypoints
correspondence methods may generate redundant information, further increasing computational cost. Therefore, the
development of efficient task inference structures is crucial for real-time applications.

In this work, a lightweight deep fusion network for accurate estimation of 6D object pose under significant
illumination or viewpoint variations is proposed. Using the RGB-D inputs, this heterogeneous network processes color
and depth data separately through distinct encoder-decoder modulars to realize the accurate pose estimation. First,
a lightweight attention module to enhance detail capturing in occluded scenes is developed to capture fine-grained
features within locally occluded regions while retaining the global contextual information. To further enhance inference
efficiency, non-parametric transformations and average pooling are adopted to spatially compress the key and value
features. Following that, the subdivision of 3D space into non-overlapping independent windows is designed to address
the challenges of processing point clouds in complex occlusion scenarios. Based on this windowed feature, an adaptive
hierarchical keypoints sampling strategy is developed to reduce the computational cost of the transformer blocks and
enhance the specificity of point cloud interactions, thereby improving the spatial reasoning abilities of the model in
occluded scenes.

2. Brief review of 6D pose estimation

2.1. RGB-based 6D Pose Estimation

Methods estimating object pose using single RGB images by the extraction of salient features are usually assisted
by PnP (Perspective-n-Points)/RANSAC (Random Sample Consensus) [17, 33, 34]. However, these approaches are not
capable of achieving differentiable pose estimation. Recently, some methods directly predict the dense correspondences
instead of sparse ones [35, 36]. For example, PoseCNN [23] decomposed the task into three distinct components,
enabling the network to explicitly model their dependencies and independencies, and introduced ShapeMatch-Loss
for more accurate pose estimation. Based on this, DeepIM [37] tackled the challenge of inaccurate RGB-based pose
estimation by integrating a holistic loss function that progressively refined pose accuracy. The efficient pose [38] was
further advanced by the state-of-the-art techniques, such as extending the 2D object detector (EfficientDet) to the
capability of 6D pose estimation. However, due to the non-linearity of rotation space, solutions to directly estimating
object pose using RGB images remains suboptimal, particularly when objects are partially occluded, the sole use of
RGB features is insufficient to infer the complete pose of the object.

2.2. RGB-D Fusion-based 6D Pose Estimation

Traditional methods [39, 40] directly convert depth maps into point clouds and use geometric relationships to
compute the 3D coordinates of, each pixel. These methods then apply conventional point cloud processing techniques
for 3D object detection. With the introduction of PointNet [41] and PointNet++ [27], researchers began to extract
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Figure 1: Overview of LDFpose implemented by the feature concatenation operation.

geometric features directly from raw point clouds [22], while RGB data was processed via Convolutional Neural
Networks (CNNs). The features from both modalities were then fused in subsequent network layers. Recently, some
studies have adopted a dual-branch structure to integrate the texture and shape features for point-wise fusion [25, 42, 43].
Though this method enhances the discriminative power, it remains relatively sensitive to local noise and fails to fully
exploit the complementary nature between the two modalities.

2.3. Transformer Applied in 6D Pose Estimation

Transformers have become the dominant architecture in the field of natural language processing [44], enabling
the self-supervised training on large-scale datasets. Compared to CNNs [45, 46, 47], Transformers demonstrate the
superior efficiency in capturing global dependencies. Recently, this architecture has also been widely applied in
computer vision tasks [48, 49, 50]. In the context of 6D pose estimation, the Trans6D [51] method developed a hybrid
architecture capable of handling RGB images. However, due to the absence of absolute scale information, its robustness
was compromised in complex scenes. Similarly, YOLOPose [52] proposed a novel single-stage model based on the
Transformer that directly regressed 2D keypoints, thereby improving both the speed and accuracy in simple scene
applications. FusionNet [53] proposed a CNN-Transformer hybrid model that primarily predicts pose estimation using
dense 2D-3D correspondences of points. Although FusionNet can be applied for pose estimation in complex scenes, it
encounters the issue to extract sufficient features when the scene is sparse or keypoints are missing, therefore leading to
the decreased accuracy of pose estimation. The above issues highlight that further optimization and enhancement are
necessary to effectively address the challenging occlusion scenarios, even Transformers have demonstrated significant
potentials in solving vision-based tasks.

3. The proposed framework for 6D pose estimation considering occlusion

The proposed framework shown in Figure | is mainly designed to determine the transformation matrix of an object
relative to the camera coordinate system using the given RGB-D images. The matrix consists of a rotation component
R € SO(3) defined in a three-dimensional space and a translation component ¢ € R> for the alignment of a known rigid
object in its object coordinate system to the camera coordinate system. To effectively capture global multi-source and
multi-scale feature representations, the initial image I, and point cloud P are first processed through two lightweight,
independent encode-decode modules (E, and E,) for feature extraction. These extracted features are then fused using
an adaptive modal fusion module to enable robust interaction between modalities. Finally, the object pose is predicted
using a simple layer. Specifically, the prediction model is mathematically expressed by:

F.=E.,), F,=E,P) ey
F, = ®(F,, F,;0) (@)
O(R,T) = ¥(F,) (3

where F, and F), are the extracted initial features; ® means the adaptive fusion module parameterized by 0; F,, presents
the fused multi-modal feature; ¥ denotes the regression model and O(R, T') is defined as the output of object pose.
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3.1. Embedding-Free Hierarchical Transformer

In multi-modal 6D pose estimation networks, the RGB feature extraction is usually realized by network architectures
for addressing 2D semantic segmentation tasks. To meet the specific demands on the real-time 6D pose estimation under
significant illumination or viewpoint variations, an Embedding-free Hierarchical Transformer (EHT) encoder-decoder
module is designed, as shown in Figure 2. The proposed model is represented by a hierarchical architecture composed
of four stages (from Stage 1 to Stage 4), each of which integrates a patch embedding or patch merging sets and EHT
Blocks. The patch embedding set partitions the input image into patches and converts them into embedding vectors,
while the patch merging set progressively merges adjacent patches in the following stages to reduce spatial resolution
and expand receptive fields. As the input passes through each stage, the spatial dimensions of the feature maps are
decreased progressively by 1/4, 1/8, 1/16, and 1/32, while the channel numbers are increased by 80, 160, 320 and 640
accordingly. This hierarchical design enables the framework to extract both high-level and low-level features from the
input data, therefore effectively capturing local and global contextual information. The EHT Blocks in each stage further
process these embedded patches, utilizing the hierarchical transformer architecture to enhance feature representation
and model expressiveness, thereby enabling robust feature learning across different scales.

Vanilla Transformer module relies on independent linear transformation layer to generate query, key, and value
embeddings, therefore introducing additional parameters and local biases as follows:

O=W,X, K=WX, V=WX 4)

where W,, Wi, W, € R9*4 are learnable parameter matrices and X represents the input features.

Inspired by [54], the developed EHT (Embedding-Free Hierarchical Transformer) mitigates the reliance on linear
embeddings by directly dealing with raw input features X € R™*?, enabling lightweight deep models while avoiding
interference with global information caused by the embedding layers. Moreover, preprocessing raw features by front-end
max-pooling is denoted as X..q. This preprocessing step facilitates global feature pre-guidance and activates the
attention mechanism, thereby enabling it to focus more effectively on enhancing global modeling capabilities.

Xpregd = MaxPool(X) € RN /sxd .

To realize globally-guided input features, the FSR (Flexible Spatial Reduction) module is employed to adaptively
compress the resolution of non-critical regions for optimal allocation of computational resources, better model accuracy,
and significant reduction of computational complexity. It can be mathematically defined as:

X'= FFSR(Xpregd; H) ©)

where u is learnable compress parameters.

Subsequently, the compressed features X’ are partitioned into m X m non-overlapping windows { W; }:"zz |» Within
which the local self-attention is computed to capture fine-grained details of occluded regions by the local attention
blocks using Eq. (7).

Fy..i(W;) = sof <Q1KfT>V 7
local (W) = softmax — | Vr

dy

Simultaneously, key patches within each window are extracted by ranking the top-K high-response regions on the
basis of the sum of attention weights, as these weights represent the salient content of the window through aggregation
of local semantic core information by Eq. (8).

m2

Prey = L_J1 TopK({W;}, K) ®)

Then, these key patches from all windows are concatenated into a global sequence Syjqpa € Rkm*>d and fed into
a global attention block for modelling the cross-window interactions, thereby possessing the capability of capturing
long-range dependencies and comprehensive scene context. This could be expressed by

Qg Kg
Fyjobal (Sgiobar) = softmax - Ve ©)
k
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Figure 2: The overall architecture of the Embedding-Free Hierarchical Transformer Module.

Finally, the outputs of local window attention and global attention are adaptively fused via learnable weighting
parameters @ € [0, 1], achieving the optimal balance between local detail enhancement and global semantic integration
by Eq. (10).

Frgb =a- Fogt+(-0a)- Fglobal (10)

The above procedure of EHT approach leverages hierarchical attention mechanisms to preserve multi-scale feature
representations, enabling the model to capture both fine-grained details in occluded regions and global contextual
information used for 6D pose estimation. With the reduction of computational overhead through lightweight designs,
EHT ensures real-time inference while empowering the model’s ability to distinguish object semantics from complex
backgrounds.

3.2. Flexible Spatial Reduction Method

The conventional spatial resolution compression method for attention mechanisms employs the fixed reduction
parameters or predefined dynamic spatial compression strategies [46, 23]. The input features X € R™ %X are
downsampled using a compression ratio u to achieve the reduced spatial resolution and denser feature representations
X' € R/ m<w/uxe However, this compression approach fails to identify crucial features, leading to indiscriminate
compression of both critical and non-critical regions, which inevitably causes loss of high-frequency details. To address
this issue, the Flexible Spatial Reduction (FSR) module is proposed to perform the post-K and V-generation compression
ranked by attention-aware importance scores. The FSR adaptively adjusts spatial resolution after generating K and V
for task-aware computational resource allocation.

First, the FSR module calculates spatial importance scores s;; for each position (i, j) and head k of the generated K
and V by aggregating attention weights from the buffered attention map, defined in Eq. (11).

N
! k
s,-j:ﬁZA[j (11)
k=1

where Af.‘. is the attention weight between the input query g, and key k; ;.

A dynamic threshold f is then defined to divide regions into critical (s;; > f) and non-critical (s;; < f) categories for
resolution adjustment. Non-critical regions are processed for resolution reduction via adaptive pooling with compression
ratios y;; between 1 and p,,, while critical regions retain full resolution intact. Finally, the compressed non-critical
features and uncompressed critical features are concatenated to form the output K, and V for the purpose of optimal
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computational efficiency while preserving task-relevant spatial details, mathematically expressed by Eqgs. (12-15) as
follows:

B = a - mean(s;;) + (I — ) - median(s;;) (12)

, (B —sij)
Hij = Chp <[TU : ”max] .1, ﬂmax) (13)
Kcompressed = AVngOIyij(Knc) (14)

K= Concat(K,,., K,.) (15)

co

3.3. Adaptive Hierarchical Keypoints Sampling

For point cloud feature extraction, similar to the working mechanism of EHT, an Adaptive Hierarchical Keypoints
Sampling (AHK) strategy is applied to combine the local and global contextual information while considering the
features of 3D geometric data as shown in Figure 3. AHK partitions the feature space into non-overlapping windows to
enable the localized feature interactions and introduces the ability of hierarchical samplings to capture the long-range
dependencies. It should be noted that EHT realizes uniform window samplings for 2D visual semantics and AHK
adaptively performs the sampling density for point clouds to avoid their irregularity and sparsity. Therefore, AHK
sparsely takes samples of distant keypoints to expand the receptive field and densely selects points in local regions for
fine details. This design not only reduces computational overhead by avoiding redundant point interactions but also
enhances the model’s spatial reasoning ability in occluded scenes.

For a given point cloud P = {p; € R3 i =1,2,..., N}, the depthwise separable convolution structure of PointNeXt
[59] is employed to extract local geometric features F;;,. These initial features capture the local shape and neighborhood
relationships of each point, serving as the foundation for subsequent geometric complexity analysis. Specifically, for
each point p;, its k-nearest neighbor set N (p;) is computed, and the curvature is estimated via principal component
analysis (PCA) as follows:

1 _ _\T
C =— — 5, — P 16
= NG pJEEN‘,(m(p, P)p; = B (16)
Y S
Ccurv(pi)_G <{ ll +/12+/13 Dj € N(pt)}> (17)

where p; depicts the centroid of the area constructed by the neighboring points, C; is decomposed into (4, 4,, 43) by
the eigenvalue decomposition.
Meanwhile, the density change rate of its domain points can be calculated by Egs. (18-20):

N(p.
o = 22 (8)
1 p(p;) — p(p;)
A (p) = - 19
AP |N<p,->|pj€§(pl_) LT, )
A (.
Caens (1) = o2 (20)

max, e n(p,) A(pj))+e

. . _ 4z 3
where V; is approximated as V; = 3 Max, enp,) lp; = pill>.

Combining the curvature variance and density change with the weighted fusion, the final geometric complexity is
mathematically defined by

Cp) = wy - Coyry(P)) + W3+ Cens(P;) 21
and the adaptive window size associated with the geometric complexity is determinate by Eq. (22):
A C(p) -
Si:vin = Spase * €XP ((X : lT (22)
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Figure 3: An illustration of the Adaptive Hierarchical Keypoints Sampling strategy with yellow star representing the given
query point.

where sy, means the base window size; « is the adjustment factor; y and ¢ represent the complexity mean and standard
deviation, respectively.
Also, a dense set of keypoints is sampled based on the geometric complexity density in the adaptive window sivin by
D(p;) = exp(B - C(p;)) 23)
K& = (p;lp; € Ny (@) A D(p)) = d(F))) (24)

where 7 is the sampling threshold.
Then, the point cloud is downsampled by Farthest Point Sampling (FPS) and also, the sparse sampling is performed
in the extended window by Eq. (25):

K™ = (p,Ip; € N e (g)) A D(p;) = d(F))} (25)
where s = k - s _is obtained.
win win

The query points (Q;) are used to compute attention score with its keypoints sampling set K; followed by feature
aggregation using Eqgs. (26-27):

K; = Kfeme y kP (26)
oK'

Fye, = softmax -~ V; 27
Vg

It is worth noting that all geometric computations in the AHK module, including K-nearest neighbor search,
covariance matrix construction, eigenvalue decomposition, and density change rate estimation, are fully implemented
in parallel on GPU. Specifically, the KNN search is performed using batched CUDA-based nearest neighbor operations
with a fixed small neighborhood size k. The covariance matrices are of size 3 X 3, and their eigen-decomposition is
computed using efficient batched symmetric solvers. As each PCA operation involves only low-dimensional matrices,
the computational overhead is negligible on modern GPUs. Moreover, all curvature and density computations are
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vectorized and executed in a fully tensorized manner without iterative CPU-GPU data transfers. The time consumption
of the entire AHK module is included in the inference time in Figure 8. Specifically, quantitative profiling shows
that the AHK module consumes only 2.6 ms per frame out of the 40 ms total inference time, representing less than
7% of the computational load. This confirms that AHK accounts for only a small fraction of the total runtime, while
the dominant cost remains in backbone feature extraction and pose regression. Therefore, the proposed geometric
complexity analysis does not cause a computational bottleneck and remains consistent with the real-time objective of
the LDFpose framework.

3.4. Adaptive Modal Fusion

The effective fusion of modal features from RGB images and point clouds is critical for handling occlusion and
complex scenes in the field of machine vision. After feature extraction by EHT and AHK modules, Adaptive Modal
Fusion (AMF) block is developed to address the issue of cross-modal information integration, as shown in Figure 4.
With the RGB feature map Fy, € RAXWXC gnd the geometric feature map Fi, € RVXC 4t the i-th layer, modality
interaction between these two branches is initially considered by the cross-attention module. Following that, the
transformer-based module is utilized to model these two modalities data in a coarse way. Specifically, feature maps F,

and F, are flattened into sequences. And then, max-pooling is applied to generate global features F''"* € R'C and
rgb
F grggx € R™C, To compute the Q, K, and V values, the queries for each modality come from the opposite modality,

while the keys and values come from the respective modality. This interaction scheme merges the information of
geometric and color features with the transformation formulated as follows:

Q™ K, V)= Fmax(ufqmax, Wi, W,) (28)
where VquaX, W), W, are learnable projection matrices, and F™® represents the pooled feature obtained from Frré‘g" -
Fm‘dX'

geo

The output feature F "€ nd FE° are then refined through cross-attention defined by Eqs. (29-30):

out out
b maX(KA)T
. i 1 .

Foy) = MultiHead(Q,gp, K geo» Veeo) = concat <a <—> Vii=1,2... h) wo (29)

Vdy
o . oK)\ | o

Fg =MultiHead(Qyeqs Kigps Vigp) = concat| 6| ———— | Vi|i=12...h | W (30)

Vi

where o represents the softmax normalization, i is the number of attention heads, and W is denoted as the output
projection matrix. It is noted that the output feature F, is achieved by the concatenation with the features Fygp o, and
Fyeo-rgp» Which are obtained by the addition of the original features Fy.y, and Fy,, at the pixel level and cross-modality

features F ;ﬁb and F%°°, shown by Eq. (32).

t out ’
_ rgb _ geo
Frgb—geo - Frgb + Fout ’ Fgeo—rgb - Fgeo + Fout (31)
Fi fusion — F, rgb-geo ® F, geo-rgb (32)

where + denotes the element-wise addition, and @ represents the direct concatenation.
After the cross-attention process, the obtained features are fed into a transformer-based module, resulting in the
final fused feature Fj g, after the ith attention block shown in Fig.5:

F!

fusion

= MLP (Norm (MSA(F/ "\ ))) + Fi_ i (33)

fusion ion

3.5. Pose estimation and loss function

With the cross-modal features Fyg;,, by the AMF block, the pose estimation module transforms these integrated
RGB-depth representations into 6D pose parameters (R, ?, c) through a Geometric Projection Layer (GPL). GPL
processes Fyq;on Using two parallel branches: a Pose Regression Branch that is composed of a 3-layer MLP with group

Guirong Dong et al.: Preprint submitted to Elsevier Page 8 of 19



LDFpose / Image and Vision Computing

FrgbeRﬁxﬁ'XC FgeOERﬁXC
el EELE M [ 11] &
/ Max \ Max N

Q K Vv

Figure 4: An illustration of the Adaptive Modal Fusion block.

normalization maps each pixel-wise feature to a 6D pose vector parameterized by a unit quaternion R (to avoid gimbal
lock), camera coordinates ¢ and a Confidence Map Branch using a convolutional layer to generate a reliability score
¢ € [0, 1] for each pixel to suppress noisy predictions in occluded regions. It is noted that the unit quaternion R is defined
to avoid gimbal lock. To handle symmetric objects, the module integrates a nearest-point matching strategy within
a loss function balancing the pose error L33 (L 44.c for symmetry-aware scenarios) with confidence regularization,
encouraging the model to assign low scores to ambiguous regions by leveraging the hierarchical and cross-modal nature
of Fyqion to prioritize geometrically consistent features.

Lags = %p;o |Ro; +5— (Rop; + 1) (34)
J

1 . A " "
Logas = M,,g‘o;?é% |Ro; + 1) = (R*p +19)| (35)
J
1 N
L= Y16 Ligy, = Alog(@) (36)
i=1

where O = {p{, p,, ..., Py} 1s the sampling point set of the 3D object model; R.7 are the predicted values; R*,t* are
denoted as the ground-truth values; and N represents the number of sample points.

A weighted voting mechanism is applied to aggregate predictions by clustering poses using cosine similarity for
rotations and Euclidean distance for translations. Finally, the final pose (R, tinal) 1S computed to measure the
consistency between predicted and ground-truth poses using the confidence-weighted mean of cluster centers.

K
Ry = argmin Z wy, - dist(R, R;) (37
R =1
St We
Iinal = % (38)
k=1 Wk

¢: 1s the total confidence level of the kth cluster.

where wy = ¥c) &
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4. Experimental results

4.1. Validation on four datasets

To validate the correctness and feasibility of the proposed framework for 6D pose estimation under the condition of
object occlusion, three existing datasets including Linemod [55], Occlusion Linemod [56], and YCB-Video [23] are
examined in this study. Moreover, a user-defined OccoA dataset is developed to evaluate the network generalization
considering the complex working environments in robot grasping processes. A brief description of each dataset is
introduced as follows: Linemod Dataset, a well-known benchmark, contains over 18,000 real images, RGB-D videos
and 3D models for 13 objects. Each image is annotated with ground-truth 6D pose information and reflects on the
inherent features including cluttered scenes, textureless objects, and diverse lighting conditions in pose estimation tasks.
Occlusion Linemod Dataset is an augmented library based on the Linemod dataset, specifically designed for realizing
6D pose estimation tasks under the consideration of challenging conditions of object occlusion. There are 8 objects
originated from the Linemod dataset and each of them is augmented by varying degrees of occlusion across diverse
scenes. YCB-Video contains 21 objects and over 130,000 frames of video sequences from real-world scenes. Each
frame includes RGB-D data and the detailed annotations of the objects in the scene. Also, this dataset incorporates
synthetic data to facilitate the network training process. OccoA is a custom dataset which contains 1,000 real images
covering 12 distinct objects with different sizes and shapes. These objects are subjected to various levels of occlusion by
an ape. Moreover, to validate the generalization ability of the model, the scene range is expanded. The 1,000 images in
the dataset were captured under diverse backgrounds, including both indoor and outdoor scenes, and lighting conditions
ranging from natural to dim lighting.

4.2. Evaluation Metric

To evaluate the proposed LDFpose framework, three metrics are employed: the Average Distance of Model Points
(ADD), the Average Closest Point Distance (ADD-S), and the ADD(S), where ADD(S) computes the ADD distance
for non-symmetric objects and the ADD-S distance for symmetric objects. The primary difference between ADD and
ADD-S lies in the way to handle objects with varying shapes. Specifically, ADD is more effective for asymmetric
objects, and its mathematical formulation is defined as follows:

1 * *
ADD = Hpezzgn(lzpﬂ) —(R*p+19)| (39)

where [R, t] represents the estimated pose, and [ R*, t*] denotes the ground-truth pose. p is one of the M points in the
set O represented by 3D model points.

As the ADD-S metric suits for the evaluation of symmetric objects and effectively addresses the ambiguity caused
by symmetry, it calculates the distance between each predicted point and its nearest corresponding ground-truth point
using Eq. (40) as follows:

1
ADD-S = — Z

rnir(l9 [|(Rpy + 1) — (R*py + 1)) (40)
p1€O €

P2

where p; and p, are the transformed result of the set © represented by 3D model points under the estimated pose [R, ]
and the ground-truth pose [ R*, t*], respectively.

Followed by the previous research [25], for YCB-Video dataset, the area under the accuracy-threshold curve obtained
by varying the distance threshold (ADD-S AUC and ADD(S) AUC) is reported. For the Linemod and Occlusion
Linemod datasets, the accuracy of distance less than 10% of the objects diameter (ADD-0.1d) is reported. For the
custom dataset (OccoA), accuracy is evaluated using both the ADD(S) AUC and the 2 cm metric. Moreover, to provide
a more comprehensive assessment of 6D pose accuracy, the proposed method on Occlusion Linemod and YCB-Video is
evaluated using the BOP benchmark metrics: Visible Surface Discrepancy (VSD), Maximum Symmetry-Aware Surface
Distance (MSSD), and Maximum Symmetry-Aware Projection Distance (MSPD). These metrics account for visible
surface alignment and object symmetry, offering complementary evaluation to ADD-based metrics.The AUC represents
the area under the ADD-S curve, while the 2 cm metric quantifies the percentage of ADD-S values less than 2 cm.
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Table 1
Quantitative evaluation using the ADD-0.1d metric on the Linemod Dataset.

Method  PVNet DPOD PointFusion DF G2L-Net PVN3D FFB6D DFTr LDFpose

[46] [35] [26] [25] [57] [20] [21]  [28]
Ape 436  87.7 70.4 923 96.8 97.3 98.4 98.6 98.9
Benchvise 99.9 985 80.7 93.2 96.1 99.7 100.0 100.0 100.0
Camera 869 96.1 60.8 94.4 98.2 99.6 999 100.0 99.7
Can 955  99.7 61.1 93.1 98.0 99.5 99.8 100.0 99.8
Cat 79.3 947 79.1 96.5 99.2 99.8 99.9 100.0 99.6
Driller 96.4  98.8 47.3 84.0 99.8 99.3 100.0 100.0 99.7
Duck 526  86.3 63.0 923 97.7 99.2 98.4 99.1 98.4
Eggbox 99.2 999 99.9 99.8 100.0 99.8 100.0 100.0 100.0
Glue 95.7  96.8 99.3 100.0 100.0 100.0 100.0 100.0 99.8
Hole 82.0 86.9 71.8 92.1 99.0 99.9 99.8 100.0 100.0
Iron 98.9 100.0 83.2 97.0 99.3 99.7 99.9 999 99.7
Lamp 99.3 96.8 62.3 95.3 99.5 99.8 999 100.0 998
Phone 924 947 78.8 92.8 98.9 99.5 99.7 99.6 99.6
Mean 86.3  95.2 73.7 94.3 98.7 99.4 99.7 99.8 99.6

4.3. Implementation Details

Through the experiment, a single RTX4090 GPU is utilized for model training and evaluation. The entire processing
is divided into two steps: pre-segmentation by Yolo11 and pose estimation. First, a pre-trained model built by Yolol11 is
employed to perform object segmentation on the RGB images and generate masks that are converted into point clouds.
Second, to realize the color pixel-level feature extraction using an Embedding-Free Hierarchical Transformer (EHT)
in the pose estimation stage, the number of encoder layers and attention heads are set to 4 and 16, respectively. For
the point cloud feature extraction, Adaptive Hierarchical Transformer (AHT) scheme for point sampling includes the
encoder layers and attention heads, which are set to 4 and 8, respectively. In this study, AHT sampling on the raw input
points with a grid size of 0.04 m is conducted. In the training process, the maximum number of input points is set to
80,000 and the window size is initially set to 0.16 m, which is then doubled after each downsampling layer with the
ratio of 8. The final fused RGB-D features are input into the head network containing a shared MLP, to output the
predicted pose and confidence for each point. The pose with the highest confidence is determined using an argmax
operation.

4.4. Result comparisons with State-of-the-Art approaches
To verify the correctness and robustness of the proposed framework for pose prediction under inter-object occlusion
situations, the predictions by LDFpose are compared with those by state-of-the-art approaches on four datasets.

4.4.1. Evaluation on the Linemod dataset

Table 1 reports the ADD-0.1d results with a mean accuracy of 99.6% on the Linemod dataset using the proposed
method. Also, results demonstrate that the proposed framework outperforms RGB methods by 13.3% and 4.4% higher
than PVNet and DPOD, respectively. As compared to current popular RGB-D methods, results by LDFpose are
comparable to those by FFB6D and DFTr, which incorporate 3D keypoint detection heads to enhance pose estimation
accuracy of the model. Overall, the lightweight LDFpose significantly improves the network efficiency and reduces
computational overhead, enabling it more suitable to address real-time grasping by industrial robots in the online
detection process.

4.4.2. Evaluation of the Occlusion Linemod dataset

The same training strategy and evaluation metrics are used to evaluate the prediction accuracy on the Occlusion
Linemod dataset. Results among LDFpose, PVNet, HybridPose, PVN3D, PR-GCN, FFB6D, and DFTr, are compared
and shown in Table 2. The ADD-0.1d metric value of LDFpose is 79.0, which is increased by 1.3% than that of
DFTr. This accuracy improvement demonstrates that the proposed framework exhibits the stronger competitiveness in
occluded scenes, as compared to results obtained under the regular scenario (Linemod). The environmental setting of the
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Table 2

Quantitative evaluation using the ADD-0.1d metric on the Occlusion Linemod Dataset.
Method PoseCNN [23] HybridPose [58] PVN3D [20] PR-GCN [59] FFB6D [21] DFTr [28] LDFpose
Ape 9.6 20.9 33.9 40.2 47.2 64.1 66.3
Can 45.2 75.3 88.6 76.2 85.2 96.1 93.8
Cat 0.9 249 39.1 57.0 45.7 52.2 56.2
Driller 41.4 70.2 78.4 82.3 81.4 95.8 95.8
Duck 19.6 27.9 41.9 30.0 53.9 72.3 7.4
Eggbox 22.0 52.4 80.9 68.2 70.2 75.3 75.8
Glue 385 53.8 68.1 67.0 60.1 79.3 80.2
Hole puncher 22.1 54.2 74.7 97.2 85.9 86.8 86.8
Mean 24.9 475 63.2 65.0 66.2 7.7 79.0

Figure 5: Qualitative results on the Occlusion Linemod dataset.

Occlusion Linemod dataset is described in Figure 5. As shown in Table 3 ,Compared with GDRNPP, LDFpose further
improves MSPD from 87.2 to 87.6, suggesting better 2D projection alignment. Overall, the proposed framework achieves
stronger visible-surface alignment while maintaining competitive geometric consistency, validating the effectiveness of
global semantic modeling and adaptive hierarchical keypoints sampling strategy.The boundary profile highlighted in
green, that is a shape of an ape, represents the segmented mask, while its orientation is defined as the predicted pose. It
can be observed that under different viewpoints and various degrees of occlusion, sufficient feature information are
captured by the proposed framework to restore the correct pose information. Quantitative results considering occlusion
of objects demonstrate that LDFpose exhibits robust resistance to geometric occlusion and photometric interference,
enabling it to maintain better pose estimation in dynamic environments.
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Table 3
Comparison of VSD, MSSD, and MSPD on Occlusion Linemod.

VSD MSSD MSPD

FFB6D-CVPR21-PBR-NoRefinement [21]  55.0  71.8 79.2
RCVPose 3D SingleModel VIVO PBR [60] 72.0 723 74.5

GDRNPP-PBR-RGBD-MModel [61] 62.9 82.2 87.2
LDFpose 69.4 81.6 87.6
Table 4
Quantitative evaluation results (ADD-S and ADD(S) AUC) on the YCB-Video Dataset.
Method ADD-S (%) ADD(S) (%)
PoseCNN [23] 75.8 59.9
PointFusion [26] 83.9 -
DCF [62] 85.7 77.9
DF(per-pixel) [25] 91.2 82.9
PVN3D [20] 95.5 91.8
PR-GCN [59] 95.8 -
FFB6D [21] 96.6 92.7
DFTr [28] 96.7 94.4
LDFpose 96.6 94.1
Table 5

Comparison of VSD, MSSD, and MSPD on YCB-Video.

VSD MSSD MSPD

FFB6D-CVPR21-PBR-NoRefinement [21]  70.6  82.7 74.0
RCVPose 3D SingleModel VIVO PBR [60] 84.1 84.6 84.3
GDRNPP-PBR-RGBD-MModel [61] 87.5 94.9 89.5
LDFpose 86.8 95.6 90.1

4.4.3. Evaluation using the YCB-Video dataset

To validate the effectiveness of the proposed framework for 6D pose estimation, the ADD-S and ADD(S) metrics
are calculated for performance evaluation using the YCB-Video dataset. As illustrated in Table 4, LDFpose has the
ability to achieve an ADD-S metric value of 96.6%, which indicates its performance as great as those state-of-the-art
methods and significantly surpasses PR-GCN and PVN3D. Specifically, its ADD(S) value is notably higher than most
other methods, while it is slightly lower by 0.6% than the best result achieved by DFTr. This marginal gap is attributed
to the weighted voting mechanism adopted in DFTr, by which fine-grained pose refinement is enhanced and robustness
under complex geometric variations is improved. A more transparent analysis of the accuracy-efficiency trade-off is
provided by further investigating the influence of the FSR module. While non-critical spatial regions are effectively
compressed by FSR to reduce computational overhead, high-frequency texture cues for certain small-scale or highly
textured objects in the YCB-Video dataset may be attenuated by its inherent downsampling operation. This effect is
governed by the dynamic threshold g, which controls the balance between feature preservation and inference speed.
When the f is configured to prioritize higher efficiency, more aggressive spatial reduction may occasionally suppress
subtle geometric details, thereby slightly affecting peak ADD(S) performance. Nevertheless, the overall results confirm
that LDFPose achieves a favorable balance between computational efficiency and estimation accuracy.

The specific experimental visualization results are shown in Figure 6. As shown in Table 5,Compared with GDRNPP,
LDFpose further improves MSSD from 94.9 to 95.6 and MSPD from 89.5 to 90.1, indicating consistent advantages in
geometric consistency and projection accuracy brought by the adaptive multi-modal fusion mechanism. Although the
VSD score is slightly lower than GDRNPP, the difference remains within 1%, suggesting comparable performance in
visible surface alignment. These significant gains demonstrate the robustness of the proposed framework in solving
complex scenes with heavy occlusion and multiple object interactions.
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Figure 6: Qualitative results on the YCB-Video dataset.

Table 6
Quantitative evaluation results on the OccoA Dataset, where D-environments represent different environments.

Method  Metric 1S, 1IN, 0OS, ON,
FFB6D  ADD(S) 01.8 921 026 015
2cm 943 952 053 042
DFTr ADD(S) 931 038 032 024
2cm 957 964 958 04.4
[DFpose ADD(S) 932 041 038 031

2cm 96.1 96.6 964 954

4.4.4. Evaluation using the user-defined OccoA dataset

To verify the feasibility of the proposed framework under more complex working conditions in real-world open
scenarios, a custom dataset OccoA containing photographs with diverse scenarios and lighting conditions is first
developed. OS, and ON; represent the outdoor shadow environment and outdoor natural lighting, while IS, and IN;
denote the corresponding indoor working conditions, respectively. The ADD(S) AUC and the 2 cm metric are considered
to validate the LDFpose, FFB6D, and DFTr using OccoA. As shown in Table 6, LDFpose achieves the best results
under different lighting conditions and occlusion levels.

Overall, outdoor scenarios are more challenging due to issues such as image overexposure caused by object reflections
from direct natural lighting. It is also noted that in indoor scenarios, the pose estimation will be predicted with a
reduced accuracy, as shadowy lighting leads to the loss of image details. Results by LDFpose under the condition of
IN; outperform those under the outdoor natural lighting environment by 1.0% using the ADD(S) evaluation metric
and by 1.2% using the 2cm metric. This indicates that the developed framework performs better under indoor uniform
illumination condition.

Moreover, experimental results demonstrate that the ADD(S) and 2cm metrics under the condition of IN; have
the largest values as compared to results under other environments. It is noted that the proposed framework achieves
the highest ADD(S) and 2cm metric values across all environments in comparison of FFB6D and DFTr. This can be
attributed to the enhanced capability of LDFpose in handling the long-range dependencies.

Also, the values of ADD(S) and 2cm metric evaluations fluctuate across all four different environments, where the
highest values are achieved under the condition of IN;. This suggests that differences in environmental conditions affect
the pose estimation results by a certain level of accuracy.As shown in Figure 7, LDFpose demonstrates the ability of
generalization in terms of both accuracy and stability under dynamic environmental changes, making its application to
real-time pose estimation feasible.
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Figure 7: Qualitative results on the YCB-Video dataset.

4.4.5. Ablation Studies

To examine the contribution of each developed module implemented in LDFpose ablation experiments are conducted.
Table 7 evaluates the contributions of EHT, AHK, and AMF on the YCB-Video dataset. Starting from the baseline,
each component improves pose-estimation performance, while the whole combination of components generates the
strongest overall result.

Compared to the baseline model, the LDFpose network performance in terms of pose estimation accuracy is
significantly improved when incorporating Adaptive Modal Fusion (AMF). This enhancement can be attributed to the
ability of AMF to filter minor features and establish the robust global feature connections across modalities, thereby
significantly strengthening the feature representation capability.

Moreover, LDFpose outperforms the baseline model, demonstrating a particularly notable improvement of the
ADD-S metric value, which could be observed to equate 96.6%. Specifically, in the fusion scenario, without any
additional modules implemented in LDFpose, the accuracy is just achieved by 82.9%. While, with the incorporation of
all modules, the accuracy is increased to 94.1%, indicating that the proposed framework exhibits the strong generalization
ability, especially in complex scenarios.

4.4.6. Influence of Different Parameters in LDFpose

In this experiment, the influence of varying the number of the encoder layers and multi-self-attention (MSA) heads
on the performance of the Transformer encoder block are investigated. Subsequently, a thorough analysis is performed
considering different parameter configurations of LDFpose. Finally, the combination of the above two factors for results
with the highest ADD(S) value is determined to construct the final model.

As the proposed framework includes four parameters: the numbers of encoder layers and MSA heads in both the
pixel-wise feature extraction module and the multi-modal fusion module, the experimental results are summarized in
Table 8. The effect of the number of encoder layers in the pixel-wise feature extraction block is examined while the
values of the other three parameters are fixed. The similar analysis for effects of the other three parameters on ADD(S)
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Table 7
Effect of components of LDFpose blocks on the YCB-Video dataset.
Method Pose Result
Pixel-wise feature extraction ~ Multi-Modal fusion ADD-S ADD(S)
EHT AHT AMF (%) (%)
91.2 82.9
v 91.8 83.0
v 92.4 86.6
v 93.4 90.6
v v 93.8 91.3
v v 94.0 92.4
v v 96.4 93.8
v v v 96.6 94.1

Table 8
Experimental results of different parameters for transformer encoder.

Pixel-wise feature extraction ~ Multi-Modal fusion ~ ADD(S)

Layers Heads Layers Heads (%)
2 8 4 8 95.4
4 8 4 8 96.1
6 8 4 8 96.3
4 16 4 8 96.6
4 32 4 8 96.5
4 16 2 8 96.2
4 16 6 8 96.5
4 16 4 2 95.6
4 16 4 16 96.4

are conducted.

It is noted that the ADD(S) metric reaches its highest value of 96.6% when all four parameters are set to 4, 16, 4, and
8, respectively. Therefore, the values of 4, 16, 4, and 8 for these four parameters to construct the proposed framework
are determined.

4.4.7. Analysis of model efficiency and performance

As shown in Figure 8, the reported FPS is calculated from the overall inference time, which includes the complete
computational cost of the AHK module. LDFpose achieves an ADD(S) score approximately 13 percentage points higher
than that of FFB6D. Meanwhile, its inference speed is nearly 8 times that of FFB6D. This demonstrates that the proposed
framework attains the enhanced real-time processing capability, while preserving the competitive pose estimation
accuracy. Consequently, LDFpose could offer the significant advantages in time-sensitive robotic manipulation scenarios,
such as the industrial grasping, in which LDFpose enables robotic end-effectors to continuously acquire 6D object poses,
providing sufficient time for the system to focus on the closed-loop motion planning for adjustment of end-effector
trajectories subject to the task requirements.

To validate the lightweight characteristic of the proposed framework, the model complexity and pose estimation
accuracy with representative RGB-D 6D pose estimation methods on the YCB-Video dataset are compared. In terms of
computational complexity, as shown in Table 9, LDFpose requires only 36.4G FLOPs, which is significantly lower
than PVN3D, DF, FFB6D and DFTr. Compared with DFTr, LDFpose reduces computational cost by approximately
50% while maintaining comparable accuracy. This demonstrates a substantially improved accuracy-efficiency trade-off.
Regarding the model size, LDFpose contains 26.4M parameters, which is notably smaller than PVN3D, FFB6D and
DFTr, while achieving superior or comparable performance. Although DenseFusion has slightly fewer parameters, its
accuracy is significantly lower with the value of 82.9%. Therefore, LDFpose achieves high pose estimation precision
while reducing computational and memory overhead. In summary, the above results confirm that LDFpose effectively
balances performance and efficiency, validating its lightweight design for real-time 6D object pose estimation.
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Table 9
Performance comparison of different methods on the YCB-Video dataset.

PVN3D DF FFB6D DFTr LDFpose

ADD(S) 91.8 829 927 944 038
FLOPs (G) 105.4 38.3 54.6 72.8 36.4
Parameters (M) 39.2 22.6 338 36.3 26.4

5. Conclusion

In this work, a novel 6D pose estimation framework called LDFpose is proposed to leverage feature extraction and
information fusion of RGB images and point cloud data for the improved robotic grasp precision under the consideration
of different lighting and high degrees of occlusion conditions. A transformer-based network is introduced to extract
color and geometric features leveraging the designed EHT (Embedding-Free Hierarchical Transformer) and AHT
(Adaptive Hierarchical Transformer) modules, which enable more efficient aggregation of global semantic information
while boosting performance. Moreover, an adaptive multi-modal fusion mechanism is developed to strengthen global
representations.

Results demonstrate that the proposed architecture outperforms state-of-the-art (SOTA) approaches in specific
aspects. On the Occlusion Linemod dataset, an ADD-0.1d value of 79.0 is achieved by 1.3% higher than 77.7 by DFTr.
It is noted that LDFpose achieves the highest ADD(S) and 2cm metric values across all evaluation metrics under varying
conditions as compared with FFB6D and DFTr.

Overall, the proposed framework enables highly accurate and real-time 6D object pose estimation in challenging
environments and provides a useful insight into the development of robust vision systems under the considerations of
computational efficiency and effective multimodal fusion in the fields of robotics, industrial automation, and augmented
reality.

Additionally, the current research retains limitations, for example, the model lacks few-shot/zero-shot pose estimation
capabilities. It is also noted that the framework exhibits to some extents performance degradation on unseen object
categories. Future extensions could target real-time object pose estimation applications, such as autonomous driving or
robotic grasping, to further improve the generalization of LDFpose for pose estimation in more complex situations.
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