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Abstract— In this paper, we propose a novel RGBD-based
object 6DoF pose estimation network - RFFCE. It is a two-stage
method that firstly leverages deep neural networks for feature
extraction and object points matching, and then the geometric
principles are utilized for final pose computation. Our approach
consists of three primary innovations: residual feature fusion for
representative RGBD feature extraction; confidence evaluation
and confidence-based paired points offsets regression for self-
evaluation and self-optimization respectively. Their effectiveness
is verified through an ablation study, and our RFFCE achieves
the SOTA performance on LineMOD, Occlusion-LineMOD and
YCB-Video datasets. Additionally, we also conduct a real-world
object grasping experiment for visualization and qualitative
evaluation of the RFFCE.

I. INTRODUCTION

6DoF pose estimation aims to evaluate the 3D location
and orientation of target objects [1]. Unlike traditional vision
problems like 2D detection and segmentation [2], 6DoF
pose estimation demonstrates more abundant information of
objects in the real world, thus enabling further operation and
manipulation [3], [4]. The applications of 6DoF pose esti-
mation are extensive, crossing from 3D reconstruction [5],
[6], augmented reality [7], [8], robotic manipulation [3], [9],
[10], and autonomous driving [11]. However, despite the
significance and necessity of this technology in various areas,
academia and industry have yet to develop a recognized and
generic method [12], [13].

Compared with 2D vision tasks, 3D sensing would be
more sensitive to background noise, sensor quality, scene oc-
clusion and so on [14], [15], [16], thereby being fairly chal-
lenging in applications [13]. Minor fluctuations in sensing
data could probably result in large errors of predictions [17].
Therefore, one-stage approaches that simply apply geometric
information [18] or neural networks [19], [20], [21] for
modeling can hardly achieve satisfying performances [1],
[17], [22]. For robust pose estimation, researchers recently
start to focus on developing two-stage hybrid approaches for
modeling. A typical implementation [12], [17], [23], [24]
is that deep neural networks (DNNs) are trained to extract
features and locate paired points between image and object
mesh models, and geometric algorithms are then applied
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to calculate 6DoF pose based on predicted paired points.
Such hybrid methods not only take advantage of DNNs
in investigating complex nonlinear relationships between
images and object mesh models [25], but also consider the
geometric constraints [26], [27]. Though hybrid approaches
are proven to be more effective and promote the develop-
ment of pose estimation, we notice that their performances
are still far from satisfying, especially under occluded and
cluttered scenarios, which limit the wide application of 6DoF
estimation [28], [29].

In order to improve the performance of pose estimation
algorithms and enable reliable real-world applications, it
is significant to fully leverage the RGBD information of
target object and construct a closed-loop visual system.
Accordingly, we propose the RFFCE with three primary in-
novations: residual feature fusion, confidence evaluation and
confidence-based paired points offsets regression. Residual
feature fusion can facilitate the extraction of RGBD features
by avoiding gradient vanishing during network training.
Confidence evaluation and offsets regression are designed for
reliable engineering practices under unstructured scenarios.
Acting as self-assessment and self-optimization, they could
sound warnings and adaptively fine-tune the prediction re-
sults in case of severely cluttered background or heavily
occluded objects. To evaluate their effectiveness, LineMOD,
Occlusion-LineMOD and YCB-Video are utilized as bench-
marks, and our RFFCE achieves the SOTA performance
among them. Additionally, a real-world grasping experiment
is conducted for visualization and qualitative evaluation. In
summary, the major contributions of our work are as follows:

1. We develop the residual feature fusion module to extract
representative RGBD features of target object, which is also
embeddable for other relevant RGBD vision tasks.

2. We propose the confidence evaluation and confidence-
based paired points offsets regression modules, and they
could serve as self-assessment and self-optimization to
jointly improve model performance and reliability.

3. To the best of our knowledge, we achieve the SOTA
performance on LineMOD, Occlusion-LineMOD and YCB-
Video benchmarks.

4. We conduct a real-world grasping experiment to qual-
itatively demonstrate the practicability of RFFCE in engi-
neering practices.

II. RELATED WORK

A. Pose Estimation using RGB Data

The RGB methods take a single RGB image as in-
put to calculate the pose of target objects. Traditional
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Fig. 1: The Overview of RFFCE Model.

approaches [30], [31], [32] apply handcrafted features to
align objects in the RGB image with their mesh models.
Recently, with the development and popularity of deep learn-
ing, [33], [34] demonstrate the feasibility of applying end-
to-end DNNs to directly compute 6DoF poses, while [35]
respectively calculates 3D location and orientation using
two-branch networks. However, these end-to-end methods
are considered less robust under cluttered and occluded
scenes [1], [36]. Therefore, [1] proposes a pixel-wise voting
network to firstly locate 2D keypoints on the target image,
and then apply the PnP solver for pose computation based on
2D - 3D keypoints correspondence. Generally, RGB methods
would be effective for transparent objects and considerably
faster [37], [34]. However, limited by sensing data available,
their overall performances are not competitive enough.

B. Pose Estimation using Point Cloud Data
Recently, researchers gradually acknowledge the impor-

tance of 3D information in pose estimation, so lots of point
cloud methods are coming forth [38], [39], [40]. Lidar and
depth cameras are two commonly-used sensors for 3D infor-
mation acquisition, their sensing data can be transformed into
point cloud format for pose estimation [41]. [38], [39], [40]
consider pose estimation to be a natural extension of finding
the correspondence between point clouds and object mesh
models, so they apply global optimal search and iterative
closet point (ICP) algorithms for initial pose estimation
and post-refinement respectively. [42], [43] emphasize the
importance of initial pose and argue that a poor initial
pose may render the post-refinement misleading and time-
consuming. Therefore, they propose to apply DNNs for
point-wise feature extraction [44], [45], and accordingly use
these features for initial pose computation. The distinct char-
acteristic of point cloud approaches is that 3D information
is fully leveraged, which imposes geometric constraints on
pose estimation.

C. Pose Estimation using RGBD Data
For this line of works, researchers apply RGBD data in

various ways. [23], [46] use the RGB image mainly for object

detection and interesting window selection, while the depth
image is transformed into point clouds for feature extraction
and pose calculation. With the advantages of deep learning,
lots of studies have attempted to apply it for pose estimation,
but it has been proven that end-to-end networks cannot
obtain satisfying performances [21]. Therefore, preferable
approaches [12], [17], [24], [47] are applying DNNs for
RGBD feature extraction, and then leveraging extracted
features to match paired points between the input image and
object mesh models. Finally, the pose of target object can
be calculated based on paired points correspondences. It is
acknowledged that with abundant sensing data, RGBD meth-
ods are more competitive and promising. However, previous
works fail to fully exploit the complementarity of RGB and
depth information, so the representation of fused features is
limited. In this paper, we propose residual feature fusion to
align and mutually augment RGB and depth features, which
significantly assists DNNs in feature learning.

III. METHOD

A. Model Overview

In this paper, we propose the RFFCE for 6DoF object pose
estimation from a single RGBD image. As demonstrated in
Fig.1, our RFFCE is a two-stage hybrid approach that com-
bines the advantages of DNNs and geometric modeling, and
it primarily includes three parts: a). feature extraction and fu-
sion; b). segmentation and paired points prediction; c). 6DoF
pose calculation. Given the scene RGBD image, ResNet-
PSPNet and RandLA are trained to extract its RGB and depth
features respectively, and meanwhile residual feature fusion
module is applied to assist feature learning by leveraging
the complementarity of RGBD features. Subsequently, taking
extracted features as input, separate multi-layer perceptrons
(MLPs) are designed to predict object segmentation, key-
points (KP), center points (CP) and estimation confidence.
Finally, through combining prediction results with geometric
principles, the pose of target object can be calculated through
paired points correspondences. Details about major model
components will be discussed below.
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B. Residual Feature Fusion

The residual feature fusion module is proposed to extract
representative object features in Model Part a. It is widely
acknowledged that the fusion of RGB and depth features
could be challenging due to their heterogeneity [1], [17],
[24], so deep fused features are fairly sensitive to back-
ground noise, resulting in gradient vanishing and explosion
during training [48]. Therefore, researchers have attempted
various fusion schemes of RGBD features, like iterative
dense fusion [24], bidirectional fusion [12], etc. Despite their
contributions on improving overall model performance, the
communications and mutual augmentation of RGBD features
are still inadequate, so gradient-related problems remain
unsolved and their models could probably fall into a local
optimum at the end of training.

To avoid gradient vanishing and explosion, residual feature
fusion module firstly aligns the initial layer-wise RGB and
depth features in a unified space, where heterogeneous RGB
and depth information can be mutually complemented and
augmented. Subsequently, it applies an identity mapping
structure to fuse aligned RGB and depth features for fol-
lowing network inference. As shown in Fig.1, the resid-
ual feature fusion module is deployed in each downsam-
ple/upsample layer of ResNet-PSPNet and RandLA. Taking
the first and second downsample layers as an example,
the implementation details of residual feature fusion are
demonstrated in Fig.2. In the first layer, the pixel-wise RGB
features [n*crgb1*h1*w1] are mapped to 3D space and then
concatenated with point-wise depth features [n*cd1*npts1]
for information sharing. Afterwards, the fused RGBD fea-
tures [n*(cd1+crgb1)*npts1] are again decomposed into final
RGB and depth features of layer1. Similarly, in the second
layer, after alignment and fusion of RGBD features, the
identity mapping brings together fused features of layer1
[n*(cd1+crgb1)*npts1] and layer2 [n*(cd2+crgb2)*npts2] for
following feature decomposition, which ensures deep layers
are still fed with representative and informative features,
thereby relieving gradient vanishing and explosion.

Embedded in feature extraction phases, the residual fusion
module effectively bridges corresponding layers of ResNet-
PSPNet and RandLA, so RGB and depth information can
fully communicate and mutually complement during the
initial extraction. Additionally, the design of identity map-
ping and residual connection significantly reduce the risks
of gradient-related problems. Therefore, more representative
and pose-sensitive object features could be obtained for
subsequent tasks.

C. Confidence Evaluation and Offsets Regression

In Model Part b, separate MLPs are designed for ob-
ject segmentation and KP/CP prediction based on extracted
RGBD features. In this process, one commonly neglected
issue in previous studies is the evaluation of prediction
confidence [1], [12], [17], which performs a fairly important
role in real-world applications like robotic manipulation,
scene reconstruction, etc. Unfortunately, most studies attach
greater importance to model performance improvement but

Fig. 2: The Semantic Illustration of Residual Feature Fusion.

overlook it, causing the gap between theoretical algorithms
and engineering practices. Therefore, in this paper, we de-
sign the confidence evaluation module as a kind of self-
assessment to improve the practicability of RFFCE.

Some DNN models [49], [50], [51] mainly depend on con-
fidence intervals of historical data to conduct self-assessment.
Nevertheless, we propose that for object pose estimation, the
prediction confidence is more relevant with object feature
quality and KP/CP reliability, rather than historical data
distribution, so traditional statistical analysis methods are not
appropriate. Accordingly, in the training phase of RFFCE,
the prediction confidence is determined based on the degree
of fit between predicted object KP/CP with ground truth, and
its calculation is demonstrated in Eq.1 and 2.

T Error =
select p

∑
i=0

paired p

∑
j=0

(∣∣∆xi j
∣∣+ ∣∣∆yi j

∣∣+ ∣∣∆zi j
∣∣) (1)

Conf = max
{

0,
(

1− T Error
select p×paired p

)}
(2)

where select p is the number of valid voting points on target
object; paired p is the total number of KP and CP; 4xi j,
4yi j, and 4zi j are prediction errors of ith voting point on
jth KP/CP in x, y and z directions respectively; T Error
is the absolute total prediction errors; Conf is the defined
confidence score of target object.

After defining the prediction confidence score, an MLP is
trained to regress this value with the initial KP/CP estima-
tions as inputs. Hence, in the inference phase, we can ob-
tain the prediction confidence along with estimation results,
which provides crucial information for decision making and
subsequent applications. Additionally, it is worth noting that
we evaluate prediction confidence based on offsets in paired
points, rather than 6DoF pose directly. This is mainly because
the prediction errors in rotation (R) and translation (t) matrix
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can be sophisticated and difficult to compare [52], while
offsets of KP and CP are more intuitive and measurable.

Apart from self-assessment, another important role of
confidence scores is to regress KP and CP offsets for self-
optimization. ICP is a widely applied algorithm for post-
refinement, but it is also acknowledged to be time-consuming
and even misleading if the initial estimation has large er-
rors [42], [43]. Therefore, this paper applies learning-based
approaches for KP/CP offsets prediction and post-refinement.
Specifically, we design an MLP to take the initial KP/CP
predictions and confidence score as inputs, and it can output
KP/CP offsets, so the final KP/CP are the sum of initial
predictions and offsets. Our offsets regression module in-
cludes two distinguishing characteristics, the first one is one-
shot refinement to compute offsets in one shot rather than
iteratively, thereby enhancing efficiency during inference.
The second one is confidence-based offsets regression which
utilizes object feature quality and initial prediction reliability
for adaptive self-optimization, so the regressed offsets could
be robust and effective under various application scenarios.

The introduction of confidence evaluation and offsets
regression significantly improves the robustness of RFFCE
in real-world applications. In case that the target object
is heavily occluded, its prediction confidence will become
correspondingly lower to warn the risks of manipulation
based on current estimations, so camera can move to an-
other viewpoint for better sensing data acquisition. In terms
of slightly cluttered scenes or occluded objects, the self-
optimization module could compute offsets of initial pre-
diction and accordingly refine the results.

D. Clustering and Least-Squares Fitting

The Part c of RFFCE combines neural network predictions
and geometric principles for 6DoF pose calculation. To this
end, we first use the segmentation results to screen out
image points on target object (denoted as select p in Eq.1).
Subsequently, the voted KP/CP from select p are clustered
through Meanshift algorithm to obtain final object KP/CP
in camera coordinates system. Meanwhile, farthest point
sampling (FPS) algorithm is applied on object mesh model
for KP/CP generation in object coordinates system. Lastly,
given two sets of KP/CP in camera and object coordinates
system respectively, the least-squares algorithm is applied
to calculate the best fitting rotation (R) and translation (t)
matrix by minimizing the objective function in Eq.3:

min
R,t

Error =
paired p

∑
j=0

(∥∥ point j−
(
R×point’ j + t

)∥∥) (3)

where paired p is the total number of KP and CP; point j
and point’ j are 3D coordinates of jth KP/CP in camera and
object coordinates system respectively.

E. Loss Calculation

To supervise the training of RFFCE, we follow relevant
works [1], [12], [17] to design the loss function and select
hyperparameters. As shown in Eq.4, the loss function is
composed of four parts: segmentation loss (Lseg); initial

KP/CP loss (Lini KP/CP), KP/CP offsets loss (Lo f f KP/CP) and
confidence evaluation loss (Lcon f ).

Ltotal = αLseg +βLini KP/CP + γLo f f KP/CP +δLcon f (4)

where Lseg is focal loss [53] for point-wise segmentation;
Lini KP/CP and Lo f f KP/CP are both adaptive smooth L1
loss [54], they measure the spatial distance error between
initial/refined predictions and ground truth; Lcon f is mean
absolute error loss (MAE) for confidence score regression.

IV. EXPERIMENTS

A. Implementation Details

The RFFCE is coded based on PyTorch framework, and
the hardware environments for model training are 24 Intel(R)
Xeon(R) Gold 6248R CPU @ 3.00GHz and 8 Tesla V100S-
PCIE-32GB GPU. The hyperparameter configurations ap-
plied in RFFCE mainly follow previous relevant studies [12],
[17], [24] for a fair comparison: the number of KP and CP
are 8 and 1 respectively, so paired p is 9 in total; the α ,
β , γ , δ values in total loss calculation (Eq.5) are 2, 1, 0.1,
1 respectively. In the real-world grasping demo, RealSense
D435i is utilized as ”eye-in-hand” sensor for RGBD data
acquisition, and the robot arm is Aubo-i5.

B. Dataset

For the training and evaluation of RFFCE, three widely-
used pose estimation benchmarksare selected.

LineMOD [18] consists of 13 objects, with approximately
1200 annotated RGBD images and 1 mesh model for each
object. Following previous works [12], [17], we split this
dataset into training and testing sets, and synthesis data are
added into the training set since its number of images is
fairly limited (around 200).

Occlusion-LineMOD [55] is an extension of LineMOD. It
has similar data structure as LineMOD, but most objects are
heavily occluded, making it more challenging. Following [1],
[12], models are trained on LineMOD and this dataset is only
utilized for testing.

YCB-Video [56] is a large RGBD dataset, which contains
92 videos for 21 objects. Similar to other learning-based
methods [24], we apply 80 video sequences for model
training and 2949 images from the rest 12 videos for testing.

C. Evaluation Metrics

To quantitatively assess the trained model, we mainly
apply the average distance metrics (ADD and ADDS) for
asymmetric and symmetric objects respectively. Their calcu-
lations are shown in Eq.5 and Eq.6:

ADD =
1
M
×

M

∑
i∈M

(∥∥(Rp× i+ tp)− (Rg× i+ tg)
∥∥) (5)

ADDS =
1
M
×

M

∑
i∈M

min
j∈M

(∥∥(Rp× i+ tp)− (Rg× j+ tg)
∥∥) (6)

where M is the number of points on object model; Rp, tp, Rg,
tg are predicted and ground truth pose matrix respectively.
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TABLE I: Quantitative Evaluation on LineMOD Dataset.
ADD(S)-0.1d is tabulated and symmetric objects are in bold.

Object Model
DF[24] G2L[23] PVN3D[17] FFB6D[12] Ours

Ape 92.3 96.8 97.3 98.4 99.14
Benchvise 93.2 96.1 99.7 100 100

Camera 94.4 98.2 99.6 99.9 100
Can 93.1 98 99.5 99.8 100
Cat 96.5 99.2 99.8 99.9 100

Driller 87 99.8 99.3 100 100
Duck 92.3 97.7 98.2 98.4 99.06

Eggbox 99.8 100 99.8 100 100
Glue 100 100 100 100 100

Holepuncher 92.1 99 99.9 99.8 99.9
Iron 97 99.3 99.7 99.9 100

Lamp 95.3 99.5 99.8 99.9 100
Phone 92.8 98.9 99.5 99.7 100
MEAN 94.3 98.7 99.4 99.7 99.85

TABLE II: Quantitative Evaluation on Occlusion-LineMOD
Dataset. ADD(S)-0.1d is tabulated and symmetric objects are
in bold.

Object Model
PVNet[1] HPose[57] PVN3D[17] FFB6D[12] Ours

Ape 15.8 20.9 33.9 47.2 59.2
Can 63.3 75.3 88.6 85.2 96.1
Cat 16.7 24.9 39.1 45.7 47.9

Driller 65.7 70.2 78.4 81.4 95.4
Duck 25.2 27.9 41.9 53.9 62.7

Eggbox 50.2 52.4 80.9 70.2 59.4
Glue 49.6 53.8 68.1 60.1 57.4

Holepuncher 39.7 54.2 74.7 85.9 87.4
MEAN 40.8 47.5 63.2 66.2 70.7

Additionally, the average distance errors are closely associ-
ated with the size of objects, so we apply ADD(S)-0.1d for
a fair comparison of objects in LineMOD and Occlusion-
LineMOD [1], [24], which is the percentage of points with
ADD(S) less than 10% of the object′s diameter. As for YCB-
Video dataset, in addition to ADD and ADDS, the AUC
is proposed for evaluation following previous studies [12],
[17], [24], which represents the area under ADD(S) accuracy
threshold (0.1m). Specifically, ADDS-AUC and ADD(S)-
AUC are applied, the first one calculates ADDS-AUC for
both asymmetric and symmetric objects, while the latter one
calculates ADD-AUC for asymmetric objects and ADDS-
AUC for symmetric objects.

D. Quantitative Evaluations

TABLE I demonstrates the quantitative results of our
RFFCE on LineMOD dataset. It is manifest that our model
accomplishes the SOTA performance in average ADD(S)-
0.1d, and for individual objects, the improvement is most
significant in ape and duck.

For trained models from LineMOD dataset, their perfor-
mances on Occlusion-LineMOD are shown in TABLE II.
Compared with the previous SOTA approaches, our RFFCE
improves the average ADD(S)-0.1d by 4.5%, suggesting its
strong robustness against occlusion. Besides, we also notice
that the improvement is particularly obvious for asymmetric
objects, while for symmetric objects, the heavy occlusion
in RGB images negatively influences their symmetry, thus
lowering the performance.

Regarding the YCB-Video dataset, its evaluation results
are summarized in TABLE III. We could observe that without
computationally complex ICP for post-refinement, our model
still achieves competitive performance on two primary eval-
uation metrics, mean ADDS-AUC and mean ADD(S)-AUC,
again proving the superior structure design.

E. Ablation Study

This paper proposes three primary innovations, with
residual feature fusion (RFF) and confidence-based paired
points offsets regression (OR) directly contributing to 6DoF
pose accuracy. To verify their effectiveness, an ablation
study is conducted. TABLE IV demonstrates the ADD(S)-
0.1d for representative objects in LineMOD and Occlusion-
LineMOD. It is manifest that with stand-alone application of
RFF or OR module, the baseline model improves obviously,
and these two modules can also be combined to achieve the
SOTA performance. Furthermore, TABLE V shows the mean
ADDS-AUC and mean ADD(S)-AUC of 21 objects in YCB-
Video, and we can notice that the RFF and OR modules can
enhance model performance both separately and jointly. In
addition, RFF and OR are both embeddable and compatible,
so they can be adaptively generalized in other relevant works
to improve feature representativity and robustness.

F. Results Visualization

For qualitative evaluation of proposed RFFCE, the visual-
ization results on LineMOD, Occlusion-LineMOD and YCB-
Video are shown in Fig.3 - Fig.5, where white annotations
are predicted confidence scores for individual objects; points
in various colors are the estimated 2D projection of objects
model; and red and blue 3D bounding boxes represent the
ground truth and estimated object poses respectively. It is
apparent that RFFCE achieves satisfying performances, even
with low prediction confidence, the final results are accept-
able with the help of offsets regression module, suggesting
the good robustness and broad applicability of our model.

Fig. 3: Visualization on LineMOD.

In addition, we conduct a robotic grasping experiment
to further verify the performance and practicability of RF-
FCE under real-world scenarios. Fig.6 visualizes the partial
qualitative results during object grasping. It is manifest
that our RFFCE can effectively estimate the 6DoF pose
for randomly placed objects, and the estimation precision
meets requirements of grasping and manipulation, even with
lighting variations and cluttered scenes.
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TABLE III: Quantitative Evaluation on YCB-Video Dataset. ADDS-AUC, ADD(S)-AUC (abbreviated as ADDS and ADD(S))
are tabulated and symmetric objects are in bold.

Object
Model (Without Iterative Refinement)

DF[24] G2L[23] PVN3D[17] FFB6D[12] Ours
ADDS ADD(S) ADDS ADD(S) ADDS ADD(S) ADDS ADD(S) ADDS ADD(S)

002 master chef can 95.3 70.7 94 / 96 80.5 96.3 80.6 96.0 77.6
003 cracker box 92.5 86.9 88.7 / 96.1 94.8 96.3 94.6 96.4 94.9
004 sugar box 95.1 90.8 96 / 97.4 96.3 97.6 96.6 97.8 96.9

005 tomato soup can 93.8 84.7 86.4 / 96.2 88.5 95.6 89.6 96.2 87.4
006 mustard bottle 95.8 90.9 95.9 / 97.5 96.2 97.8 97 98.0 97.1
007 tuna fish can 95.7 79.6 96 / 96 89.3 96.8 88.9 97.1 87.5
008 pudding box 94.3 89.3 93.5 / 97.1 95.7 97.1 94.6 96.5 93.3
009 gelatin box 97.2 95.8 96.8 / 97.7 96.1 98.1 96.9 97.9 96.4

010 potted meat can 89.3 79.6 86.2 / 93.3 88.6 94.7 88.1 95.5 91.7
011 banana 90 76.7 96.3 / 96.6 93.7 97.2 94.9 97.7 96.0

019 pitcher base 93.6 87.1 91.8 / 97.4 96.5 97.6 96.9 97.9 97.3
021 bleach cleanser 94.4 87.5 92 / 96 93.2 96.8 94.8 96.6 94.1

024 bowl 86 86 86.7 / 90.2 90.2 96.3 96.3 95.2 95.2
025 mug 95.3 83.8 95.4 / 97.6 95.4 97.3 94.2 97.6 95.6

035 power drill 92.1 83.7 95.2 / 96.7 95.1 97.2 95.9 97.3 96.1
036 wood block 89.5 89.5 86.2 / 90.4 90.4 92.6 92.6 94.0 94.0

037 scissors 90.1 77.4 83.8 / 96.7 92.7 97.7 95.7 97.3 95.3
040 large marker 95.1 89.1 96.8 / 96.7 91.8 96.6 89.1 96.8 91.8
051 large clamp 71.5 71.5 94.4 / 93.6 93.6 96.8 96.8 96.9 96.9

052 extra large clamp 70.2 70.2 92.3 / 88.4 88.4 96 96 96.0 96.0
061 foam brick 92.2 92.2 94.7 / 96.8 96.8 97.3 97.3 98.0 98.0

MEAN 91.2 82.9 92.4 / 95.5 91.8 96.6 92.7 96.8 93.8

TABLE IV: Ablation Study on LineMOD and Occlusion-
LineMOD (abbreviated as Occ-LM) Dataset. ADD(S)-0.1d
is tabulated.

RFF OR LineMOD Occ-LM
Ape Cam Duck Phone Ape Duck

98.48 99.9 98.4 99.81 54.1 55.3
X 99.05 100 98.97 100 58.8 56.4

X 98.67 100 98.59 100 57.6 57.2
X X 99.14 100 99.06 100 59.2 62.7

TABLE V: Ablation Study on YCB-Video Dataset. Mean
ADDS-AUC and ADD(S)-AUC are tabulated.

RFF OR YCB-Video
Mean ADDS-AUC Mean ADD(S)-AUC

96.2 92.8
X 96.5 93.4

X 96.3 93.3
X X 96.8 93.8

Fig. 4: Visualization on Occlusion-LineMOD.

Fig. 5: Visualization on YCB-Video.

Fig. 6: Visualization for Robotic Grasping Demo.

V. CONCLUSION

To conclude, we propose a novel network RFFCE for
object 6DoF pose estimation from a single RGBD image,
which includes three primary innovations, residual feature
fusion, confidence evaluation and confidence-based paired
points offsets regression. The first one improves the rep-
resentativity and sensitivity of extracted features, while the
latter two not only enhance the model robustness against
occlusion, but also fill the gap between pose estimation
and engineering practices. With their implementation, our
RFFCE outperforms previous SOTA approaches on three
acknowledged pose estimation benchmarks, especially the
Occlusion-LineMOD. Additionally, through a real-world ex-
periment, the RFFCE is proven to be applicable for object
grasping and manipulation, even under cluttered scenes.
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