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Abstract

In pose estimation for seen objects, a prevalent pipeline in-
volves using neural networks to predict dense 3D coordi-
nates of the object surface on 2D images, which are then
used to establish dense 2D-3D correspondences. However,
current methods primarily focus on more efficient encoding
techniques to improve the precision of predicted 3D coordi-
nates on the object’s front surface, overlooking the poten-
tial benefits of incorporating the back surface and interior
of the object. To better utilize the full surface and interior
of the object, this study predicts 3D coordinates of both the
object’s front and back surfaces and densely samples 3D
coordinates between them. This process creates ultra-dense
2D-3D correspondences, effectively enhancing pose estima-
tion accuracy based on the Perspective-n-Point (PnP) al-
gorithm. Additionally, we propose Hierarchical Continu-
ous Coordinate Encoding (HCCE) to provide a more ac-
curate and efficient representation of front and back sur-
face coordinates. Experimental results show that, compared
to existing state-of-the-art (SOTA) methods on the BOP
website, the proposed approach outperforms across seven
classic BOP core datasets. Code is available at https:
//github.com/WangYuLin-SEU/HCCEPose.

1. Introduction
As a fundamental task in computer vision, pose estimation
[1, 2] holds significant value across various applications, in-
cluding automated product picking in warehouses [3], sheet
metal assembly in industrial settings [4], and object track-
ing in virtual reality [5]. In pose estimation for seen objects,
some studies [6–13] predefine 3D keypoints on the surface
of a given object and use neural networks to predict the
2D projections of them on 2D images, establishing sparse
2D-3D correspondences. These correspondences are then
used with the Perspective-n-Point (PnP) algorithm [14] to
compute the object pose. Subsequently, some methods [15–
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Figure 1. Pose estimation based on ultra-dense 2D-3D correspon-
dences. For the input image, the network predicts the object mask
and the coordinates of the object’s front and back surfaces. Based
on the predicted coordinates, we perform dense sampling of 3D
coordinates between the front and back surfaces to construct ultra-
dense 2D-3D correspondences, and use the RANSAC-PnP solver
[14] to compute the object pose. Here, Q̃f , Q̃b, and Q̃m represent
the sets of 3D coordinates for the object’s front surface, back sur-
face, and interior of the object, respectively. Their corresponding
sets of 2D coordinates are denoted as P̃f , P̃b, and P̃m.

24] leverage neural networks to predict the 3D coordinates
of the object’s front surface from 2D images, constructing
denser 2D-3D correspondences that significantly enhance
the pose estimation accuracy achieved by PnP. However,
existing studies typically focus only on the front surface
of the object, overlooking the potential benefits of incor-
porating the back surface and interior of the object. There-
fore, this paper proposes utilizing neural networks to simul-
taneously predict the coordinates of both the object’s front
and back surfaces, along with densely sampling 3D coordi-
nates between these surfaces, further enhancing the density
of the 2D-3D correspondences. By leveraging this ultra-
dense 2D-3D correspondence, the RANSAC-PnP solver
can achieve more precise object poses (see Fig. 1).

The accuracy of object pose estimation using the PnP al-
gorithm heavily depends on the precision of the predicted
surface coordinates. To enhance the accuracy of both front
and back surface coordinate predictions, this paper proposes
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an efficient Hierarchical Continuous Coordinate Encoding
(HCCE). HCCE encodes x, y, and z components of each
surface coordinate separately and employs mirroring opera-
tions to transform these components into multi-level contin-
uous codes. Neural networks are then used to predict these
hierarchical continuous codes based on the input 2D im-
age, enabling the calculation of the object’s front and back
surface coordinates. Furthermore, during network training,
our method calculates a separate histogram for each coor-
dinate component, which records the proportion of mispre-
dicted codes at different hierarchical levels. This reflects the
learning difficulty of the network at various levels. Based
on these error histograms, we adjust the weights of differ-
ent hierarchical codes in the loss function, facilitating effec-
tive hierarchical learning. By utilizing weight adjustments
based on multiple histograms rather than a single histogram
[21], the stability of training and the accuracy of the pre-
dicted surface coordinates can be effectively enhanced.

Experimental results show that on the seven classic BOP
core datasets [1, 4, 15, 25–28], our method outperforms
SOTA RGB-based approach [21] by 2.4% in BOP score.
When trained on RGB but tested on RGB-D data, it achieves
a 4.7% improvement over the SOTA method [23]. Addition-
ally, in the 2D segmentation task, our method surpasses the
best existing approach [21] by 3.7%, further demonstrating
its effectiveness.

Our contributions are summarized as follows:

• To the best of our knowledge, this study is the first
to demonstrate a neural network’s ability to simulta-
neously predict both the front and back surfaces of an
object for pose estimation.

• Our method constructs ultra-dense 2D-3D correspon-
dences by densely and uniformly sampling 3D coordi-
nates across the front and back surfaces, which effec-
tively enhances pose accuracy.

• Our approach introduces a novel Hierarchical Contin-
uous Coordinate Encoding (HCCE), which effectively
enhances the accuracy of the predicted coordinates.

• We propose a hierarchical learning approach based on
multiple histograms, which enables more efficient and
stable training of networks based on HCCE.

2. Related Work
To estimate the pose of seen objects, early methods [26, 28–
36] directly regressed 3D translation and rotation using neu-
ral networks. However, such approaches are less robust
under occlusion or background clutter. To overcome these
limitations, later works [6–13, 15–23] adopted a two-stage
pipeline that first constructs 2D-3D correspondences and
then computes the pose using a PnP algorithm [14], lead-
ing to more accurate pose estimation.

2.1. PnP-based Object Pose Estimation
In PnP-based object pose estimation, related work can
be categorized into keypoint-based methods and surface
coordinate-based methods. Keypoint-based methods [6–
13] typically predefine a set of 3D keypoints on the object
model, such as the corner points of the object’s 3D bound-
ing box (BB8 [6]) or keypoints selected using farthest point
sampling [37, 38] (PvNet [11]). These methods utilize neu-
ral networks to predict the 2D projections of these 3D key-
points on the input 2D image, thereby constructing sparse
2D-3D correspondences. To establish dense 2D-3D corre-
spondences, surface coordinate-based methods [17–24, 39]
predict the 3D coordinates of the object’s front surface cor-
responding to each 2D pixel coordinate on the input 2D im-
age. The poses computed via the PnP algorithm [14] using
these dense 2D-3D correspondences are generally more ac-
curate than those derived from keypoint-based methods.

2.2. Surface Coordinate Encoding
To accurately predict the 3D coordinate of an object’s sur-
face, surface coordinate-based methods have proposed var-
ious encoding techniques, generally categorized as contin-
uous encoding [17, 19, 22] and discrete encoding [20, 21,
24]. In continuous encoding, methods such as CDPN [17],
GDR-Net [22], and Pix2Pose [19] normalize the surface
coordinates and utilize neural networks to predict the nor-
malized coordinates corresponding to 2D pixel coordinates
on the input 2D image. In discrete encoding, methods like
DPOD [20] and ZebraPose [21] encode different regions of
the object surface into discrete codes and then use neural
networks to predict the discrete codes corresponding to 2D
pixel coordinates on the input image. Subsequently, these
methods decode the surface regions using the predicted dis-
crete codes, transforming them into surface coordinates.
For instance, when encoding object surface regions, DPOD
[20] employs a two-channel UV map to segment the surface
into different regions, while ZebraPose [21] uses cluster-
ing algorithms to encode the surface into hierarchical binary
codes. This hierarchical encoding structure enables Zebra-
Pose [21] to achieve SOTA performance among RGB-based
methods.

The methods discussed above [17, 19–24] develop vari-
ous encoding techniques to predict surface coordinates and
have achieved accurate pose estimation. However, they
share a common limitation: only the front surface of the ob-
ject is considered for prediction. Although StereoPose [40]
also predicts both front and back surface coordinates, it is
specifically designed for transparent objects and relies on
stereo images. In contrast, our method simultaneously pre-
dicts both front and back surface coordinates, and performs
dense sampling between them to construct ultra-dense 2D-
3D correspondences. Additionally, we introduce a effective
encoding method, HCCE, which significantly outperforms
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Figure 2. The inference pipeline. Our method begins by cropping a raw image based on the results of 2D object detection. The cropped
image is then used as input to neural networks, which predict both the object mask and the coordinates of the front and back surfaces. To
efficiently and accurately represent surface coordinates, we propose HCCE that encodes surface coordinates as multi-level codes, which
are then learned by neural networks. During inference, the predicted multi-level continuous codes are first converted into binary codes,
which are subsequently used to decode the surface coordinates (illustrated for the front surface coordinates in the figure). Using these
predicted front and back surface coordinates, we densely sample 3D coordinates between the two surfaces to construct ultra-dense 2D-3D
correspondences. Based on these ultra-dense correspondences, the method applies the RANSAC-PnP [14] to compute the object’s pose.

traditional hierarchical binary encoding [21] in surface co-
ordinate prediction accuracy. Leveraging high-precision co-
ordinates and ultra-dense 2D-3D correspondences, our ap-
proach achieves improved accuracy in pose estimation.

3. Methodology
Our method simultaneously predict the front and back sur-
face coordinates through a neural network. Based on these
predictions, dense sampling is performed to construct ultra-
dense 2D-3D correspondences, leveraging potential bene-
fits of the object’s back and intermediate regions. These
correspondences are then used by the RANSAC-PnP algo-
rithm [14] for pose estimation. To further enhance perfor-
mance, we introduce HCCE to encode both surface coor-
dinates, while a hierarchical learning approach improves
training stability. The overall method is illustrated in Fig.
2.

Next, this section introduces the construction of ultra-
dense 2D-3D correspondences and pose estimation (Sec-
tion 3.1), the Hierarchical Continuous Coordinate Encoding
method (Section 3.2), and the loss function for the neural
network (Section 3.3).

3.1. Ultra-Dense 2D-3D Correspondences
To harness the potential benefits of incorporating the ob-
ject’s back surface and interior, we construct Ultra-Dense
2D-3D correspondences. The method first utilizes a neu-
ral network to simultaneously predict the 3D coordinates of
both the object’s front and back surfaces, denoted as Q̃f

and Q̃b, respectively. Their corresponding 2D coordinates
are represented as P̃f and P̃b, where P̃f = P̃b.

To further enrich the correspondences, we perform dense
and uniform sampling between the front and back surfaces.
Before sampling, a k-d tree is used to compute the average
distance between the nearest point pairs in the predicted 3D
coordinates, denoted as d. Given the front and back 3D
coordinates q̃1 and q̃2 corresponding to the same 2D coor-
dinate, the number of interpolation points n is determined
by:

n = ⌊∥q̃1 − q̃2∥2
d

⌋ (1)

Based on the sampling quantity n, uniform dense sam-
pling between the front and back surfaces can be achieved
using the following function:

s (q̃1, q̃2, a) = a× q̃1 + (1− a) q̃2 (2)

where a ∈
{

t
n+1

∣∣∣ t = 1, 2, ..., n
}

.
The resulting densely sampled 3D points are denoted as

Q̃m with corresponding 2D coordinates P̃m, where P̃m =
P̃f = P̃b. Ultimately, the Ultra-Dense 2D-3D correspon-
dences are constructed as:

P̃u =
{
P̃b, P̃f , P̃m

}
, Q̃u =

{
Q̃b, Q̃f , Q̃m

}
(3)

After constructing ultra-dense 2D-3D correspondences,
we observe that multiple 3D points share the same 2D pro-
jection (P̃m = P̃f = P̃b). Directly applying RANSAC-PnP
[14] may therefore select multiple 3D points corresponding
to the same 2D pixel in a single iteration, which can lead
to unreliable pose estimates. To address this, we constrain
each RANSAC-PnP iteration to sample only one 3D point
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per 2D pixel. The RANSAC process is repeated 150 times,
and in each iteration, the reprojection error of the predicted
front and back 3D points is computed using a 2-pixel thresh-
old. The pose with the lowest error is finally selected as the
result.

3.2. Hierarchical Coordinate Encoding
For encoding object surface coordinates, hierarchical sur-
face encoding [21] has demonstrated greater efficiency
compared to non-hierarchical approaches [17, 19, 20, 22].
Existing approaches [21] typically use hierarchical binary
codes to represent different regions of an object’s surface.
However, experiments in the related work have not explored
whether it is more effective to encode surface regions or
coordinate components. To investigate this, we introduce
Hierarchical Binary Coordinate Encoding (HBCE), which
we find improves pose estimation accuracy over hierarchi-
cal binary surface encoding. Nevertheless, during the train-
ing of HBCE-based methods, we observed that the neural
network faced challenges in learning binary codes near the
edges of dark and light stripes, as illustrated in Fig. 3. To
address this, we propose Hierarchical Continuous Coordi-
nate Encoding (HCCE), which utilizes multi-level continu-
ous codes in place of binary codes to eliminate these stripes.
Next, we will introduce HBCE and HCCE in detail.

3.2.1. Hierarchical Binary Coordinate Encoding (HBCE)
In HBCE, each component of a surface coordinate is en-
coded as multi-level binary codes, where the coordinate
components are normalized to the range of 0 to 1. The
maximum of k corresponds to the number of pixels occu-
pied by the object in the input image. The traditional binary
encoding function for floating-point numbers is employed
to encode coordinate components. Based on the binary en-
coding function at level i, the components x, y, and z of the
surface coordinates can be encoded as binary code Bxi,k,
Byi,k, and Bzi,k, respectively, as illustrated in Fig. 2.

Using neural networks, multi-level binary codes are pre-
dicted from the input 2D image. These predicted binary
codes enable the calculation of the surface coordinate com-
ponents. For example, the decoding of the component x can
be expressed as:

xk ≈
8∑

i=1

2−k ×Bxi,k (4)

Since excessively high encoding levels do not signifi-
cantly enhance the precision of the represented coordinate
components, this paper sets the upper limit of the encoding
level to 8.

3.2.2. Hierarchical Continuous Coordinate Encoding
(HCCE)

In HCCE, hierarchical continuous codes are generated
through mirroring operations. For surface coordinate pre-

C4C3C2C1

HCCE

CCE

x

y

z

Target object

zz

1 1 0 0

HCCE HBCE

The Edge of Dark 

and Light Stripes

Figure 3. The hierarchical coordinate encoding method. In Hier-
archical Binary Coordinate Encoding (HBCE), we observed that
neural networks struggle to learn codes near the edges between
dark and light stripes. To eliminate these stripes, we propose Hi-
erarchical Continuous Coordinate Encoding (HCCE), which en-
codes coordinate components as multi-level continuous codes.
Here, C1 to C4 represent the hierarchical continuous encoding
of the object from the first to the fourth level, respectively. In
addition, Continuous Coordinate Encoding (CCE) is an encoding
method widely used by approaches such as CDPN [17], GDR-Net
[22], and Pix2Pose [19].

diction, the method first predicts the hierarchical continu-
ous codes from the input image. The continuous codes are
subsequently converted into binary codes, which are then
used to calculate the surface coordinates, following a pro-
cess consistent with HBCE. Next, we will describe the spe-
cific steps involved in HCCE and how the continuous codes
are converted into binary codes.

In encoding the surface coordinates, HCCE encodes
each component of the coordinates into multi-level continu-
ous codes. Given a coordinate component xk, its continuous
code at the first level is simply Cx1,k = f1 (xk) = xk. To
ensure the continuity of the higher-level codes, the (i− 1)-
th level code is mirrored to compute the i-th level code,
where i > 1, as follows:

Cxi,k = fi (xk) =

{
fi−1 (2xk) , xk < 0.5

fi−1 (2− 2xk) , xk ≥ 0.5
(5)

In this process, fi−1 (·) and fi (·) are the continuous encod-
ing functions for the (i− 1)-th and i-th levels, respectively.
When xi < 0.5, the continuous code at the i-th level is ob-
tained by copying the continuous code from the (i− 1)-th
level; when xi ≥ 0.5, the continuous code at the i-th level is
derived by mirroring the continuous code from the (i− 1)-
th level.

In decoding the surface coordinates, the method first
converts the continuous codes into binary codes and then
calculates the surface coordinates according to Eq. (4). In
the conversion from continuous codes to binary codes, a bi-
narization function g (t) is defined such that g (t) = 0 when
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t < 0.5 and g (t) = 1 when t ≥ 0.5. Thus, the continuous
code at the first level Cx1,k can be converted to the binary
code Bx1,k = g (Cx1,k).

Subsequently, based on the binary code Bxi−1,k from
the (i− 1)-th level, the continuous code at the i-th level
Cxi,k can be converted to Bxi,k:

Bxi,k =

{
g (Cxi,k) , Bxi−1,k = 0

1− g (Cxi,k) , Bxi−1,k = 1
(6)

Here, Bxi−1,k = 1 indicates that Cxi,k was gener-
ated through mirroring, which means that the binarized
g (Cxi,k) does not correspond to the hierarchical binary
code Bxi,k. Therefore, mirroring is reversed in the decod-
ing process, resulting in Bxi,k = 1− g (Cxi,k).

3.3. The Loss Function of Neural Network
In neural network training, the proposed method utilizes
a neural network to learn the object mask and the hierar-
chical continuous codes of front and back surface coordi-
nates. With the number of encoding levels for each coor-
dinate component set to 8, the neural network outputs 49
channels, comprising 3×8 channels for the front surface co-
ordinates, 3×8 channels for the back surface coordinates,
and 1 channel for the object mask. Consequently, the loss
function of networks can be divided into mask loss LM and
hierarchical loss (front loss LFront

xyz and back loss LBack
xyz ).

The total loss of the neural network can be expressed as:
L = LM +γ×(LFront

xyz +LBack
xyz ), where γ is the weighting

coefficient for the hierarchical loss in the total loss function.

3.3.1. Mask Loss
During training, the proposed method utilizes the L1 met-
ric to compute the loss LM between the ground-truth ob-
ject mask M and the predicted object mask M̃ , LM =
m∑∥∥∥Mi − M̃i

∥∥∥
1
. M̃i denotes the output on a pixel and m

describes the number of outputs. Pixels with M̃ > 0 corre-
spond to the predicted object mask, while those with M̃ ≤ 0
are considered background. The total number of pixels clas-
sified as the object mask is denoted as n.

3.3.2. Hierarchical Loss
During training, the proposed method uses histograms to
quantify the proportion of erroneous predictions at different
hierarchical levels. This approach effectively measures the
difficulty the neural network encounters in learning across
various levels. Based on these error histograms, the method
dynamically adjusts the weights of the continuous codes in
the loss function at each level. This adjustment facilitates
hierarchical learning and enhances the stability of neural
network training.

For different coordinate components, the method com-
putes the corresponding histograms separately. For in-

stance, consider the calculation of the histogram hf,x for
the x component of the front surface coordinates. The pro-
cess begins by obtaining the predicted hierarchical continu-
ous code C̃x

f,i
at the i-th level, which is then converted into

the corresponding hierarchical binary code B̃x
f,i

. Next, the
proportion of erroneous binary codes at the i-th level, de-
noted as rf,x,i, is calculated. Consequently, the intensity
hf,x,i of the x component in the histogram hf,x at the i-th
level can be computed as follows:

hf,x,i = exp
(
σ ·min {rf,x,i, 0.5− rf,x,i}

)
(7)

To reduce the weight of codes at levels with a high propor-
tion of errors in the loss function, rf,x,s is truncated at 0.5.
An exponential term exp (·) is used to smooth the abrupt
changes in intensity caused by the truncation. Additionally,
σ is a constant employed to adjust the intensity range in the
histogram. By normalizing hf,x,i in the histogram hf,x, the
weight wf,x,i for the i-th level in the loss function can be
obtained.

Based on the weights wf,x,i for each level, the loss func-
tion LFront

x can be expressed as follows:

LFront
x =

8∑
i=1

wf,x,i ·
n∑

j=1

∥∥∥Cxf,i,j − C̃x
f,i,j

∥∥∥
1

 (8)

Here, C̃xf,i,j denotes the j-th code at the i-th level, where
the upper limit for j is the area n of the predicted mask M̃ .

Similarly, the histograms for the y and z components of
the object’s front surface, along with the histogram-based
loss functions LFront

y and LFront
z , can also be calculated.

Thus, the hierarchical loss for the object’s front surface can
be expressed as LFront

xyz = LFront
x +LFront

y +LFront
z . Like-

wise, the hierarchical loss LBack
xyz for the object’s back sur-

face can be computed in the same manner.

4. Experiments
In this section, we first introduce the experimental setup,
including implementation details, datasets, and evaluation
metrics. Next, we conduct ablation studies on the encoding
method, loss function weight adjustment, and 2D-3D corre-
spondences. Finally, we compare our experimental results
with SOTA methods [21, 23] on the BOP website across
seven classic BOP core datasets [1, 4, 15, 25–28].

4.1. Experimental Setup
4.1.1. Implementation Details
Network Setup. The network architecture in this paper is
adapted from ZebraPose [21], with a ResNet34 [41] version
for ablation experiments and an EfficientNet-B4 [42] ver-
sion for comparison experiments. Both network versions
take RGB images as input and output the object mask along
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with the 3D surface coordinates. The input and output res-
olutions are 256×256 and 128×128, respectively.

Preprocessing of Training Data. The DZI strategy, pro-
posed by CDPN [17], is employed to simulate randomly
detected 2D bounding boxes. Additionally, the random en-
hancement strategy, introduced by GDR-Net [22], is incor-
porated to simulate real-world RGB image noise.

Training Setup. Separate neural networks are trained
for each object, with each training process taking approx-
imately 24 hours on a single NVIDIA RTX 4090 GPU.
For the ablation experiments, the ResNet34-based version is
used, with a maximum of 100k training epochs, a batch size
of 24, and a constant learning rate of 0.0002. For the com-
parative experiments, the EfficientNet-B4 version is used,
with a maximum of 600k training epochs and a batch size
of 12. Pose estimation for a single object within a bounding
box takes approximately 30 ms during inference.

Label Preparation. Following the BOP toolkit’s prac-
tice of rendering front surface depth maps using VisPy to
generate coordinate labels, we adopt a similar approach
with PyOpenGL. By setting the depth test to GL LESS and
GL GREATER, we respectively obtain front and back sur-
face depth maps, which are then used to generate the corre-
sponding labels.

4.1.2. Datasets
The performance of the method was tested on seven classic
BOP core datasets: LM-O [15], YCB-V [28], IC-BIN [43],
TUD-L [2], HB [27], T-LESS [25], and ITODD [4]. During
training, we used the PBR [44, 45] training data provided
by BOP [46, 47] for all seven datasets. For the YCB-V, T-
LESS, and TUD-L datasets, real data was also used in train-
ing. During testing, we utilized the detection sequences and
2D detection results provided by the BOP 2023 challenge
[46, 47].

4.1.3. Evaluation Metrics
ADD(-S) Accuracy [48]. In the ablation experiments, we
use the widely adopted ADD(-S) metric to evaluate the ac-
curacy of object pose predictions. It includes ADD for non-
symmetric objects and ADD-S for rotationally symmetric
objects. For objects without rotational symmetry, ADD
computes the average distance between the transformed ver-
tices of the object based on the predicted pose and the
ground truth pose. For objects with rotational symmetry,
ADD-S calculates the average distance between the nearest
vertices, rather than the same vertex. A predicted pose is
considered correct if the ADD(-S) error is less than 10% of
the object’s diameter. ADD(-S) accuracy, also referred to as
average recall (AR), represents the proportion of correctly
predicted poses across all test sequences. Additionally, we
also report the Area Under the Curve (AUC) for ADD(-S)
and ADD-S [28], with a maximum threshold of 10 cm.

Coordinate Accuracy. In addition to reporting pose ac-
curacy, the ablation experiments also assess the accuracy of
predicted surface coordinates. A prediction is considered
correct if the Euclidean distance between the predicted and
ground truth coordinates is below a given threshold. Coor-
dinate accuracy is defined as the ratio of correctly predicted
coordinates to the total number of predicted coordinates.

BOP Score. In the comparison experiments, the BOP
score of the proposed method is presented on seven clas-
sic BOP core datasets [1, 4, 15, 25–28]. The BOP score
is the average of three evaluations: VSD (Vertex Symmet-
ric Distance), MSSD (Mean Symmetric Surface Distance),
and MSPD (Mean Symmetric Projection Distance) [1, 2].
These evaluations have complex definitions, and the spe-
cific details can be found on the BOP website.

4.2. Ablation Experiments

Ablation experiments on encoding methods and loss weight
adjustments were conducted on the IC-BIN dataset [43].
The results, presented in Fig. 4 and Tab. 1, include the
prediction accuracy of object surface coordinates and object
pose accuracy, with a primary focus on ADD(-S) accuracy.
Additionally, ablation studies on 2D-3D correspondences
were performed on three datasets: LM-O [15], TUD-L [2],
and IC-BIN [43], with the average precision (AP) of BOP
scores reported in Tab. 2. To ensure fair comparisons,
OpenCV’s RANSAC-PnP [14] is consistently used across
all methods, regardless of the original PnP algorithms em-
ployed by other approaches.

4.2.1. Encoding Methods

The current SOTA RGB-based pose estimation method, Ze-
braPose [21], employs hierarchical binary surface encod-
ing, which represents different regions of the object sur-
face as multi-level binary codes. However, we find that
directly encoding coordinate components is more efficient
and accurate than encoding surface regions. Experimental
results show that our proposed hierarchical binary surface
encoding (HBCE + f) improves surface coordinate accu-
racy (see Fig. 4) and enhances pose estimation accuracy
by 0.97% (see Tab. 1). However, it was observed that the
network struggled to learn the binary codes near the edges
of the dark and light stripes, as shown in Fig. 3. To elim-
inate these stripes, this paper introduces hierarchical con-
tinuous coordinate encoding (HCCE), which encodes coor-
dinate components as multi-level continuous codes. Com-
pared to HBCE, HCCE (HCCE + f(h3)) further improves
the prediction accuracy of object surface coordinates and in-
creases pose estimation accuracy by 5.13%. This indicates
that the neural network finds it easier to learn continuous
codes than binary codes, which effectively enhances the ac-
curacy of pose estimation.
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Table 1. The ablation experiments on the IC-BIN dataset [43].
h0 signifies the absence of histogram-based weight adjustment;
h1 denotes weight adjustment using a single histogram; h3 repre-
sents weight adjustment using multiple histograms; f indicates the
prediction of only the object’s front surface. Cell colors indicate
column-wise values from low (dark blue) to high (dark red).

Method
AR of

ADD-(S)
AR of

ADD-S
AUC of

ADD(-S)
AUC of
ADD-S

Zebra-
Pose f 55.85 61.82 72.91 76.40

CCE f 55.42 62.15 73.58 78.14

HBCE f 56.82 63.50 73.15 76.56

HCCE
f(h0) 61.35 67.00 76.35 79.82
f(h1) 60.44 65.23 74.92 78.68
f(h3) 61.95 68.30 77.67 81.11

4.2.2. Weight Adjustment
In hierarchical learning, higher-level codes are more com-
plex; for example, C4 in Fig. 3 is much more complex
than C1. The more complex the code, the more difficult
it is for neural networks to learn. To measure the learn-
ing difficulty at different levels, ZebraPose [21] uses a sin-
gle histogram to track the proportion of incorrect codes at
each level. Subsequently, ZebraPose adjusts the weights of
different levels in the loss function to facilitate hierarchical
learning. However, hierarchical learning based on a single
histogram is not suitable for HCCE. Compared to not ad-
justing the weights (HCCE + f(h0)), using dynamic weights
based on a single histogram (HCCE + f(h1)) reduces the
prediction accuracy of object surface coordinates, resulting
in a 0.91% decrease in ADD(-S) accuracy. Therefore, our
method generates a separate histogram for each coordinate
component and proposes dynamic weights based on multi-
ple histograms. In Fig. 5, we illustrate the histogram inten-
sities and weight coefficients at different encoding levels for
the x-component of the 3D coordinates on the front surface.
As training progresses, the peak of the weight coefficients

Zebrapose+f 8.55 32.85 51.24

HCCE+f(h1) 10.47 38.37 56.84

HCCE+f(h0) 11.97 42.23 60.25

HCCE+f(h3) 13.00 43.85 60.76

HBCE+f 9.31 37.72 57.64

0 20 40 60

Accuracy (%) of Surface Coordinates

10% Diameter 5% Diameter 2% Diameter

Figure 4. Accuracy of surface coordinates. Percentage of correctly
predicted coordinates under thresholds of 2%, 5%, and 10% of the
object diameter.
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Figure 5. Weight adjustments across different training epochs.

shifts from lower to higher encoding levels, enabling hierar-
chical learning from low- to high-level encodings. Weight
adjustment based on multiple histograms (HCCE + f(h3))
achieves more accurate coordinate predictions, improving
the ADD(-S) accuracy by 0.6% compared to not adjust-
ing the weights. This demonstrates that weight adjustment
based on multiple histograms can enhance the stability of
network training and improve the accuracy of pose estima-
tion.

4.2.3. 2D-3D correspondences
In this section, we examine the average precision (AP) of
BOP scores for all objects in three datasets (LM-O [15],
TUD-L [2], and IC-BIN [43]) to assess how different sur-
face information impacts pose estimation accuracy.

Tab. 2 presents the impact on the AP of BOP scores
across three datasets when 2D-3D correspondences are con-

Table 2. Effect of front and back surface information on the Av-
erage Precision (AP) of BOP scores. bf denotes the simultaneous
prediction of both the object’s front and back surfaces, while bfu
refers to joint prediction of the object’s front and back surfaces,
along with uniform sampling between them. Cell colors indicate
row-wise values from low (dark blue) to high (dark red).

Dataset Object f b bf bfu

LM-O [15]

ape 84.9 85.7 85.7 85.8
can 94.8 94.8 95.2 95.5
cat 87.2 85.9 87.6 87.7

driller 93.1 93.1 94.5 94.5
duck 78.7 82.1 80.5 82.4

eggbox 56.6 57.1 56.0 57.1
glue 84.4 83.9 85.8 86.1

holepuncher 82.2 75.8 80.1 82.3

TUD-L [2]
obj01 95.0 95.4 95.7 95.8
obj02 85.4 86.3 86.1 86.8
obj03 93.2 92.2 92.6 93.3

IC-BIN [43] obj01 62.9 58.5 63.6 63.7
obj02 70.1 65.9 70.7 71.5

Mean 82.2 81.3 82.6 83.3
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Table 3. Comparison with SOTA methods on seven classic BOP core datasets in 6D localization and 2D segmentation tasks. Scores are
expressed as percentages.

Task 6D Localization 2D Segmentation 6D Localization

Test Data RGB RGB RGB-D

Method GPose [49] ZebraPose [21] Ours DLZDet [50] ZebraPose [21] Ours PFA [51] GDRNPP [23] Ours

AR(AP )LM−O 69.9 72.9 75.5 46.0 51.6 52.7 79.2 79.2 80.5
AR(AP )T−LESS 79.9 82.1 85.6 58.4 72.1 76.8 84.9 87.2 87.9
AR(AP )TUD−L 83.1 85.0 86.9 73.2 71.8 76.7 96.3 93.6 94.4
AR(AP )IC−BIN 62.6 59.2 63.5 31.6 49.3 51.2 70.6 70.2 72.4
AR(AP )ITODD 46.0 50.4 54.2 23.9 46.2 51.3 52.6 58.8 73.4
AR(AP )HB 87.6 92.2 91.9 60.0 68.9 76.1 86.7 90.9 93.1
AR(AP )Y CB−V 80.9 82.8 83.9 66.9 73.1 74.5 89.9 83.4 91.1

AR(AP )Core 72.9 74.9 77.3 51.4 61.9 65.6 80.0 80.5 84.7

structed based on the front surface, the back surface, and
the intermediate 3D coordinates sampled between them. In
the LM-O dataset, the contributions of front and back sur-
face information to the improvement in BOP scores are
roughly equivalent; in the TUD-L dataset, front surface in-
formation is less effective than back surface information;
whereas in the IC-BIN dataset, front surface information
proves more advantageous. These experimental results in-
dicate that pose estimation based on front surface informa-
tion and that based on back surface information each have
their own strengths and weaknesses. Therefore, when using
only front surface information yields unsatisfactory perfor-
mance, incorporating back surface information can effec-
tively enhance the accuracy of pose prediction.

Furthermore, the experimental results (see the “Mean”
row in Tab. 2) show that simultaneously leveraging both
front and back surface information increases the BOP
scores by 0.4% and 1.3%, respectively. Among the 13 ob-
jects evaluated, 8 objects achieved BOP scores that were
equal to or higher when using both surfaces compared to us-
ing only front or only back information. This suggests that
for most objects, a hybrid approach that combines 2D-3D
correspondences from both the front and back surfaces is
more effective in extracting predictive information, thereby
improving pose estimation performance.

To further capitalize on the predicted front and back sur-
face coordinates, we uniformly sample new 3D coordinates
between the two surfaces to construct ultra-dense 2D-3D
correspondences. Compared to using only front or back
surface information, the adoption of ultra-dense correspon-
dences improves the BOP scores by 1.1% and 2.0%, respec-
tively, further demonstrating that this approach more effec-
tively integrates information from both surfaces, thereby en-
hancing the accuracy of pose estimation.

4.3. Comparison with the SOTA Methods
The comparison experiments were conducted on the seven
classic BOP core datasets [1, 4, 15, 25–28], and the BOP

scores of our method can be viewed on the BOP website.
To ensure a fair comparison, only methods based on the
BOP 2023 official detection results were considered. The
scores for the methods listed in Tab. 3, including ZebraPose
[21], GPose [49], MegaPose [52], and GDRNPP [22, 23],
are also obtained from the BOP website. Notably, if a
method achieves higher scores with alternative detection re-
sults, those scores are not reported here.

When tested on RGB data, our method outperforms the
best existing approach [21] by 2.4% in the BOP score, as
shown in Tab. 3. Among the methods trained on RGB data
but tested with RGB-D data, the current top-performing
approach refines poses using Iterative Closest Point (ICP
[53]). In contrast, our method leverages the more efficient
FoundationPose [54], leading to a 4.7% improvement in the
BOP score (see Tab. 3). Furthermore, in the 2D segmenta-
tion task, our method surpasses existing approaches [21] by
3.7%, further demonstrating its effectiveness.

5. Conclusion

In this study, we propose an ultra-dense 2D-3D corre-
spondence to enable more accurate pose estimation via
RANSAC-PnP. It is constructed by simultaneously pre-
dicting the coordinates of both the front and back object
surfaces, followed by dense sampling of intermediate 3D
points. We further introduce an efficient Hierarchical Con-
tinuous Coordinate Encoding (HCCE) and a weight adjust-
ment approach based on multiple histograms, which to-
gether facilitate accurate predictions of both surfaces. Com-
pared to SOTA methods [21, 23], our method achieves com-
petitive scores and rankings on the BOP Challenge. How-
ever, due to varying learning difficulties across objects, the
trained network is inherently object-specific, making it in-
feasible to train a single unified model for multiple objects.
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