
Citation: Wang, F.; Tang, X.; Wu, Y.;

Wang, Y.; Chen, H.; Wang, G.; Liao, J.

A Lightweight 6D Pose Estimation

Network Based on Improved Atrous

Spatial Pyramid Pooling. Electronics

2024, 13, 1321. https://doi.org/

10.3390/electronics13071321

Academic Editor: Ping-Feng Pai

Received: 28 February 2024

Revised: 24 March 2024

Accepted: 29 March 2024

Published: 1 April 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

electronics

Article

A Lightweight 6D Pose Estimation Network Based on Improved
Atrous Spatial Pyramid Pooling
Fupan Wang 1, Xiaohang Tang 1, Yadong Wu 2,*, Yinfan Wang 1, Huarong Chen 1 , Guijuan Wang 1 and Jing Liao 1

1 School of Computer Science and Technology, Southwest University of Science and Technology,
Mianyang 621010, China; wangfp@swust.edu.cn (F.W.); ixllus@mails.swust.edu.cn (X.T.);
wangyf@mails.swust.edu.cn (Y.W.); chenhuarong@swust.edu.cn (H.C.); guijuanwang@swust.edu.cn (G.W.);
liaojing@swust.edu.cn (J.L.)

2 School of Computer Science and Engineering, Sichuan University of Science & Engineering,
Yibin 644007, China

* Correspondence: wuyadong@suse.edu.cn

Abstract: It is difficult for lightweight neural networks to produce accurate 6DoF pose estimation
effects due to their accuracy being affected by scale changes. To solve this problem, we propose a
method with good performance and robustness based on previous research. The enhanced PVNet-
based method uses depth-wise convolution to build a lightweight network. In addition, coordinate
attention and atrous spatial pyramid pooling are used to ensure accuracy and robustness. This
method effectively reduces the network size and computational complexity and is a lightweight
6DoF pose estimation method based on monocular RGB images. Experiments on public datasets and
self-built datasets show that the average ADD(-S) estimation accuracy and 2D projection index of
the improved method are improved. For datasets with large changes in object scale, the estimation
accuracy of the average ADD(-S) is greatly improved.

Keywords: 6DoF pose estimation; depth-wise convolution; coordinate attention; atrous spatial
pyramid pooling

1. Introduction

In today’s quest for intelligence-driven technology, applications such as intelligent car
driving, augmented reality, human–computer interactions, etc., are gradually transitioning
from concepts to real life. The realization of all these applications relies heavily on support
from relevant technologies. Six-degree-of-freedom (6D) object pose estimation based on
computer vision is an important technology in this regard. The key to this technology lies
in recovering the 3D translation and 3D rotation information of target objects from images
or point cloud data. Accurately and efficiently estimating the 6D information of objects in
real-world scenarios is of significant value for enhancing the safety of automated driving,
strengthening the immersion of virtual and real interactions, and improving the reliability
of robotic operations.

Unlike traditional 6D pose estimation methods that rely on multiple sensors, computer
vision-based methods are currently the mainstream approach in research, significantly
reducing the complexity and application costs of the entire pose estimation system. Early
methods based on template matching involve the construction of a template library of the
same target object from images at different angles and distances, calculating the similarity
between the real value and template images in the estimation task. However, such methods
are computationally complex and time-consuming. Subsequently, algorithms like SIFT [1],
FAST [2], and BRIEF [3] have been applied to extract invariant features from images as
key points, with pose estimation then being performed by matching key points with
real points. However, objects in real environments are often affected by factors such
as complex backgrounds, changes in lighting conditions, occlusions, and variations in
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viewpoints, leading to difficulties in extracting effective key points. With the development
of 3D scanning technology, the difficulty of obtaining 3D object models has been reduced.
Methods based on aligning models with object images or point clouds have been proposed,
which offer high pose estimation accuracy. However, these methods require high model
accuracy, depend on depth information, and have poor applicability to non-rigid objects [3].

With the successful application of deep learning methods in various tasks, researchers
have begun to explore the use of deep neural networks (DNNs) to solve the 6D pose esti-
mation problem for RGB images. As a pioneering work, PoseNet [4] was the first to adopt
a CNN to regress camera pose from a single image, successfully proving that it is possible
to achieve end-to-end camera pose regression with just one picture as input [5]. Deep
learning methods, such as CNNs, can automatically learn feature representations, making
the extracted key points more robust, effectively capturing the structure and semantic
information of images and thus enhancing feature discrimination. In particular, in complex
scenarios common in object pose estimation, such as cluttered backgrounds, changes in
lighting, and object occlusion, deep learning-based pose estimation methods have achieved
promising results. Researchers designing conventional 6D pose estimation methods tend
to focus more on designing complex networks to improve estimation performance while
ignoring the practical deployment challenges arising from the high model complexity and
large parameter counts.

To address this issue and meet the needs of typical applications like mobile augmented
reality, in this paper, a lightweight, deep learning-based pose estimation method is pro-
posed. By improving the pose estimation network and using RGB images obtained from
monocular cameras to estimate the six-degree-of-freedom camera pose, the method achieves
robustness and accuracy while meeting the requirements for lightweight deployment. The
main contributions of this paper are as follows:

1. To reduce the computational cost of 6D object pose estimation, we propose a lightweight
model in which residual depth-wise separable convolution is combined with an im-
proved atrous spatial pyramid pooling (ASPP) method.

2. We introduce a coordinate attention mechanism and address the issue of object scale
variation, which was not considered in the original method. Additionally, we incorpo-
rate a multi-scale pyramid pooling module. These enhancements effectively reduce
the model’s parameter and computation complexity while significantly improving
the pose estimation accuracy for objects with large-scale variations.

3. The effectiveness of this lightweight model is validated and analyzed through experi-
ments on both publicly available and self-built datasets.

2. Related Works

DNNs learn object poses directly from images or point cloud data, reducing the
reliance on depth information typical in traditional methods and thus driving the rapid
development of pose estimation methods based on monocular RGB images. Deep learning
6D pose estimation methods can be classified into two categories based on the training
strategy: direct strategy and indirect strategy methods.

Deep learning methods based on a direct strategy are also known as single-stage
methods. In this approach, depth information is combined and the embedding space of
poses is learned directly, or 3D translation and rotation information is regressed directly,
through end-to-end learning. Its mapping relationship is simple and it has a fast inference
speed. To address the limited accuracy of directly regressing pose estimation from images,
the DeepIM model optimizes poses by iteratively training CNNs to match model-rendered
images with input images [6]. In scenes with occlusions and clutter, in Posecnn, translation
information is estimated by locating objects in the center of the image relative to the camera
distance, and object rotation is estimated through regression representation, which is capa-
ble of handling symmetric objects [7]. This network can simultaneously perform both object
detection and pose estimation tasks. Wang et al. [8] designed the DenseFusion framework
for RGB-D datasets, which fully utilizes integrated complementary pixel information and
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depth information for pose estimation and integrates an end-to-end iterative pose optimiza-
tion program, achieving real-time inference. YOLO-based methods have an advantage in
pose estimation compared to other methods with regard to processing speed and are more
advantageous for real-time estimations [9,10]. Single-stage deep learning methods can
simultaneously complete object pose estimation in one stage with faster inference speeds,
making them more applicable to applications with high real-time requirements. However,
they may have slight shortcomings regarding accuracy and robustness.

In deep learning-based pose estimation methods relying on the indirect strategy, 6D
pose estimation tasks are primarily completed using single-view RGB images. This method
is also known as the two-stage approach, where the entire task flow is divided into two
stages: establishing 2D–3D correspondence relationships for key points and recovering
pose information using PnP/RANSAC variant algorithms. Compared to direct strategy
methods, it has advantages with regard to robustness and accuracy when occlusions,
lighting changes, or complex backgrounds are present. Visual occlusion is a common
problem in practical applications. To address this, Rad et al. proposed the BB8 method,
which uses a convolutional neural network to estimate a pose by locating the spatial
positions of eight corner points of the object, which showed good robustness against
occlusion and cluttered backgrounds [11]. Zhao et al. [12] further selected key points from
eight corner points in space. This was improved upon in PVNet, where sparse key points
are discarded as reference points, pixel-to-key point vectors are introduced through a
semantic segmentation network, and the estimation accuracy is enhanced in scenarios with
occlusion and symmetric objects [13]. Pix2Pose utilizes adversarial generative networks
to address similar issues [14]. Chen et al. proposed a method that first calibrates in two
dimensions and then estimates poses using 2D–3D correspondence relationships, achieving
significant breakthroughs in accuracy [15].

In summary, indirect strategy methods have advantages with regard to robustness
and accuracy in complex environments, but they involve more steps and require more
computational resources and time.

3. Improved Model Based on Atrous Spatial Pyramid Pooling

To reduce the computational cost of object 6D pose estimation, in this paper, a
lightweight model is proposed, combining residual depth-wise separable convolution
with an improved ASPP method based on PVNet. Firstly, we utilized residual depth-wise
separable convolution layers to construct a lightweight network, thereby reducing the
demand for memory and computing resources. Secondly, to prevent the loss of channel and
coordinate information caused by multi-layer convolutions, which affects the estimation
accuracy, we introduced a coordinate attention mechanism. Addressing the issue of inade-
quate recognition accuracy in previous methods caused by neglecting object scale changes,
we added a multi-scale pyramid pooling module for processing. Finally, a two-stage pixel
voting and PnP (Perspective-n-Point) solving task was performed on the decoder’s output
feature maps. This approach effectively reduced the model’s parameter and computational
overhead, resulting in a significant improvement in the pose estimation accuracy for ob-
jects with large-scale variations. The complete 6D pose estimation network framework is
illustrated in Figure 1.
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3.1. Backbone Network

The backbone network based on improved ASPP consists of 13 layers of depth-wise
separable convolution, a coordinate attention mechanism module, and an ASPP module as
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the encoder, followed by three upsampling and convolution operations in the decoder. The
final output is a target segmentation feature map. The network architecture is illustrated in
Figure 2.
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Figure 2. The backbone network based on improved ASPP consists of several components: CBR,
representing depth-wise separable convolution layers; CBR-Res, indicating depth-wise separable
convolution layers with residual connections; CA, denoting the coordinate attention mechanism
module; ASPP, representing the improved ASPP module; and Concat, which involves upsampling
and concatenation operations.

3.1.1. Residual Depth-Wise Separable Network

In PVNet, outstanding performance in keypoint detection is achieved by using a pre-
trained ResNet model based on a large-scale dataset as the target segmentation network,
leading to a significant improvement in the accuracy of 6D pose estimation over previous
methods [16]. However, this model and its related improvements have a relatively large
volume, making them difficult to deploy on devices with requirements for lightweight
applications. Drawing inspiration from the MobileNet series of algorithms [17,18], in
this study, a lightweight backbone network model based on depth separable convolu-
tion operations was designed, significantly reducing the number of network layers and
model parameters.

The depth separable convolution operation can be seen as the process of splitting a
standard convolution into a grouped convolution and a pointwise convolution. Compared
to standard convolution, which convolves an image with m channels using n sets of corre-
sponding m × 3 × 3 convolution kernels to generate n feature maps, in-depth separable
convolution, a two-stage mode, was adopted. First, a 1 × 3 × 3 convolution kernel was
applied to each of the m channels, generating m intermediate feature maps, and then n sets
of m × 1 × 1 convolution kernels were used to generate n feature maps. Figure 3 illustrates
the process of the two convolutions.

Aiming to produce a feature map with Coup channels using a square convolution kernel
of size k × k, following a uniform standard where bias parameters with a quantity of 1 are
disregarded and each multiply–add operation is treated as one floating-point calculation,
for an input image with dimensions of W × H and Cinp channels, we can approximate the
parameter and computation complexity of standard convolution as follows:

Paramsstd = Coup× k2 × Cinp (1)

FLOPsstd = Cinp× k2 × Coup×W × H (2)
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An approximate description of the parameter and computation complexity of depth-
wise separable convolution is as follows:

Paramsdw&pw = Cinp× k2 + 1× Cinp× Coup (3)

FLOPsdw&pw = Cinp× k2 ×W × H + 1× Cinp× Coup×W × H (4)
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Compared to standard convolution operations, the parameter and computation com-
plexity required for depth-wise separable convolution is 1

Coup + 1
k2 times that of standard

convolution. Particularly in this model, where the output channels of the image ranged
from 64 to 1024 and the depth-wise separable convolution kernels were all 3 × 3 in size,
there was a significant advantage in reducing the computational overhead compared to
standard convolution. Considering that, in the process of semantic segmentation, multiple
downsampling and convolution operations on the original image may lead to the loss of
low-dimensional information, adding residual connections to convolution layers with the
same input and output channels preserves low-dimensional feature information while
obtaining high-dimensional semantic information after convolution, which significantly
improves the final accuracy of object pose estimation.

3.1.2. Improved Atrous Spatial Pyramid Pooling

In the decoder part of the network, feature extraction was performed through con-
volution and pooling operations. All output feature maps were compressed into a single
feature vector via global average pooling, which ignored the non-uniformity of features
across different channels. Additionally, influenced by the number of layers and the size of
convolution kernels, lightweight networks often overlook the spatial positional information
of features.
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The coordinate attention mechanism [19] is an attention method suitable for lightweight
networks. It is characterized by a lightweight and plug-and-play nature and can capture
inter-channel information while also considering directional and positional information.
Additionally, it achieves significant improvement in tasks such as object detection and
semantic segmentation, which involve dense predictions. In the coordinate attention
mechanism, average pooling and concatenation were performed in both the horizontal
and vertical directions and channel information was fused through convolution, encod-
ing spatial information simultaneously. After splitting, multiplication with the input
features was performed, emphasizing feature information in spatial positions. The co-
ordinate attention mechanism notably enhanced the performance of dense prediction
tasks in lightweight mobile networks. Through experimental analysis, it was decided
to place it at the end of the encoder, reducing interference from subsequent convolution
operations. Additionally, the reduced number of channels at the end could decrease
computational costs.

The application of depth-wise separable convolution significantly reduced the model
complexity. However, in computer vision-related tasks, the size of the receptive field
largely determines the effectiveness of the model. Increasing the network depth and using
larger convolutional kernels are direct and effective methods to enhance the receptive
field. However, they inevitably exacerbate model complexity. Through experiments, it
has been found that simply increasing the network depth results in limited performance
improvements relative to the cost incurred.

Luo et al. [20] proposed the concept of an effective receptive field, demonstrating in
their work that the effective receptive field only represents a portion of the entire receptive
field. Therefore, a larger receptive field is needed in practice to cover the desired region.
Dilated convolution, also known as atrous convolution, is one method to effectively enlarge
the receptive field. This is achieved by introducing “holes” into the convolutional kernel,
effectively expanding the receptive field without increasing the number of parameters in
the kernel.

The ASPP module extends the concept of dilated convolution by introducing multiple
dilated convolutions with different rates [21]. It considers feature information from multiple
receptive fields, thereby enhancing the perception of objects at different scales. Figure 4
illustrates dilated convolutions with different rates. By employing this method, it is possible
to capture object boundaries and detailed information while reducing computational
complexity, thereby improving the recognition accuracy.

Building upon ASPP, an attention mechanism module was incorporated to further en-
hance the feature information at different scales, highlighting key point information. Given
the limited overall data volume of single-target training samples, overfitting was likely to
occur. Therefore, a dropout layer was applied at the output end during training. During
the forward propagation process, random hidden neurons were dropped, reducing the
interdependency between neurons and enhancing the network’s generalization capability.
The mathematical expression for dropout is expressed as follows:

yi =

{
0, dropout(probability = p),

xi
1−p , otherwise. (5)

where yi and xi represent the output and input of neuron i, respectively. During training,
the output was zeroed out with probability p; during testing, dropout was not applied.

For tasks requiring dynamic object pose estimation, scale variation poses a significant
challenge. Compared to previous work, the improved ASPP module exhibits a noticeable
robustness enhancement in pose estimation accuracy for datasets with significant scale
variations. The improved ASPP module is illustrated in Figure 5.
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3.2. Pixel Voting and Pose Estimation

The input RGB image underwent a target segmentation task through a pre-trained
backbone network, obtaining the segmented object image as an output. Between the 2D
key point x on the segmented image and any pixel point p, there existed a unit vector vx(p),
satisfying the relation vx(p) = x−p

||x−p||2
. Two pixel points on the image were randomly

selected, and the intersection of the unit vectors pointing to the possible positions of the key
point was taken as the hypothesis position h1. This process was repeated n times to generate
a set of n hypotheses {hi|i = 1, . . . , n}. For p ∈ O (a pixel point p belonging to the target
0), there existed a corresponding vector vh(p) = hi−p

||hi−p||2
for each hypothesis. Whether a

hypothesis was assigned depended on whether the dot product v = vx(p)·vh(p) met the
threshold θ of the indicator function 1θ(v). This step is referred to as pixel voting. After
completing the pixel voting process, the voting score of this set of hypotheses needed to be
consistent with the spatial distribution of the true key points. Therefore, the hypothesis
point with the highest score was considered the most likely to be the true key point. The
scoring function and the calculation formula for the i-th hypothesis are as follows:

1θ(v) =
{

1, i f v > θ,
0, otherwise.

(6)

wi = ∑p∈O 1θ(v) (7)

After completing the scoring calculation for n hypotheses, the position information
of the hypothesis with the highest score was selected as the position information for the
true key point. Through the approximate random consensus sampling method, pixels
belonging to the target were randomly selected, thus maintaining the uniformity of the
pixel distribution involved in voting and reducing unnecessary score calculations.

The rotation matrix R is a 3 × 3 matrix used to describe the rotational changes of an
object in three-dimensional space. It is a common representation method for describing
rotations in 3D space. Each column of the matrix typically represented the rotations of
the object around the X, Y, and Z axes of the coordinate system, respectively. This method
provided a transformation representation from one coordinate system to another, where
each column vector represented the direction of a coordinate axis in the rotated coordinate
system relative to the original coordinate system.
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The translation matrix T was a 3 × 1 vector that described the displacement or shift of
an object in three-dimensional space. This vector extended the object’s position from its
original location to a new location within the coordinate system.

Unlike Euler angles, the rotation matrix representation method does not suffer from
gimbal lock issues and provides a continuous and unique representation throughout the
entire rotation space. This means that rotation matrices can represent arbitrary rotations
without being limited by specific axis orders or rotation sequences, offering a more flexible
and stable representation of rotations.

R

r11 r12 r13
r21 r22 r23
r31 r32 r33

 (8)

[R|T]

r11 r12 r13
r21 r22 r23
r31 r32 r33

x
y
z

 (9)

By calculating the coordinates of key points through pixel voting and utilizing the
rotation matrix representation method, combined with the 3D object model, the pose
information of the object could be estimated.

The data obtained by projecting the known 3D model of the target object into two
dimensions and annotating the key points were input into the neural network for training
to obtain the spatial mapping from 3D to 2D, enabling the neural network to predict key
points. Subsequently, the PnP algorithm or trained network inferred the 3D point location
information based on the 2D key points. That is, given an RGB image I and a set of
corresponding key point information, consisting of 2D key point information of the image
O = {Oi|i = 1, ..., N} and 3D model point information of the object M = {Mi|i = 1, ..., N},
we aimed to solve the pose relationship P = [R|T].

The method of pixel voting improved the issue of key point selection on objects in 2D
images. The selection of actual points on the object in 3D models also impacts the solution
results. By employing furthest-point sampling, the 3D model’s surface points were sampled
as key points, resulting in a uniform key point distribution across the 3D model’s surface.
Experiments on PVNet have demonstrated that this method effectively reduces interference
compared to traditional methods relying on corner points as key points, thereby enhancing
the pose estimation accuracy.

3.3. Training Strategy

Monocular RGB images were used as training and testing samples. In the 6D object
pose estimation task, typically, 15% of the data were chosen as training samples and 85%
were chosen as testing samples. The model was trained for 120 epochs on the entire dataset,
with an initial learning rate of 4 × 10−3. After every 20 epochs, the learning rate was
reduced by half.

The output target segmentation image was treated as a binary classification problem,
where the task was to determine whether an object was in the foreground (object) or
background (interference). The cross-entropy loss function was used as the main loss
function for the backbone network. The distance between generated hypothesis points
and true key points could intuitively infer the error of the result. This was equivalent
to the squared sum of the horizontal and vertical components of the vector difference,

∆vk(p) =
∼

vk(p)− vk(p), pointing from any pixel to the hypothesis and true points. To
address the issue of outlier gradient explosions, smooth L1 Loss was employed to smooth
outliers, and the sum of losses for all key points was used as the loss function for key
point prediction.

Loss = ∑K
k=1

(
s_L1

(
∆vk(p)x + sL1(∆vk(p)y)

(10)
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Loss(abs) = ∑K
k=1

(
|∆vk(p)x|+

∣∣∣∆vk(p)y

∣∣∣) (11)

The same loss function results can be caused by position offsets and scale differences.
To reduce interference caused by scale changes, the distance from the hypothesis points to
the center point was added as a reference. The absolute value of the sum of ∆vk(p) in the
horizontal and vertical directions, denoted as Loss(abs), was used as a reference; under the
same loss condition, the smaller the Loss(abs), the greater the scale change.

4. Experimental Results and Analysis
4.1. Dataset

Commonly used datasets for 6D object pose estimation include LineMOD, LineMod-
Occlusion [22], and T-LESS [23]. The LineMOD dataset contains RGB-D image data and
corresponding labels for multiple small geometric objects with complex shapes, countering
challenges such as weak object texture features, complex background environments, and
varying lighting conditions. In this study, we not only conducted pose estimation tests
on the LineMOD dataset but also designed new datasets using 3D cameras, including an
airplane model dataset and a car model dataset, to determine the accuracy improvements
of our method for multi-type, multi-scale object pose estimation. These two datasets also
present various challenges, including significant scale changes, weak texture features,
blurry images, lighting variations, and incomplete objects.

The assembly of the self-built datasets followed the production process used for the
LineMOD dataset. Images of objects were captured from various angles in various poses
under different lighting conditions using an RGB-D camera (Realsense2). This process
yielded RGB images, depth images, and intrinsic camera parameter data for the objects.
Aruco markers in the images were used for registration between pairs of images, and
the matrix transformation between two sets of points was calculated. Through iterative
registration and optimization, a globally consistent transformation was generated, producing
pose change files (4 × 4 homogeneous matrices) for each image relative to the first frame.
The depth image data were converted into point clouds and denoised. Meshlab, a mesh
processing tool, was used to remove unwanted scene content, as shown in Figure 6. Finally,
based on the pose changes and processed mesh, relocalization was performed to compute the
2D projection information of the new mesh in the camera’s coordinates. Corresponding pixel
masks (Figure 7) and label files representing the true pose information were generated.
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Figure 7. Generated mask images: (a) car model, (b) airplane model.

In the experiments, RGB images were used for training and testing, while depth
images were used to obtain point cloud data to reconstruct 3D models. It should be
noted that there may have been some differences in label accuracy between the self-built
dataset and the LineMOD dataset, which may have resulted in the 2D projection perfor-
mance being inferior for the self-built dataset compared to the LineMOD dataset in terms
of precision.

4.2. Performance Evaluation Metrics

ADD and ADD-S, respectively, represent the average distance of points and the aver-
age distance of the nearest points, and are the most used evaluation metrics for rigid object
pose estimation. ADD measures accuracy by computing the average distance between
the 3D model points predicted by the pose estimation algorithm and the corresponding
annotated model points. ADD-S extends ADD by considering symmetric objects and
calculates distances based on the nearest point criterion for symmetric objects. The errors
in translation and rotation for ADD(-S) metrics depend on the size and shape of the rigid
body, and a threshold of 10% is typically set on the model’s diameter. The 2D projection
performance metric measures algorithm accuracy by projecting the model vertices of the
target object onto the 2D image plane and computing the average error between the 2D
projection points predicted by the pose estimation algorithm and the true annotated 2D
vertices. In this paper, we primarily use these two metrics to evaluate the performance of
our method.

4.3. Experimental Results

The experiments were performed on the Ubuntu 18.04 operating system utilizing the
Torch 1.8 deep learning framework with CUDA version 11.1. In terms of hardware, an
Intel(R) Xeon(R) Platinum 8255C twelve-core processor was employed as the CPU, while an
RTX 3090 GPU was used. The performance of the improved method and baseline method
was quantitatively determined on the LineMOD dataset in terms of the ADD(-S) and 2D
projection metrics, respectively, as shown in Tables 1 and 2.

In the experiments on the LineMOD dataset, our proposed method outperformed
most of the baseline methods in terms of the average ADD(-S) accuracy, with an average im-
provement of 1.93% compared to PVNet. Particularly, there was a significant improvement
in pose recognition for objects with relatively large-scale variations, such as apes, cans, and
ducks, with the maximum improvement reaching 13.04%. For the self-built dataset with
lower precision and lower general image quality, the recognition accuracy of the proposed
method was relatively superior, demonstrating better robustness for practical applications.
Similarly, the self-built datasets of airplanes and car models also exhibited relatively large
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variations in object scale, indicating the excellent performance of our method in pose esti-
mation for objects with significant scale changes. As shown in Table 2, the proposed method
outperformed the baseline method in terms of the 2D projection performance accuracy.
However, considering the correlation heatmap between the 2D projection performance
estimation accuracy and the ADD estimation accuracy in Figure 8, where values closer to
1 indicate a higher positive correlation and values closer to −1 indicate a higher negative
correlation, the experimental results suggest that there was no significant correlation be-
tween the 2D projection accuracy and the 6D pose estimation accuracy. Therefore, accurate
2D projection points do not necessarily improve the accuracy of 6D pose estimation.

Table 1. The ADD(-S) accuracy of our method and the baseline method for the LineMOD dataset and
the self-built dataset. The middle column represents the pose estimation accuracy without refine-
ment processing, while the right column represents the pose estimation accuracy after refinement
processing. Datasets labeled with a superscript “+” indicate symmetric object datasets.

Without Refinement Refinement

Method Zhao PVNet DPOD [24] SSPE [25] Ours DPOD+ RePose [26]

Ape 41.2 43.62 53.28 52.5 67.05 87.70 79.5
Benchvice 85.7 99.90 95.34 - 98.46 98.50 100.0

Cam 78.9 86.86 90.36 - 88.24 96.10 99.2
Can 85.2 95.47 94.10 99.2 97.65 99.70 99.8
Cat 73.9 79.34 60.38 88.5 85.86 94.70 97.9

Driller 77.0 96.43 97.72 98.8 93.66 98.80 99.0
Duck 42.7 52.58 66.01 68.7 75.24 86.30 80.3

Eggbox + 78.9 99.15 99.72 100.0 99.72 99.90 100
Glue + 72.5 95.66 93.83 98.5 75.86 96.80 98.3

Hole puncher 63.9 81.92 65.83 88.1 79.46 86.90 96.9
Iron 94.4 98.88 99.80 - 95.23 100.0 100.0

Lamp 98.1 99.33 88.11 - 98.85 96.80 99.8
Phone 51.0 92.41 74.24 - 87.90 94.70 98.9

Aircraft - 71.72 - - 79.80 - -
Car - 83.17 - - 97.34 - -

Average 72.6 85.09 82.98 86.8 88.02 95.15 96.1

Table 2. The 2D projection performance accuracy of our method and the baseline method for the
LineMOD dataset. Datasets labeled with a superscript “+” indicate symmetric object datasets.

BB8 YOLO-6D PVNet Ours

Ape 95.3 92.10 99.23 100.0
Bench vice 80.0 95.06 99.81 99.52

Cam 80.9 93.24 99.21 99.22
Jar 84.1 97.44 99.90 99.90
Cat 97.0 97.41 99.30 99.60

Driller 74.1 79.41 96.92 98.82
Duck 81.2 94.65 98.02 99.05

Eggbox + 87.9 90.33 99.34 98.87
Glue + 89.0 96.53 98.45 98.85

Hole puncher 90.5 92.86 100.0 99.62
Iron 78.9 82.94 99.18 98.98

Lamp 74.4 76.87 98.27 97.70
Phone 77.6 86.07 99.42 99.52

Average 83.9 90.37 99.00 99.20
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In Figure 9, we compare the training curves of the baseline method and our method.
With the same number of training steps, our method converged faster, had a shorter
training time per epoch, exhibited smaller fluctuations when dealing with anomalies, and
demonstrated better generalization. Figure 10 illustrates the intuitive visualization results
obtained using the improved method for both the LineMOD dataset and our self-built dataset.
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Figure 10. Visualization results of pose estimation using our method on the dataset. The green
box outlines indicate the ground truth object pose information while the blue box outlines indi-
cate the estimated object pose information obtained through inference. The top two rows display
the pose estimation results of some objects in the LineMOD dataset while the bottom two rows
demonstrate the performance on the airplane and car model datasets, including the handling of blur,
illumination variations, viewpoint changes, scale variations, and occlusion, as well as instances of
erroneous estimations.

4.4. Ablation Experiment

Table 3 shows the performance of the improved networks trained on the convex dataset
in LineMOD using different numbers of layers and modules, including the ADD and 2D
projection performance, as well as the corresponding network parameters, computational
complexity, and GPU inference time.

As the number of network layers increased, the accuracy of object pose estimation
improved. However, further deepening the network layers due to the increased number of
channels at the end led to a rapid growth in the number of parameters, resulting in less
noticeable improvements in estimation accuracy. Maintaining a certain number of network
layers and reinforcing spatial and channel information by adding coordinate attention at the
end or introducing residual connections within the convolutional network for layers with
the same input and output channels could significantly enhance the estimation accuracy
without a substantial increase in parameters or computational load. The ASPP module,
incorporating an attention mechanism, effectively fused features at multiple scales, further
enhancing the accuracy and robustness of pose estimation, particularly positively impacting
small-diameter object estimation. Considering the superior performance of our method on
the self-built airplane and car model datasets, it can be concluded that this module exhibits
good robustness for significant scale variations.

A comparison of the PVNet method with the lightweight model parameters is shown
in Table 4. The improved method reduced the number of parameters by 57.69%, decreased
the computational load by 31.47%, and reduced the model weight by 57.43%. This makes it
more suitable for deployment on mobile devices and embedded systems, thus expanding
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the application scenarios for object pose estimation. However, in terms of the GPU comput-
ing time, the improved method slightly trailed the original method. This is because the
split two-step calculation mode of depth-wise separable convolution operations does not
fully leverage the benefits of high-performance GPU stream parallel computing, leading to
performance waste and a slight decrease in computational speed.

Table 3. DC stands for networks constructed using depth-wise separable convolution, with the
number indicating the network layers. CA represents the coordinate attention module, Res indicates
convolutional layers with residual connections, and ASPP denotes the ASPP module.

ADD 2D
Projection Params Computational

Cost Time

DC10 54.81 96.57 0.7 M 16.3 B 7.03 ms
DC11 54.51 97.16 0.8 M 16.7 B 7.18 ms
DC15 65.69 98.33 2.5 M 21.9 B 9.13 ms

DC10 + CA 63.43 98.33 0.7 M 16.3 B 7.15 ms
DC11 + CA 62.84 98.43 0.8 M 16.7 B 7.31 ms

DC11 + Res 62.06 97.45 0.8 M 16.7 B 7.36 ms
DC13 + Res 68.33 98.63 1.3 M 16.1 B 7.61 ms

DC13 + Res + CA 77.65 99.12 4 M 27.2 B 11.67 ms

DC13 + Res + CA
+ ASPP 88.24 99.22 5.5 M 49.8 B 14.10 ms

Table 4. Before and after model parameter comparison.

Params Computational
Cost Weight Size GPU Frame

Computation Time

PVNet 13.0 M 72.7 B 148 MB 13.34 ms

Ours 5.5 M 49.8 B 63 MB 14.10 ms

5. Conclusions

In this paper, an improved algorithm was proposed aimed at balancing the accuracy
and simplicity of object pose estimation networks while enhancing the robustness for
scale variations. A lightweight semantic segmentation model using depth-wise separable
convolutions for keypoint detection was constructed, integrating a coordinate attention
mechanism and an improved ASPP module to effectively fuse multi-scale information and
increase receptive fields. As a result, a lightweight object pose estimation network with
both accuracy and robustness was obtained. Through experiments on the LineMOD and
self-built datasets, this method demonstrated certain improvements in average accuracy,
particularly in pose estimation for objects with significant scale variations and low image
quality, compared to baseline methods. Moreover, compared to previous methods, in
this approach, the number of parameters, computational complexity, and weights were
significantly reduced, making it more suitable for deployment on low-performance devices
such as mobile platforms. However, this method exhibited poor recognition accuracy
for the LineMOD glue dataset. Glue is a small, symmetrical object, causing potential
overfitting during training and thus resulting in a decrease in accuracy. On the premise of
not increasing the complexity of the model, we believe that a more efficient and suitable
2D–3D key point solution method can play a significant role in further improving the pose
estimation accuracy.
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