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Abstract: 6D pose estimation is a common and important task in industry. Obtaining the 6D pose
of objects is the basis for many other functions such as bin picking, autopilot, etc. Therefore, many
corresponding studies have been made in order to improve the accuracy and enlarge the range of
application of various approaches. After several years of development, the methods of 6D pose
estimation have been enriched and improved. Although some predecessors have analyzed the
methods and summarized them in detailed, there have been many new breakthroughs in recent
years. To understand 6D pose estimation better, this paper will make a new and more detailed review
of 6D pose estimation. We divided these methods into two approaches: Learning-based approaches
and non-learning-based approaches, including 2D-information-based approach and 3D-information-
based approach. Additionally, we introduce the challenges that exist in 6D pose estimation. Finally,
we compare the performance of different methods qualitatively and discuss the future development
trends of the 6D pose estimation.

Keywords: 6D pose estimation; learning-based approach; 2D-information-based approach;
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1. Introduction
1.1. Overview

6D pose refers to the posture of an object, specifically on the basis of a translation
vector and a rotation vector. 6D pose estimation is an important step in many industrial
tields highly related to another challenge—problem tracking [1]—such as bin picking [2-6],
autonomous driving [7-9], augmented reality [10-12], SLAM (Simultaneous Localization
and Mapping) [13-15] and so on (Figure 1). There have been an increasing number of
applications of pose estimation developed in recent years. Autonomous vehicles use the
technology of 6D pose estimation to recognize roads and obstacles. In the factory, the robots
use the technology of 6D pose to recognize and grab objects. In the field of augmented
reality, 6D pose estimation is used to measure the pose of objects in the real environment
and add the virtual objects onto them in a correct pose. Some previous approaches could
only detect the object and ensure its position, as is the case for GPS (Global Positioning
System) [16] and radar detection [17]. These methods cannot measure the 6D pose of objects
accurately. In industrial developments, higher demands are made for new application
scenarios. Therefore, 6D pose estimation has become a hot topic in industry in recent years.
6D pose estimation uses a number of kinds of information to solve problems. It obtains
texture information, geometric information, and color information to measure the 6D pose
of objects. Due to the development of hardware in recent years, depth information is also
used frequently in 6D pose estimation. However, 6D pose estimation is faced with many
challenges, such as background clutter and inadequate information. Many methods have
been proposed to improve the performance and enlarge the range of applications of 6D
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pose estimation, and many new methods have been proposed in recent years. Additionally,
there are many challenges in the 6D pose estimation field. A deeper comprehension of these
challenges will also help arrive at more practical methods. To understand these methods
and challenges more deeply, more detailed classification and performance evaluation need
to be carried out. This review summarizes some relevant studies published in recent years
and divides these methods into three categories. At the same time, we also analyze the
advantages and disadvantages of these categories and challenges in 6D pose estimation.

Figure 1. 6D pose estimation applied in bin picking and augmented reality.

1.2. Classification

In this paper, the 6D pose estimation approaches are divided into two categories: 1. Learning-
based approach, and 2. Non-learning-based approach. The non-learning-based approach
is divided into two categories: 1. 2D-information-based approach, and 2. 3D-information-
based approach. The classification in this paper is mainly based on the core principle and
the input information of the various methods: Learning-based approaches mainly use
CNN, regression or some other methods based on deep learning to train a learning model
with adequate training data and then obtain the 6D pose estimation result on the basis
of these models. Approaches that do not use deep learning belong to the following two
categories. 2D-information-based approaches mainly use the 2D information of the scene,
such as RGB images. 3D-information-based approaches mainly use the 3D information of
the scene, such as point clouds and RGB-D images. Both 2D-information-based approaches
and 3D-information-based approaches convert the 6D pose estimation into image retrieval.
The two types of approach both calculate the key points or key features and match the
input image with the most similar image in the dataset according to the key points or
key features. However, they also have some obvious differences, which will be covered in
following sections.

The main purpose of learning-based approaches is to train a proper model to mea-
sure the 6D pose of an unknown situation according to the training data. Many kinds of
model can be used to measure the 6D pose, such as regression models and CNN mod-
els. There are many classification methods for learning-based approaches, and those widely
accepted among them are introduced in this paper. Keypoints-based approaches adopt
a two-step category to measure the 6D pose, which is easier to implement than other
approaches. Meanwhile, the aim of holistic approaches is to train an end-to-end network
to measure the 6D pose of an object. It sees the image as a whole and tries to predict the
location and orientation of the object in a single step and discretize the 6D space, converting
the pose estimation task into a classification task. However, holistic approaches are more
complex and time-consuming than keypoints-based approaches.
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Challenges

As for 2D-information-based approaches, the main purpose is to find the correlation
between the input image and one of the template images through the 2D information
contained in the image. Actually, 2D-information-based approaches converts the pose
estimation into an image-matching problem. The matching results have a great influence
on the results of the pose estimation. 2D-information-based approaches can be divided
into real-image-based approaches and CAD-image-based approaches according to the kind
of template used. When the approach uses real images as a template, it belongs to the
real-image-based approaches. If the approach uses images generated by CAD model, it can
be regarded as a CAD-image-based approach. In general, CAD-image-based approaches
are more accurate than real-image-based approaches because the images generated by CAD
models contain little noise. However, sometimes CAD models cannot be easily obtained,
so real images are used as a template in such situations.

3D-information-based approaches also focus on the matching between the input and
the dataset; however, they use the 3D information of the object, such as point clouds
and RGB-D images. 3D-information-based approaches can be divided into two categories.
The main idea of matching-based approaches is to match the input image and the template
directly and to take the 6D pose of the matched template as the pose estimation result
of the input image. Local descriptor-based approaches measure the 6D pose using the
correspondence between the descriptor of input images and templates. Matching-based
approaches require large storage to save enough templates to ensure the accuracy of pose
estimation, and the more templates it has, the more accurate the pose estimation result
will be.

1.3. Challenge

Although great progress has been made in the research of 6D pose estimation in
recent years, there are still some challenging problems to be solved in practical application.
When the background is messy, the viewpoint and illumination change greatly, or the
scene has less texture, the accuracy and the robustness of 6D pose estimation needs to be
improved. Learning-based approaches are relatively robust in these conditions. However,
2D-information-based approaches and 3D-information-based approaches do not perform
well. However, for learning-based approaches, adequate training data and training time
are required, and challenges related to the requirement of offline training and practicality
are also problems to be solved.

1.4. Structure Layout

As shown in Figure 2, the rest of this paper can be divided into four parts: First, we in-
troduce some research contributions in recent years in the three approaches and describe
the advantages and challenges they are faced with in detail. We introduce learning-based
approaches in the second section, 2D-information-based approaches and 3D-information-
based approaches in the third section. Next, we focus on the challenges of 6D pose estima-
tion. Then we compare the three approaches qualitatively. Finally, we give some views on
the future development of the 6D pose estimation.
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Figure 2. Structure layout of the review.
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2. Learning-Based Approaches

In recent years, machine learning-based algorithms have become a hot topic due to
new concepts’ emergence, such as deep learning and neural networks. Many scholars
have applied machine learning-based methods to 6D pose estimation and achieved good
results. Posenet [18] is a monocular 6D relocalization system that trains a convolutional
neural network (CNN) to regress 6D poses. The network transformed the problem of 6D
pose estimation into a regression problem for which the input is a single RGB image and the
output is the camera’s 6D pose by using an end-to-end approach. To address the limitation
of the lack of training data, a method was proposed that could generate large regression
datasets of camera pose automatedly based on structure from motion. Crivellaro [19] also
trained a CNN (Figure 3) to predict the 6D poses of objects that are partially visible. The
key idea of the method was to predict the 3D-2D projections of feature points on each part
of the object. When the test image is partially visible, the method could measure the 6D
pose according to the feature points of visible part. When the test image is fully visible,
the method is able to achieve more accurate results by combining all the feature points of
the part. Particle Swarm Optimization (PSO)-based methods [20,21] demonstrate superior
performance compared to Iterative Closest Point (ICP) algorithms. Hoang et al. [22] com-
bined CNN with Simultaneous Localization and Mapping (SLAM), which improved the
method [23] by adding a 6D object pose detector and measuring the 6D pose from different
viewpoints to achieve a robust object detector system. However, there is a special problem

for 6D pose estimation methods based on deep learning.
I

1024 units Output
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Figure 3. Architecture of the CNN predicting the projections of the control points.

Symmetrical objects” 6D poses (Figure 4) are difficult to measure correctly using
normal deep learning methods [24], because the 6D pose of an object does not change
from a fixed point of view when it is rotated 180 degrees. However, their actual ground
truth is obviously different. For instance, if a network is trained to predict the pose using
the squared loss between the ground truth poses and the predicted poses, it will con-
verge to a model predicting the average of the possible poses for an input image, which
is of course meaningless. Pitteri et al. [25] proposed an efficient method combined with
Faster-RCNN, which relies on the normalization of the pose rotation. Manhardt et al. [26]
proposed a method that was able to detect the rotation ambiguities and characterization of
the uncertainty in the problem without further annotation or supervision. Zhang et al. [27]
used the rigid transformation-invariant point-wise features of the point clouds as input fea-
tures and used a hierarchical neural network that combined global point cloud information
with the local patches to predict the key point coordinates.

2.1. Keypoint-Based Approaches

Keypoint-based approaches establish 2D-3D correspondences between images and
then measure the pose according to these correspondences [28-30]. The procedures for
keypoint-based approaches can be divided into two steps: 1. extract the 2D feature points
in the input image; and 2. regress the 6D pose results using a PnP algorithm. BB8 [31]
leveraged CNN to predict the 2D projections of eight vertices of the 3D bounding box of
the object (Figure 5). To solve the challenges presented by textureless symmetrical objects,
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BBS8 restricted the range of the rotation angle of the training data and used a classifier to
predict the rotation angle during the estimation step. However, when the object is partially
invisible, BB8 may not obtain the correct 3D bounding box, which would have an adverse
influence on PnP. To solve this problem, Hu [32] et al. proposed a method that segmented
the image into several patches and made them predict both to which object they belonged
and where the 2D projections were. Then, all the patches belonging to the same objects
would be combined to measure the 6D pose based on PnP. Because each patch of the
object is used to measure their respective local pose, this method was able to perform
well when faced with occlusion. PVNet [33] predicted the direction of each pixel to each
keypoint; thus, the spatial probability distribution of 2D key points can be obtained in
a manner like RANSAC. According to the distribution, uncertainty-driven PnP could be
used to measure the 6D pose. Predicting the direction of pixels and keypoints makes the
local features more prominent. Even if one feature point is invisible, it can be positioned
by means of another visible part. Jeon et al. [34] proposed a method involving learning
orientation-induced primitives, rather than employing 3D bounding boxes, and calculated
the rotation and translation vector in different modules. The methods mentioned above are
all two-step-based; however, Hu [35] revealed the weakness of this kind of method. First,
it is not an end-to-end system. Additionally, the loss function of the neural network cannot
represent the accuracy of 6D pose estimation. Therefore, Hu et al. proposed a single-stage
6D pose estimation method that could directly regress the 6D pose on the basis of groups
of 3D-to-2D correspondences associated with each 3D object keypoint.

Figure 5. The red bounding boxes for the pose estimation results using BBS.
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2.2. Holistic Approaches

Unlike keypoint-based approaches, holistic approaches are an end-to-end architecture
that can be faster than keypoint-based approaches. Kendall et al. [36] proposed PoseNet,
which firstly applies the CNN architecture to 6D pose estimation, and found that it was able
to adapt well to the environment. Liu et al. [37] proposed SSD, which was the first method
to associate bounding box priors with the feature maps of different spatial resolutions in
the network that was able to detect objects in images using a single deep neural network.
This method improved accuracy and retained a low time cost. Kehl et al. [38] proposed
SSD-6D, which extended the SSD method to 6D pose estimation and allowed for easy
training and handling of symmetries. Do et al. [39] proposed the deep-6DPose network, the
detection and segmentation in which leverage the Region Proposal Network (RPN) [40]
based on Mask R-CNN [41]. In pose estimation, it decouples the parameters into translation
and rotation so that the rotation can be regressed via a Lie algebra representation. However,
because the network uses the ROIs from RPN as inputs and predicts the 6D pose of the object
in ROIs, the network was not able to work well when measuring the 6D pose of small or
symmetrical objects. To overcome this problem, Xiang et al. [42] proposed a new network
PoseCNN. This method calculated the translation vector by ensuring the center of the
objects in the image and estimating the distance between the center and the camera. Then it
calculated the rotation matrix by regressing to a quaternion representation. Additionally,
it especially employed a novel loss function for symmetric objects. The method was able to
handle occlusion and symmetric objects in cluttered scenes with RGB or RGB-D images
as input.

2.3. RGB-D-Based Appraoches

Compared with the learning-based approaches mentioned above, which only use
the RGB information, RGB-D-based learning approaches combine color information and
depth information to measure the pose of objects, and are able to solve the problem of
insufficient information in approaches that only use color information. Additionally, due to
the emergence of lots of RGB-D datasets, an increasing number of studies on RGB-D-based
learning approaches are being performed. In [43], Wang et al. proposed a novel method
named DenseFusion that provided a two-stage method for measuring the 6D pose. In the
first stage, DenseFusion uses a heterogeneous network to deal with the RGB data and point
cloud data, and to save their original structure. In the second stage, a full convolutional
network is used to map each pixel in RGB crop to colored feature space and uses a network
based on PointNet to map each point in the point cloud to geometrical feature space. Then it
merges the feature points in the colored feature space and the geometrical feature space and
outputs a 6D pose estimation result. In addition, it finally refines the result by loop learning.
In [44], Chen et al. proposed a 6D pose estimation framework named G2L-Net. Firstly,
it extracts the coarse point cloud from RGB-D images. Then, the point cloud is added
into the network to achieve 3D segmentation and object translation predictions. Finally,
the fine point cloud is transferred into a local canonical coordinate to estimate initial object
rotation. In [45], PVN3D was proposed, in which the method based on 2D key points was
extended to 3D key points, making full use of geometric constraint information of rigid
objects and improving the accuracy of the 6D estimation significantly. In [46], a method
named CosyPose was proposed, which used multiple cameras to estimate 6D pose. Firstly,
it estimates the 6D pose of objects in each image and then matches the individual 6D
object pose hypotheses across different input images in order to jointly estimate the camera
viewpoints and 6D poses of all objects in a single consistent scene.

2.4. Conclusions

In this section, we introduced learning-based approaches and classified the appraches
into three categories: keypoints-based approaches, holistic approaches, and RGB-D-based
approaches. Keypoints-based approaches are two-step approaches that extract 2D-3D point
pairs and then use PnP to calculate the 6D pose of the object. Holistic approaches use an end-
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to-end structure to measure the 6D pose, which is faster and more robust than keypoints-
based approached. RGB-D-based learning approaches combine color information and
depth information to achieve a more accurate and robust 6D pose result.

The comprehensive performance of learning-based approaches is better, as can be seen
in the Amazon Robotic Challenge. The first Amazon Robotic Challenge was held in 2015 in
the USA [47]. The competition presents a challenging problem that integrates many fields,
including pose estimation. Many teams use learning-based approach and obtain robust
results. In [48], the researchers presented a method for multi-class segmentation from
RGB-D data. Objects were segmented by computing the possibility of each pixel belonging
to each object by using a network. However, learning-based approaches still have some
weaknesses. They require plenty of storage for storign training data and enough time to
train the model. In conclusion, there are three challenges facing learning-based approaches.
Firstly, the approaches require plenty of training data to train the model. Secondly, they
require plenty of time to train the model before online use. For some complex objects that
need much training data, this may take serval hours or even several days to train the model,
thus restricting the possible applications of such approaches. Finally, these approaches
cannot perform well when measuring poses that do not exist in the dataset.

3. Non-Learning-Based Approaches
3.1. 2D-Information-Based Approaches

Compared with 3D information, 2D information can be obtained more easily by
simpler devices such as Charge-Coupled Device (CCD) cameras, Complementary Metal
Oxide Semiconductor (CMOS) cameras, or even color cameras that can obtain the color
information of objects. There is much 2D information that can be used to measure the 6D
pose of objects, for instance, geometric information, texture information, color information,
and so on. Scale-invariant feature transform (SIFT) features [49] and speeded up robust
features (SURF) [50] are the early and classical features for pose estimation based on
the texture of objects. SIFT and SURF features are both reliable and can achieve precise
matching; however, they rely on the texture information of objects. Therefore, they cannot
be used to solve the pose estimation of textureless objects. Zhang et al. [51] used geometric
information, which does not rely on texture, to solve the pose estimation problem of
textureless objects. E. Miyake et al. [52] combined the color information in the 6D pose
estimation to improve accuracy and robustness. 2D information is extracted for the matching
of the template. According to the dimensions of the template, approaches based on 2D
information can be divided into two categories: 1. CAD image-based methods; and 2. real
image-based methods.

3.1.1. CAD Image-Based Approaches

In contrast to real image-based approaches, CAD image-based approaches are more
suitable for industrial products. The virtual images (used as templates) generated by CAD
models are more accurate than real images, as the render process is not affected by il-
lumination or blur. Moreover, CAD models can be obtained in industrial applications.
Therefore, many methods based on 3D CAD model have been proposed. A hierarchi-
cal model [53] has been proposed (Figure 6), combining a coarse-to-fine search with
similarity scores [54] calculated between a template and a real image or between tem-
plates. In [55], a perspective cumulated orientation feature (PCOF) was proposed based
on the orientation histograms extracted from randomly generated 2D projection images
using CAD models. Mufioz et al. [56] proposed the use of edge correspondences to esti-
mate poses, with a similarity measure encoded using a pre-computed linear regression
matrix. The Fine pose Parts-based Model (FPM) [57] was introduced to localize objects
in an image, and to estimate their fine pose using the given CAD models. Pei et al. [58]
proposed a robust method that only used one pair of vanishing points and one structural
line to estimate the relative pose between image pairs. Peng et al. [59] proposed a method
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which used several cameras to detect geometrical features and then combined their results
to obtain the final result.
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Figure 6. Object recognition using the hierarchy of views.

In [60], the Epipolar Geometry method and direct estimation method were used to
estimate the 3D parameters, which were then used to construct the transformation ma-
trix. In [61], 6D pose estimation was used in augmented reality. A local moving edge tracker
was used to provide real-time tracking of points normal to the object contours. In addition,
an M-estimator was used, integrated with a robust control law, to obtain good robust-
ness. Straight lines and curves were both used in this method to complement the virtual
visual servoing. In [62], 6D pose estimation was used for end effector tracking in a scanning
electron microscope to aid in enabling more precise automated manipulations and measure-
ments. Visible line features were also used to update the pose results. Kemal et al. [6] pro-
posed a CAD model-based tracking method for visually guided microassembly. They used
multiple cameras to track objects and find feature points along the edges of objects. Then,
the 3D-3D for each feature point was built, and the 6D pose was calculated.

Whether real images or CAD models are being used as the template, the performance
of the matching step determines the accuracy of pose estimation. Improving the efficiency
and accuracy of template matching has become an important problem to ensure the results
of pose estimation.

Additionally, the number of templates influences the accuracy of the pose estimation.
The more templates there are, the more accurate the pose estimation will be. However, a large
number of templates requires lots of storage and search time. In [63], a part-based efficient
template matching method was proposed which was able to accelerate the matching step
and improve the accuracy of pose estimation. Each of the templates leveraged a different
forest and independently encoded similarity function.

3.1.2. Real Image-Based Approaches

Although it is possible to achieve precise results when using 3D CAD models, some-
times accurate 3D CAD models cannot be obtained. Therefore, real images are used as
the template under these conditions. The histogram of gradients (HoG) [64] is a popular
method that is computed on a dense grid with uniform intervals for better performance.
Guo et al. [65] used multi-cooperative logos to measure 6D pose. Hinterstoisser [66] pro-
posed a method including a novel image representation for template matching designed
to be robust to small image transformations. It used the gradient orientation of the edges
of objects to create templates. The method was able to be extended if 3D information was
available. However, because obtaining adequate real image templates is time-consuming
and challenging, and generating the images by CAD model is becoming easier, there is not
much research on real image-based approaches.
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3.1.3. Conclusions

In this part, we introduced 2D-information-based approaches and classified the ap-
proaches into two categories: CAD image-based approaches and real image-based ap-
proaches. The difference between them is which type of template is used. CAD image-based
approaches require a CAD model of the object, but templates can be generated conveniently.
Real image-based approaches use real images as templates, but if there is clutter in the real
images, the information may be extracted incorrectly.

Compared with 3D-information-based approaches, 2D-information-based approaches
are less robust, because these approaches use 2D information, which has less data than
3D information. Additionally, complex scenes have a bad influence on the performance
of these approaches. The biggest weakness for 2D-information-based approaches is that
they are not able to adapt to some special scenes, such as scenes with strong changes in
illumination, large numbers of repeated structures, textureless scenes, and so on.

3.2. 3D-Information-Based Approaches

Although there are many kinds of 2D information, it is difficult to use 2D information
to measure the 6D pose under some special conditions, or the method requires complex
algorithms to obtain precise results. With the development of hardware, more and more
devices that can record 3D scene information are appearing, such as depth cameras [67] and
3D scanners [68]. Compared with 2D information, 3D information preserves the original
appearance of the object, which is more useful for measuring 6D pose [44,69]. Combined
with 3D information, the method is more robust and can obtain more accurate results.
Mainstream methods can be broadly divided into the following two categories.

3.2.1. Matching-Based Approaches

The aim of matching-based approaches is to search for the most similar template in the
dataset and return the 6D pose of the template. Because the 3D original data is always too large,
processing these data directly can be computationally expensive. Therefore, many preprocess-
ing methods have been proposed to reduce the complexity of the task. Zhang et al. [70]
proposed two methods for solving this problem. One was to use a 2D/2.5D object detector
for scene point clouds. YOLO was used to segment the scene point cloud with 2D bounding
boxes due to their lower time consumption. The other preprocessing method was to extract
the keypoints in the template point clouds. Points with more information, such as the
points on edges, were preserved and points on surfaces were removed in order to compress
the point cloud. Konishi et al. [71] combined PCOF-MOD (multimodal PCOF), balanced
pose tree (BPT), and optimum memory rearrangement into 6D pose estimation to optimize
data storage structure and lookup speed. To improve the accuracy of matching, Park [72]
et al. proposed a novel multi-task template matching (MTTM) framework that finds the
nearest template of a target object from an image while predicting segmentation masks
and a pose transformation between the template and a detected object in the scene using
the same feature map of the object region. In [73], research was carried out on tracking
and control for micro-electro-mechanical system (MEMS) microassembly. The correlation
between the real-time 3D vision tracking method and the control law based on 3D vision
was demonstrated, and a pose-based visual servoing approach was used to to enable
a precise regulation toward zero of 3D error.

3.2.2. Local Descriptor Approaches

Approaches based on the local descriptor define and calculate a global descriptor on
the model offline. The global descriptor should be invariant with respect to rotation and
translation. Then, the local descriptor is calculated and matched with the global descriptor
online. The iterative closest point (ICP) [74,75] algorithm is a classical one that is able to
calculate the pose relation between two coordinates according to two sets of point clouds. 6D
pose can be measured by the correspondence between them or as the result of voting. Guo
et al. [76] proposed a global method named Super Key 4-Points Congruent Sets (SK-4PCS),
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combined with invariant local features of 3D shapes, thus reducing the amount of processed
data. Akizuki et al. [77] proposed a method aimed at everyday tools that does not rely
on the 3D model of the measured object. It assumed that the same kinds of tools possess
the same part-affordance. Therefore, using the 3D models for similar kinds of object, the
method was able to measure the pose of objects belonging to this kind on the basis of
the spatial relationships of part-affordance. Yu et al. [78] used the improved Oriented Fast
and Rotated Brief (ORB) [79] feature and rBRIEF descriptor (a descriptor developed based
on binary robust independent elementary features (BRIEF) [80]) to obtain a coarse match,
and then culled mismatches to retain more correct matches. They also proposed a hybrid
reprojection errors optimization model (HREOM) to improve the accuracy of the result by
minimizing 3D-3D and 3D-2D reprojection errors. To measure the 6D pose of large-scale
objects that are partially visible, David et al. [81] proposed a method based on semi-global
descriptors. They used semi-global descriptors for scene segments and model views in
combination with up-sampling and segment label merging techniques and obtained more
reliable results than with other descriptors.

3.2.3. Conclusions

In this part, we introduced 3D-information-based approaches and classified the ap-
proaches into two categories: matching-based approaches and local descriptor approaches.
Matching-based approaches are more computationally expensive; however, local descriptor
approaches require some preprocessing oofline.

The biggest weakness for approaches based on 3D information is that they do not
perform well when the object is reflective, which is due to how the approaches work. When
measuring the 6D pose of reflective objects, these approaches are not able to obtain the
depth information (or accurate point clouds) of the object. Additionally, another weakness
is that the efficiency of this approach is relatively low, because point clouds and depth
images include a lot of data, causing computational burden.

4. Comparison

In this section, we will compare these approaches in detail according to their perfor-
mance in Table 1. Specifically, the accuracy, the storage cost, the robustness, the time cost,
online performance and range of application will be discussed. The mentioned indicators
are compared qualitatively in Table 1 according to the information in these papers, where
A represents the best performance and C represents the worst performance.

Table 1. Comparison of three kinds of approaches.

Storage . Online Range of
Accuracy Cost Robustness Time Cost Performance  Application

Keypoint-based approaches B B B C C B

Learning-based Holistic approaches C B B B B B
approaches

RGB-D-based approaches A C A C C C

Non-learning-based 2D-information-based approaches B A C A A A

approaches 3D-information-based approaches A B B B B C

Accuracy: The accuracy of holistic approaches is worse than that of 2D-information-
based approaches and 3D-information-based approaches. This is because holistic approaches
transform the problem of 6D pose estimation into a problem of classification. The accuracy
of classification decides the accuracy of 6D pose estimation. However, RGB-D-based ap-
proaches use more comprehensive information. The depth information is able to provide
the overall morphology of a rigid body, while the color information is able to describe the
position of keypoints. Therefore, RGB-D-based approaches that combine depth information
and color information are able to improve the accuracy. 2D-information-based approaches
and 3D-information-based approaches convert the 6D pose estimation problem into a tem-
plate matching or coordinate transformation problem. Both of them are able to measure the
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6D pose more specifically. 3D-information-based approaches use more information than
2D-information-based approaches, so they perform better on accuracy.

Robustness: Robustness in this paper mainly refers to the anti-interference performance
of approaches to noise and environmental changes. Plenty of data is used to train a network
in learning-based approaches. The model adequately considers the information and situation
in the input scene, so learning-based approaches have better robustness than the other two
approaches. Additionally, using only color information may lead to missing keypoints,
while depth information provides some global pose information and is complementary to
color information. After a long period of training, learning models are able to distinguish
object features and environmental noise. Although the other two approaches are also able
to distinguish information from the environment efficiently, some wrong information may
be taken into consideration under some complex situations where background clutter and
foreground occlusion are present.

Storage cost: Learning-based approaches need the most storage because the training
process of the learning models needs plenty of data. The other two approaches need to
store templates. However, the number of templates is lower than the training data required
for learning-based approaches. In particular, for coarse-to-fine methods, which just need to
match a basically similar template with the input image, much fewer templates are needed.
In terms of a comparison between 2D-information-based approaches and 3D-information-
based approaches, the former needs less storage, because 2D information is smaller than
3D information.

Time cost and real-time performance: Because the time an approach takes determines
the real-time performance of the approach, the two indicators are discussed together in
this part. Learning-based approaches can be divided into two steps: offline training and
online measuring. The offline step is time-consuming because it needs to train a model using
plenty of data, which means that repeated calculations are necessary, although a GPU could
accelerate the training process. However, in the online step, the 6D pose can be measured
directly by the trained model, which costs very little time. 2D-information-based approaches
and 3D-information-based approaches an also be divided into an offline step and an online
step. In the offline step, many templates are generated from different angles (however,
there are also some methods that do not need a lot of templates). Meanwhile, in the online
step, the proper template needs to be retrieved from template dataset, which is a little
time-consuming. Therefore, in the online step, the real-time performance of learning-based
approaches is the best. 2D-information-based approaches cost less time than 3D-information-
based approaches because the retrieval of 3D information is more time-consuming,.

Range of application: Due to their principle, 3D-information-based approaches are not
able to handle the problem of 6D pose estimation of reflective objects. However, such objects
are common in industry, such as metal parts. Learning-based approaches need plenty of
time to train a network, which may not satisfy the requirements of real-time performance.

In this section, we compared the approaches with respect to six different aspects. In gen-
eral, learning-based approaches have the best robustness, but these approaches need lots of
storage to save training data and plenty of time to train the model. 3D-information-based
approaches achieve the most accurate results, but they cannot be used on reflective ob-
jects. The range of application of 2D-based approaches is the widest; however, 2D informa-
tion is easily affected by the environment. Therefore, the three approaches all have their
advantages. In different situations, different approaches are needed.

5. Challenges
5.1. Textureless and Reflective Objects

As a special case in pose estimation, the pose estimation of textureless objects is
challenging. Due to the lack of reliable texture information on the surface of such objects,
it is difficult to extract feature points on them. Therefore, many methods based on the
surface texture information of objects cannot effectively measure the 6D pose of such objects.
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However, textureless objects are common in industry. Therefore, the pose estimation of
textureless objects is very important.

Zhang et al. [82] transformed sliding windows to scale-invariant RGB-D patches and
applied a hash voting-based hypothesis generation scheme to compute a rough 6D pose
hypothesis and then employed particle swarm optimization to improve the result, which
achieved high precision and good performance on three datasets. Pan et al. [83] coarsely
segmented the object in the point cloud and precisely measured the pose results in the gray
image using a view-based matching method.

The methods mentioned above used a depth camera or 3D scanning device to obtain
the depth image or the point cloud of objects. However, for objects with reflective surfaces,
such as metal parts, depth information is hard to acquire. Therefore, some other kinds
of information are used in pose estimation. Geometrical information is a reliable kind
of information for textureless objects. Based on the above perspective, He et al. [84] pro-
posed a new method (Figure 7) making full use of the geometrical information of objects.
It used geometric features, such as straight lines, to generate descriptors of the objects,
and proposed the GIIBOLD algorithm for matching the input image and the template
image. Furthermore, accurate 2D-3D point pairs were acquired on the basis of the matched
geometric features. Finally, the 6D pose was measured using the PnP-RANSAC algorithm.
This method leveraged simple geometrical information, achieving fast matching and accu-
rate measurement without the requirement for plenty of storage and time. Zhang et al. [85]
first detected the object in the RGB image using a 2D bounding box and then measured the
pose result in the edge image. Pan et al. [86] used multiple appearance features including
color, size and aspect ratio to distinguish objects from environmental clutter and measured
the 6D pose. Zhang et al. [51] proposed a novel method for measuring textureless objects
on the basis of RGB images. It followed a coarse-to-fine procedure, using only the shape
and contour information of the input image. Several template images with poses similar
to the input image were selected to match with the input. Then the contour and shape
information, specifically the ORB features, were used to establish 2D-3D correspondence
and finally to calculate the 6D pose. On the basis of the studies above, without reliable
texture information, there are many kinds of information can be leveraged, such as con-
tour, color, shape, and so on. Accurate results can be obtained through the proper use of
this information.

1 offline

Online

L Line matching
=N

pointsd matching P "P'

1
1
1
1
1
\ 1
1
1
1
1

Figure 7. The overall workflow chart.

5.2. Foreground Occlusion

In complex industrial scenes, the condition of object occlusion appears frequently.
Because the target is obscured by other objects, the recognition of the target’s features is
disturbed. In addition, due to part of the object information being missing, it is difficult to
calculate accurate pose results. As a common condition, object occlusion has been studied
by many researchers.
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Crivellaro et al. [19] proposed a method for representing the pose of each part on the
basis of the 2D reprojections of a small set of 3D control points. It was able to predict the 6D
pose of the object by predicting the pose of the visible part through the reprojections of 2D
control points. Even if the object was only partially visible, the method was able to calculate
the 6D pose of the object. If the object had several visible parts, the method was able to com-
bine all the information and obtain more accurate results. Distinct from the method above,
Dong et al. [87] used 3D information as input and chose an end-to-end strategy. They pro-
posed a novel network named Point-wise Pose Regression Network (PPR-Net). For each of
the points in the point cloud, the network regressed a 6D pose of the object instance that the
point belonged to. In the pose space, a clustering method was adopted in order to segment
multiple instances from the clutter point cloud, and an instance’s pose can be computed
by averaging each subsidiary point’s pose prediction. Essentially, the method used the
information of visible parts to predict the pose of the object. The more parts of an object that
could be seen, the more reliable the results obtained. Chen et al. [88] proposed a network
which took the point cloud as input and regressed the point-wise unit vectors pointing
to the 3D keypoints. Then the vectors were used to generate keypoint hypotheses from
which 6D object pose hypotheses were computed. Tekin et al. [28] predicted the 2D image
locations of the projected vertices of the object’s 3D bounding box and used a PnP algorithm
to estimate the object’s 6D pose. Taking RGB-D images as input, Zhang et al. [89] combined
holistic and local patches to measure the 6D object pose and obtained high precision and
good performance under conditions of foreground occlusion and background clutter.

In conclusion, the principle of the method for dealing with object occlusion is to use
the information of any visible parts to predict the 6D pose of the whole object. Generally,
the number of methods to achieve this based on 3D information is greater than the number
of those based on 2D information. In addition, among the methods based on 2D information,
it is more appropriate to use outer information such as bounding boxes and contours.
Because inner information, such as the texture, is occluded by other objects, the extraction
of the information is affected to a great extent.

5.3. Background Clutter

Background clutter is also a challenge in 6D pose estimation. Because the target is
surrounded by much useless information, it is difficult to measure the 6D pose directly.
However, due to the complexity of practical scenarios, there are many conditions under
which it is necessary to measure the 6D pose of objects in clutter.

He et al. [41] proposed Mask R-CNN, which efficiently detected objects in an image
while simultaneously generating a high-quality segmentation mask for each instance.
It extended Faster R-CNN by adding a branch for predicting an object mask in parallel
with the existing branch for bounding box recognition. Mitash et al. proposed a method for
measuring the 6D pose of objects in clutter. A global optimization process was employed to
improve candidate poses by taking into account scene-level physical interactions between
objects. Then, the combinations of candidate object poses were searched using a Monte
Carlo Tree Search (MCTS) process that used the similarity between the observed depth
image of the scene and the rendering of the scene given the hypothesized pose as a score,
guiding the search procedure. Li et al. [90] proposed a two-step method for measuring
the 6D pose. The first step was few-shot instance segmentation to segment the known
objects from RGB images. Chen et al. [91] proposed a method based on point clouds that
detected objects in an end-to-end manner. They introduced a point cloud-based 6D target
object detection method that used segmented object point cloud patches to predict object
6D poses and identity. It used a point cloud segmentation procedure that was easier to
visualize and tune in order to overcome the problem caused by background clutter.

5.4. Deformable Objects

The 6D pose estimation of deformable objects is a huge challenge in the field, because
the posture of the objects is unpredictable and there are many ways for the objects to
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deform. Thus, lots of conditions need to be taken into consideration, resulting in pressure
on the algorithm and calculation.

Liet al. [92] proposed a novel method that was able to classify and estimate the
categories and poses of deformable objects. They simulated the deformable objects and
obtained the depth images from different viewpoints in different postures as a dataset.
By extracting features and using deep learning, they set up a codebook for the object, which
could be used in training process. This method uses learning-based approaches and sets up
a two-layer framework to solve the problem of 6D pose estimation. Lots of storage space is
needed, but the method would be robust in such complex situations. In [93], a predictive
and model-driven approach was proposed to solve this problem. A dataset was built up by
using the picked-up garments in multiple poses under gravity. The dataset was orginized in
an efficient way, increasing the speed of the searching process. The proposed method con-
structed a fully featured 3D model of the garment in real time and used volumetric features
to obtain the most similar model in the database in order to predict the object category and
pose. Accurate model simulation could also be used to optimize the trajectories of the ma-
nipulation of deformable objects. Caporali et al. [94] proposed a four-step method to solve
this problem of grasping clothes by using a point cloud. Firstly, the instance segmentation
was performed, and then a wrinkledness measure was implemented to robustly detect
the graspable regions of the cloth. Next, the identification of each individual wrinkle was
accomplished by fitting a piecewise curve, and finally a pose for each detected wrinkle
was estimated.

5.5. Conclusions

In this section, four challenges were discussed. For reflective objects, 3D-information-
based approaches cannot accurately measure their pose. For textureless objects, only the
geometrical features can be extracted for calculating the 6D pose of objects. Faced with
foreground occlusion, many methods use the visible part to describe the invisible part
of objects and measure their 6D pose. For background clutter, instance segmentation is
used to separate the object, and then the 6D pose is measured. For deformable objects,
images of the objects are captured in different poses in different views and a dataset is set
up. The best matching is found in the dataset when measuring the pose of objects.

6. Conclusions

This paper divided solutions of 6D pose estimation into three kinds of approaches and
made some detailed introductions to their advantages and disadvantages. Then, this paper
focused on the challenges in 6D pose estimations, introducing the difficulties of these
problems and summarizing some feasible solutions. Finally, some approaches were quali-
tatively compared with respect to several different indicators. Learning-based approaches
achieved the best robustness. However, they are time-consuming and require lots of stor-
age. 2D-information-based approaches are easy to implement and can be applied online.
3D-information-based approaches can achieve higher accuracy than 2D-information-based
approaches, but they require more information (depth information) to be collected and
dealt with, and they cannot measure the 6D pose of reflective objects. Generally, the meth-
ods presented have already satisfied the requirements of industrial application for the 6D
pose detection of general objects. However, these methods cannot maintain their excel-
lent performance under some challenging conditions. In future research, learning-based
approaches should be further developed. On one hand, their robust performance should
be retained. On the other hand, the offline training time should be decreased. These ap-
proaches can also be combined with 2D-information-based and 3D-information-based
approaches to obtain more accurate results.
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