
  

 

Abstract— 6D object pose estimation is an important but 

difficult computer vision task. It has many applications such as 

robotic manipulation and augmented reality. Although a large 

number of 6D object pose estimation methods have been 

developed, there are still many challenges, for example, 

background clutter, foreground occlusion, and lack of annotated 

training samples. To deal with these difficulties, a compact and 

effective algorithm for 6D pose estimation using RGB-D data 

under few-shot condition is presented in this paper. The 

proposed algorithm consists of two stages. The first stage is few-

shot instance segmentation, which segments known objects from 

RGB image. The second stage is 3D matching, which recovers 

the poses of objects from cropped point clouds. Proposed 

segmentation method can achieve satisfactory performance 

using only few labeled samples. Comparison experiments on two 

challenging datasets are carried out, and the results demonstrate 

that the proposed method outperforms the state-of-the-art 

greatly. Recall scores obtained by the proposed method are 74.91% 

and 55.44%, while of the state-of-the-art are 61.87% and 44.92%, 

obtaining 13.04% and 10.52% improvement respectively. 

I. INTRODUCTION 

6D object pose estimation, also known as 6D localization 
or 3D object recognition, is an important computer vision task 
and has many applications such as robotic grasping or 
manipulation, object inspection and augmented reality. The 
goal of 6D object pose estimation is to correctly identify 
objects presented in the input image, and determine their poses 
(i.e. positions and orientations). Challenging factors of 6D 
object pose estimation include sensor noise, foreground 
occlusion, background clutter, large scale change, large pose 
change, multi-instance objects and lack of annotated training 
samples. These factors make this task difficult and be an open 
research problem. 

A large number of methods have been developed to deal 
with the above mentioned challenging factors of 6D object 
pose estimation. Most of them can be categorized into three 
groups: feature-based methods, template matching-based and 
learning-based methods. 

Feature-based methods can be divided into local feature-
based, global feature-based and compromised solution 
between the local and global approaches. The local feature-
based methods [1] use local descriptors that are computed 
locally around key points. There are usually three phases in 
these methods: 3D key point detection, local surface feature 
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description and surface matching. Due to the local nature of 
the feature description, local feature-based methods are 
usually more robust to occlusion and clutter and do not require 
a pre-segmentation step. However, local feature-based 
methods are usually computational intensive and easy to fail 
for symmetrical and similar objects. The global feature-based 
methods [2-5] rely on global descriptors that require the notion 
of objects, hence a segmentation step is needed in the global 
feature recognition pipeline. As a result, global feature-based 
methods should be avoided in scenarios where segmentation 
become challenging or occluded objects need to be recognized 
[6]. Compromised solution between the local and global 
approaches [7-10] follow the traditional local matching 
pipeline while using a global modeling. These approaches rely 
on point pair feature and achieve trade-off between recognition 
accuracy and speed. The point pair feature is four-dimensional 
and defined between pairs of oriented points. This kind of 
methods have shown outstanding performance on multiple 
datasets, winning the SIXD challenge 2017 [11] and at the top 
places in BOP benchmark [12]. From the reported results, we 
can find that there is still a large room to improve.  

Some template matching methods have been proposed for 
RGB-D data, which are based on templates. Templates capture 
different appearances of object under different viewpoints. 
Template matching methods detect object by matching the 
input image to templates and get its pose from the matched 
template. Some examples are proposed in [13, 14]. [13] 
extends image gradients based template matching to RGB-D 
data using quantized surface normal as a depth cue. [14] adopts 
the sliding window paradigm, with an efficient cascade-style 
evaluation of each window location. These template matching 
based methods can work accurately and quickly in practice. 
However, according to the evaluation results in the recently 
released BOP benchmark [12], they also have typical problems 
such as not being robust to clutters and occlusions. 

Learning-based methods utilize supervised machine 
learning models for object recognition and pose estimation. 
Brachmann et al. [15, 16] uses a random forest to predict the 
object identity and location in the coordinate frame of the 
object model for each pixel of the input image, and uses a 
RANSAC-based optimization schema to create a pool of pose 
hypotheses. Based on the multimodal template of Linemod 
[13], Tejani et al. [17] adapt it into a scale-invariant patch 
descriptor and integrated it into a regression forest with a new 
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template-based split function. [18] extracts scale-invariant 
RGB-D patches from a regular grid attached to the input image, 
and describes those patches using features calculated using a 
convolutional auto-encoder. Reviewed learning-based 
methods are evaluated in the recently released BOP 
benchmark [12], and have very low scores on datasets with 
object symmetries and similarities.  

Although many methods have been developed, there still 
remain several challenges to address, such as background 
clutter, foreground occlusion, and lack of annotated training 
samples. To deal with these challenges, two points are 
considered in this paper. Firstly, compared to matching object 
model against whole scene with collusions and clutters, 
matching object model against well segmented object region 
can achieve better pose estimation results. In other words, well 
object segmentation can improve the performance of the 3D 
matching based pose estimation methods greatly. Secondly, 
under few-shot learning condition, i.e., only few annotated 
training samples are available, appropriate augmentation 
strategies can improve the performance of instance 
segmentation obviously. Based on our analysis, we propose a 
two-stage pipeline with few-shot instance segmentation to deal 
with the above-mentioned challenges. The proposed two-stage 
pipeline consists of few-shot instance segmentation stage and 
3D matching stage. The segmentation stage is responsible for 
dealing with clutter and occlusion and segmenting known 
objects. The 3D matching stage recovers 6D pose by matching 
clean segmented point cloud to object model. The lack of 
annotated training samples is solved by our proposed 
augmentation strategies consisting of copy-transform-paste 
synthesis and in-place augmentation. Our main contributions 
are summarized as follows: 

Firstly, we propose a two-stage pipeline for 6D pose 
estimation with RGB-D data, which includes instance 
segmentation and 3D matching. The pipeline is not only 
compact and robust, but also flexible, in which each stage is 
replaceable. (Section II) 

Secondly, our proposed few-shot instance segmentation 
algorithm needs only few labeled samples but can achieves 
satisfactory performance. The copy-transform-paste synthesis 
and in-place augmentation strategy are proposed in this paper 
to augment training examples effectively. (Section II) 

Thirdly, conducted experiments on challenging dataset 
show that our pipeline surpass the state-of-the-art with a large 
margin. (Section III) 

The remainder of the paper is organized as follows. First, 
the proposed method is introduced in details in the next section. 
Then experimental results and analysis are presented in 
Section III.  Finally we draw conclusions in Section IV. 

II. PROPOSED 6D OBJECT POSE ESTIMATION METHOD 

We first describe our method at a high level here. It 
consists of two major stages: (i) the few-shot instance 
segmentation and (ii) the 3D matching. The framework of 
proposed method is shown in Figure 1. RGB image and depth 
image of the same scene are the input data of proposed 
algorithm. In stage1, the few-shot instance segmentation 
detects all known objects and segments them from RGB image. 
Then, in stage 2, the 3D matching method determines the 3D 

positions and orientations of objects from point clouds cropped 
from depth image and segmentation masks. 

 

Figure 1. Our 6D object pose estimation pipeline. Input RGB-D images and 
images of 3D models are from the LM-O dataset [15]. 

Specifically, when a RGB and depth pair is inputted, the 
instance segmentation component detects and segments all 
known objects in the RGB image. And then, given the 
segmentation mask, depth image and camera parameters, the 
point cloud of each segmented object is cropped. To recover 
6D pose of each object, 3D matching component conducts 
matching process on cropped point cloud and corresponding 
3D model of target object. The outputs of proposed method for 
a RGB and depth pair are 6D poses and segmentation masks 
of detected objects in the scene. 

Details of the two major components in the proposed 
method are given in Section II-A and Section II-B. 

A. Stage 1: Few-shot Instance Segmentation 

The first stage of our method, few-shot instance 
segmentation, recognizes the identity of each object, and 
generates a pixel level segmentation mask. After this, the 
object regions of interest can be separated from background 
clutter. In particular, the main instance segmentation method 
is replaceable. There are several available instance 
segmentation frameworks, for example Multi-task Network 
Cascade (MNC) and Mask R-CNN. Given an input RGB 
image I, the output of this stage is a set of n instance masks 
𝐌 = {M1, M2, … ,M𝑛} and an object class k𝑖 ∈ {1, … , 𝐾} for 
each mask. The novel part of our work is the strategies to 
augment training samples under few-shot condition. Two 
strategies are taken in our data augmentation process: (i) the 
copy-transform-paste synthesis and (ii) the in-place image 
augmentation during training. We describe the details as 
follows. 

1) Copy-transform-paste Synthesis 
Motivated by [19], we propose a simple copy-transform-

paste synthesis approach to rapidly collect training samples for 
instance segmentation. Our proposed copy-transform-paste 
synthesis approach can synthesize a large amount of training 
samples while need little time and few human annotations. The 
differences between our synthesis approach and method in [19] 
include two points: one is that our foreground masks are 
obtained from labelled samples directly while those of [19] are 
predicted from collected object instance images with modest 
background. Another point is that, our background images are 
obtained by object removal and in-painting operations from 
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labelled images, while those of [19] are collected manually. 
The two differences make our synthesis process need no extra 
data and is more suitable for few-shot learning condition. 

The main steps of the copy-transform-paste synthesis 
approach are shown in Figure 2. There are three steps in the 
synthesis, (i) copy step, (ii) transform step and (iii) paste step. 
Given few labelled samples, the copy step copies object 
instances as shown in the top row of the left column in Figure 
2. To capture more visual diversity of an instance, the 
transform step including 2D rotation, scaling, occlusion and 
truncation, transforms the copied object instances. Based on 
labelled images, background images are obtained by removing 
labelled object instance and in-painting it using context 
information. The paste step pastes the transformed object 
instances onto background scenes, by which more training 
samples are synthetized. Theoretically, the number of 
synthetized samples can be countless. Some synthetized 
samples are shown in the right panel in Figure 2. 

2) In-place Augmentation 
The above copy-transform-paste synthesis operates on 

object instance level. It is important to augment samples in 
image level. The in-place augmentation augments the training 
samples by flipping vertically and horizontally, conducting 
affine transformations including rotation and scaling, contrast 
normalization, and adding random value to HSV channels. 
The geometrical operations, including flipping and affine 
transformation, manage to simulate multiple scales and 
camera/object rotation changes. The arithmetic operations, 
including contrast normalization and adding, are responsible 
for simple dynamical changes in light conditions and contrast. 
The effects of in-place augmentation are shown as Figure 3. 
The left column is the current training sample which is taken 
as the input of the in-place augmentation operation. After 
augmentation, current training sample is transformed. Some 
possible variations are shown in right column of Figure 3. It is 
worth to be noticed that the output of in-place augmentation 
for the current training sample is only one transformed image. 
That is the reason why the augmentation is named as in-place 
augmentation. 

 

Figure 2. Flow chart of copy-transform-paste synthesis. Input images and 
images of object instances are from the LM-O dataset [15]. 

 

 

Figure 3. In place image augmentation. The input sample image is from the 
LM-O dataset [14]. 

B. Stage 2: 3D Feature Matching 

The second stage, 3D feature matching, recovers the 3D 
position and orientation of each object by matching the cropped 
point cloud to the 3D model of detected object. This component 
is surprisingly replaceable too. Whether global feature based, 
local feature based or compromised solution between the local 
and global approaches can be used in this stage. In this work, 
the Point Pair Features voting approach [9] is utilized, which is 
a compromised solution between local based and global based 
method. In the rest of this paper, we will refer to the used 
method [9] as Drost-10. The reasons to use and compare it are 
twofold: in the first hand, it is one of the first and main practical 
methods presented in 3D matching area; in the other hand, it is 
the basis of top-performing methods in the recently released 
BOP benchmark [12]. Drost-10 matches oriented point pairs 
between the point cloud of the test scene and the object model 
and groups the matches using a local voting scheme. 

 

III. RESULTS 

In this section, various experiments are conducted to 
evaluate the performance of our method. In Section III-A, we 
introduce the experiments setup including dataset, evaluation 
metric and implementation. In Section III-B, we compare the 
performance of the few show instance segmentation 
component under different configuration, and analyze the 
contribution of various modules of our augmentation processes. 
Finally, in Section III-C, we compare the final pose estimation 
performance of our approach to existing state-of-the-art 
methods. 

A.  Setup 

1) Dataset 
In order to evaluate the proposed method, we conduct 

experiments on LM-O (Linemod-Occluded) dataset [15] and 
RU-APC dataset [20]. LM-O was created from the LM 
(Linemod) dataset [13] by providing ground-truth annotation 
for all other instances of the modeled objects in a sequence of 
1214 RGB-D images. There are 9 objects in LM-O. Objects 
and example image of LM-O can be found in the top row of 
the left column in Figure 2. RU-APC dataset includes 14 
textured products from the Amazon Picking Challenge 2015 
[21], each associated with test images of a cluttered warehouse 
shelf. For fair comparison, we use the reduced version of RU-
APC dataset tailored in the recently released BOP benchmark 
[12]. There are two reasons for choosing the LM-O dataset and 
the RU-APC dataset. Firstly, they are the two hardest datasets 
in BOP benchmark [12] and all methods obtain quite low 
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scores. Secondly, challenging factors including clutter and 
occlusion occur in them, which are the focuses of our method. 

2) Metrics 
Metric for instance segmentation. The Pascal Visual 

Object Classes Challenge (abbreviated as PASCAL VOC) 
metric for object detection, mean AP (mAP) [22], is used to 
evaluate the performance of instance segmentation. 

Metric for pose estimation. The Visible Surface 
Discrepancy (e𝑉𝑆𝐷 ) [12] is used as the pose error function, 
which is ambiguity-invariant. e𝑉𝑆𝐷  is determined by the 
distance between the estimated and ground truth visible object 
depth surfaces. As in the BOP benchmark [12], we report the 
recall of correct 6D object poses at e𝑉𝑆𝐷 < 0.3 with tolerance 
τ = 20mm and > 10% object visibility. The recall score is the 
percentage of test targets for which a correct object pose was 
estimated. Both recall scores on every object and the whole 
dataset are reported. 

3) Implementation 
Training instance segmentation. Given a few labelled 

samples, we create synthetic images using our proposed copy-
transform-paste approach. By doing this, we can train our 
instance segmentation model with various object viewpoint 
and occlusion conditions. In our experiments, three few-shot 
cases are considered, i.e., one shot, 5 shots and 25 shots. We 
manually select samples without occlusion to annotate for one 
shot and 5 shots case, while automatically and randomly for 
25 shots case. To deal with different scales, viewpoint and 
light conditions, we use our proposed in-place augmentation 
strategy to augment each training sample during training 
process. We use Mask R-CNN [23] as our instance 
segmentation method. Specifically, the Matterport’s version 
[24] of Mask R-CNN is used. For training, we use a learning 
rate of 1e-3, momentum of 0.9 and weight decay of 1e-4. The 
Mask R-CNN is initialized with weights trained on COCO, 
and is fine-tuned on our synthetized training set. 

3D matching. We use the Point Pair Features voting 
approach proposed in [9], Drost-10, in our 3D matching stage. 
The Drost-10 [9] is also used as baseline to compare. The 
function find_surface_model from HALCON 13.0.2 [25] is 
used. We set the sampling distances for model and scene to 3% 
of the object diameter, use 10% of points as the reference 
points, and compute the normal using MLS (Moving Least 
Squares) method. Points further than 2m are discarded.  

B. Performance of Few-shot Instance Segmentation 

 To evaluate the performance of the proposed few-shot 
instance segmentation method, and compare the contribution 
of each of the two steps in the proposed augmentation strategy, 
we evaluate the few-shot instance segmentation qualitatively 
and quantitatively. In qualitative part, different augmentation 
combinations on same number annotated samples and best full 
augmentation on different number annotated samples are 
compared respectively. In quantitative part, mAPs of different 
augmentation combinations on different number annotated 
samples for LM-O dataset are compared. The mAP of the best 
full augmentation on RU-APC dataset is also reported. 

1) Qualitative Evaluation of Few-shot Instance 

Segmentation 
In qualitative part, the results of LM-O dataset are shown. 

Figure 4 presents the instance segmentation results of 5 shots 
under different augmentation combinations. In the rest of the 
paper, w/ stands for with, w/o stands for without, syn means 
copy-transform-paste synthesis and aug stands for in-place 
augmentation. Taken the first column as an example, the w/o 
syn w/o aug combination miss “Cat” and “Eggbox”, the w/ syn 
w/o aug combination and w/o syn w/ aug combination detect 
“Cat” and “Eggbox” successfully but lost “Glue”, the w/ syn 
w/ aug combination detects them all successfully. The similar 
trend can be found in the other column. Figure 5 presents the 
instance segmentation results of best full augmentation 
combination (w/ syn w/ aug) on different number annotated 
samples. It is seen that, with increasing number of annotated 
samples, the segmentations performance improves. Let second 
column as an example, one shot lost “Glue” and “Eggbox”, 
five shots find “Eggbox” and 25 shots find them both, while 
other detected objects keeps. 

w/o syn 

w/o aug

w/  syn 

w/o aug

w/ syn 

w/ aug

Ground

 truth

image

w/o syn

 w/ aug

 

Figure 4. Qualitative instance segmentation result of five shots under different 
augmentation combinations. Syn means copy-transform-paste synthesis and 
aug is in-place augmentation. Rows from top to down are image, ground truth, 
results of w/o syn w/o aug, results of w/ syn w/o aug, results of w/o syn w/ aug, 
results of w/ syn w/ aug. Two left to right columns are the 0th and 500th from 
1024 test images. To see the detections more clearly, results images in this 
figure are cropped from original detection result images. 
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Figure 5. Qualitative instance segmentation results of best full augmentation 
combination (w/ syn w/ aug) on different number annotated samples. Rows 
from top to down are image, ground truth, result of one shot, result of five 
shots and result of 25 shots. Two left to right columns are the 0th and 500th 
image from 1024 test images. 

2) Quantitative Evaluation of Few-shot Instance 

Segmentation 
Table 1 shows the quantitative performance of few-shot 

instance segmentation on LM-O dataset. In which, mAPs of 
different augmentation combinations on annotated samples 
with different number are compared. In each specific shot 
number, the mAP score increases when more augmentation 
strategies added. Full augmentation combination, with copy-
transform-paste synthesis and with in-place augmentation, 

obtains highest mAP score. Taken 5 shots case as an example, 
the full augmentation combination improves the mAP from 
0.4316 to 0.6926 obtaining 26 percent improvement. In each 
specific augmentation combination, the mAP score increases 
when more annotated samples used. Taken full augmentation 
combination (i.e., with syn and with aug) as an example, the 
mAP increases scoring 0.6026, 0.6926 and 0.8860 for 1 shot, 
5 shots and 25 shots respectively. The results is coincide with 
our intuitive sense. It worth noticing that, only with 5 
annotated samples, our augmentation approach gets a 0.6926 
mAP score, while with 25 annotated samples, our 
augmentation approach gets a 0.8860 mAP score. For RU-
APC dataset, the mAP of the best full augmentation (with syn 
and with aug) using 25 shots is 0.9564. These results are quite 
intriguing. 

Table 1. Quantitative comparison of instance segmentation performance 

# of real 

samples 
w/ syn w/ aug 

mAP 

1 No No 0.2278 
1 Yes No 0.3352 

1 No Yes 0.4124 

1 Yes Yes 0.6026 
5 No No 0.4316 

5 Yes No 0.5353 

5 No Yes 0.5914 
5 Yes Yes 0.6926 

25  No No 0.7980 

25  Yes No 0.8639 
25  No Yes 0.8819 

25  Yes Yes 0.8860 

 

Figure 6. Qualitative results of pose estimation. From left to right: input image, 
ground truth pose, results of Dorst-10, our results using 25 shots mask, our 
results using ground truth mask. From top to down: the 0th, 500th and 1000th 
test image.

Table 2. Quantitative comparison of our method with competing methods on LM-O dataset. Recall scores (%) for τ = 20 mm and θ = 0.3 is reported. The recall 
score is the percentage of test targets for which a correct object pose was estimated. 

Object Vidal-18 Vidal-V2 Drost-10 
Ours(Mask R-

CNN on 1 shot) 

Ours(Mask R-

CNN on 5 shots) 

Ours(Mask R-

CNN on 25 shots) 

Ours (GT 

mask) 

Ape 66 - 62 65.88 67.28 69.74 75.20 

Benchvise - - - 43.16 43.66 89.46 91.35 
Can 81 - 75 63.93 71.31 89.30 94.11 

Cat 46 - 36 63.26 63.45 65.70 71.70 

Driller 65 - 70 44.73 55.44 75.29 83.86 
Duck 73 - 57 61.49 73.16 82.26 87.13 

Eggbox 43 - 46 47.33 53.99 65.82 76.16 

Glue 26 - 26 33.65 30.83 59.67 69.99 
Holepuncher 64 - 57 56.86 68.93 71.24 71.74 

Mean 59.31 61.87 55.36 53.76 59.37 74.91 80.60 
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Table 3. Quantitative comparison of our method with competing methods on RU-APC dataset. Recall scores (%) for τ = 20 mm and θ = 0.3 is reported. The 
recall score is the percentage of test targets for which a correct object pose was estimated. 

Object Vidal-18 Vidal-V2 Drost-10 
Ours(Mask R-CNN on 25 

shots) 

Ours (GT mask) 

01 39 - 0 80.00 75.00 

02 38 - 11 41.00 34.00 
03 42 - 29 43.00 53.00 

04 54 - 45 74.49 71.43 

05 53 - 33 67.00 68.00 
06 43 - 29 53.00 55.00 

07 4 - 26 91.00 89.00 

08 82 - 71 92.00 97.00 
09 32 - 10 77.08 77.08 

10 0 - 0 2.00 8.00 

11 48 - 47 52.53 50.51 
12 47 - 9 53.00 51.00 

13 20 - 0 37.23 44.68 

14 8 - 0 13.00 20.00 

Mean 36.52 44.92 22.25 55.44 56.67 

 

C. Pose estimation accuracy 

In this section, we evaluate the pose estimation accuracy 
qualitatively and quantitatively. In qualitative part, we 
compare the proposed method under different configuration to 
the baseline also state-of-the-art method Drost-10 [9] on LM-
O dataset. In quantitative part, recall scores of three state-of-
the-art methods and our proposed method are compared on 
both LM-O dataset and RU-APC dataset. Three compared 
state-of-the-art methods are Vidal-18 [7], Vidal-V2 (an 
improved version of Vidal-18) [8] and Drost-10 [9]. 

3)  Qualitative Evaluation of Pose Estimation 
In Figure 6, we compare our method using 25 shots 

segmentation mask and ground truth segmentation mask to the 
baseline method Drost-10 qualitatively on LM-O dataset. It is 
seen that well segmentation overcomes background clutter 
well for same 3D matching method. In third column, Drost-10 
lost several objects. Our method using 25 shots segmentation 
mask estimates most of target objects correctly. And our 
method using ground truth segmentation mask achieves best 
results, which are also the upper bounds of the 3D matching 
method used in our pipeline. 

4)  Quantitative Evaluation of Pose Estimation 
Table 2 and Table 3 present the recall scores of our method 

and three state-of-the-art methods on LM-O dataset and RU-
APC dataset. The scores of Vidal-18  and Drost-10 [9] are 
obtained from the BOP benchmark [12]. They are the first 
place and third place in BOP benchmark [12]. The scores of 
Vidal-V2 are obtained from [8]. The detailed scores for each 
objects are not included since they are not available in [8]. 

In Table 2, the recall score on LM-O dataset of our 
proposed method using 25 shots is 74.91%, which outperforms 
Vidal-18 scored 59.31% with 15.60%, and Vidal-V2 scored 
61.87% with a 13.04%. Configuration using 5 shots get score 
59.37%, surpass the baseline method Drost-10 with about 4% 
while surpass Vidal-18 slightly. In Table 3, recall score on RU-
APC dataset of our proposed method using 25 shots is 55.44%, 
which outperform the state-of-the-art method, Vidal-V2 
scored 44.92%, with 10.52%. Using ground truth mask, the 
upper bounds of our method on LM-O dataset and RU-APC 
dataset are 80.60% and 56.67% respectively. These evidences 
prove that our few-shot instance segmentation and 3D 
matching combination pipeline is significant and effective. 

From above comparison experiment results, three 
conclusions can be drawn as follows. 

Firstly, well instance segmentation improves obviously the 
performance of 3D matching based pose estimation methods. 

Secondly, the proposed copy-transform-paste synthesis 
and in-place augmentation combination is an effective 
approach to augment training samples for few-shot instance 
segmentation. 

Finally, our proposed two-stage pose estimation pipeline 
outperforms state-of-the-art with a large margin. It is proved 
that the proposed algorithm is a significant and effective 
pipeline for 6D pose estimation. 

IV. CONCLUSIONS 

In this paper, a two-stage pipeline for 6D pose estimation 
in RGB-D input, including few-shot instance segmentation 
and 3D matching, is proposed. The method introduces novel 
copy-transform-paste synthesis and in-place augmentation to 
augment training samples under few-shot condition. The 
proposed pipeline is a principled framework thus specific 
implementations of its two main components are replaceable. 
This makes our framework very flexible and upgradeable. In 
addition, the method’s steps are analyzed, and the 
improvement of the proposed steps and the efficiency of the 
method are shown. Finally, the performance of the method is 
evaluated against state-of-the-art methods on difficult publicly 
available dataset. The presented results demonstrate that the 
proposed method outperforms the state-of-the-art greatly. 

Based on the proposed 6D pose estimation framework, 
some future work can be conducted. Possible directions 
include domain adaptive instance segmentation to escape from 
human annotations, and fast and accurate 3D matching method 
to match clean segmented object region to object model.  
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