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1 Introduction.

1.1 Context.

6D pose estimation is an important problem under the study of the computer vision domain. It
calculates the object's 3D translation and the 3D rotation based on the position of the camera.
It is a technique which has been widely developed and used during the last ten years in the
domains of robotics (robotic grasping (will be presented precisely later), robotic autonomous
moving, etc) and augmented reality. [6] Further, the dataset of the 6D pose estimation has
been greatly improved thank to the development of the detectors of the RGB-D images which
allows to create and develop the dataset much more easier. Recently, there are more and more
dataset which uses the synthetic data, which greatly increase the quantity of the frames in the
dataset like NOCS and BIN-P. [7, 8]

Source of the graphic
https://arxiv.org/abs/1711.00199

visited March 19, 2022.

Figure 1: Illustration of the translation and rotation of 6D pose estimation

To accelerate the arrival of the "unmanned warehouse" era, Amazon has held annual
public robot picking challenges since 2015, under the o�cial name `Amazon picking chal-
lenge'(APC). [9]During these years of the competitions, APC contains many di�erent kinds
of tasks, including the object manipulation, grasping, robotic route planning, etc. And the
�nal goal of the challenge is to move the object through a robotic system to a target tote. In
the �rst year, only half the team succeeded. As we need to manipulate the robots in an auto-
matic way, accurate 2D object detection and 6D pose estimation will be necessary to improve
the performance of this autonomous manipulation. 2D object detection mainly contributes to
the location of the position of the object or the obstacle during the robot's movement in the
view of the camera(detector) of the robot. The 6D pose will go further in the domain to detect
the gesture of the object or the obstacle. It can resolve better in the situation that the object
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has an abnormal surface shape. As a result of that, it can be better to navigate in the human
environment by calculating grasping and avoidance strategies.

Figure 2: Example for using 6D pose estimation for robotic grasping

For the object grasping problem, we need to �rst label the object's own grasping point for
the robot's claw in its own coordinate system. Having predicted the object's 6D pose in the
real-world scene, the grasping point for the robot's claw can be calculated by using:

P ti = R � Psi + T

where theP ti represent thei -th grasping point in the own coordinate system and thePsi is the
position in the corresponding camera system,R and T represent the predicted rotation matrix
and translation vector respectively. Then we just need to order the robot's arm to move to the
corresponding position in the real-world coordinate system.

The 6D pose estimation is also widely used in the domain of augmented reality. For example,
we can illustrate a co�ee machine on an iPad by using the 6D pose estimation. The machine on
the iPad is in the coordinate of the iPad's camera's system. When we press the button of the
co�ee machine on the iPad, the similar operation will be done on the real machine. The other
AR games on the mobile phone like Pokemon Go also use the 6D pose estimation to predict
the 3D bounding box of the real-world object in order to better illustrate them on the mobile
phone.

1.2 De�nition of our problem.

The problem of the 6D pose estimation can be divided into two levels: Instance-Level estimation
and category-level estimation. For the instance-level pose estimation, the object we want to
predict is known as we possess its CAD model. The known information includes not only which
face is the forward(orientation of the object), but also the information like the grasping point
or centre of the object. The input format of the dataset is usually RGB or RGB-D. With the
model of the object, the depth of the input is not a necessary requirement for detecting all the
degrees of freedom for all the 6D pose information(Known the intrinsic parameter and the size
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of the object, which means the RGB dataset also works). One important work of this domain
is PoseCNN [5], which can treat the texture-less, symmetric object with occlusion very well
(Precise a little in the annex). The instance-level pose estimation works well for the industrial
robotic manipulation, where the model of the product on the pipeline can be studied o�ine and
the type of them are limited(small set of known instances), which makes the learning process
e�cient. However, the limited model means that at this level, the network cannot help to
detect the pose for the other object, so that it will be hard to use it during the autonomous
driving task (where the type of objects on the road is unlimited but it cannot generalise to
novel objects).

The category-level pose estimation is a kind of 6D pose estimation which does not depend
on the CAD model and can generalise to novel object instances. For example, category-level
can identify all kinds of cups in the image without knowing the exact instance of one speci�c
cup. For the de�nition of the centre or the orientation, as we don't have a CAD model, so for
each object seen, we need to de�ne them separately, which is impossible. As a result of that,
we need to de�ne them in a generalised way. For example, we consider the geometric centre as
the centre of the object and the cup, the face which contains the handle as the front face, etc.
The �rst method of 6D Pose estimation which use the idea of the category level is the work of
He Wang et al. [7] NOCS, the short form forN ormalisedObject Coordinate Space, can not
only predict the 6D pose of the object, but also the size of the object.

Bin-picking is widely required in logistics and industrial assembly lines. For our situation,
we need toresearch a scene of picking di�erent kinds of fruit and vegetables in a
container . This bin-picking problem will be ful�lled under the industrial production level. For
di�erent kinds of challenges, the di�erent algorithms will have di�erent e�ects. The original
method proposed for the others challenges may not work for our cases.

For our case, we �rst need to identify whether our problem will be presented in the instance-
level only, or we also need to make use of the category-level pose estimation. Then we need to
identify the challenges needed to present in our dataset. Then we need to question whether the
state-of-the-art-methods work well for our dataset. Finally, we need to �nd the source problem
of the existing method and try to resolve it by proposing the new method.

1.3 Our contribution

We study in detail two methods which achieve the state-of-the-art method, G2L_net and
DenseFusion and analyse its pros and cons.

We are going to propose a new dataset which combines the di�erent kinds of challenges,
especially for bin-picking and change of the viewpoint for both the category-level estimation
and instance-level estimation.

Further, we are going to do some experiments on the proposed data by using the existing
algorithms.

Finally, we are going to propose one or several new algorithms which work well for our own
dataset.
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1.4 Plan of the report

This report is structured as follows. In the next part, we will discuss several related works
precisely in the domain of 6D pose estimation. These related works contain not only the
algorithms for 6D pose estimation, but also for the dataset. Next we will do some analysis of
the dataset and the methods by explaining why it is not good to solve our problems. After,
we will take a brief view of our dataset for fruits and vegetables. Then I will talk about the
future work to do after the redaction of this report, including the test to do and the possible
methods to propose to solve the problems. Finally is the conclusion, this part contains not
only a conclusion of this report, of this topic, but also contains my personal conclusion of this
internship (PFE) although it still has more than two months to go. The reference together
with the annex is attached at the end of this report.

2 Bibliographic study.

In this part we will discuss several related work in the domain of 6D pose of estimation. The
algorithms are mainly being divided into 2 branches. The �rst branch is more concentrated on
the accuracy of the algorithm, which corresponds to the domain of application of autonomous
driving, etc. The other branch is more related to improving the e�ciency, including the inference
speed, of the algorithm, which is more used in the �eld of scene understanding of robotics in
the industrial level. In this part, we will focus on two state-of-the-art methods: G2L_net and
DenseFusion.

The training of the method will be useless if we don't talk about the dataset being used.
In the latter part, we will also discuss several datasets which are mostly used for the 6D pose
estimation and its properties like challenges involved, light changes, the type of the input data,
etc.

For the 6D pose estimation using the Deep Neural Networks can also be split into two
series, direct and indirect. For the direct one, the pipeline looks like below, The input data

Figure 3: Work�ow for direct 6D pose estimation

can be in the form of RGB-D, or even the point cloud, after feeding the data to the network,
it will output the representation of the rotation and translation, in the form of the Euler angle
or something equivalent. Then we can use the mapping algorithm to transform them to the
translation matrix and rotation matrix. For the indirect one, given an image, for each pixel on
the target object's surface, we can predict the 3D coordinate of this object on the object CAD
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model. That is to say, we build a dense mapping from 2D value to a 3D value. This dense
mapping contains the information of how to rotate and translate the object. It can be done by
using the Perspective-n-Point algorithm(PnP) [10].

Figure 4: Indirect 6D pose estimation

2.1 G2L_net. [1]

G2L_net, the short form for Global to Local network. This network decomposes the 6D pose
estimation into three sub-task, the Global localization, the Translation Localization and the
Rotation Localization. The author tested the network on 2 benchmark dataset, LineMOD [4]
and YCB-Video [5] and this method achieved the state-of-the-art for both of the two dataset.
This method makes use of the idea of the PoseCNN [5], which does the 2D segmentation,
translation and then a regression of the rotation. For the G2L_net, it does the segmentation
in a 3D point cloud, then does the translation localization by using the method of PointNet [3].
Finally, this net does the rotation prediction by using a rotation residual estimator to estimate
the residual between the residual and the ground truth, which makes the rotation prediction
much more accurate. As I present this network to all the members of our group, I would also
like to present some details of the network in this report. The pipeline of the G2L_net is
illustrated below.

2.1.1 Global Localization

To locate the object's position in the whole scene, the G2L_net �rst proposes to train CNN
to detect the object's bounding box in the 2D RGB image. In the paper, the author uses the
YOLOv3 [11] to do this job. The output of this method is not only 4 numbers which predict the
bounding box, but also a one-hot vector of size equal to the numbers of classes. This one-hot
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Figure 5: Pipeline for G2L_net

vector which predicts the label of the object will also be used later for the point cloud instance
segmentation, translation and rotation estimation.

One important use of the 2D bounding box is to preselect the area which contains the object.
This step can largely reduce the number of the points in the point cloud area feed to the next
step. The global point cloud for the scene is generated by �rst using the RGB information
and then adding the depth information for each pixel to extend it. For the early version of the
PointNet [12], it uses the 2D bounding box and prolongs into the depth of the point cloud to
get all the points in the point cloud which are potentially a part of the object. I drew a picture
below to illustrate this process.

Figure 6: Frustum area for selecting the potential points

The surface towards us is the detected bounding box, according to the intrinsic parameter
for the camera, the detected object must be in the space of shape frustum behind the box. If
the camera is far enough from the scene, the frustum becomes a rectangle, which means we
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reduce the 3D search space of the object into 2 axes (x,y) and all the points through the z axes
will always be considered a potential part of the object. As a result of that, some points with
a huge depth di�erent from the object will also be considered as a possible solution. From my
point of view, the idea is pretty good but we can make it better. For G2L_net, it proposes to
use a 3D sphere to further reduce the 3D search space for the point cloud in a more compact
space along the axis z. For the centre of the 3D sphere, we need to predict it by using the result
of the 2D detection, which produces also a class probability map, which contains the probability
that each pixel belongs to the object. We choose the pixel(x,y position in 2D space) with the
largest probability and combine it with the information of its depth to get the centre of the
3D sphere. For the radius of the 3D sphere, we take the radius or the size of the object in the
CAD model to predict. As in the picture from [1], only the points in the red sphere will be
considered later, compared to [12], the blue points in the upper will be ignored.

Figure 7: 3D sphere for global localization
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2.1.2 Translation Localization(PointNet [3])

Although we have done the global localization of the data, it still has some issues. First the
points in the 3D sphere contain not only the points belonging to the object, but also the non-
object points. Second, as the translation vector is unknown, we cannot transform the points
to its own coordinate system to do the rotation estimation. To cope with the issues, we need
to do a 3D segmentation of the points to identify the residual distance of the ground truth of
the translation and the predicted translation. The predicted translation could be considered
as the mean value for all the points belonging to the object. In the pipeline for the translation
localization, the upper line does for the 3D segmentation part, and the lower part makes use of
the segmented points and does a prediction of the residual translation (more precisely, they are
doing a prediction of the centre of the object with respect to the camera coordinate system).

Figure 8: Point cloud segmentation

The network which has to be employed to do the segmentation is the PointNet [3]. It is a
network design to cope with the issues of the object classi�cation and object segmentation task
where the inputs are the point cloud, which make the problem di�erent to the other computer
vision task. First, the points are unordered. From one side, unlike the pixels in the image
are neatly ranged in row or in column, the points in the point net have only its own explicit
coordinate to represent its location information. As a result of that, we cannot use the CNN
to extract the implicit information together with the nearby points. From the other side, as it
is unordered, the direction of the input should have no in�uence on the result, which means its
results should be invariant to theN ! permutation of the input order. Second, although there
is no implicit location relation between the points, the relative distance between each point
is still meaningful. The interactions between the points cannot be ignored, which means we
cannot treat each point separately. Third, the point cloud should be invariant with respect to
the transformations. For example, rotation and translation will not modify the classi�cation
or the segmentation result.

Regarding these problems, the Point net proposed to use a symmetric function to deal with
problems of the invariant for di�erent order of input. The proposed one in the paper is max-
pooling. Then for the classi�cation and segmentation, we need to combine the local features
(the features for each point) and the global features (the feature after doing a max-pooling on all
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the points, which contains the information depends on all the data and identical to each other
with respect to di�erent points). But according to the pipeline, these two parts are separate.
To cope with this constraint, the paper [3] proposed to feed it back to per point features by
concatenating the global feature with each of the point features that after computing the global
point cloud feature vector. Finally, as the result needs to be invariant to the di�erent kinds
of rigid transformation. It will predict the transformation matrix by using a T-net and then
apply this network on the input points. For the �rst T-net(input transform block below), it is
a network to predict the transformation of the input coordinate. For the second T-net(feature
transform block below), it is used to predict the feature transformation matrix to align features
from di�erent input point clouds. For the second one, we will also add a regularisation term to
help to optimise the problem because the dimension of the matrix is increasing much higher as
the number of features increases. For the T-Net, its structure is similar to PointNet [3] itself
with a little modi�cation.

Figure 9: Pipeline for PointNet

2.1.3 Rotation Localization

Rotation localization is the most interesting part for G2L_net [1]. To cope with the issue of
multiple viewpoints, the PointNet [3] proposes to extract global features from the whole point
clouds, but these global features are highly correlated under similar viewpoints. As a result
of that, the G2L_net [1]proposes to use the point-wise embedding vector feature(EVF). EVF
is done on local canonical space, which means that we move the object to the centre(minus
the translation predicted in the last part.) The point-wise embedding vector which will be
predicted during the rotation localization part. The point-wise vector will be trained to make
it toward the keypoints. The keypoints are some prede�ned 3D coordinates based on each
object's CAD model. There are two principal ways to locate the keypoints. The one used by
the G2L_net [1] is just using the 8 corners of the bounding boxes of the object. This method
is also widely used in the 2D object detection task. One other possible solution is to use the
FPS(farthest point sampling) algorithm, which has been proposed in the work of Sida Peng et
al. [13]. The advantage of the �rst one is simplicity. We can directly get the keypoints in the
model without further calculation. However, the number of the keypoints in this method will
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be �xed to 8, which means we cannot change the number of the keypoints to study the best
choice. According to the paper of the G2L_net [1], they chose to use the corners because of the
simplicity and the result by using the FPS algorithm does not have too much di�erence with
the corners. The following �gure shows the point-wise vector pointing at one keypoint marked
in green for each point of the object marked in red. The other keypoints are in black. All the
vectors are predicted by the network of the rotation localization.

Figure 10: Point-wise Vectors(EVF)

After getting the point-wise embedding vectors, the paper [1] has built a network to take
them as the input and output the rotation matrix. Actually, this network will just predict
the position of the keypoints and then, use the Kasbach algorithm (in annex) to transform
the keypoints position to the rotation matrix. During the inference process, it is necessary
because we need a rotation and translation matrix to draw the bounding box on the picture,
but in the training period, we can ignore this process because we can make the label also in
the format of the keypoints. Ignoring this step can also save a lot of training time because
the Kasbach algorithm is mainly done under the large matrix multiplication and singular value
decomposition.

The last sub-network for the rotation localization is a re�nement process. It is used to
estimate the residual between the estimated rotation and the ground truth. As the author's
experiment shows, when the rotation network cannot fully exploit the rotation vector features,
the rotation residual estimator can have a huge impact on the result. As the estimate rotation
predicted in the last part is P0 and the ground truth of the rotation is P, the ground truth of
the rotation residual estimator iskP0 � Pk2.
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The following �gure shows in precise the rotation localization part. In the full pipeline
�gure, it just shows a part, but it shows that the . The block A is used to predict the unit
vector for each point pointing to the keypoints. The loss is directly the MSE(Mean Square
Error) between the ground truth directional vector and the predicted one. Block B uses the
predicted point-wise embedding vector features from block A to predict the rotation. The loss
for this block is the distance between the ground truth rotation and predicted rotation. Block
C plays the role of the residual rotation estimation.

Figure 11: Architecture of rotation network

2.1.4 My experiment

For the test of the G2L_net [1] on my computer, due to the computational capability, I just
use 70% percent of all the training data. Here below is one inference step in the testing level.
The code for visualising the bounding box in 2D and 3D is written by me. For the following
�gure, the one on the left illustrates 2D object detection by using the yolov3 [11]. The �gure
on the right contains the ground truth 3D pose and the predicted one. The ground truth is in
white and the predicted one is in blue. We can see that the result is generally good. But it still
has a large improvement space.

One important remark during my experiment of the prepossessing of the dataset. For
lineMOD, it does not contain the labels for the point cloud segmentation. It means that we
need to generate them. We can use the point cloud from the CAD model and apply the ground
truth translation and rotation matrix with respect to the camera's parameter. Then we can
establish a threshold between these ground truth points and the point in the scene to identify
whether they are a part of the object or not.

Listing 1: data prepossessing
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Figure 12: Result of the 6D pose estimation done by G2L_net

def genera te_pos i t i ve_ labe l ( cadpoints , scenepo in ts , R, T,
DISTANCE_THRESHOLD = 0 . 1 ) :

app l ied_cadpoin ts = (R @ cadpo in ts .T) .T + T
expandedcad = appl ied_cadpoin ts . repeat (1000 ,1)
expandedscene = scenepo in t s . repeat ( 1 , 5 0 ) . reshape (= 1 ,3)
less_than_threshold = torch . where ( to rch . norm( expandedcad
= expandedscene , dim = 1) < DISTANCE_THRESHOLD) [ 0 ]
l a b e l s _ p o s i t i v e = torch . unique ( less_than_threshold /50 ) . shape
return l a b e l s _ p o s i t i v e

Here is the example code to do this procedure, the variable cadpoints refers to the points
generated by the CAD models. Similarly, the scenepoints refers to points in the points cloud,
R and T refers to the ground truth matrix and the DISTANCE_THRESHOLD refers to the
threshold to identify whether the point belongs to the object in the point cloud. Finally the
output of this algorithm is a list of index of the scenepoints which belongs to the object.

2.2 DenseFusion [2]

As described in the introduction, the instance-level pose estimation can be resolved well with
RGB information, but when encountering the challenge with heavy occlusion and light changing.
DenseFusion is a network which can e�ciently use the information of the depth together with
the colour (RGB) information. It proposes to use two sub-networks to extract the colour
features and the geometric(depth) features respectively. Then a network to fuse the two kinds
of features to get the per-pixel dense features and the global feature. With them, the author
uses a similar approach like the PointNet [3]. Finally, the author uses an iterative re�nement
network to re�ne the result, which is much faster than the common ICP method(Iterative
Closest Point, precise a little in annex).

First of all, the network does a 2D segmentation on the RGB image. The architecture used
for it is the well-known encoder-decoder. The output will be in the same size of the image but
with N + 1 channels whereN is the number of classes. The value in each channel corresponds
to the probability that each point belongs to the class. After that, we can extract only the
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Figure 13: Work�ow for DenseFusion except the re�nement part

pixel of interest to do the further study. For getting the colour embedding, we just use the
pixels and run a classical CNN on that. The network can create a feature of sizedr gbfor each
pixel. For the geometry feature, we expand the RGB information for each pixel extracted by
the 2D segmentation with the depth information. We can then get the 3D point cloud in that
area. As a result of that, we can run a PointNet [3] to extract the geometric features of size
dgeo for each pixel. The only di�erence from the original PointNet [3] is they use an average
pooling instead of max-pooling for a better performance. After this step, we can do a pixel-wise
dense fusion which operates on each matching pixel and segmented points. Then from these
dense features, we can extract a global feature for the whole scene by using a MLP(Multi Layer
Perception). As in the paper's experiment [3], if we use only the global features, the result will
be bad because of the heavy occlusion, the segmented points will also be related to some other
objects or even the background. The paper chooses to add the global features back to each
pixel-wise dense feature. In conclusion, each dense feature will be composed of three parts:
colour feature in rose in the �gure, geometric features in blue and the global features in green
which is the same for all the pixels. Then the �nal prediction is done by using a pose estimator
which outputs a rotation matrix, a translation matrix and a con�dence score for each pixel-wise
dense feature. Finally we choose the pose estimated with the best con�dence score.

The loss function of this network is also very interesting. For the asymmetric object, the loss
function for each pixel-wise dense feature de�nes as the distance between the points sampled on
the object model applying ground truth pose and the corresponding points on the same model
transformed by the predicted pose:

Lp
i =

1
M

X

j

k(Rx j + T) � (Ri x j + Ti )k2

Where the Lp
i represent the loss from the pose generate by thei th dense-pixel,M represent

the numbers sampled from the given CAD model.R and T represent the ground truth pose
and the Ri and Ti represent the pose generated by thei th dense-pixel. j is the index of the
sampled points from the CAD model.
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This method does not work well for the symmetric object(like a cup without a handle).
For them, it can have an in�nite number of pose estimations as it is di�cult to de�ne the
corresponding points. It will also make the loss de�ned before ambiguous. As a result of that,
for a symmetric object, we minimise the points on the point cloud transformed by the estimated
pose and its closest point of the ground truth one. The loss function for each dense-pixel now
looks like:

Lp
i =

1
M

X

j

min
0<k<M

k(Rx j + T) � (Ri xk + Ti )k2

In general, the loss of all the pixel-dense should be the sum of each one, likeL = 1
N

P N
i Lp

i ,
but this loss does not contain the con�dence score where we cannot identify which pose esti-
mation generated is better. In order to solve the problem, the new sum of the loss looks like
below:

L =
1
N

NX

i

(Lp
i ci � �log (ci ))

Where the ci is the con�dence score of thei th dense-pixel andlog(ci ) is a regularisation
term. If we make the to 0 (without the regularisation), it will learn to make everyci to be small
to satisfy the condition. However it is meaningless. With the regularisation term, if theci is
small, it can make a small weight for the corresponding loss but a higher regularisation loss. In
contract, if ci is big, which means theLp

i plays an important role and needs to be considered.
For the iterative re�nement, it is almost the same as the normal network. It uses the

predicted pose from the previous iteration and applies it to the point cloud. During each
iteration, we don't modify the colour features because the new rotation and translation matrix
will only have in�uence on the point cloud. After M iteration, the �nal result of the estimated
pose is the product of theM matrix.

2.2.1 My experiment

The evaluation metric used for DenseFusion is ADD-S(average closest point distance). ADD-S
calculates the mean distance from each 3D model point transformed by the predicted pose to
its closest neighbour on the target model transformed by the ground truth pose. In the test, we
use the 2 centimetre as a reference score(for one frame, it will output an average distance and
we compare the distance with 2 cm). For the accuracy of an object, we consider the number
of frames which has the ADD-S < 2cm over all the number of frames. By using the pretrained
model, we have a result as below. We get promising accuracy in the paper.

After that, I tried to train the DenseFusion on the LineMOD [4] on the computer of the
lab with the GPU NVIDIA QUADRO K2200, after modifying(decreasing) the learning rate,
the result converged much faster. In the pretrained model, it stops at the 493 epoch with a
test distance of 0.0067, but for my test, at the 249 epoch, the test distance is already at a
test distance of 0.0052. The experiment shows �rst that the dataset LineMOD [4] is not that
complicated for a network like DenseFusion. Further, during my training, only the �rst 16
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Figure 14: Inference stage by using the pre-trained model

epochs is the training for the normal network and it converges. For the rest of the epoch, they
are all training for the re�nement part. For the last epoch for the normal training, it can have a
test distance about 0.009, which is not enough to have a high accuracy. It shows that although
the re�nement training is slow, it is very important.

The table1 shows the comparison of the pretrained models and our trained model. We have
modify the learning rate and of the network for di�erent objects in order to make the network
more suitable according to di�erent object. From the table, we can see that almost every object

Accuracy on ADD-S Pretrained [2] Ours

Object 1(ape) 92.3% 95.1%
Object 2(bench) 93.2% 96.1%
Object 4(camera) 94.4% 97.5%

Object 5(can) 93.1% 98.0%
Object 6(cat) 96.5% 97.7%

Object 8(driller) 87.0% 94.8%
Object 9(duck) 92.3% 96.7%

Object 10(egg-box ) 99.8% 99.9%
Object 11(glue) 100.0% 99.5%
Object 12(hole) 92.1% 95.5%
Object 13(iron) 97.0% 99.4%
Object 14(lamp) 95.3% 98.2%
Object 15(phone) 92.8% 97.2%

Overall 94.3% 97.4%

Table 1: Accuracy score for di�erent objects in LineMOD. Objects inbold are symmetric

has a great improvement of the accuracy. Further, the training time is also largely a�ected.
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For the pretrained data, it reaches the test error of 0.0113 at 15 epoch but for the ours, we
need only 6 epochs to achieve that state. For the re�nement part, the di�erence becomes much
larger. The re�nement error for the pretrained model is about 0.0067 and it use 493 epochs
to achieve such result. However, in our experiment, it needs only 100 epochs to achieve such
result, which means generally 4.5 times faster. If we continue to train our model to 450 or 500
epochs, we can achieve a error of about 0.0056, which has a much better result, as shown in
the table before.

In the future work, we would also like to modify the other parameters to see whether we
can further improve the result.

2.3 Dataset

Before I go into details of di�erent types of proposed dataset, I would like �rst to talk about
the challenges in di�erent kinds of the dataset. If you put a conspicuous object in front of a
green curtain, even the simplest architecture(network) can do the 6D pose estimation correctly.
In reality, the 6D pose estimation has di�erent kinds of challenges for di�erent kinds of tasks.
For example, if we want to use it in the area of autonomous driving, the light changing is an
important challenge which we must consider. If not, the car will lose direction in the night and
it can cause safety problems.

For the instance-level pose estimation, it has often the challenges listed below:
Variation of Viewpoint : The short form for it is the VP. In the testing scene, the location

of the target object in it is various. All of the space in the test scene in the real world could be
a possible position for the target object. As the space gets wider, we need more data to train
the 6D pose estimator, in order to get the best viewpoint which can capture all the information
for detecting the 6D pose of the object.

Texture-less Objects : Texture is an important information for RGB cameras, which can
capture and represent a scene by 3 basic colours: red, green and blue. An object of interest
can easily be distinguished from background or any other instances available in the scene, in
case it is su�ciently textured. This is mainly because that texture on the surface allows to
de�ne discriminative features to represent the interested object. However, when objects are
textureless, this discriminative property disappears, thus making methods strongly dependent
on depth channels in order to estimate 6D poses of objects. [6] As the light changes with the
di�erent depths of the object in the RGB image, the 3 basic colours re�ected will be modi-
�ed. This means that only making use of RGB can work for instance-level pose estimation(as
described in introduction), but it works badly if the dataset has the texture-less challenge.

Occlusion : The occlusion is one of the most interesting and the most common challenges
for 6D pose estimation problems. When the target we study is partly or even completely being
blocked by other objects or obstacles, the occlusion problems arise. We can solve it by using a
guesser to try to understand the situation with just the part of the object which has not been
blocked. But doing it in the normal way will decrease the precision and the recall(algorithms
which give up to predict the occluded object.)

16



Clutter : Cluttering is a challenge related to the image with a very complex background. It
is associated with applications like autonomous driving. Some algorithms use the background
image to train the network to make the interested objects more evident in front of the com-
plicated background. [14] But it will make the detection depend a lot on the background and
could be hard to have a generalised one.

Similar-Looking Distractor : The similar looking distractor is one another important
challenge for instance-level pose estimation. The distractor could be an object we also need to
research(apples and tomatoes are two classes of objects and they appear in the same scene.)
or the distractor of no interest. Without the similarity in colour(bananas and sausages), the
RGB channels can be very helpful to resolve it. However, for the algorithms which choose to
ignore the colour features and concentrate more on the shape features for the detection [15],
the result could be very bad.

For the category-level pose estimation, the most famous challenge is the Intra-class variation:
Intra-class variation : Through the de�ntion of the class, although the instances de�ned

under the same category should have the similar property, the instances are always not the
same. The colour and the scaling(the ratio stays the same) di�erences can be solved easily by
proposing the algorithms[15] depend more on their shape(less depends on the size and colour of
the object). But the changes in the shape could not be easily identi�ed. Further, if we consider
one instance as the centre of the class and all the instances which have a smaller `distance' to
this object belong to this class, the `distance' could be di�cult to be de�ned in a literal way.

2.3.1 LINEMOD [4]

The linemod is a dataset which has been published in 2012. It is a dataset for instance-level pose
estimation only. The labels contain the 6D pose estimation of the object and the corresponding
depth. All the labels are annotated in a manual way and this dataset contains 15 objects. Each
object has a video with in total 18,327 frames. For each object, it has about 1,100 1,300 frames.
One important disadvantage of the Linemod is that the train data and the test data for one
object is from the same video. This means that the illumination condition and the appearance
of the objects are very similar in the training and testing data, which can't test the robust of
the method. It has the challenges like the viewpoint change, the cluttering and the texture-less
object. The sample image could be found at �gure 12. One major problem of the dataset is
that it has only one object annotated in each frame, even if all the objects are presented. And
it doesn't include the important challenge like the occlusion. To resolve such problems, the
Occluded Linemod [4] appears.

2.3.2 YCB-Video [5]

The YCB-Video Dataset Xiang et al. [5] features 21 YCB objects of varying shape and texture.
The dataset contains 92 RGB-D videos, where each video shows a subset of the 21 objects in
di�erent indoor scenes (each frame will annotate several objects). The videos are annotated
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