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Abstract— Viewpoint planning is an important task in any
application where scenes need to be viewed from different
angles to achieve sufficient coverage and discover objects.
The mapping of confined spaces such as shelves is especially
challenging since objects occlude each other and the scene can
only be observed from the front, posing limitations on the
possible viewpoints. Therefore, manipulation actions such as
moving objects aside to unveil space behind them will often
be necessary to discover hidden objects. In this paper, we
propose a deep reinforcement learning framework that gener-
ates promising perception and manipulation actions aiming at
reducing the entropy of the scene representation. In particular,
our pipeline extends standard viewpoint planning by predicting
adequate minimally invasive push actions to uncover occluded
objects and increase the visible space. These actions are learned
from human input and consider their preferences in scene
changes. As simulated and real-world experimental results with
a UR5 arm equipped with a Robotiq 2f85 gripper and an RGB-
D camera show, our system is able to significantly increase
the covered space compared to different baselines, while the
executed push actions highly benefit the viewpoint planner with
only minor changes to the object configuration in the scene.

I. INTRODUCTION

Viewpoint planning (VPP) is an important part of various
robotic applications to gain an understanding of the environ-
ment. It enables a robot to identify occluded objects on a
crowded table [1] or to estimate the amount of harvestable
fruits in horticulture [2]. For manipulation purposes, VPP
can also output the best grasping position by viewing and
mapping the object from different angles [3]. However,
the performance of VPP is highly dependent on the given
scenario. While the possibility of good viewpoints, and thus
scene coverage, increases when the robot is able to act freely
in the environment, the environment itself can constrain
actions and reduce the possible coverage, e.g., in a confined
indoor space such as a shelf. If the robot’s task is to map
the current state of a shelf, the difficulty increases with the
number of objects present and their closeness.

In particular, the limited top-down view from above the
scene makes it difficult to identify and map objects that
are hidden behind other objects or closer to the back of
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Fig. 1: Motivation of our approach. The robot’s task is to map
the shelf board as completely as possible in a 2.5D occupancy
height map. Without manipulative actions it is not possible to plan
viewpoints necessary to uncover spaces behind big objects. How-
ever, with just a short push of the right box that was learned from
human preferences, the information value of the same viewpoint
increases because of the newly uncovered object (white circle),
while maintaining the overall layout of the scene.

the shelf. An obvious solution to this problem is to intro-
duce manipulation actions to uncover previously occluded
space. However, human preferences play an important role
in the arrangement of indoor environments [4]. Therefore,
not all manipulation actions are equally suitable, as they
could lead to undesired large changes in the layout of
the scene. To overcome this problem, minimally invasive
pushing actions should instead be used to uncover previously
occluded areas. Furthermore, in cluttered scenes it is easier
to identify promising non-prehensile push positions than, for
example, grasping poses on objects to rearrange them, since
the constrained environment limits the number of possible
actions.

In this paper, we therefore present a novel framework
called viewpoint push planning. We apply deep reinforce-
ment learning (DRL) to perform VPP in confined scenarios,
while predicting suitable minimally invasive, non-prehensile
push actions to improve shelf coverage. In particular, for the
immense number of possible object configurations within the
shelf, DRL can learn the best viewpoints from experience and
generalize them to different configurations. Furthermore, we
use a push prediction network trained in a supervised manner
that outputs the best pushing action to free views and aid the
mapping process.

As long as the VPP finds a new promising viewpoint that
increases the map coverage, it is not necessary to perform a
push action, as it would unnecessarily alter the environment.
Therefore, we use an action selection method to decide



whether a VPP or a pushing action is best given the current
situation. Fig. 1 shows an example scenario where a packed
shelf board needs to be mapped. As can be seen, a short
minimally invasive push is sufficient to move one of the
larger boxes, exposing the space behind it and uncovering
the previously occluded area.

Our experimental evaluation demonstrates that the learned
VPP is able to significantly reduce the entropy of the map
compared to two baselines and two VPP systems from the
literature [5], [6], while the complete framework, including
the execution of push predictions, is able to reduce the
entropy even further. The main contributions of our work
are as follows:

• A 2.5D heightmap representation for mapping of con-
fined spaces.

• A viewpoint planning framework including human
guided pushing actions based on deep reinforcement
learning.

• A qualitative and quantitative evaluation in simulation
as well as on a real robot including the usability of our
map representation for object reasoning and retrieval
tasks.

II. RELATED WORK

Viewpoint planning has been used in applications ranging
from the reconstruction of single objects to large-scale appli-
cations such as the mapping of crops in green houses. While
in the past, sample-based approaches were mostly used to
perform viewpoint planning [2], [7]–[9], recently learned
planners have become more popular [10]–[12]. However,
reinforcement learning, as in this paper, has not often been
used for VPP, although it can highly benefit VPP approaches
by reducing the planning time and learn a generalizable
planning behavior for multiple objects and scenes. Peralta et
al. [14] applied reinforcement learning to generate best views
for the reconstruction of 3D houses and reduced the number
of needed planning steps, while increasing the mapping
accuracy wrt. a uniformly sampled approach. Zeng et al. [15]
used reinforcement learning to map sweet pepper crops
with a robotic arm and an in-hand camera in a greenhouse
environment. The authors applied an octomap and ray casting
to determine the next observation for the agent. However, this
increases the time needed to plan an action compared to our
approach, which relies on a 2.5D representation.

Previous work in the area of interaction with objects in
confined spaces has concentrated on reasoning about individ-
ual objects [16]–[18] or their retrieval [19]–[23]. In contrast
to our work, most of these approaches use fixed cameras,
no long-term updated map representation, or assume that a
lot of object information is known a priori. Furthermore,
none of these approaches consider the invasiveness of the
actions and perform each action regardless of the resulting
scene change. For example, Bejjani et al. [19] used a single-
shot representation and reinforcement learning for object
retrieval with initially unknown object positions. Due to the
incomplete map representation, the agent might investigate
irrelevant areas first, while possibly changing the layout

of objects completely. Using a complete map for action
planning would counteract this behavior. Huang et al. [16]
rely on a fixed camera position for object reasoning with
Gaussian distributions for likely positions of an occluded
object. By using different camera positions and VPP, as in
this paper, some objects would become visible even though
they are occluded from the front, which supports object
reasoning.

There has not been much research regarding the long-
term mapping of confined spaces. Miao et al. [24] recently
proposed a system to reconstruct objects placed in shelves.
The authors create an occlusion dependency graph to reason
about the relations between the objects and to calculate
the best retrieval and rearrangement strategy. However, the
authors assume that initial object models are given, which
is a strong assumption. Furthermore, the complete 3D re-
construction of objects is time-consuming and not the focus
of this work. While the reconstructed object knowledge can
also be used to reduce planning time for object reasoning and
retrieval, our approach is faster, since not all objects need to
be processed individually.

III. OUR APPROACH

In the following, we first give an overview of our system
and introduce our framework in detail afterwards.

A. Overview

We consider the following problem. In the confined envi-
ronment of a shelf, a stationary robotic arm needs to map
a shelf board as completely as possible. The shelf board
is packed with a number of different objects, which may
occlude each other. A schematic overview of our approach
is shown in Fig. 2. Our system receives a depth map of
the environment from an RGB-D camera mounted on the
end-effector of the arm and orthographically back-projects it
from the corresponding point cloud into a 2.5D occupancy
height map. In order to decouple the feature extraction from
the learning process and to promote faster convergence of
the reinforcement learning agent for viewpoint planning, we
use a variational auto-encoder [25] to encode the height map
into a latent space of size 32. Since object occlusion can lead
to areas that cannot be fully mapped by viewpoint planning
alone, we sample push proposals on the height map to predict
the best push candidate that will uncover additional space in
a minimally invasive manner. Depending on the change in
mapped space, an action selection method decides whether
the best action in this situation is a push, moving to a new
viewpoint, or if the mapping process has finished.

B. Environment Representation

We use a 2.5D representation of the environment since it
can be efficiently updated. From a depth image, we compute
the corresponding point cloud and orthographically back-
project it into the top-down view of the scene to calculate a
2.5D occupancy height map as shown in Fig. 3. To update the
map, we implemented log-odds for occupancy updates [26]
and update only the cells in the current field of view. For



Fig. 2: Overview of our viewpoint pushing framework. Our system receives a depth map from an RGB-D camera on the end-effector
of the robotic arm and converts it into the corresponding point cloud. We then orthographically backproject the point cloud into a 2.5D
occupancy height map and feed it into a variational auto-encoder (VAE) to obtain the latent space. An action selection method decides
whether to map or to perform a predicted push or the next viewpoint action. The latent space is used for the viewpoint planner to select
the next best viewpoint, while push proposals sampled from the height map are used to predict the best push candidate.

(a) Occupancy map (b) Height map

Fig. 3: Example visualization of the 2.5D state representation after
mapping. The left image shows occupancy probability values of
the map, while the right image shows the maximum height value
of each cell. The brighter the color of the map, the higher its value.

the height component of the map, we use the maximum
measured height value for each cell.

Note that in case grasping requires a more accurate repre-
sentation of the objects, our map can be used to plan a path to
the object, while the actual grasping action can be performed
on a local higher-dimensional representation. We provide an
application example of our map for object reasoning and
grasping in the experimental section. As previous approaches
have shown, 2.5D representations can be used to compute
grasping points and manipulate objects [27]–[29].

C. Viewpoint Planning (VPP)
For VPP, we use reinforcement learning (RL) to generate

the next best view. The overall goal of our VPP agent is
to map the environment as completely as possible. As in
previous approaches [30], we generate three fixed viewpoints
at the beginning of each episode, which the agent uses to
generate an initial map. This reduces the need for the agent
to learn good initial viewpoints that are similar for each
state configuration. For the three fixed viewpoints, we use
a camera pose facing towards the center of the shelf and
two poses at the left and right corners of the shelf, pointing
diagonally inside the shelf to the opposite corner. By using
these three viewpoints, we usually achieve an initial map
coverage of around 50%.

To evaluate the quality of the agent during testing and for
training, we use the entropy h(M), information gain IG(M),
and motion cost c(pt) as defined below:

h(M) =
mt

u

cellsM
(1)

IG(M) =
mt−1

u −mt
u

mt−1
u

(2)

c(pt) = d(pt−1, pt) (3)

h(M) states the ratio of the unknown cells mt
u to the total

number of cells of map M at time t. The lower the entropy,
the higher the information value of the map. Note that we
consider each cell with an occupancy probability value occ >
0.5+τunknown as occupied, occ < 0.5−τunknown as free, and
unknown otherwise, with τunknown as uncertainty threshold.
IG(M) indicates the percentage decrease of unknown cells
mu from the previous time step t− 1 to time step t. Finally,
we use the Euclidean distance c(pt), between two viewpoints
pt−1 and pt to approximate the move cost.

During training, an episode ends if the change of h(M) for
the last three viewpoints is below a certain threshold τsingle
and the sum of changes is below the threshold τsum . Fur-
thermore, we terminate the episode if any part of the arm
has contact with an object or an object drops in or out of
the shelf.

In the following, we define the actions, observations, and
the reward function of our agent.

1) Action Space: As action we use the 5D Cartesian
pose (x, y, z, pitch, yaw) of the camera on the end effector.
We ignore the roll, as it does not have much impact on the
information gain of a viewpoint. To speed up training and
reduce the likelihood of damage to the arm, we restrict the
(x, y, z) space of the actions to a reasonable area in front of
the shelf with a small overlap inside the shelf. For pitch and
yaw, we experimentally evaluated the angle of rotation so that
the arm cannot damage the camera during its movements.



Fig. 4: Two height map object configurations with example sampled
push candidates (red arrow). The brighter the color, the higher the
object. Unknown space is marked dark blue. The labels indicate
how the human experts evaluated the quality of the push candidate
in terms of minimally invasiveness and additional uncovered space.

2) Observation Space: The primary component of the
observation space is the latent space of the state representa-
tion, which is of size 32. Additionally, we include the last
action in 5D Cartesian coordinates, the information gain the
agent receives from this viewpoint, and the motion cost to
move there. Furthermore, we incorporate a Boolean collision
indication. Finally, we calculate the center point of the largest
unknown area from our map and provide it to the agent as
3D Cartesian coordinates, offering the agent insight into a
promising region of interest.

3) Reward: We keep the reward function as simple as
possible to aid the training. The reward consists of two parts:

rcoll =

{
−η, if collision or drop from shelf

0, else
(4)

rgain = α ∗ −c(pt) + β ∗ IG(M) (5)

rcoll penalizes each contact with the object according to
a predefined high negative value η. Since the goal is to
map the environment in as few time steps as possible, we
penalize each step in rgain according to the move cost c(pt).
The higher IG(M), the more space has been uncovered
during one step, which is positively rewarded. α and β are
used to weight closer viewpoints with the effectiveness of
the viewpoint. Finally, the total reward can be expressed as
r = rcoll + rgain .

D. Human Guided Push Prediction
Standard viewpoint planning aims to minimize entropy

without altering the environment. In contrast, interactive
perception [31], as proposed in this paper, incorporates
additional actions to modify the current object configuration
to enhance perception and coverage of the environment.
However, any manipulation action involves a trade-off be-
tween reducing the entropy of the environment and disrupting
the current scene configuration, which may not be desirable
for human users. Therefore, we emphasize minimally inva-
sive actions to strike a balance between these competing
requirements. Specifically, we utilize non-prehensile push
actions since they are straightforward to compute and execute
in confined spaces, while other types of manipulation actions
would increase computational efforts due to environmental
constraints.

1) Learning of the Push Prediction Network: To predict
the push that best supports the VPP, we employ a similar
approach as Eitel et al. [32] to train a prediction network
that outputs the optimal push for the current scene. Our
goal is to predict the minimally invasive push action that
increases the area that can be mapped by the VPP agent
while balancing the mentioned trade-off. To achieve this,
three human experts manually labeled 5,000 simulated map
configurations and an additional 850 configurations of the
real-world scene according to their personal preferences for
altering the scene, considering the trade-offs involved.

The experts were tasked with labeling images annotated
with the starting point of the push and its direction, assigning
binary labels ”good push” (= 1) and ”bad push” (= 0) based
on their intrinsic needs, preferring pushes that minimally
change the object configuration while achieving a significant
entropy reduction. The maximum considered push length was
10 cm.

Example images, including the labels, are illustrated in
Fig. 4. In the left image, the push candidate was labeled
”positive” since the push would only alter the position of one
object while uncovering the previously hidden space marked
with the white circle. In contrast, the second example was
labeled ”negative” because the push involves the displace-
ment of up to four objects, potentially causing damage as
they are pushed against the edges of the shelf.

It’s worth noting that we opted for manual labels rather
than automatically generated ones because, without compu-
tationally expensive physics simulations, it’s challenging to
accurately predict the effect of pushing an object on itself as
well as its neighbors. Therefore, we rely on human expertise.

2) Generation of Push Proposals: To generate push pro-
posals, we sample a number of push candidates for each
map configuration by ray casting from three fixed positions
outside the shelf to the back of the shelf. The 3D Cartesian
coordinate of the first occupied cell along the ray is then
considered a push candidate, along with eight push angles
and a predefined push length. In our experiments we sampled
100 to 150 push proposals on average. As input to the
network, we generate push maps by translating the starting
point of the push to the center of the map and rotating the
image according to the push direction.

Our prediction network consists of five convolution layers,
each followed by a max-pooling layer, and the rectified
linear unit activation function. With the labeled push maps,
we followed the training structure of [32], with the Adam
optimizer and a learning rate of 1e − 4. For inference, we
feed the push proposal maps into the network and execute
the push with the highest output of the network.

E. Action Selection

Since a push is not required after each executed view-
point, and pushing can lead to several new viewpoints that
increase the observable space, viewpoint planning is always
performed until the VPP RL agent terminates. To decide
afterwards whether another push is needed or the mapping
process is finished, we proceed as follows. We assume that



Simulation Entropy Reduction
Ours 30.0% ± 0.9%

Random 15.5% ± 0.6%

RSE [6] 16.5% ± 0.5%

GMC [5] 21.8% ± 0.8%

Real World Entropy Reduction
Ours 26.1% ± 1.0%

Random 20.3% ± 1.0%

TABLE I: Evaluation of the viewpoint planner: Reduced entropy
compared to the initial entropy of the map computed with 3P (three
fixed viewpoints). Each metric is shown with its standard error.
The experiments were carried out in 100 simulated and 15 real-
world scenarios. As can be seen, our approach lead to the highest
reduction in entropy in comparison to all baselines. The reduction
is significant according to the paired t-test with a p-value of 0.05.

the VPP agent is trained to an optimal policy and only termi-
nates according to the criteria defined in III-C. Furthermore,
we assume that the push prediction network always outputs
the best possible push action. Since we assume the push
prediction to be optimal, if the previous push action did not
lead to an entropy reduction of ∆h(M) > τpush , we do not
perform any further push action and terminate the mapping
process. In this way, we deal with the trade-off between
entropy reduction and change in the current configuration
of the scene and also avoid infinite pushing loops.

IV. EXPERIMENTAL EVALUATION

We evaluated the entropy reduction, the number of steps
needed, the planning time, and the object displacement of our
complete pipeline and compared the performance to different
baselines in both simulation and real-world experiments.
Furthermore, to demonstrate that our 2.5D map is a sufficient
state representation of the environment, we showcased its
application to object reasoning and grasping.

All experiments were conducted on a UR5 robot equipped
with a Robotiq 2f85 gripper and a Realsense D405 for close-
range depth images mounted on top of the end effector. We
trained and evaluated our approach on a computer with an
i7-6800k CPU and an RTX2070 GPU. For the reinforcement
learning agent, we utilized the stable-baselines3 framework
[35] with the truncated quantile critics algorithm (TQC) [36].
Furthermore, we employed the same actor-critic architecture
with a small three-layered network of size 256 each. For our
experiments, we utilized a shelf with dimensions of 40 cm
× 80 cm × 40 cm.

Throughout the experiments, we used the following thresh-
olds: τunknown = 0.2, τsingle = 0.01, τsum = 0.05, and
τpush = 0.01. Additionally, for the reward function of the
VPP agent, we set α = 1 and β = 10.

A. Evaluation of the Viewpoint Planner

To evaluate our viewpoint planner individually, we ex-
ecuted the 3-point fixed planner (3P) used for training
and evaluated how much our learned planner improves the
resulting map. Furthermore, we compared it to a random

(a) Before pushing (b) After pushing

Fig. 5: Qualitative example of an occupancy map update in simula-
tion after a minimally invasive push. (a) shows the map before the
push (green indicates unknown space), with the arrow indicating
the planned push action. (b) shows the map after the push, where
the cells in the marked area became visible due to the push.

method and reimplemented two sample-based state-of-the-
art next-best view planners: a greedy planner by Delmerico
et al. [6] (RSE) and a global planner by Pan et al. [5]
(GMC). We compared against RSE to show the limitations
of greedy planners in confined spaces and against GMC to
demonstrate the overall benefit of a learned approach over a
sample-based method. We adapted the methods to work in
our confined-space multi-object scenario by sampling only
reachable poses a priori and removing the region of interest
constraint. For comparability, the two state-of-the-art systems
and the random sampling method used the same workspace
as our system to generate the viewpoints, the map generated
by 3P as the initial representation, and the same number of
view poses as our agent in the environment.

For the experiments, we sampled 100 different shelf con-
figurations in simulation and 15 in the real world, each with
8 to 10 objects. As shown in Tab. I, our agent outperformed
all baselines in simulation, significantly according to the
paired t-test (p=0.05), with an average 30% reduced entropy
compared to 3P, while requiring 4.94 viewpoints. Since RSE
is a greedy sampling-based method, it sometimes performed
worse or equal to the random agent and therefore shows
no significant difference since it is designed for single
object reconstruction and adheres to the local optimum. In
contrast, the performance of GMC is better due to its global
sampling; however, our approach achieves a 37% higher
entropy reduction relative to GMC. Furthermore, GMC took
7.29,s per planning step, whereas our approach planned the
next viewpoint in 0.04,s. As evident from the lower part of
Tab. I, the simulation results are corroborated by the real-
world experiments, wherein our system performed nearly as
effectively as in simulation.

B. Evaluation of the Viewpoint Push Planner

To evaluate our complete pipeline and to show the in-
fluence of the human guided push actions to reduce the
entropy after VPP, we calculated the entropy before and after
the push actions. Furthermore, to show the benefits of our
trained push prediction network, we applied a method that
randomly selects a push candidate generated by our push
sampling method (see Sec. III-D.2). Each combination of



Metrics Learned Push Random Push
entropy reduction 27.62%± 2.2 37.05%± 2.6

displacement ∗0.24m± 0.03 0.34m ± 0.03

#iterations 3.5± 0.24 3.7± 0.21

object drop rate 0.04 0.21

TABLE II: Evaluation of the complete viewpoint push planner
pipeline: Reduced entropy compared to the map before executing
push actions, object displacement, and number of pipeline iterations
as well as object drops. Each metric is shown with its standard
error. The experiments were carried out in 100 simulated scenarios.
As can be seen, our complete pipeline was able to reduce the
entropy of the map generated by our learned VPP even further.
In comparison to a random push selection method, our trained
push proposal network lead to reduced object displacements and
a reduced object drop rate. The object displacements and entropy
reduction are significant according to the paired t-test with a p-value
of 0.05.

VPP followed by a push action is called a pipeline iteration
and is terminated when the criteria defined in Sec. III-
E is met. We evaluated the pipeline on the same 100
simulated environments as used in IV-A. As Tab. II shows,
both pushing methods were clearly able to reduce the map
entropy resulting from VPP alone by 27.62% and 37.05%,
with an average of 3.5 and 3.7 pipeline iterations. While
the random push selection method outperformed our trained
method in terms of entropy reduction, our method shows the
improvement wrt. the learned minimally invasive actions by
reducing the likelihood of object drops and too large object
displacements. An object is considered dropped if it is tilted
by more than 45◦ or falls off the shelf. For evaluating the
displacement, we compared the object configuration before
and after the full pipeline execution, using the Euclidean
distance of the center point of each object as the evaluation
metrics. Out of the 100 simulated trials, our learned pipeline
reduced the number of object drops after the push by 80%
and was able to reduce the displacement by 29.4% compared
to the random method, reflecting the human preferences that
were introduced during training. To test the influence of the
push length, we performed each trial with a push length of
10 cm, 7 cm, 5 cm, and 2 cm. The longer the push length,
the greater is the reduction in entropy. However, also the
displacements increase significantly according to the trade
off between entropy reduction and configuration disruption.
Empirically, we evaluated 5 cm to be the best in terms of
this trade off and used it for the results in Tab. II. Fig. 5
shows a qualitative comparison of a map before and after a
push action. As can be seen, the VPP is able to detect more,
previously hidden space, while the push itself changed the
object configuration only slightly. On average, our method
takes 0.31 s to sample the push candidates, while the network
takes 0.1 s for inference.

To summarize, we demonstrated that using a predicted
non-prehensile push aids the VPP while maintaining the
overall structure of the scene. The complete pipeline is
easily transferable to the real-robot system without loss of

(a) Object detection (b) Labeld heightmap with grasp
candidate

Fig. 6: Visualization of the capabilities of our map representation.
The left image shows the current scene with the corresponding
bounding boxes resulting from the object detection. On the right,
our map representation is shown with the labels of each object
added as a new layer and the center point of the tomato soup can
for object retrieval.

performance as can be seen in the accompanying video1.

C. Application of the Map Representation to Grasping

To demonstrate the benefit of our map representation, we
conducted two qualitative experiments on the real robot.
Firstly, we augmented our pipeline with an additional object
label layer. These labels were obtained using an object
detection network trained on the YCB dataset [39], and then
transformed onto our map representation. As illustrated in
Fig. 6, this object label layer enables reasoning about indi-
vidual objects within the scene. Subsequently, we utilized the
map to grasp objects from the shelf. Initially, we applied 2D
clustering on the labeled objects to determine the center of
each object cluster. Then, by deprojecting the corresponding
pixel to its 3D Cartesian world coordinate with a predefined
height value of 10,cm above the shelf board height, our
system successfully grasped the soup can as well as the chips
can in nine out of ten cases. The single unsuccessful grasping
trial was attributed to slippage of the object.

V. CONCLUSION

In this paper, we presented a pipeline for interactive
viewpoint planning in confined spaces. We demonstrated
the efficacy of our approach in multiple simulated and real-
world scenarios with a robotic arm equipped with an RGB-D
camera on the end effector for mapping of the objects on a
shelf. The results show the improved performance of our
system in comparison to several baselines and demonstrate
that our agent is able to increase the mapped space. We
showed that the executed push actions highly benefit the
viewpoint planner. Furthermore, the executed pushes main-
tain the overall object configuration following preferred push
actions of humans used to train the push prediction network.
Our system runs in real time and the code of our viewpoint
push planner is available on Github2.

1https://www.youtube.com/watch?v=6C3Q2UFKq2Q
2https://github.com/NilsDengler/view-point-pushing
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