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Resumen:  Un sistema confiable  de  manipulación  de  objetos  requiere  de  percepción  sofisticada.
Aspectos importantes de este sistema es ser capaz de detectar la forma, tamaño y pose de los objetos a
manipular. Estas capacidades se han mostrado antes en la literatura pero sin demostrar altos grados de
confiabilidad en ambientes no controlados. Las soluciones actuales tienen muchas limitaciones para
lograr un manejo adecuado de los objetos. El objetivo principal de este estudio es revisar las técnicas
de percepción más relevantes al problema, sus características y limitaciones. Esto será de utilidad para
dirigir el trabajo futuro a los aspectos que un robot (como el desarrollado en el ARCOS-Lab) necesita
para manipular objetos en ambientes humanos no controlados cotidianos, como las cocinas. 
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Abstract: A  reliable  object  manipulation  system  requires  a  sophisticated  perception.  Important
aspects that are required for this type of manipulation are been able to detect the shape, size and pose
of the objects to manipulate. These capabilities have been shown before but their reliability is usually
not high enough to achieve proper object manipulation in uncontrolled environments. Many are the
limitations of current solutions and many are the requirements for this type of manipulation. The main
goal of this survey is to study the current most relevant methods, their features and limitations. This
will be useful to concentrate future work on the missing aspects that our robots will need to achieve a
reliable object manipulation in unconstrained every day human environments such as kitchens.
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1. INTRODUCTION

We would like to create robots capable of assisting humans on a variety of tasks on regular human environments and in the
presence of humans and other actors. Such robots would require far more reliable and sophisticated capabilities than the current
widely deployed industrial robots - unlike production lines, human everyday environments are unconstrained, objects are never
located on the same places nor orientations, unfamiliar objects appear all the time and vary greatly in shape and uses and, on top of
it all, humans and other actors move the objects around in an unpredictable fashion when compared with the orderly motion on
factories.

In order for these robots to be useful they need to interact  with the world around them, which calls for advance and reliable
manipulation capabilities, hopefully matching humans in skill, which is a high bar - humans are capable of reacting quickly and
using a wide array of tools to perform varied tasks. For our machines to have any hope of matching us, it needs to be able to see,
interpret and understand the environment and the objects that compose it - to be able to do a simple task such as grasping an object,
the robots needs not only to be able to locate that  object  in relation to itself,  but  also to determinate the object’s geometry.
Furthermore, depending in what the robot intends to do with the object, it may need to grasp it differently; it’s not the same,



passing a bottle of water to a human, than to open that bottle. Therefore, the robots need to understand what type of the object it is
trying to manipulate, what are its intended uses and how is it going to be used on the next few actions, another issue is that the
world is dynamic, it changes at a fast pace even if the robot takes no action, so the robot needs also to be able to track to a certain
degree these changes when detected and also expect that observations made some time ago may no longer be valid. A robot with
the ability to manipulate our everyday objects would also require a reliable perception system capable of extracting and processing
all the information needed, potentially in real time.

Given that the world is 3D, it’s useful for the perception systems to be 3D as well; the robot need the full 3D geometry, position
and orientation of an object in order to plan and take any manipulating actions on it. 3D perception is challenging and different
than its 2D counterpart. Point clouds, the main data structure used for pure 3D, are a collection of x,y,z coordinates representing
points in space - unlike digital images, they are unorganized, two points that are contiguous on the data structure are not on the real
3D space, making it difficult to process efficiently. Another problem is that they are not uniformly sampled; there are regions in
space which have more corresponding points than other regions, even if they both have about the same amount of objects in them.
There also may be extra data depending on the sensor used, in addition to x,y,z, color information or intensity of the laser reflected
may be included on the point  cloud. Other  problems that  may arise which are more traditional  are the noise of  the sensors,
occlusion (every object hides half of it self), transparent items that are not easy to sample with most 3D sensors, and clutter. It may
also  be  necessary  to  fuse  data  from different  types  of  sensors  in  order  to  complement  or  complete  all  the  sufficient  object
information for manipulation. This sensor fusion may not be trivial.

We believe that the capabilities of detecting the position of objects, their geometry and the state, especially dimensions are critical
to the success of manipulation of any kinds and this should be as reliable as possible. That is why on this paper we would like to
focus on three subjects within the field of 3D perception: semantic segmentation, pose estimation and object parameter estimation.
Semantic Segmentation is the problem of answering the question “what  object  is  this?”.  Pose estimation algorithms helps to
understand where is the object located and what’s it’s orientation. Finally object parameter estimation is the task of determining the
state of the object. We believe these subjects to be key for the kind of complex manipulation we would like our robot to perform.

On the rest of this paper we will explain the general problem of how to perceive objects for manipulation task and later on more
detail, some of the most particular techniques that are important parts of the object perception problem. As will be shown in this
paper, there are many problems not yet completely solved and there are many methods not discussed in this paper because of a
space constraint. Therefore, we will concentrate our study to some of the most relevant examples, to the above described problem,
of the different techniques used and not a comprehensive review of each of the subjects.

2. HOW TO PERCEIVE OBJECTS FOR MANIPULATION

On this section, we will describe some known approaches to the problem and some of their possible limitations.

A particular approach that could allow skilled manipulation we are interested in is presented by(Ruiz Ugalde 2015). For the
perception system, a mix of markers and artoolkit was used. This system is very reliable most of the time, however it requires
each object to be tag with the marker, imposing a constrain on the environment. Today and in the near foreseeable future,
regular everyday objects are not tagged, making this approach limited on real environments at best.

Other methods are described by (Rusu 2009). In this work, the author argues that it cannot be expected that any particular
algorithm performs perfectly on all conditions, therefore he proposes to set a type of general algorithmic steps for general tasks
and have a pool of algorithms that can be interchanged for each of those steps.  The rest of the work consists on a algorithm for
each task based both on machine learning and object model fitting, and some scenarios to test those algorithms. In general, the
author claims good results, but he acknowledges that the algorithms need to be tested on a larger set of environments. Another
pending issue is a method to select the right algorithm for a given task.

Another  approach  to  perception  is  presented  by (Klank 2012).  Just  like on the previous  work,  the author  argues  that  no
algorithm works perfectly for every task, however one of the key contributions of his work is a method to select an algorithm
for a given task. The rest of the work describes a way to estimate the six degree of freedom pose of objects. This process uses
images and the 3D models of the objects, the work explains how to match this to the environment and how to acquire new
models  via  internet  databases.  This  systems impose  a  constraint:  all  objects  most  be  on their  “upright”  regular  position,
otherwise the search tree used to generate all 2D projections of the 3D objects grows too large. Another disadvantage is that the
models should be of exactly the objects on the robot’s environment. It is possible that the model can vary from the real object,
but the performance and robustness of the algorithm may diminish. Also, it isn’t clear how much the algorithm fails when the
model is not exactly the same as the object.



For a radically different approach to manipulation, NVIDIA is trying use deep learning to transfer simulation scenarios to the
real world on (Chebotar et al. 2018). The system would probably require a simpler perception system, as the deep learning
neural network encodes the knowledge of 3D space and object physics, probably a simple digital camera is enough. On the
downside of this method, is that  it  requires  a large amount of simulations for each task, which means a large amount of
computational power and time.

3. SEMANTIC SEGMENTATION

The goal in segmentation is to divide the 3D data into regions that belong to different entities, for example to divide the
foreground and the background or the different objects on a scene from each other. In Semantic Segmentation, we need to
separate objects from each other and also identify what is the object - for example a task in semantic segmentation is finding
which points on a point cloud are part of a mug, or a table. We could also use more vague classification, for example finding
the points that belong to a sphere, a cylinder or some form of geometric primitive.

Semantic segmentation has uses beyond object manipulation, therefore much research on the area is not directly applicable to
the object manipulation problem. In particular, semantic segmentation of digital images is not useful to our problem. There are
also many methods to do the segmentation and this is usually associated with pattern recognition/machine learning. We will
review to families of methods, the ones based older and more traditional algorithms of machine learning and pattern recognition
and those based on deep learning.

3.1 Traditional Machine Learning and Pattern Recognition

The techniques of machine learning and pattern recognition are older than those of deep learning, so there is a wider variety of
better studied methods available. The typical approach has some pre-processing (noise removal, data registration, segmenting
the data into smaller  regions,  etc)  and then some features  are  extracted  from the data and normally a  previously trained
classifiers  deals  with  the  semantic  segmentation.  The  features  used  exploit  geometric,  positional,  statistical  or  chromatic
property of the objects to allow a proper classification.

Among these papers, the work of the Intelligent Autonomous Systems Laboratory from Technische Universitlit Munchen is
specially  interesting  since  their  perception  systems  are  designed  for  robots  working  on  human  environments.  Some
contributions include a new feature: the global fast point feature histogram (Rusu et al. 2009), work on creating algorithms for
segmentation (Goron et al. 2012) and creating semantic maps of kitchens (Rusu et al. 2008; Rusu et al. 2008; Radu Bogdan
Rusu et al. 2007; Blodow et al. 2011), , and experimental validations of those techniques. A lot of the work on these papers is
covered by (Rusu 2009) and (Klank 2012) which was already discussed on a previous section. There is also work on mixing 2D
and 3D and different sensors to improve performance and accuracy on (Marton et al. 2011).

While not necessarily designed specifically  for robotic manipulation, there are also other works that create classifiers  and
features that could be useful for our application (Nissler, Marton, and Suppa 2013; Weinmann et al. 2015; Vo et al. 2015; Lai et
al. 2011; Kriegel et al. 2013; Hausman et al. 2013; Gupta, Arbeláez, and Malik 2013; Herbst, Ren, and Fox 2011; Kim and
Sukhatme 2014; Huang and You 2013; Nuricumbo et al. 2016).

In general,  most  of  these  methods are  supervised,  meaning they require  sufficient  training data which may not  be easily
accessible.

3.2 Deep Learning

Deep learning is a recent area of machine learning which bases itself on convolutional neural networks (CNN). This area is
incredibly popular at this point in time, thanks to its great results on hard 2D computer vision applications.

Applying deep learning to point clouds is recent, with one of the first CNN designed in 2017 on (Qi et al. 2016). There has been
various papers proposing improvements to the overall PointNet architecture, and a completely different approach presented by
(Jiang, Wu, and Lu 2018). There are also attempts to reduce the 3D problem into a 2D one, but retaining the 3D annotations as
a result, for example in (Boulch et al. 2018), various multi-view 2D snapshots are generated from the point cloud. Another
approach is (McCormac et al. 2016), which uses tracking from odometry to transform the 2D sequence into 3D space. There is
a specific survey for deep learning on semantic segmentation in (Garcia-Garcia et al. 2017).

While deep learning could potentially surpass more traditional methods, they require a large dataset for training to perform
well, even larger than those required by traditional machine learning. Another problem is that CNNs for 3D are not invariant to



rotations and scaling, but the typical  workaround is to train it  on various transformations of the same object,  making the
required dataset even larger. There also have been limitation regarding the size of point clouds that can be processed.

4. POSE ESTIMATION

Pose estimation is the problem of determining the object’s position and orientation on 3D space. In order to do that we need to
find 6 variables, 3 translational, and 3 rotational, given that objects have six degrees of freedom on 3D space.

There are multiple approaches, one presented by (Klank 2012), which was presented on a previous section. There are various
variations to the general idea of searching the full pose on digital images as presented on [Riedel, Marton, and Kriegel (2016);
Muja et al. (2011); Zhe Cao, Sheikh, and Banerjee (2016); Aldoma et al. (2011); Kouskouridas et al. (2012); Azad et al. (2011);
Cornelius, Kragic, and Eklundh (2005); Ekvall, Kragic, and Hoffmann (2005); Kouskouridas et al. (2015);], they all share the
disadvantage that extra information must be known about the objects and they all need a way to create all 2D projections of the
3D objects in order to work.

Deep learning is also applied in this area, a survey of deep learning for pose estimation is presented on (Li et al. 2016). That
survey concludes that, even though there are promising directions for further work, none of the various deep learning pose
estimation based methods is robust and fast enough to deal with all situations due to occlusions, scale of the scenes, pose
changes, and multi-instance objects.

6. PARAMETER ESTIMATION

Parameter estimation is the problem of knowing the value of some property of an object. For grasping, the dimensions and
centroids are the most important properties that can be deduced from visual sensor data. Given the manipulation system of our
group, we are interested on treating objects based geometric primitives - spheres, cylinders, boxes, etc - or a combination of
them.

On this line of work RANSAC is a classical algorithm to use, along with that (Rusu 2009) uses a machine learning SVM
approach to deal with objects, which later a mesh is generated, however the tests ran on synthetically created objects. Another
issue is that the mesh grid created can only work for pick and place kind of problems, since only an approximation of the
surface is known and no other parameters.

(Vu et al. 2018) developed a variation of RANSAC called GCSAC to match cylinder and spheres. However, the experiments
show large error rates up to 81.01% and the method requires complete scan of the object, which is not generally available to the
robot because of occlusion.

6. CONCLUSIONS

There is interesting work on many perception problems needed for robot object manipulation, however a lot of work is still
needed to bring the level of reliability needed. Much of the work on recent years is based on deep learning, which, for 3D data,
is still very much new, with problems due to the large amounts of data required and processing speed needed for a robot to run
this algorithms in real time.

Some of the contributions of the above work include (among others):

 Deep Learning based methods to deal with pose estimation and semantic segmentation.

 Traditional Machine learning methods to deal with all 3 problems.

 Various features that perform well on 3D.

 Work on aquireing models form the internet and the environment

 The use of data structures like semantic maps to categorize the environment

Even though the methods shown on the paper can perform well (given the right constrains) there is work that still needs to be
done:



 Either the right datasets needs to be collected in order to train both traditional supervised methods and deep learning
based ones or a way get better results from small dataset needs to be done. None supervised methods take a wide hit
on accuracy and performance compared to the supervised ones.

 Deep Learning based methods don’t scale well on real, unconstrained environments.

 Most of the methods require testing on more varied scenarios.
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