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1. Introduction
Robotic bin picking is a complex task which is
difficult to fully automate. While recognizing
and picking different objects in a cluttered envi-
ronment is a simple task for a human worker,
robots still face challenges since they should
adjust their actions based on their surround-
ings. The perception of the robot’s surround-
ings requires different sensors that provide huge
amount of data about the environment, which
should then be processed. Neural Networks
are well-suited to address these challenges, since
they works efficiently when dealing with large
amount of data, and they are able to model un-
known and complex function with proper train-
ing. Therefore, Neural Networks have found
extensive application in this field, particularly
in solving object detection and pose estimation
tasks. However, these algorithms demand a con-
siderable amount of labeled data for training,
making the process highly time-consuming.
To overcome this challenge, the proposed ap-
proach involved generating a fully synthetic
dataset for training the network. However, this
strategy introduces the concept of the ’reality
gap’, leading to the model’s incapacity to gen-
eralize effectively to real-world scenarios. To
mitigate this concern, the overall task was sub-

divided into two distinct components: object
detection and pose estimation. These tasks
were tackled separately using two distinct Neu-
ral Networks. The object detection network was
trained with a small dataset of real images, while
the pose estimation network was trained on a
fully rendered dataset. To bridge the ’reality
gap’, the 2D-mask derived from the object de-
tection network was integrated into the pose es-
timation process as a filtering mechanism to en-
hance result accuracy.

2. State of the Art
Robotic bin-picking is a combination of different
technological fields. The robot should recognize
and classify an object; find a suitable grasping
position based on the characteristics of its end-
effector, and calculate a feasible path to move
the object to its final position. Approaches to
vision-based robotic grasping can be categorized
based on different criteria. They can be divided
into analytic and data-driven approaches. Ana-
lytic approaches typically analyze the shape of
the object to identify a suitable grasp pose. In-
stead, data-driven approaches are based on ma-
chine learning [4]. In recent years, data-driven
approaches have gained popularity thanks to the
increased availability of data, enhanced compu-
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Figure 1: Overall pipeline of the method.

tational resources, and algorithm improvements.
Vision-based robotic grasping approaches can be
also categorized as model-based and model-free
methods. The difference between them is the
availability of specific information about the ob-
ject to be picked. Model-based methods use 3D
models to identify a suitable grasp pose; while
model-free methods calculate a grasp candidate
without using any prior knowledge of the object.
In particular, model-based methods typically in-
clude an object detection task, followed by a
pose estimation step to have a precise position-
ing of the object. Knowing the object pose and
some feasible grasp positions, a grasp pose can-
didate can be calculated. Instead, model-free
approaches directly propose some grasp candi-
dates, usually only relying on the point cloud.
[2] Once a grasping position is determined, for
both approaches a collision-free and kinemati-
cally feasible trajectory should be calculated, to
pick the object and move it to its final position
[4].

3. Selected Methodology
The aim of this thesis is to develop a pipeline
to implement object detection, classification and
pose estimation for a bin picking application.
This solution is designed to operate in a typi-
cal setting, where various types of objects are
randomly deposited in an unstructured environ-
ment. Usually, a critical task is also to recognize
the various objects, so the decision was to em-
ploy a model-based approach. In addition, the
objects to be picked can often undergo frequent
changes. Therefore, the solution must be flex-
ible to accomodate new objects. For this rea-
son, the final decision was to employ Pix2Pose
[6] as the foundational algorithm. It operates as
a model-based method where a single network
is trained and used for each object class. As a
result, when a new object needs to be picked,
the model can be trained exclusively for that
object, without any impact on the results previ-

ously achieved for the other ones. To avoid the
tedious and time-consuming work of creating a
dataset for the pose estimation algorithm, a syn-
thetic dataset has been created. Even though
simulations can provide an abundant amount of
labelled data, they introduce the problem of ’re-
ality gap’. To bridge the gap, Mask-RCNN has
been used as detection algorithm, and the es-
timated 2D-mask of the object is used to en-
hance the performances of the pose estimation
model. In fact, the object detection network is
trained with a small dataset of real images. To
further improve the pose estimation, Iterative
Closest Point (ICP) algorithm is used on top
the described model, to refine the pose estimate
using the depth image. The overall pipeline is
described in Figure 1.

4. Object Detection results
Three types of cylinder from Camozzi Au-
tomation have been considered: 23N2A16A010,
23N2A20A050, and 23N3A16A050, labelled as
’Short’, ’Medium’ and ’Long’ respectively for the
sake of clarity. Their corresponding CAD mod-
els are accessible on [1].
Given the solution’s requirement for flexibility
and adaptability to new objects, the decision
was to train the model with a relatively small
dataset. This dataset includes 63 images, split
into 46 images for training and 17 for testing.
The number of instances for ’Short’, ’Medium’
and ’Long’ are respectively 40, 28, and 27 for
training, while 9, 10, and 9 for testing. Fig-
ure 2 displays a labelled images from the train-
ing dataset. Each instance is annotated with its
bounding box and 2D mask. The proposed ap-
proach includes Detectron-2 [7], an open-source
object detection system from Facebook AI Re-
search. It is based on Mask-RCNN and it has be-
come the de facto standard for instance segmen-
tation. Two different backbone networks have
been used for Detectron2, namely ResNet50, and
ResNet101. [3]
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Bounding Box AP Segmentation AP
IoU R-50 X-101 R-50 X-101

’Short’ 0.5
0.9

0.915
0.769

0.839
0.815

0.889
0.749

0.783
0.761

’Medium’ 0.5
0.9

0.619
0.610

0.528
0.490

0.570
0.561

0.478
0.445

’Long’ 0.5
0.9

0.902
0.846

0.988
0.988

0.685
0.644

0.700
0.700

Table 1: Experimental results for object detection and image segmentation.

Figure 2: Examples of labelled images.

Table 1 shows the bounding box and segmen-
tation Average Precision (AP) for each type of
cylinder separately. The sub-columns show the
AP for different Intersection over Union (IoU)
thresholds: 0.5 and 0.9. The standard practice
is to consider the IoU threshold as 0.5, however,
also an IoU equal to 0.9 has been considered for
completeness. The observation reveals that the
two models yield similar results in terms of Av-
erage Precision. Discrepancies in individual val-
ues stem from the small dataset used for testing.
However, there is an evident discrepancy in Av-
erage Precision across different cylinders on both
models. In particular, ’Medium’ demonstrates
the least favorable results in terms of Average
Precision, both for object detection and image
segmentation. This can be attributed to the geo-
metric similarity between ’Medium’ and ’Short’
cylinders, coupled with the smaller number of
instances available for ’Medium’ in the training
dataset.

5. Pose Estimation results
The Pix2Pose model needs separate training for
each object. In this study, the entire process,

spanning from dataset creation to model test-
ing, was executed exclusively for one cylinder,
specifically the ’Short’ cylinder. An analogous
procedure can be replicated for each distinct ob-
ject type. A fully rendered dataset has been gen-
erated using BlenderProc [5], a tool built upon
the Blender software framework, specifically de-
signed for procedural scene generation.

Figure 3: Example of synthetic image.

As depicted in Figure 1, the pose estimation
pipeline involves utilizing the network twice.
Due to this iterative process, training the
Pix2Pose network in an end-to-end fashion is
not straightforward, as the AD (Average Dis-
tance) metric is not solely dependent on a single
pass through the network. To assess the net-
work’s performance, the AD metric should be
calculated at the end of the training, consider-
ing the overall behavior of the model. To ac-
complish this, a set of 100 synthetic images was
generated using BlenderProc. The Average Dis-
tance metric is calculated both with and without
utilizing the 2D mask of the object estimated by
Mask-RCNN. Specifically, the percentage of cor-
rect estimations increases from 3% to 19% and
the mean Average Distance decreases from 60.4
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