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A B S T R A C T

Object picking is a fundamental, long-lasting, and yet unsolved problem in industrial applications. To complete
it, 6 Degrees-of-Freedom pose estimation can be crucial. This task, easy for humans, is a challenge for machines
as it involves multiple intelligent processes (for example object detection, recognition, pose prediction). Pose
estimation has recently made huge steps forward, due to the advent of Deep Learning. However, in real-world
applications it is not trivial to compute it: each use-case needs an annotated dataset and a model robust
enough to face its specific challenges. In this paper, we present a comprehensive investigation focused on a
specific use-case: the picking of four industrial objects by a collaborative robot’s arm, addressing challenges
related to reflective textures and pose ambiguities of heterogeneous shapes. Thus, Artificial Intelligence is
crucial in this process, utilizing Convolutional Neural Networks to discern an object’s pose by extracting
hierarchical features from a single image. In detail, we propose a new synthetic dataset of industrial objects
and a fine-tuning method to close the sim-to-real domain gap. In addition, we improved an existing pipeline
for pose estimation and introduced a new version of an existing method, based on Convolutional Neural
Networks. Finally, extensive experiments were conducted with a Universal Robot UR5e. Results show our
strategy achieves good performances with an average successful picking rate of 75% on these new objects.
Considering the lack of available datasets for pose estimation, coupled with the significant time and labor
required for annotating new images, we contribute to the scientific community by providing a comprehensive
dataset, and the associated generation and estimation pipelines.1
1. Introduction

In recent years, the field of robotics has witnessed remarkable
advancements, with intelligent machines progressively permeating var-
ious industrial domains. In Industry 4.0, a novel type of robot has
been introduced: Collaborative Robots (Cobots). The idea of collabo-
rative robots emerged in the mid-1990s, and today, they are widely
adopted and continually evolving. Cobots are not required to be con-
fined in a safety cage far away from human workers, they are designed
to work alongside humans in a shared workspace. Among the myr-
iad applications, robotic grasping is pivotal in automating industrial
processes with cobots, facilitating increased productivity and preci-
sion. In computer vision related challenges, the quest for success-
ful learning-based grasping solutions in complex industrial scenarios
remains formidable. It takes two main directions: model-based and
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1 https://github.com/EleGo9/6Dpose-Yolov7-Seg-A.

model-free methods (Kleeberger et al., 2020). In the first, the 3D
Computer-Aided Design (CAD) model or the category of the object
is known, in the second only a set of images is used. The industrial
scenario usually requires the best possible precision with well-known
recurrent objects. We focused on a model-based grasping pipeline,
where a set of grasps is predefined and the robotic arm works according
to the 6 Degrees-of-Freedom (DoF) pose estimation. It consists of, given
an image as input, predicting the object position (rotation and transla-
tion). 6D pose achieved remarkable results on benchmarks largely due
to advancements in artificial intelligence for computer vision. However,
in real-world scenarios, the task is still a challenge, because the need for
a large annotated dataset often limits practical applications. In addition,
in robotics, we could have different environments, for example, light
changes and cluttered backgrounds, which could affect learning. As a
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consequence, deep learning methods must be robust enough to face
changing environments, and this is not trivial. For this reason, each use
case robotic application must tackle different challenges. In this paper,
we will face some of the monocular 6D pose challenges highlighted
by Thalhammer et al. (2023), proposing a possible solution in a specific
real-world industrial application. In detail, we have four industrial
objects with different shapes and materials and we want the cobot to
successfully grasp them by predicting the 6D pose estimation. Then,
from an image 𝐼 , the 6D pose estimation is defined by 𝑥, 𝑦, and 𝑧 as
axis coordinates and 𝜙, 𝜓 and 𝜃 as corresponding Euler angles. Input
images 𝐼 give rise to a main distinction in 6D pose estimators since
they can be: (i) Red Green Blue (RGB) monocular images and (ii) RGB-
Depth (RGB-D) images (He et al., 2021, 2020; Cao et al., 2023). The
RGB monocular image is an array with shape (𝐻,𝑊 , 3) where 3 is the
number of channels representing the three colors RGB and 𝑊 and 𝐻
are respectively width and height. In the second RGB-D case, additional
information is required: depth data. Though RGB-D pose estimation
methods achieved the best performances on benchmark datasets, we
do not use depth maps in our learning step, only in post-processing.
Even if the depth map has proven to be a great geometric source
for pose estimation, it still presents many limitations (Marullo et al.,
2023; Thalhammer et al., 2023): (i) it requires expensive hardware if
compared to RGB images; (ii) it has different noise patterns at different
distances or image regions; (iii) it is strongly dependent on sensor types
since it varies noise patterns between sensors.

On the other hand, RGB sensors are low cost, low noise, and are
less sensitive to different parameters (such as the scenario, the objects’
texture or the camera’s intrinsic matrix).

As a consequence, RGB approaches gained significant relevance
and some methods (Hodan et al., 2020; Sundermeyer et al., 2020b)
used RGB input for the training phase, taking into account depth only
for the post-processing refinement. Driven by these motivations, our
primary objective was to thoroughly investigate the capabilities of the
easily accessible and stable RGB modality in the context of 6D robotic
grasping tasks, all without relying on any depth input in the learning
phase. After that, we used depth in the final picking point computation.
A further categorization of 6D pose methods relies on instance-level and
category-level 6D pose estimation. In the first, instance-level 6D pose
estimation, inputs are an image and the exact 3D model of the object
of which we want the pose. In the category-level 6D pose estimation
task, the specific 3D model is not required. Instead, the provided 3D
models are not the same as represented in the image, but they belong
to the same category. The goal is more challenging than instance-
level: for example, given the model of a cup, the purpose is to predict
the pose from an image of every existing cup. This task was intro-
duced by Wang et al. (2019) in 2019, so it is new and less navigated
than the instance-level one. For these reasons, given the industrial
scenario where achieving the highest possible performance on objects
is imperative and 3D object models are known a priori, we opted
for instance-level methods. Focusing on this task, the main ongoing
research challenges we met were: domain shift, symmetry handling,
and challenging material properties, also cited by Thalhammer et al.
(2023). The purpose of this paper is to solve the task of 6D pose
estimation for a successful picking in a challenging environment, where
four industrial objects are chosen. The entire procedure is presented in
the paper, from data generation to real-world experiments. Our main
contributions, categorized in Fig. 1, are the following:

1. We proposed a new pipeline for RGB-input 6D pose estimation
on challenging objects in a semi-cluttered industrial scenario,
improving an existing method by modifying its assumption on
noise impedance (Section 3.2.2);

2. We provide a new simulated semi-cluttered dataset (Section 3.1)
with single instance objects, and a customizable data-generation
pipeline. To bridge the performance gap of a segmentation
2

model between simulation and real scenario, we introduced a
new two-step training strategy:: (i) training on simulated data,
(ii) fine-tuning on a very small dataset with both simulated and
real, augmented images;

3. We evaluated the entire pipeline with a robotic arm and a
camera with extensive picking experiments (Section 4.3);

4. We provide the dataset and code, which are publicly available,
serving as valuable resources for similar applications in Industry
4.0.

This paper focuses on estimating 6D pose at the instance level using
RGB input, with a particular emphasis on implicit representations of
pose. In Section 2, we will explore various commonly utilized strategies.
Section 3 introduces the challenges of industrial scenarios and the
proposed pipeline to address them. Section 4 details the experiments,
including their settings, metrics, and results, which are further dis-
cussed in Section 4.4. Finally, Section 5 presents the conclusions and
suggestions for future work.

2. Related works

Early approaches. Initially, the 6D pose estimation task was solved by
geometric feature extractors and template-matching techniques (Hin-
terstoisser et al., 2011; Huttenlocher et al., 1993). However, these
methods lacked robustness against changes in lighting and background
conditions.

Deep learning approaches. In recent years, Convolutional Neural Net-
works (CNNs) led to a breakthrough in this field, overcoming other
strategies. Nowadays several CNN-based algorithms have been pro-
posed. PoseNet (Kendall et al., 2015) was the first method based on
CNNs. It consists of a CNN-trained end-to-end to regress the camera’s
orientation and position.

Subsequent methods, such as PoseCNN (Xiang et al., 2017), directly
regress the pose through a two-stage process. These regression-based
methods are efficient and fast but may struggle with capturing spatial
relationships and geometric constraints.

On the contrary, the other two types (classification and 2D–3D
correspondences) can provide a more generic scheme of implemen-
tation. Despite this, end-to-end regression networks remain a focal
point of ongoing research. For example, a recent work (Lin et al.,
2022), directly regresses the pose while concurrently capitalizing on ge-
ometric constraints through the prediction of keypoint offsets. Another
method, proposed by Tekin et al. (2018), follows the architecture of
YOLOv2 (Redmon et al., 2016), a fully convolutional network typically
used for 2D object detection.

The method proposed in Tekin et al. (2018) approaches the 6D pose
estimation problem by predicting 2D image coordinates of virtual 3D
control points associated with the 3D models of the objects of interest.
It selects 9 control points for each object, including the 8 corners of the
tight 3D bounding box and the centroid of the 3D model. The network
is trained to predict both precise 2D locations and high-confidence
values in regions where the object is present. PVNET (Peng et al., 2019)
adopts a different approach; rather than regressing image coordinates
of keypoints, it forecasts unit vectors representing directions from each
pixel to the keypoints. Each pixel’s direction is associated with the
keypoint they voted for. Then the most voted keypoints are computed
by random sample consensus (RANSAC) algorithm (Fischler and Bolles,
1981). This voting scheme creates a vector-field representation for key-
point localization, enforcing spatial relations between object parts, and
even inferring the location of invisible parts. Although such a paradigm
offers reasonably accurate estimates, it has limitations. First, two sets of
correspondences could have the same average error, describing entirely
different poses. Secondly, these approaches are not differentiable with
respect to the 6D pose estimation parameters, thereby learning capabil-
ities are restricted. Geometry-Guided Direct Regression (GDR) (Wang

et al., 2021) is a hybrid between them, trying to regress dense 2D–3D
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Fig. 1. Industrial use case: main contributions on data generation, pipeline, and picking experiments.
correspondence maps and to learn the Perspective-n-Point (PnP) opti-
mization by convolutions. Another different approach (Su et al., 2022)
is based on defining the matching of dense 2D–3D correspondence
as a hierarchical classification task. It is an RGB two-stage method
where a unique descriptor is assigned to the 3D vertex, then the dense
correspondence between pixels and vertices is predicted. However,
handling pose ambiguities remains a challenge.

Augmented autoencoder. Our application brings back template-matching
methods, to overcome this issue. This approach can appear as a step be-
hind, however, we did not use standard template matching techniques,
but a revised version of the Augmented Autoencoder (AAE) (Sunder-
meyer et al., 2020b).

We relied on CNN-based methods for extracting a meaningful latent
space for object pose. First, the continuous space of rotation Spe-
cial Orthogonal 3-dimensional Group (SO(3)) has been discretized as
in Kehl et al. (2017). Unfortunately, moving to a classification network,
even rather coarse intervals of 5 degrees lead to over 50.000 possible
classes, dramatically increasing the complexity of the classification
problem and hindering convergence. Another possible option to face
regression and classification issues is to (i) implicitly describe the image
with the pose and, successively, (ii) compute similarities between the
latent representation and a codebook describing a discretized version of
SO(3). The implicit descriptor has the structure of an encoder trained in
3

a denoising Autoencoder (AE) and was proposed by Sundermeyer et al.
(2020b,a). We chose this method according to our specific constraints:

• AAE bridge the domain gap through the Domain Randomization
phase, as claimed by the authors in Sundermeyer et al. (2020b);

• AAE learns invariant features to solve the ambiguities and sym-
metries, thanks to the fact that it is trained on the reconstruction
loss function, as highlighted by the authors (Sundermeyer et al.,
2020b);

• AAE does not use a depth map during inference. Therefore, depth
noise does not affect the learning. In the original paper, the
Iterative Closest Point algorithm is proposed as a refinement step,
using depth maps, but it is not considered in this work.

The risk of taking into account the latent space of a denoising AE is
that we do not know exactly what it represents. This is a huge limitation
and to solve it in the original paper (Sundermeyer et al., 2020b), a
strong hypothesis is assumed and extended also to data augmentation:
the Denoising AE produces latent representations which are invariant to
noise because it facilitates the reconstruction of de-noised images called
Hypothesis 1. In this paper, we want to discuss this hypothesis and its
possible extensions. In addition, we present experiments that explore
how different pipelines affect the latent space and, consequently, 6D
pose prediction. Moreover, we think that, given the difficulty of latent
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Fig. 2. Four challenging industrial objects.
space interpretation, the AE was not further explored but the repre-
sentation of a pose through a latent encoding is a compelling starting
point.

3. Methods and applications

3.1. Industrial scenario challenges

Since objects of our use-case do not match with existing 6D dataset
(Hinterstoisser et al., 2012; Hodan et al., 2017; Xiang et al., 2017;
Kaskman et al., 2019; Tyree et al., 2022), we create our custom one.

In this case, we have 𝑁 = 4 industrial objects: a spark plug key,
a nut, a nozzle, and a bolt (Fig. 2). We choose them because they are
typical industrial objects, commissioned by a company, and simultane-
ously present numerous critical aspects. First, we faced the problem of
the dataset: 6D pose real datasets are limited by the high cost in terms
of time and labor for annotating. While large annotated datasets are
essential for training models with millions of parameters, the process
of translation and rotation labeling is notably expensive. This issue
is clearly more relevant in 6D pose estimation than in other vision
tasks. For this reason, Physically-based Rendering (PBR) for automated
dataset generation is increasing: synthetic data can be easily generated
with low cost and high efficiency thanks to modern simulators. A
lot of progress has been made with respect to monocular object pose
estimation (Thalhammer et al., 2021; Nguyen et al., 2022; Wang et al.,
2020; Hu et al., 2022; Lu et al., 2022). However, the methods that
rely only on PBR as input, experimented with lower performances than
methods trained on real data. The problem of domain shift remains
one of the major challenges of general robotics, with particular effort
in the task of 6D pose estimation. For these reasons, we first created
labeled synthetic images using CAD models of the objects, generated
with UnityEngine. Secondly, we propose some solutions to bridge the
domain gap between reality and simulation. The generation code is
available.2

New challenging issues we faced are:

1. Semi-cluttered scenario: we look for a pipeline able to distin-
guish an object placed on other similar background objects;

2. Reflecting textures: most of the objects used in 6D pose estima-
tion benchmarks are opaque. However, especially for industrial
applications, handling metallic materials is a crucial point. They
are challenging because they reflect light and their appearance
is strongly dependent on the light and camera position in the
environment. Some of our objects (spark plug key, nut, and bolt)
have a metallic surface, and the light changes given by this
material could affect the learning of the algorithm. We need a
method robust to these effects.

2 https://github.com/EleGo9/Gen4Industry
4

3. Symmetries and self-occlusions: ambiguities arise when an ob-
ject has the same visual appearance for different poses. Template
matching methods do not suffer from ambiguities, because they
do not require learning a representation or regressing a pose.
On the contrary, deep learning approaches are widely affected
by symmetries. Each of our four considered objects present
pose ambiguities given by object symmetries or self-occlusion
induced symmetries. This means that identical training images
could have different rotation labels assigned which disturbs
the learning process. We looked for a pose ambiguity-invariant
method.

To solve the issue 1, a semi-cluttered geometric background dataset has
been created with UnityEngine. The geometric background is composed
of different 3D geometric objects (cubes, spheres and cylinders) of
different metallic/matt materials, placed randomly on each image. The
background can be considered semi-cluttered, because the geometric
solids are only in the background, and always behind the main object,
which is never occluded or partially occluded.

In addition, light directions and light colors change randomly too,
creating different metallic effects. This helps solve issue 2. There are
no identical images. Each image contains one of the four target objects
placed in a random translation and rotation.

Some examples are provided in Fig. 3. Target objects are segmented
and indicated with an arrow in these example images.

The issue 3 is related to the method choice and, therefore is further
explained in the following section, with the pipeline explanation.

3.2. Pipeline

According to considerations done in previous sections, the 6D pose
estimation problem should be formalized as follows (Hodan et al.,
2018): there are 𝑁 objects  = {𝑖 ∶ 𝑖 = 1,… , 𝑁} with their
corresponding 3D CAD models  = {𝑖 ∶ 𝑖 = 1,… , 𝑁}; given an
RGB image 𝐼 we want to estimate the pose 𝐏 of each object 𝑂𝑖 in the
scene 𝐼 . The pose is defined by a 4 × 4 matrix composed by the rotation
3 × 3 matrix 𝐑 and the translation 3 × 1 vector 𝐭, obtaining in this way:

𝐏 =
[

𝐑 𝐭
𝟎 𝟏

]

The choice of AAE (Sundermeyer et al., 2020b), explained in Sec-
tion 3.2.2, solves problems of reflecting textures and symmetries: data
augmentation during the training phase allows AAE to generalize with
different light effects and the method is invariant with respect to
pose-ambiguities, as explained by the authors. However, the original
‘‘2D detection + AAE’’ pipeline presents several difficulties with thin,
elongated objects, as shown in Section 4.

For this reason, we propose a new pipeline that addresses this
issue by employing segmentation rather than relying on 2D detection,
as shown in Fig. 4. For each object, three sets of images have been
generated with geometric backgrounds: 3500, 750, and 500 images

https://github.com/EleGo9/Gen4Industry
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Fig. 3. Our objects represented in our geometric background for the simulated dataset.
Fig. 4. Our modified pipeline.
respectively for train, validation, and test set. This results in a total
of 4750 images per object and a dataset comprising 19 000 images. The
geometric dataset is used for the segmentation training phase, while 6D
pose method generates its own dataset during training, with a domain
randomization strategy. After training phases, the geometric dataset is
also used for ablation study and validation of the entire pipeline.

3.2.1. YOLOv7-segmentation
The original pipeline proposed by Sundermeyer et al. (2020b) con-

sists of two stages: 2D detection with Single-Shot Detector (SSD) (Liu
et al., 2016) and RetinaNet (Lin et al., 2017). For the segmentation
phase, we trained the YOLOv7-segmentation (Wang et al., 2022) on our
custom data, as shown in Fig. 5. We used weights trained on Common
Objects in Context COCO (Lin et al., 2014) as initialization. We used
Stochastic Gradient Descent (SGD) with momentum as optimizer and
5

0.01 as learning rate with a decay factor of 0.005. Even if the scores on
synthetic data were promising, to overcome the issue of domain shift,
we fine-tuned the network. After the best pipeline had been identified,
we improved it with a refined segmentation model. In details:

• We manually annotated a small real dataset consisting of only 30
images acquired with a Real-Sense D435i camera;

• We apply a random augmentation to them (noise addition, blur-
ring effects, and contrast/brightness modifications);

• We fine-tune our model for a few epochs (100), initializing from
the weights learned with the simulated dataset but using a new
dataset. This new dataset comprises 330 simulated images from
the previous dataset and an additional 330 images from real
augmented data. The time required for the second training is
minimal, taking less than one hour.
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Fig. 5. Resume of the Segmentation Phase.
In Section 4 we detail our experiments based on this network.
Its notable capability lies in its ability to generalize across different
scenarios, objects, and lighting conditions, achieved through learning
from a modest set of only 30 real images and over 15,000 synthetic
images. Both the simulated and real datasets are easily created and
adaptable to a wide range of objects.

3.2.2. Augmented autoencoder
AAE (Sundermeyer et al., 2020b) is based on the AE structure, to

obtain an image representation in a low-dimensional Euclidean space.
During the training phase, AAE applies a technique called Domain Ran-
domization (DR), modifying the original image 𝑥 with some operations
(multiplication, sum, inversion, occlusion) and adding real images as
background, obtaining a new randomly augmented image 𝑓𝑎𝑢𝑔 . Then,
an encoder(𝜙)-decoder(𝜓) architecture, based on convolutional and
deconvolutional layers, reconstructs the original input 𝑥 = 𝜓(𝜙(𝑓𝑎𝑢𝑔(𝑥)))
and, with backpropagation, the network’s parameters are learned by
minimizing the per-sample loss function:  =

∑

𝑖∈𝐷 ‖𝑥𝑖 − 𝑥̂𝑖‖2. After the
training phase, which differs for each type of object, a codebook is cre-
ated (offline) by generating a latent representation 𝑧𝑖 ∈ R𝑙 of each one
of the 𝑛 object views, and associating them with their correspondent
rotation 𝐑𝑖. Then, during the test phase, the cropped image 𝑥𝑡𝑒𝑠𝑡 with
the target object, received by AAE receives as input, goes through the
encoder, which returns its latent space features 𝑧𝑡𝑒𝑠𝑡. Finally, the cosine
similarity is computed between the input latent representation vector
𝑧𝑡𝑒𝑠𝑡 and all 𝑧𝑖 from the object’s codebook, returning rotation matrix
with the highest similarity as 3D object orientation.

We notice that the definition of 𝑓𝑎𝑢𝑔 has to be taken very carefully.
Indeed, Sundermeyer et al. (2020b) presented Hypothesis 1, previously
explained in Section 2, for noise. It was validated with a toy dataset that
it also holds for geometric transformations. However, the toy dataset
consists of binary images against a uniformly black background. We
argue that this proof cannot be directly extrapolated to the case of the
Original AAE, primarily due to the incorporation of the Visual Object
Classes (VOC) dataset (Everingham et al., 2009) as background. Specif-
ically, noise addition’s impact differs from introducing a background
with structured objects (as illustrated in Fig. 6).

To contextualize and motivate this discussion, some considerations
are necessary. In the field of AE recently there has been great interest
in the Deep Image Prior technique of Ulyanov et al. (2020). Among
denoising applications, the authors explain the concept of impedance
property to noise, i.e., noise is reconstructed with great difficulty by
the AE, while structured images, such as natural images, do not suffer
from this impedance, making their reconstruction easier. This occurs
precisely because only the structured information of an image is stored
in the latent space. For this reason, while adding noise to the image
does not affect its latent space, adding a structured background, such
as geometric figures or natural images, can lead to background-related
information being stored in latent space, leading to a deterioration in
the performance of the method. Therefore, we avoid the latent space
to represent background structured objects, by removing them. To do
this, we substitute 2D detection with segmentation, masking the image
6

Fig. 6. Examples of images created for the training dataset.

before AAE prediction. Since the first phase includes segmentation, we
tried also a different AAE training where the Augmentation phase is
changed. We save only data augmentation such as lights and colors
effects or occlusions, while we only use black background images
instead of the VOC dataset (Everingham et al., 2009) used by the
paper (Sundermeyer et al., 2020b), introducing a Less Augmented
Autoencoder (LessAAE). Segmentation as the first phase turned out
to be the best solution for our application, significantly improving
results in Section 4. For comparison, in line with the paper, we use
YOLOv4 (pipeline proposed by Sapienza et al. 2023) and YOLOv7 as
2D detectors, since they demonstrated better results than RetinaNet
and SSD in Bochkovskiy et al. (2020) and Wang et al. (2022). Then we
applied Original AAE with VOC dataset images as background. In our
new pipeline, we use YOLOv7 for instance segmentation and a LessAAE.
This new pipeline presents many advantages, as shown in Section 4.

3.2.3. Picking point computation
The primary aim of this work was to improve object picking for our

industrial scenario. Therefore, to validate our pipeline, we conducted
real-world picking experiments. Concerning them, once the 6D pose of
an object has been estimated through the proposed pipeline, we iden-
tified a priori, for each object’s type, a single picking point, allowing
the robotic arm to perform the grasping. Typically the origin of the 3D
CAD model reference system and the chosen picking point differ from
each other. We must therefore find the correct transformation matrix,
to properly project the named picking point in the camera reference
system. Given its predicted rotation 𝐑 and translation 𝐭 , generally
𝑝𝑝 𝑝𝑝
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explained in Section 3.2, the 4 × 4 pose matrix, called 𝐏𝑝𝑝 is described
as follows:

𝐏𝑝𝑝 =
[

𝐑𝑝𝑝 𝐭𝑝𝑝
𝟎 𝟏

]

To enhance picking performance we chose to use depth information
obtained from the RealSense D435i. This decision is based on the obser-
vation that the pipeline’s depth estimation compared to the RealSense’s
depth measurement has an average error of 16.51%, with a standard
deviation of 8.94%. This error is computed across 51 experiments.
The reading of the depth allows us to achieve significantly better
performance.

4. Experimental results

4.1. Evaluation metrics

The most widely used and known metric in 6D pose estimation
problems is the Average Distance to the correspondent(-closest) model
point (ADD(-S)) error (Hinterstoisser et al., 2012).

𝐴𝐷𝐷(−𝑆) =

{

𝐴𝐷𝐷 − 𝑆, if 𝑜𝑏𝑗 sym
𝐴𝐷𝐷, if 𝑜𝑏𝑗 asym

Given the object model , the estimated pose 𝐏̂ and the ground-truth
𝐏

𝑒𝐴𝐷𝐷 = 𝑎𝑣𝑔𝑥∈‖𝐏̂𝑥 − 𝐏𝑥‖

If the model  has ambiguous poses, i.e. it presents geometric or
self-occlusion-induced symmetries, the error is calculated as the ADD-S:

𝑒𝐴𝐷𝐷−𝑆 = 𝑎𝑣𝑔𝐱1∈ min
𝐱𝟐∈

‖𝐏̂𝑥1 − 𝐏𝑥2‖

𝑒𝐴𝐷𝐷−𝑆 is not pose-ambiguity invariant, but only yields relatively small
errors even for distinguishable views. Each estimated pose is considered
correct if 𝑒 < 𝜃 = 𝑘𝑚 ∗ 𝑑, where 𝑘𝑚 is a constant and 𝑑 = object
diameter. The threshold 𝑘𝑚 ∗ 𝑑 could be arbitrarily chosen, depending
on the applications, as claimed by Hodaň et al. (2016). 𝑘𝑚 defines the
percentage of diameter to be used as the threshold. We experimented
three different values of 𝑘𝑚: 0.1 (as used by Hinterstoisser et al. 2012),
0.2, 0.3. As measure of correctness, the Recall percentage is used.

4.2. Results

In the industrial use case described in Section 3.1, we take into
consideration the four objects depicted in Fig. 3 for the pipelines.

All combinations of methods result in six different pipelines. The
results in the ablation study from Table 1 show that segmentation as
the first stage is in most cases a winning option. For the spark plug
key, the composition of segmentation and LessAAE brings a signifi-
cant improvement. For the other objects, the best pipeline is com-
posed by segmentation and original AAE. Only the nut presents an
outlier result. On average, the best pipeline is our customized one
(YOLOv7-segmentation and LessAAE) with 26.23% of success, followed
by YOLOv7-segmentation with AAE which achieves 21.75%. The first-
row pipeline, considered as a baseline, achieves only 14.44%. This
highlights one more time our consideration (Section 3.2.2) on the
latent space: if there are background objects, the latent representation
could be affected by them. With the segmentation phase, we avoided
this problem. In particular, we can observe from Table 1 that the
improvement in segmentation usage becomes more pronounced when
objects have an elongated and thin shape (such as the spark plug key
and the bolt). Considering only the bounding box, in thin objects,
there are many background pixels that the AAE will receive as input
and, as a consequence, wrong information could be represented in the
latent space. Therefore, in this type of object, it becomes powerful to
eliminate the background within the bounding box to avoid it affecting
7

the latent space of the AAE. In the case of the nut, segmentation yields
better results for 𝑘𝑚 = 0.1, although they remain very low. This is
probably due to the small size of the object, and thus, the nut is
represented by very few pixels. Despite this, 6D pose estimation for
this object is less relevant for the successful completeness of a picking,
given the shape of the nut and that its picking point is in the center of
the bounding box.

For segmentation, YOLOv7-Seg has been trained for 500 epochs.
The backbone and head of YOLOv7-Seg are based on the YOLOv7
detector (Wang et al., 2022). We computed precision, recall, and mean
Average Precision (mAP) on the validation set with a threshold of 0.5,
which respectively achieve the following scores: 0.997, 0.997, 0.994.
Details for each class are presented in Table 2. In the fine-tuning
phase, we trained the same architecture for only 100 epochs and a
small dataset, comprising 330 real images and 330 simulated images.
The network’s hyperparameters remain unchanged. While the mAP
decreased on the new training, qualitative results and real experiments
were significantly improved after this step. This is evident in Fig. 7:
Fig. 7(a) shows the drop in F1-score performance, while Fig. 7(b)
compares two real images predicted by the YOLOv7 on simulated data
(on the top) and YOLOv7 fine-tuned (on the bottom). Predictions of the
second network show a great qualitative improvement. This is because
the network with the fine-tuning phase is more able to generalize
and less fitted on geometric simulated images. As a consequence, the
metrics decrease on the validation but increase on real-world images.
A proof of this improvement is shown by segmentation performances
on real images at Table 4. In detail, we computed recall (R), precision
(P), and mAP on 48 annotated real images comprising 64 instances.

Details on the AAE and LessAAE hyperparameters are summed up
in Table 3, to show that the only significant changes are the different
choices of background images.

4.3. Real-world experiments

Our dataset and improved pipeline have been tested in inference
with real-world experiments on the four mentioned objects (Section 3),
using an UR5e cobot from Universal Robot, on which a Real-Sense
D435i camera was installed. First, the RGB-D frame is acquired by the
stereo-camera (Section 3.2.1), then the pipeline (segmentation and 6D
pose estimation) is applied to the RGB image only. If more objects are
segmented by the YOLOv7, considering the fact we were not working
on a cluttered scenario, the object with the highest confidence score
is chosen as the first to be picked. After this, the picking point of the
chosen object is computed, also considering the reading of the depth
from the depth frame. Finally the information related to translation and
rotation are passed to the cobot. To give an exhaustive representation of
the results, we changed the experimental environment by considering
different lights (high or low level), different camera settings and single
or multi-object disposition (Fig. 8). In details we conducted 16 attempts
per object for the two pipelines (64 attempts in total). We selected two
different camera settings and two different light conditions. The scenes
were distinguished in plain and with-objects backgrounds. In total, the
different options proposed in these experiments were the following:

• 𝐿 = 2 light options: low or strong;
• 𝐵 = 2 backgrounds: black or with objects (semi-cluttered);
• 𝐶 = 2 camera settings with different saturation and brightness

values;

Examples of different lights and camera settings are provided in Fig. 8,
where the first two images were acquired with camera setting II and
respectively low light, strong light. The third image is acquired with
camera setting I and low light, while the fourth image is with camera
setting I and strong light. All possible combinations were tried (𝐿×𝐵×
𝐶). Table 5 presents quantitative results, while Fig. 9 shows qualitative
results.
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Fig. 7. In Figure (a) F1 score, in Figure (b) qualitative comparison on two real images.

Fig. 8. Examples of changing light and camera settings for experiments.
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Table 1
Ablation study: ADD(-S) recall results across different pipelines for the four objects with a geometric
background.
Detector 6D estimator ADD(-S) recall

Spark plug key Nut Nozzle Bolt

YOLOv4-BBs AAE
𝑘𝑚 = 0.1 4.92% 1.68% 42.37% 8.78%
𝑘𝑚 = 0.2 21.41% 8.70% 61.04% 19.18%
𝑘𝑚 = 0.3 41.9% 12.08% 69.28% 28.16%

YOLOv7-BBs AAE
𝑘𝑚 = 0.1 4.61% 1.51% 50.8 12.95%
𝑘𝑚 = 0.2 20.08% 4.53 71.0% 24.69%
𝑘𝑚 = 0.3 40.36% 7.8 82.8% 43.21%

YOLOv7-seg AAE
𝑘𝑚 = 0.1 7.82% 2.73% 𝟔𝟏.𝟔% 14.86%
𝑘𝑚 = 0.2 29.26% 8.4% 𝟕𝟖.𝟖𝟎% 𝟐𝟗.𝟗𝟏%
𝑘𝑚 = 0.3 47.09% 13.94% 𝟖𝟔.𝟖𝟎% 𝟑𝟗.𝟗𝟓%

YOLOv4-BBs LessAAE
𝑘𝑚 = 0.1 1.93% 1.12% 7.43% 0.20%
𝑘𝑚 = 0.2 14.99% 8.99% 16.67% 0.41%
𝑘𝑚 = 0.3 28.69% 14.05% 22.29% 0.61%

YOLOv7-BBs LessAAE
𝑘𝑚 = 0.1 2.2% 0.0% 6.00% 0.0%
𝑘𝑚 = 0.2 17.87% 0.76% 10.00% 0.23%
𝑘𝑚 = 0.3 33.53% 1.26% 13.00% 0.47%

YOLOv7-seg LessAAE
𝑘𝑚 = 0.1 𝟑𝟗.𝟒𝟖% 3.03% 57.00% 5.42%
𝑘𝑚 = 0.2 78.58% 8.78% 74.20% 13.25%
𝑘𝑚 = 0.3 88.98% 12.42% 82.39% 23.90%
Table 2
Mean Average Precision (mAP) with threshold 𝜃 = 0.5 for
detection and segmentation by YOLOv7.
mAP 𝜃 = 0.5 Box Mask

Spark plug key 0.993 0.964
Nozzle 0.987 0.849
Nut 0.995 0.995
Bolt 0.995 0.988
Table 3
Details on hyperparameters of 6D estimators for our industrial use-case.

LatentSpaceDim N iter Background imgs Optimizer BatchSize

AAE 256 50 000 VOC Dataset Adam 32
LessAAE 256 40 000 Black image Adam 32
Fig. 9. Qualitative results with the four objects in a random semi-cluttered scenario with low and high light-levels. On the top: original images; on the bottom: the prediction of
the picking point.
4.4. Discussion

The average success of picking achieves the 75%. Our customized
pipeline, our synthetic dataset, and the addition of a sim-to-real fine-
tuning procedure during the segmentation phase achieve make it pos-
sible to reach this percentage of success. First, we claim that segmen-
tation reaches better results than detection in this application, given
the ablation study in Table 1. In particular, our pipeline (in the last
row) gains an improvement of +11.79% with respect to the original
9

pipeline (in the first row), on simulated test images. Furthermore, we
observed that the fine-tuning step on real data improves by +65.7%
the segmentation mAP on real images. In addition, the final results in
Table 5 confirm the superiority with +21.875% of our LessAAE approach
with respect to the standard AAE. The experiments that gave rise to
Tables 1 and 5 are the same, for a total of 64 picking attempts. However,
in some cases even if the segmentation was wrong, the picking was suc-
cessful (2% cases) and vice versa (8%). In Table 5, only the fine-tuned
YOLOv7 is considered for segmentation, because YOLOv7-only-sim
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Table 4
Correct segmentation in real-world experiments.

Objects Correct segmentation

YOLOv7 only sim YOLOv7 with real

R P mAP R P mAP

Spark plug key 21.1% 14.8% 15.5% 89.5% 89.5% 93.9%
Nozzle 26.7% 28.6% 25.5% 93.3% 93.3% 92.4%
Nut 41.7% 25.0% 37.9% 66.7% 100% 83.3%
Bolt 0% 0% 0% 76.9% 58.8% 72.1%

Average 22.4% 17.1% 19.7% 81.6% 85.4% 85.4%

Table 5
The percentages of single object picking. The Table shows the results of the two
different pipelines for the four objects separately and the average over different camera
settings and light conditions.

Objects Successful picking

Real+AAE Real+LessAAE

Spark plug key 62.5% 87.5%
Nozzle 62.5% 62.5%
Nut 75.0% 75.0%
Bolt 12.5% 75.0%

Average 53.125% 75.0%

shows lower performances. Then, the two pipelines’ difference lies in
the pose estimation step, with the original AAE and the LessAAE. After
the ablation study on the simulated dataset and the picking experiments
on real scenarios, we claim that our proposed pipeline achieves the
best performance. Nevertheless, there is a 25.0% of failures. In most of
this percentage, the reason why it fails is given by misunderstanding of
other background objects or low lights. This means that in some limit-
situations the model should be improved. Since we proposed an original
use case with new challenging industrial objects, it is impossible to
have a comparison with other works. However, we provide an extensive
analysis of results with different pipelines. Moreover, we make the
data generation, the dataset, and the pipeline code available, to give
everyone the possibility to compare and achieve better results in the
future. Given the lack of 6D pose data, the dataset and data generation
pipeline are significant for the scientific community. In addition, our
pipeline brings improvements to an existing method and sheds light
on the concept of implicitly capturing an object’s pose through the
latent space of an AE, in contrast with the current prevalent 2D–3D
correspondence approach.

5. Conclusions

In conclusion, this paper introduces a novel industrial use case
addressing the challenge of grasping known objects by predicting their
6D pose from an RGB frame. In particular, we introduce objects that are
challenging yet widely used in the industrial domain. We proposed a
new pipeline that significantly improves the performance of an existing
algorithm for 6D pose estimation: AAE. Moreover, we introduced a
novel version of AAE called LessAAE, which significantly helps the
learning procedure. To mitigate the issue of domain shift, we also pro-
posed a training procedure that uses thousands of simulated images and
only 30 real images, manually annotated. To evaluate the performance
f our approach, we conducted extensive experiments, which included
imulated test images and real-world grasping experiments utilizing a
obotic arm. The results demonstrated the improvement provided by
ur method in both simulated and real-world scenarios. These findings
ighlight the potential of our approach in the field of robotic grasping
nd provide a foundation for future research and practical applications
f these objects. By improving an existing approach with mathemat-
cal considerations about its assumptions, introducing an innovative
ataset, and a well-structured pipeline, we achieved more reliable and
10

ersatile object-grasping capabilities in robotics, with applications for
industrial automation, manufacturing, and various other industries.
Our future plans include pursuing two varied directions.

One aspect focuses on theoretical exploration, aiming to extensively
delve into the latent space and enhance its capacity for pose represen-
tation. Conversely, we will work to improve our simulated dataset by
generating new realistic images in a new totally cluttered scenario and
bridge the domain gap between reality and simulation.
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