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Abstract. Creating synthetic datasets for artificial intelligence training has
a crucial role in modern developments. Considering the difficulties in
collecting real data, which is often a costly and time-consuming process that
requires significant resources and time. Synthetic data, on the other hand,
allows generating large amounts of varied and controlled data that can be
customized for specific training and testing needs. This makes the process
of algorithm development and improvement more efficient and affordable.
This paper presents a comprehensive tool for creating synthetic motion
datasets based on rigging a 3D robot model. The ability to create and edit
animations through the Blender interface is described. It supports a variety
of well-known 3D model formats, providing flexibility in use, and includes
powerful tools to achieve high-quality visual effects and realistic scenes. In
addition, the tool can automatically generate a large number of robot images
needed for training neural networks. By utilizing these capabilities, the tool
greatly simplifies the creation of training datasets, making the process more
efficient and affordable. Possible future enhancements include automation
of rigging, further optimizing the functionality and usability of the tool for
robotics and machine learning.

1 Introduction

Modern computer vision, machine learning, and robotics technologies require extensive
datasets for training, testing, and operation. However, real-world data collection is complex,
costly, and limited in its possibilities. For example, data collection for autonomous vehicles
requires recording a large number of miles under different conditions and scenarios, which
can be costly and time-consuming. Similarly, data collection for object recognition in
complex environments may be limited by the availability of real-world objects or suitable
Sensors.

In this context, the generation of synthetic data using 3D modelling is a promising
approach that provides access to extensive and diverse data for training and testing without
the limitations of real data. 3D modelling enables the creation of realistic virtual models of
objects and scenes that can be used to generate synthetic data that mimics real data. This
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allows researchers and developers to augment limited real-world datasets with virtually
unlimited amounts of synthetic data, leading to more robust and generalisable algorithms and
models.

Generating synthetic data using 3D modelling has several advantages over real data
collection. Firstly, synthetic data allows researchers to generate data in a controlled
environment where coefficients, variables and parameters can be changed to study their
effects on algorithms and models. Second, synthetic data can be generated in different
variations using different variations of the environment, which leads to data diversity and
helps to increase the quality of training of artificial intelligence models. Third, synthetic data
generation can be generated by automation, making it possible to create large datasets without
human involvement.

In this research, a new tool for generating synthetic robot motion data has been developed.
The tool is based on accurate 3D modelling and animation to generate high quality datasets
that mimic real robotic motion, with the ability to accurately control motion and
environmental parameters. Key features of the developed tool include:

* Accurate 3D modelling of the robot, taking into account its moving parts.

* Flexible rigging system for creating realistic motion animations.

* Ability to generate a variety of motion scenarios and interaction with the environment.

* Automatic annotation of generated data to facilitate the training of machine learning
models.

* Integration with the popular software Blender to provide extensive visualisation and
editing capabilities.

This tool aims to resolve the problem of limited real-world data in the field of robotics
and provide researchers and developers with a powerful tool to create large, diverse, and
precisely controlled datasets for training robot control algorithms and computer vision
systems.

2 Related Works

Before detailing the proposed approach, it is important to refer to existing research in the
field of synthetic data generation for robotics and computer vision.

With limited data collection capabilities for training neural networks, the creation and
application of synthetic data is not a new problem. In [1], the use of synthetic data and point
clouds to create digital twins of autonomous robots is highlighted. Synthetic data enables
efficient and cost-effective training in virtual environments, reducing the cost and time
associated with real data collection. Synthetic data generated by this method has shown to be
competitive with current state-of-the-art methods based on real human motion data,
demonstrating scalability to various unseen objects, human motions and can work in different
scenarios. In [2], a model is proposed that uses variational autoencoders and generative
adversarial networks to capture expressive human movements and transfer these
characteristics to robot movements to create more diverse and expressive movements based
on different human inputs.

Researchers at Shanghai Jiao Tong University presented a dataset [3] that consists of more
than 110000 robot manipulation sequences in different skills and contexts. This dataset
includes multimodal perceptual data and is intended to support the development of models
capable of generalising skills across different real-world tasks, improving the ability of robots
to learn a variety of skills from a single training example.

In [4] different types of synthetic data sources for training autopilot vehicles are
compared. It is mentioned that synthetic data tools are evolving to produce increasingly
reliable data. Currently, there are a wide range of multi-task datasets that simulate a variety
of situations, among which Virtual KITTI [5], VIPER [6], PreSIL [7], etc. are highlighted.
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One of the studies [8] mentions the application of existing technologies to create virtual
cities using Unity Perception. This tool provides the ability to generate synthetic data with
annotations. It supports various computer vision tasks including 2D/3D object detection and
semantic segmentation. The package includes a domain randomisation feature that adds
diversity to the generated datasets, which increases the generalisability of machine learning
models.

One of our previous works [9] was to create datasets of large crowds of people in a
building. The feature to create a variety of data was supported by the character module
(capable of creating up to 100000 unique models of people including a variety of poses), the
object module (capable of changing the position and appearance of surrounding objects on
the location), and the camera module with various settings (sensor height and width, focal
length, aperture value, etc.).

3 Development of a dataset creation tool

Creating synthetic data for training a neural network requires several important requirements,
without which the resulting data will be useless. The synthetic data generator must create
new data that mimics real-world observations and be used to train machine learning models
based on existing data, applying various generation methods. It should be possible to edit and
change various parameters of real-world data to produce a variety of data within a single
object. Also, an important requirement is to work with virtual objects, which allows obtaining
data not only from real objects, but also from objects created with the help of computer
programmes. Finally, annotation and markup of data are necessary for testing and validation
of models, which will allow neural networks to better perceive input data and train the model
more efficiently, also annotations can be useful for assessing the quality of the model and
identifying errors in the future.
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Fig. 1. Algorithm for creating and implementing a synthetic dataset.

Neural Network training

https://doi.org/10.1051/bioconf/202414503026



BIO Web of Conferences 145, 03026 (2024) https://doi.org/10.1051/biocont/202414503026
Forestry Forum 2024

The block diagram presented in Figure 1 shows the key steps of the proposed approach to
creating and utilising a synthetic dataset for robotic systems. Each of these steps will be
discussed in detail in the following sections.

3.1 Creating a 3D model and preparing for animation

One of the first steps in creating a virtual dataset is to create a digital twin of the object in a
virtual environment (Figure 2) and set it up for animating moving parts. Creation of the 3D
model mesh and its further preparation for animation will be done in the Blender 3D model
editor.

In creating low-polygon 3D models, we will consider the following requirements:

* A 3D model of a robot is an accurate copy of a real object with precise dimensions,
proportions, rotation and detailing.

« It is necessary to use the optimal (minimum, if possible) number of polygons. This is
necessary to reduce the load on the processor and video card. It is important to think carefully
about the model topology and avoid excessive detailing.

* Reduce the number of hidden geometric elements. Avoid creating hidden surfaces or
geometry that is not visible from certain viewpoints.

* Proper polygon placement. Each polygon must be deployed with the correct side, that
is, it must respect the inner and outer sides in the correct position.

* 3D model positioning. The model must be located at the coordinate origin. The scale of
all objects must be equal to one, and rotation and location must be zero.

Fig. 2. Actual model of the robot (left) and its virtual replica (right).

Once the 3D model has been created, the animation stage can be proceeded to. Rigging, or
the process of animation controllers installing [10], is a stage of preparing a three-
dimensional character model for animation. As part of this process, a special set of virtual
joints and bones are created and placed inside the pre-created model. This set defines the
structure and possibilities of the character's animation, as well as provides for the peculiarities
of its movement and transformation.

For this purpose, it is necessary to specify the position of the "bones" and their exact
connection, and it is important to take into account the exact snap of the model so that all
possible positions of the moving parts, including rotations, are considered. For further
programming convenience, all bones were named and combined into one object (Figure 3).
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Fig. 3. Bones set along the shape of the model's contour.

In order to avoid the problem of unattainable movements when individual parts of the model
pass through the mesh of the 3D model, we need to introduce so-called "bone constraints" to
limit the movement of individual bones. In this way we introduce realistic movements and
avoid possible errors in the dataset.

It should be noted that an important component of the skeleton is the root bone, which is
the basis of the model for linking the other bone chains responsible for the movement of the
arms or the upper part of the robot. The main function of the root bone is to be able to track
the rotation of the caterpillars and measure the distance travelled by the robot.

3.2 Development of a synthetic data generator

After preparing the 3D model of the robot for animation, the next step was to develop a
software component for generating a variety of movements and collecting synthetic data.

One of the advantages of the Blender editor used is the ability to obtain data about the
elements of the 3D model and work with them in the Python language using the Blender
Python API library. The control of robot poses and virtual cameras of the scene to create
frames will be implemented based on this library.

The dataset is created by continuously monitoring and photographing the scene with
cameras. During each time step, the cameras capture images and store them in a file system,
creating a diverse collection of photos. This process ensures the creation of a dataset
consisting of multiple images representing the various movements and actions of the robot
in the scene.

In order to ensure ease of use and standardisation of data, all images are saved in PNG
format (Figure 4). This format is preferred because of its advantages, such as support for
transparency, no loss of image quality during compression, and wide compatibility with
various software and hardware platforms.
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Fig. 4. Dataset image set.
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The collected dataset is an important tool for training and developing machine vision and
image processing algorithms, allowing the creation of models capable of adequately
perceiving and analysing the environment with the robot.

To improve the motion recognition process, it is proposed to introduce a system for
adding accompanying information (Figure 5), such as bone names and rotation angle in
radians, etc., to improve the motion recognition process. Such annotation contributes to a
more accurate identification of the features of movements and poses of objects in the images
when training the neural network.

{'Left_hand_1': {'x': (0.0, 0.90), 'y': (0.0, 0.0), 'z': (-1.483529806137085, 1.483529806137085)}}
{'Left_hand_2': {'x"': (0.0, 0.0), 'y': (0.0, 0.0), 'z': (-1.483529806137085, 1.483529806137085)}}
{'Left_hand_3": {'x": (0.0, 0.0), 'y': (0.0, 0.0), 'z': (-1.483529806137085, 1.483529806137085)}}
{'Left_hand 5 2': {'x": (@.0, 0.09), 'y': (0.0, 0.0), 'z': (-0.3490658402442932, 0.0)}}

{'Right_hand_1': {'x': (0.0, 0.0), 'y': (0.0, 0.0), 'z': (-1.483529806137085, 1.483529806137085)}}
{‘Right_hand_2': {'x': (@.0, 0.0), 'y': (0.0, 0.0), 'z': (-1.483529806137085, 1.483529806137085)}}
{'Right_hand_3': {'x': (@.e, ©.0), 'y': (0.0, 0.9), "z': (-1.483529806137085, 1.483529806137085)}}
{'Head_bone_1': {'x"': (0.0, 0.0), 'y': (0.0, 0.0), 'z': (-1.48 806137085, 1.483529806137085)}}
{'Head_bone_2': {'x': (-1.483529806137085, 1.483529806137085), 'y': (0.0, 0.0), 'z': (0.0, 0.0)}}

Fig. 5. Information about the range of displacement of the bones.

Having created a tool for generating synthetic data, it is important to consider the potential
applications and benefits of using the resulting dataset.

3.3 Dataset usage

One of the perspectives of robot training in a virtual environment is the use of computer
vision to automatically determine the position of the robot and its manipulators in space,
including the use of a marker system [11]. The use of markers makes it possible to calibrate
the position of manipulators in an automated way if necessary. That said, the perspective of
using virtual spaces to train artificial neural network to determine the position of the arms
without the need for calibration and markers is an interesting and promising approach. Such
a method has enough advantages such as no risk of damaging the robot, the ability to easily
modify training conditions and scenarios, and the ability to rapidly prototype new
approaches, thus being used further in areas such as medical robotics [12]. That said, there
are a number of drawbacks associated with the use of a simulation environment that introduce
limitations and uncertainties in the application of this method. For example, the need for large
computational data for artificial neural network training and the detachment from real data
(Sim2Real Gap), which is a great challenge for developers due to the presence of a large
degree of difference between the virtual and real robot model. Ignoring this problem will
inevitably lead to incorrect training and hence incorrect robot operation. Therefore, this
problem is being actively researched and already has an example of a solution [13].

The development of remotely controlled robotic devices using virtual reality (VR)
headsets is also quite popular [14, 15]. This type of interaction will be more familiar to the
operator, as he or she will be able to follow the robot's movements from a first-person
perspective and control the movements of the arms through hand movements. This task
requires great accuracy in the robot's response to user interactions, as the transmission of
video images to the VR headset camera can lead to seasickness, and errors in controlling the
manipulators will not allow the robot to cope with the required task correctly. For example,
the use of neural networks will be useful in synchronising the movements of an operator
using a VR headset with the movements of the arms of a remote robotic device with a stereo
pair. In this case, gestures and positions of controllers [16] can be matched to the generated
images of robot motion.
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4 Conclusions

The proposed concept implemented in the pilot tools demonstrates a high degree of versatility
and adaptability to different typologies of robotic systems. The synthetic data methodology
implemented in the tool leads to significant resource optimisation, reducing the time and
financial costs associated with the process of empirical data collection.

A An important advantage of the tool is the provision of enhanced research safety. The
ability to test and train algorithms for controlling robotic systems in a virtual environment
minimises the risks of damaging physical equipment. In addition, the tool's functionality
enables rapid generation of large diverse data sets, facilitating the creation of large-scale
datasets required for training complex machine learning models.

Researchers have precise control over the parameters of the generated data, allowing them
to simulate scenarios that are difficult or impossible to replicate in real-world settings. The
use of Blender software and the Python API provides a high degree of integration with a wide
range of existing tools and libraries for 3D modelling and animation.

Some technical limitations of the developed solution can be noted:

* Lack of functionality for lighting control;

* Loading of any 3D model of the robot is not implemented;

* No functionality for automatic creation of robot skeleton for automatic preparation for
animation.

Thus, the developed solution leaves space for future improvements and scalability to work
with any robot models. The tool can be enhanced by automatically analysing the geometry
and structure of the loaded 3D model to identify potentially moving parts and prepare for
animation. This could involve the use of neural networks [10, 17] or pre-recording animations
from a real robot instance, for example using motion sensors to further analyse the model and
prepare for the creation of synthetic data.

Summarising the results of our study, we can formulate key conclusions and outline the
prospects for further development of the developed tool. The developed tool has extensive
functionality for working with 3D models and their animations. Users can create and edit
animations using a user-friendly interface for precise parameter control. It also provides the
option of selecting various templates and presets to simplify working with animations.

Users can also easily customise the appearance and materials of models using powerful
third-party texturing and lighting tools. This allows for high quality visual effects and realistic
scenes. The presented tool for generating synthetic robot motion data is a powerful tool for
creating training datasets. As mentioned above, there is considerable room for improvement:
automation of rigging, integration with CAD systems, use of machine learning and improved
visualisation - can significantly increase the efficiency and functionality of the tool. These
improvements will not only help to speed up the process of creating synthetic data, but also
make it more accessible and user-friendly, ultimately leading to better and more accurate
models for robotics and machine learning.
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