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Abstract

Machine vision solutions can perform within a wide range of applications and are com-
monly used to verify the operation of production systems. They offer the potential to
automatically record assembly states and derive information, but simultaneously require
a high effort of planning, configuration and implementation. This generally leads to an
iterative, expert based implementation with long process times and sets major barriers
for many companies. Furthermore the implementation is task specific and needs to be
repeated with every variation of product, environment or process. Therefore a novel con-
cept of a simulation-based process chain for both—configuration and enablement—of
machine vision systems is presented in this paper. It combines relatedwork of sensor plan-
ning algorithms with new methods of training data generation and detailed task specific
analysis for assembly applications.
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1 Introduction

Increasing complexity and variety of production processes enhances the demand for process
control systems to reduce downtime, guarantee sufficient quality and avoid rejects. Where
manufacturing processes are frequently automated and therefore already have a high den-
sity of information, aircraft assembly is mainly performed manually. For this reason, the
feedback of information and assembly progresses is typically done by the worker. In this
environment, optical sensor systems offer the possibility to automatically record assembly
states and derive the required information without intervening the actual working process.
The implementation of those vision sensor solutions can be a challenging and time consum-
ing task. Influences fromdifferent fields, such as inspection task, hardware, image processing
algorithms and optics, have to be considered which either makes it an iterative trial-and-
error process or requires experienced engineers. Supporting or even automating this process
through an appropriate software pipeline would provide a great advantage as it could reduce
configuration and commissioning time and increase the use of machine vision systems.

Such sensor planning tools are well established for mechanical inspection procedures
where inspection sequences are automatically generated fromCADmodels. This is different
for the process of designing a machine vision system, as both—the mechanical setup and the
generation of a machine vision program—change task-specifically and correlate with each
other. Consequently there is a need for a task-oriented description of objects and environment
to ensure a successful sensor planning process.

In a novel approach we aim to re-use the 3D models and semantic task descriptions
acquired during this planning phase to generate synthetic AI training data and to enable
the vision system application. Creating task-specific AI training data is often necessary as
industrial applications feature highly individualistic objects and environments and can hardly
be generalized. Since handcrafting data is widely considered a costly and tedious approach,
generating synthetic data is becoming increasingly popular. Generating data, however does
not alleviate the necessity for domain experts [4, 10] and in turn causes high efforts. However,
the necessary analysis and semantic descriptions have high similarity to the ones used for
the sensor planing. Re-using this process chain to enable the already planned sensor set-up
can benefit the use of vision systems with AI applications.

We therefore aim to introduce a combined pipeline for planning and enabling of a vision
system and application. Our conceptual work contributes the following to the fields of vision
sensor planning and synthetic AI training data generation in the assembly domain:

• Derivation of a assembly feature and task analysiswith respect to a possible visual process
inspection

• Formulation of a semantic task description and scene grammar
• Introduction of a sensor planning framework for the calculation of viewpoints based on

that task description
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• Introduction of a data generation pipeline based on that grammar, for generation of
training data with the goal of object recognition.

2 RelatedWork

This section presents related work in vision sensor planning with regard to industrial appli-
cations followed by the recent developments in the generation of training data.

2.1 Vision Sensor Planning

The topic of vision sensor planning is an ongoing research for many years in fields of
surface inspection [8], active robot vision [19] or public surveillance [11]. Sensor Planning
in industrial application is most commonly classified by the available knowledge about
the scene. This divides the publications into Scene Reconstruction, Model-Based Object
Recognition and last Scene Coverage, which includes our use case and requires detailed
knowledge about objects, positions and environment [12]. Tarabanis [14] published a survey
to categorize work in the field of sensor planning for Scene Coverage Problems in which
even current research can still be classified.

Generate-and-test approaches [9] generate sensor configurations by equally dividing
the solution space and evaluating the single configurations based on the task requirements.
Cowan [3] shows with a synthesis approach that a configuration can be generated by an
analytic description of inspection task, sensor parameters and several feature detectability
constraints such as visibility, concealment, perspective, field-of-view, resolution or depth-
of-field. Expert systems [2] describe databases which contain information about successful
implemented viewing and illumination system, expressed in several rules to support the user
while planning his configuration. The last category is Sensor Simulation where the scene is
visualized within a framework to render sensor-real data based on configuration generated
with either of the presented methods. All these different approaches try to find a set of
viewpoints from which a maximized set of feature points can be detected. These feature
points highly differ between every task. Where for a use case like object reconstruction the
set can be a discrete description of the entire surface [9], the assembly inspection requires a
task-specific analysis of the relevant features as it is not purposed to have a visibility of the
complete object.

However most works regarding sensor planning assume, that the modeled sensor poses
will exactly be executed. Manual influences or deviations in positioning systems often result
in pose errors. Scott [18] introduces pose errors in the sensor planning process and suggests
methods to minimize these. As we manually transfer the calculated sensor poses into our
test setup, the pose error problem is relevant for our use case.
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2.2 Training Data Generation

Following the planning phase, the vision application has to be implemented. As the use
of AI based solution increase in this field, the need for appropriate training data has risen
alike. Due to the time-consuming and expensive nature of manual data acquisition pro-
cesses, use of synthetic data that is rendered out of 3D models has gained in popularity in
recent years [5]. Successful training with synthetic training data was achieved in the fields of
autonomous driving [7], picking [16] or identification of household objects [5]. Other indus-
trial applications [15] have used CAD data to utilize Reinforcement Learning of a robotic
grasping trajectory. Similar tasks were solved by [1, 6]. The insertion of pegs through object
identification trained on synthetic data was shown by [17]. Synthetic Data enabled object
recognition of assembly related objects like screws and the like was shown by [20]. These
datasets are publicly available, yet not necessarily transferable to every industrial vision
system and task, due to unknown environments and objects. Therefore, when designing a
vision based application, often new data generation pipelines have to be created alongside.

The creation of such data generation pipelines is in need of defining what is to be dis-
played, a proper scene grammar [10], and implementation in a toolbox. Later can be provided
by data synthesizing tools like NDDS1 for Unreal Engine, SynthDet2 for Unity and similar
for Blender,3 the semantic definition of a grammar however has to be done by the user for
each problem variation he wants to train. Supporting the user in this process is not suffi-
ciently addressed in recent approaches, but could be an important element in widespread
use of AI based vision systems.

Where the presented work in sensor planning lacks a task individual feature definition of
what has to be visible, the process of training data generation requires similar information
about the object and environment. Consequently we display a simulation based process
chain with a combined task semantic for both fields. Furthermore the introduced problem
of pose errors can be handled with the use of an AI solution where the calculated pose is
part of the variation parameters for training data generation.

3 SystemOverview

The aim of our work is to combine the presented fields of sensor planning and training data
generation and to complete the process chain with a task analysis for the field of assembly
inspection. Figure1 shows the proposed system pipeline which individual steps will be
explained in the following sections.

1https://github.com/NVIDIA/Dataset_Synthesizer, September 2020.
2https://github.com/Unity-Technologies/SynthDet, September 2020.
3https://github.com/921kiyo/3d-dl, September 2020.

https://github.com/NVIDIA/Dataset_Synthesizer
https://github.com/Unity-Technologies/SynthDet
https://github.com/921kiyo/3d-dl
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3.1 Assembly Feature andTask Analysis

The inspection task of assembly verification is in this work proposed as a problem in object
detection, where it is assumed that algorithms need tomake decision based on a 2D-image of
assembly joints. To verify a robust detection as a result of a automated system configuration,
the task has to be analyzed before sensor planning process starts. The resulting task semantic
(see Fig. 1) describes all information, which is required by the sensor planning and scene
composition. Assembly tasks can differ from positioning of single or multiple objects over
connecting them via screws or rivets to welding or soldering. Furthermore each category
itself differs in its specifications depending on the geometry. Therefore we describe the
parameters, which characterize a successful assembly task and convert them in geometrical
features. Figure2 shows exemplarily how the relevant features (marked red) differ in the
category of a bolt connection. To detect a hexagon socket srew, features inside of the head
have to be visible from the sensor view, whereas a hexagon cap has its characterizing features
on the outside. Depending on the connection type there are additional parts (e.g. washer or
nut) on the underside, which may not be visible from the same viewpoint as the features on
the topside.

Beside those visibility demands there may also be visibility restrictions inside the envi-
ronment. These are areas or objects (e.g. humans) which must not be visible within the
sensor data. Sensor restrictions are positions where a mounting of sensors is restricted due
to interference of the assembly process. Together with CAD-data the scene can be modeled
within the sensor planning and scene composition processes.
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Fig. 2 Feature extraction by the example of a bolt connection

3.2 Calculation of Possible Viewpoints

Calculation of viewpoints and final pose selection as part of the sensor planning process uses
mathematical descriptions of feature detectability constraints (see Sect. 2.1) together with
sensor parameters and 3D-scene to generates possible poses which satisfy those constraints.
Where relevant features for visibility demands are formulatedwithin the task semantic, other
optional features can be extracted from the STL-CAD-file. The description of surfaces as
triangles allows us to simply generate cell center points and the relating surface normals all
over the object. The relationship between the optical axis of the camera and those center
points or normals is the base for most features (e.g. visibility, concealment and perspective)
within the calculation process.

Where the visibility demandsmust be fulfilled, the results of the calculationswith optional
features are important for the rating of viewpoint candidates. The amount of features that
satisfy the feature detectability constraints allow us to quantify the degree of visibility of the
assembly joint. Start poses for sensor planning result from the positioning restrictions of the
task semantic. After the calculation of every combination of sensor pose and feature, a final
pose is selected based an the amount of features, which satisfy all constraints viewed from
this pose. To avoid the expected pose error problems, this final viewpoint has to be slightly
varied in the following process of training data generation.
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3.3 Scene Composition for Training Data Generation

The rules and formulations describing the possible compositions of a scene can be referred to
as the grammar of that scene. In order to implement a pipeline that creates scene variations
according to such a grammar a parametrization has to be defined. We will first focus on
the more generalized scene grammar and derive the parameter space in the later presented
Use-Case.

We define the goal of the training data to enable an assembly process supervision appli-
cation. Through object recognition this application should state whether the object in the
sensor view is assembled correctly or not. However, this is not viable for every assembly
type. We discard cases for which measurements e.g. for a slit have to be taken, to determine
whether the assembly was done successfully. Our focus is the presence of certain objects
e.g. screws or larger components in a view. Through the aforementioned sensor planing,
appropriate view poses for detection of the objects within the view are defined.

We distinguish between the main object which is assembled and the secondary objects
which are assembled to the main object, which is to be detected. The necessary parameters
to define are shown in Fig. 1. The to be rendered scene is built around the main object,
whereas the position and the orientation may change with respect to the sensors field of
view. According to the type of assembly done, the secondary objects are placed.

4 Use Case

For reasons of confidentiality the suitable use cases from the project can not be used for the
presentation. Therefore we select a tool for scarfing of CFRP structures in aircraft MRO [13]
as our main object for the validation of the presented process chain. The relevant joint is a
bolt connection, which consists of a hexagon socket srew (M12x35mm) with two washers
and a nut. These parts represent the secondary objects. A sensor frame is placed around the
object where the camera can be flexibly mounted. The available machine vision hardware is
a IDS uEye camera with a 5MP sensor4 and a Schneider-Kreuznach lens with a focal length
of 12mm.5

Correct assembly is considered when all objects and the correct type of srew is mounted.
A correct srew can be expressed by the geometry of its head and its threat length which
is visible underneath the nut. This results in visibility demands for the inner lines of the
hexagon socket and the thread, which can be described as linear and cylindrical features.
The smallest feature of interest is the thickness of the washer, which is has to be considered
for the calculation of the resolution constraint.

4https://de.ids-imaging.com/store/ui-5280cp-rev-2.html, September 2020.
5https://schneiderkreuznach.com/en/industrial-optics/lenses-2-3-c-mount-3-5-mp, September
2020.

https://de.ids-imaging.com/store/ui-5280cp-rev-2.html
https://schneiderkreuznach.com/en/industrial-optics/lenses-2-3-c-mount-3-5-mp
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(a) View frustum (green lines) from the final
viewpoint

(b) Field-of-view (blue areas) and visibility
mapped on the objects

Fig. 3 Visualization of the final viewpoint

Table 1 Parametrization and variation of the synthetic training data generation

Object Parameter Variation

Main object Position 10% Translation variation

Orientation Rotation z: 10◦
Colour/texture As CAD model

Secondary object Screw length 30–60mm

Position Mounted, Thread showing

Screw nut Off–on

2xwasher Off–on

Background 13 variations

Underground 9 variations

Light Type Sun, spot, point, plane

Intensity 2000–20000

The sensor frame is selected as a positioning restriction and 248 viewpoint candidates
are generated equally over the frame. All STL-CAD-files of the four secondary objects add
up to 3242 cell normals. Some are directed to the inside, which reduces the amount of cell
normals for the calculation to 2590. Figure3 shows the sensor simulation framework with a
visualization of the view frustum from the final viewpoint (Fig. 3a) which supports the user
to verify the calculated pose. The field-of-view is mapped on the objects which shows that
the features to detect the correct type of srew are visible (Fig. 3b).

We utilize the semantic grammar and view-point definitions to derive a parametrization
space for the synthetic training data variations which in turn is based on the parameters of
the vision system. Our main object is the scarfing tool, mounted target objects are srew,
washers and nut. The quantified values of the parameters as ruled by the grammar are
shown in Table 1. This parameter space is then implemented Blender. We rendered 1600
combinations for correct assembly and 3500 for incorrect assembly. Examples are shown in
Fig. 4a, b.
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(a) True Class Image (b) False Class Image (c) Real Capture

Fig. 4 Examples of rendered training data compared with an real image. One Image represents the
True Class with correct assembly, whereas the other image image displays an incorrect screw

4.1 Presentation

We trained a VGG-16 network with our dataset. A binary classification task was trained,
with an added top layer of 1024 Dense units, 20% Dropout and a single unit output layer.
This was trained for 10 epochs with adam. Afterwards the entire network was trained for 5
epochs with an SGD optimizer and a learning rate of 0.0001. To compensate for the lack of
applied Domain Adaption techniques, we fine tune to the real domain with 15 real images
of each class. Afterwards the network was tested against real world data, picturing the real
scene in various lighting situations and with multiple distractors applied. In sum 164 images
were gathered for testing. The confusion matrix of the results can be seen in Table 2. The
classification accuracy results to 97%.

4.2 Discussion

With 97% classification accuracy, the aim of enabling a Deep-Learning task can be consid-
ered achieved. However, it is to be noted, that the task of object detection and localization

Table 2 Confusion matrix of test results. True class, corresponding to the correctly mounted assem-
blies and false class indicating the incorrect assemblies

Truepred Falsepred

Truereal 78 1

Falsereal 4 81
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are only moderately challenging in this set-up and classification accuracy cannot be the
lone indicator towards success of the synthetic training data generation. Our aim was to
demonstrate how some of the information and parametrizations that are generated by the
process of designing a vision system for a task can be reused to develop a data generation
pipeline. This in turn can lead to a quick enablement of a image processing task. No addi-
tional analysis had to be done to identify suitable variations of the scene to obtain 3Dmodels
or to define the labels of a scene composition. Although the results of the demonstration are
promising, additional testing with more complex environments can provide deeper insight
into the applicability of the presented method. Suitable domain adaption techniques are to
be applied, to improve the networks transfer capability towards the real application data.
Further applications, e.g. measurement tasks can be developed. For this adaptions for the
synthetic data generation pipeline have to be implemented, to include labeling of appropriate
key-points.

5 Conclusion and FutureWork

In this work an approach of a combined simulation based process chain for both—
configuration and enablement—of a machine vision is presented. It states, that sensor plan-
ning and generation of a processing pipeline contribute from a common detailed task and
object analysis. The resulting task semantic includes basic geometrical description of the
object and environment as well as relevant features for the certain assembly process and
environmental constraints which affect the sensor placement. This database is relevant for
the sensor planning process and can simultaneously be used for the scene composition as
part of AI training data generation. Using a sensor simulation and the example of a bolt con-
nection we show that it is possible to set up a working machine vision solution for assembly
verification from CAD data only. To improve the presented process chain and to extend the
applicability of this concept, future work includes:

1. A joint framework for sensor planning and training data generationwould use synergies
between both fields and allow an evaluation of viewpoint candidates based on realistic
sensor data renderings.

2. Further visibility constraints, such as illumination and overexposure, have to be inte-
grated into the framework in order to increase the realism and thus the quality of calcu-
lations.
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