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ABSTRACT

Data-driven methods from the field of Artificial Intelligence or Machine Learning are increasingly
applied in mechanical engineering. This refers to the development of digital engineering in recent
years, which aims to bring these methods into practice in order to realize cost and time savings.
However, a necessary step towards the implementation of such methods is the utilization of existing
data. This problem is essential because the mere availability of data does not automatically imply data
usability. Therefore, this paper presents a method to automatically recognize symbols from principle
sketches, which allows the generation of training data for machine learning algorithms. In this
approach, the symbols are created randomly and their illustration varies with each generation. . A deep
learning network from the field of computer vision is used to test the generated data set and thus to
recognize symbols on principle sketches. This type of drawing is especially interesting because the
cost-saving potential is very high due to the application in the early phases of the product development
process.

Keywords: Artificial intelligence, Machine learning, Early design phases

Contact:

Bickel, Sebastian

Friedrich-Alexander-Universitit Erlangen-Niirnberg
Engineering Design

Germany

bickel@mfk.fau.de

Cite this article: Bickel, S., Schleich, B., Wartzack, S. (2021) ‘Detection and Classification of Symbols in Principle
Sketches Using Deep Learning’, in Proceedings of the International Conference on Engineering Design (ICED21),
Gothenburg, Sweden, 16-20 August 2021. DOI:10.1017/pds.2021.118

ICED21 1183

https://doi.org/10.1017/pds.2021.118 Published online by Cambridge University Press


https://doi.org/10.1017/pds.2021.118

1 INTRODUCTION

Symbols are very common way of representing information in our daily life. No matter if it is a traffic
sign, an icon in a program or a symbol on a PC case, all symbols have the same goal. However, they
require semantic and domain-specific knowledge of the user. The type, shape, size, and complexity of
symbols strongly depends on the context and the degree of information transfer. For example, the
specific symbols in technical drawings are only understandable for an educated engineer. A different
person cannot understand the additional information provided by the symbols about tolerances, surface
finishes or centerlines and therefore cannot fully comprehend the drawing. The reading and
understanding of symbols on technical drawings has similarities with a language that has to be learned.
Thus, there is no doubt that there is a high potential for the utilization of data in the evaluation of
single symbols and especially in diagrams or graphs. For better exploitation of these drawings, the
symbols must be recognized automatically to make a subsequent analysis. For a data-driven economy,
this step is essential in order to be able to utilize existing data. The motivation for this paper is to assist
the whole product development process through the automatic detection of symbols. In order to
exploit the best potential in the product design process, support should be available as early as
possible. This is due to the high cost responsibility of the early phases, which in turn offers enormous
savings opportunities.

Therefore, the idea is applied to principle sketches. These are one of the first representations of
conceptual products and should be automatically recognized and reused. This offers the opportunity to
search in old drawings for a specific combination of symbols or to conduct a plausibility check in
newly drawn principle sketches. Furthermore, the detected symbols can be converted into graphs and
used for various applications, such as similarity search or graph-based tolerance specification (Goetz
et al, 2018). This can provide essential advantages in the early phases of the development process,
because it can link the product concept to already designed parts.

The first necessary step, however, is the automatic recognition of symbols in principle sketches. A
recognition algorithm still requires a dataset to train the model. Especially for the detection of specific
symbols or objects, the established benchmark datasets, which are commonly used for training, reach
their limitations. To solve the data generation problem and to recognize symbols, an approach is
presented in the following.

2 STATE OF THE ART

Nearly every engineering discipline has an own way of representing important information and
knowledge through graphs, diagrams, or sketches. In Figure 1, a short overview of different sketches
sorted by their engineering department is shown. These drawings and sketches can differ in format,
size, complexity, and in their way of generation. The qualitative range of created drawings in
mechanical engineering can vary between a quick hand drawing of a principle sketch up to a large
technical drawing derived semi-automatically from the 3D-CAD model.

mechanical electrical computer civil chemical
engineering engineering science engineering engineering
technical drawing circuit diagram UML diagram architectural plan pipeline diagram
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Figure 1: Overview of different sketches in engineering disciplines with examples

2.1 Product development process

In engineering design research, a variety of design processes have been developed and stated over the
last decades. In general, these models are intended to support product development by providing
guidance as to which steps are useful at what point in time and which methods can help to achieve the
goal. Very common models are Pahl/ Beitz, Munich procedural model (Lindemann, 2008) and the
VDI 2221/23.
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According to VDI 2221, at first, solutions for the partial-functions are created under consideration of
e.g. physical, chemical or electrical effects. Then, these effects are translated into effective principles,
which form the basis for the combination into an overall solution. The result of this sequence is a set
of principle solutions, which ensure that the functions of the product are fulfilled.

The developed solutions are then examined and evaluated in the fourth process phase. A comparison
with the requirements assists in the analysis. After performing the review, the result of the process step
is a selected solution concept in the form of a principle solution. (VDI 2221, 2019)

2.1.1 Principle solutions and principle sketches

In the context of technical products, a principle solution describes a rough and basic solution for a
design task. The necessary effects for fulfilling the function are taken into account based on physical
effects or the arrangement of bodies. The detailing of the principle solution then takes place in the
embodiment design phase. Principle solutions can be provided for partial functions as well as for the
overall function. They are usually documented in a principle sketch, which is a specific class of a
technical drawing. This type of documentation is often used for basic innovations or new designs.
(Roth, 2001)

According to VDI 2222 (1997) there are a multitude of representation modes for principle solutions,
e.g. largely standardized symbolic sketches, free line sketches as abstraction of real structures, 3D
freehand sketches, unscaled rough drafts or changes in existing drawings (with and without CAD).

In mechanical engineering, principle sketches are often used to illustrate principle solutions. In
Figure 2 an example of a principle sketch is shown. This Figure also depicts the difference between a
principal sketch and a technical drawing. The sketch illustrates a mechanism, which translates
translational movement into rotation. The technical drawing shows the detailed design of the
component.

It consists of a piston (¢) and a matching housing, which serves as a guidance for the piston (d). The
piston is connected to the bearing (b) via a connecting rod (a). Beside the principle sketch, the finished
connecting rod is displayed. This comparison shows how much the components are simplified in
principle sketches. However, they also offer great advantages through the simple representation of
interrelationships, which in turn enables the rapid creation of variants and different solutions. To make
the sketches usable in a data-driven development, they must be recognized using methods from
Computer Vision to automatically capture the symbols and therefore the product-related information

in the sketches.
principle sketch
d
i a

C

b

Figure 2: Example of a principle sketch and the resulting technical drawing of a designed
component according to (Roth, 2000)

2.2 Computer vision

The research area of computer vision is interdisciplinary and follows the goal of training machines to
extract information from images or videos. The technologies for computer vision have received a big
push in recent years, based on more available computing power, higher image and video resolution,
the application and development of Convolutional Neural Networks (CNN) and the increasing efforts
in autonomous driving.

The inspiration for this field of research is the human vision, which the computer tries to imitate. It
therefore includes methods and algorithms from other disciplines, such as image processing, pattern
recognition, artificial intelligence, machine learning and computer graphics (Wiley and Luca, 2018).
This also explains the wide range of applications for computer vision, for example: automation of
assembly lines, robotics or remote sensing.

Due to the high level of interdisciplinarity and the wide range of applications for computer vision,
there are different ways of structuring the methods. According to popular contests, such as
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Everingham et al (2015), Russakovsky et al (2014), and Sinha et al (2017), the task spectrum of
computer vision can be distinguished into three areas: classification, detection and segmentation.

Classification

The goal of classification is to assign an image to defined classes. These must be determined before
the examination, which indicates it as a supervised learning procedure. Depending on the number of
classes, different probabilities are calculated for each class. The label with the highest score is then
assigned to the picture. This class label describes the main content of the image, e.g. dog, car or
building. The location of the specific item in the picture is not retrieved. (Sinha et al 2017)

Object detection

Object detection is closely related to classification but is able to detect and highlight the position of
objects in the images via bounding boxes. In contrast to classification, multiple bounding boxes can be
allocated per image, which enables to extract more semantic information from the pictures. However
in this case, the data generation is more complex because the position of the bounding box must be
defined as input in addition to a label.

Segmentation

In comparison to the two tasks presented before, segmentation is a classification on a pixel level. By
this exact assignment of each pixel to a class or background, the outlines of different objects in an
image can be recognized and assigned. This ability eliminates the disadvantages of the bounding box,
which is always a rectangle and cannot display the exact outline. This fine-grained resolution naturally
requires more computational power and better-prepared input data. But object recognition can be used
as a preliminary to segmentation (Leibe et al. 2004).

2.3 Engineering symbol recognition by computer vision

The idea of transforming the information automatically from technical drawings or graphs into a
general readable format has been existing for over 30 years. For example in the late 1980°s Okazaki et
al. (1988) stated a new method to detect symbols in circuit diagrams through loop-structure based
symbol recognition. Another example is a system for interpreting line drawings, which was developed
by Kasturi et al (1990). These systems have in common that their methods and algorithms are
heuristic-based and therefore hard to adapt to new drawings or symbols.

This changed with the upcoming trend of neural networks in the beginning of the twenty-first century
and the special form of convolutional neural networks (CNN). CNNs are an evolution of neural
networks that tries to imitate the human eye. The trend to utilize CNNs for the classification of images
has been transferred to the field of symbol recognition. Denga et al. (2020) published a new method
for classifying tolerance symbols in technical drawings. This framework applies several steps,
including the image pre-processing, the callout location and extraction, followed by the symbol and
character segmentation and in the final process step the symbol recognition.

Elyan et al. (2018) developed another solution for piping and instrumentation diagrams. Beside CNNs,
two other machine learning classification algorithms were implemented. A random forest classifier and a
support vector machine were selected and all three methods showed good overall classification accuracy.
In contrast to the above-mentioned procedures, Fu and Kara (2010) created a method for detecting
hand-sketch and computer generated diagrams. The user produces the training data, which is then
synthetically enlarged. They were able to show that hand sketches could be transformed to Simulink or
SimMechanics models.

In summary, a large problem with the development of methods for symbol recognition is the
generation of the data. Either these problems are covered by provided datasets or using benchmark
datasets. However, benchmark datasets are not specifically designed for the field of mechanical
engineering and are therefore not well usable. Therefore, the symbols contained are rather general and
not suitable for explicit design applications.

In the case of data provided e.g. by companies, a different problem is predominant. Here the labelling
of the data is partly very complex and time-consuming. This is because the drawings must be searched
for symbols manually and then labelled with bounding boxes. In addition, there is an extensive data
preparation necessary, caused by possibly bad scan quality or errors in the creation of the drawings.
Furthermore, these datasets are often subject to a non-disclosure agreement and are not open source.
The goal of this paper is to present a method that independently generates data for training a CNN that
is able to detect objects, which are the symbols in principle sketches.

1186 ICED21

https://doi.org/10.1017/pds.2021.118 Published online by Cambridge University Press


https://doi.org/10.1017/pds.2021.118

3 GENERAL APPROACH

The approach presented in this paper has the objective of automatically recognising symbols in principle
sketches. In contrast to the methods explained in chapter 2, this model uses self-generated, synthetic data
and the latest R-CNN version to train the recognition algorithm. As a result of the defined representation
limits of principle sketches, shown in chapter 2.1.1, it is possible to train with synthetic data. In the
following chapters a general overview will be given, followed by the data generation and training of the
model. Finally, the results of the trained model are presented using the training data and sample datasets.

3.1 Overview

Figure 3 demonstrates the procedure of the symbol detection. It starts with a principle sketch as an
input and results in bounding boxes fitted to the image. These bounding boxes can then be transformed
to a graphed-based representation, which is the basis for future applications.
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Figure 3: Overview of the symbol detection procedure

However, the first step is to detect the according symbols in a sketch or image. The classification of the
different objects is achieved with the MASK R-CNN algorithm. The recognition requires the provision
of training data beforehand. There are two issues with the data: First, a sufficient collection of drawings
must either be already available, or collected and prepared. The second problem is the necessary labels
and bounding boxes for the detection algorithm. Even if a sufficient amount of data would be available,
bounding boxes must be drawn manually and be labelled afterwards. This procedure cannot be executed
realistically, therefore a method was developed to solve both problems, which is explained in the section
below.

3.2 Data generation

The data generation process is roughly divided into four steps. The general procedure is depicted in
Figure 4. First a collection of symbols has to be created, which can be adjusted by specific factors.
Potential parameters are the size, line width, individual length dimensions or the type of hatching. These
values are randomly generated, but for every specific symbol, different rules apply to assure, that the
general form of the symbol is still intact. Consequently, according to general parameters, different aspect
ratios are defined. The ratios can also randomly changed, but only in a predefined margin.

[ symbol collection ] [ image generation ] [ random sampling ]

Hll =
sins | O™
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Figure 4: procedure for the data generation
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In addition to the visualization of the symbols, a bounding box and a suitable associated label must
also be produced during generation. The symbols currently drawn by the method include: fixed
bearing, floating bearing, piston, linear guide, spring, joint, ball joint, double joint, rotating pair,
floating rotating pair, thread. The created symbols are shown on the left side of Figure 4.

Afterwards the symbols can be generated automatically. For the dataset presented in this paper, an
image with a white background and a resolution of 600x600 was selected as a start reference. The
position of the symbols as well as the parameters of the respective symbol are selected randomly. In
this way, any number of images can be generated for the training dataset. The variant representation of
a symbol is exemplarily depicted for the fixed bearing, the spring and the double joint in Figure 5.
This procedure solves the problems mentioned above, because the bounding boxes and labels are
automatically produced for each image.

image generation example

fixed bearing double joint

Figure 5: examples of randomly generated symbols

3.3 Training

From the variety of possible computer vision algorithms, the MASK R-CNN has been chosen for the
task to recognize the symbols, which is the latest version of the capable R-CNN architecture. R-CNN
stands for Region-based Convolutional Neural Network and was developed by Girshick et al. (2014).
This approach was improved and extended by the same author two years later, to the Fast R-CNN
(Girshick, 2015). Shortly after the release of Fast R-CNN, a new version has been published. It is
called Faster R-CNN and was developed by Ren et al. (2015).

This new generation exchanges the selective search algorithm to a learning object detection algorithm.
The method is separated into two modules. The first one is a fully convolutional network that proposes
the regions. The second module is the same R-CNN detector from the Fast R-CNN. The first, new
module is named Region Propose Network (RPN) and is an important part of the latest version, the
MASK R-CNN. It generates the proposal of possible regions of objects. The second stage calculates
the class labels and bounding boxes and, in contrast to the previously mentioned algorithms, it is able
to create a binary mask for each Rol. Both stages are connected via a backbone network.

The backbone can consist of either resnet or resNeXt networks. Another possibility is to expand the
resnet networks with Feature Pyramid Networks (FPN). This top-down network architecture allows
gains in accuracy and speed. More information on the FPN-network can be found in (Lin et al. (2017).
A more detailed explanation of the MASK R-CNN is stated in (He et al. 2017)

3.3.1 Training settings

The hardware used for training the MASK R-CNN model was a workstation PC, with an Nvidia
Titan V GPU with 12 GB, 32 GB RAM and an Intel Xeon W-2125 CPU. The training data was
generated as stated in section 3.2. In total 200.000 images and bounding boxes were created
randomly and used as input for the network.

The dataset is split into 180.000 images for training and 20.000 for validation. Another 500
independently generated images are used for the test-dataset. Figure 6 demonstrates the general
procedure. The synthetic produced dataset is used for the training. Afterwards the finished model can
be evaluated with the training-, validation- and test-metrics. If the evaluation values are not satisfying,
the model must be optimized and trained with new parameters. If the model provides good accuracy
values, an unknown test-dataset can be evaluated on the model. It consists of a small number of
manually created principle sketches and allows to check the trained model. The sketches are sampled
from construction catalogs or self-designed sketches, as seen in Figure 8 on the upper part of the
Figure.
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Figure 6: Overview of the evaluation process for the trained symbol detection model

The settings of the MASK R-CNN were slightly adjusted, so images could be used with a different
resolution than the COCO dataset (Lin et al. 2014). The batch size was successively increased until the
GPU was working stable at maximum capacity. Five pictures per GPU turned out to be the highest
number. Furthermore, different backbone networks were examined, the resnet50 and the resnet101.
Although the learning rate for the training of the model was adapted and iteratively optimized. Per
epoch 1000 training steps were carried out, while the whole training process has 40 epochs. This
results in a training time of nearly 1 day per network. The starting weights are taken from a trained set
with the COCO dataset.

3.4 Results

For the evaluation of the calculated results, the metrics of the COCO Dataset are used (Lin et al.
2014). They consist of the intersection over union (loU), the mean average precision (mAP) and the
mean recall (mRc). All metrics and equations are explained in the following.

loU analyses the overlap between the predicted bounding box (Bp) and the ground truth bounding box
(Bgt). If the loU is above a certain threshold, the detection is valid, otherwise, the detected bounding
box is not taken into account.
area (BpNBg¢)

IoU = (8]

The precision measures the ability of the model to detect the relevant objects. The true positive (TP)
results are divide by the true positives and the false positives (FP).

area (BpUBg¢)

TP
TP+FP )

In contrast to precision, the recall indicates how well the relevant objects are recognized. For the
calculation, the true positives are divided by the true positives and false negatives (FN).

precision =

TP
TP+FN ©)

The metrics stated in the COCO dataset expand these equations. For calculating the average precision
(AP) a 101-point interpolated AP definition is used. The average precision can be computed at
different loU thresholds. For the evolution of this model, the loU threshold was set to 0.50. The mean
average precision (mAP50) is the mean of all AP values at the fixed threshold for all classes. The
mean Recall (mRc50) is accordingly the average over all recall values at the fixed loU value. These
two metrics are used for the evaluation of the trained model.

The first examination considers the influence of different backbone networks on accuracy and recall.
The results for the different backbone networks are plotted in Figure 7. Furthermore, the mAP50 and
mRc50 values are calculated for the training-, validation- and test-dataset. For the calculation of the
evaluation metrics, 1000 images are used for the train- and validation- and 500 for the test results. The
dataset was generated by the procedure stated in section 3.2.

However, with an loU of 0.5, no differences between the two backbone networks were noticeable.
Consequently, the loU value was increased to 0.75, so the two results are now named mAP75 and
MRCc75.

recall =
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comparison of resnet101 and resnet50
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Figure 7: Comparison of different backbone networks

The resnet50 results are plotted in dark grey, whereas the resnet101 values are displayed in dark blue
bars. In general, the results are very good. The mAP75 and mRC75 generally provide high precision and
recall for both networks. But the bar diagram shows that the resnet101 works slightly better for the given
task. For every dataset, the resnet101 network received higher precision and recall values, in comparison
to the resnet50 network. For this reason, the resnet101 was picked as the backbone network.

©) €

( a) b) d) e )

=

N
detected objects

Figure 8: Examples of resulting symbol detection for the unknown test-dataset

Therefore, this layout is applied on the unknown test-dataset, which contains 11 images. One image is
a collection of all symbols in the dataset and it is used to check if every symbol is correctly classified,
without the appearance of intersections or joints. If this first check is not successful, the whole model
must be optimized or newly trained. The remaining images are adaptations from sample principle
sketches. Some were taken from the construction catalog (Roth, 2001), e.g. image a) and ¢) in Figure
8. The images had to be redrawn and manually annotated. Also, random sketches were created with
the requirement to represent as many symbols as possible. Examples are the sketches b) and d) in
Figure 8. These sketches were in reality not very reasonable, but they are an important component for
the investigation of the recognition accuracy.

Figure 8 illustrates the detected results in the lower section of the graphic. The calculated masks and their
according labels are displayed for every prediction of the model. The comparison shows that the
procedure works generally well. The majority of the symbols connected to a sketch are recognized and
no symbol in the images was missed. The resulting masks and bounding boxes of sketch a) and b)
demonstrate this outcome. In these two drawings, all symbols are recognized correctly. However, the
procedure does not yet work without errors, as shown in sketch c) and d). Here a connection was falsely
detected as a piston. In sketch d) a floating bearing is misclassified as a fixed bearing. These errors still
occur in some cases, but this should be corrected by more variance in the generation of the dataset.

For the small dataset with 11 images, a mAP50 of 0.545 and a mRc50 of 0.663 could be obtained. The
progress of precision and recall can be observed in Figure 9. It becomes obvious that with a decreasing
loU value, both values increase significantly. That means, with an loU value of 0.25 mAP and mRc
are both above 0.8.
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precision and recall for different IoU values
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Figure 9: Precision and recall values for different loU values on the unknown test-dataset

Because the unknown test-dataset is manually labelled, the corresponding values for precision and
recall are not as good as those of the training dataset and are decreasing rapidly with a higher loU
value. Additionally, the small number of images in the dataset accelerates this process. For an
application in a real engineering design activity, the precision and recall values should be improved. In
the current state, the model could be used to search for an occurrence of specific symbols, because the
high mAP und mRc with low loU values indicate, that the right class is detected, but the position is
not sufficient enough. An application with a high need for the correct position detection in the sketch
is currently not very suitable. For further improvement of the process, it was observed that a change in
resolution of the test images has a great influence on the detection of the symbols. Modifying the
resolution when generating the synthetic dataset should solve this problem. Furthermore, a broader
variety of the design parameters, especially the rotation and size of the different symbols should
increase the evaluation values as well. Another important factor is the MASK R-CNN itself, where the
possibilities for partial parameter optimization still exist.

4 CONCLUSION AND OUTLOOK

In this paper, a method for the detection of symbols in principle sketches is presented. The approach
structures into the synthetic generation of the data, the training of the detection model and the
evaluation. Example images of the training dataset and the resulting classification are shown, as well
as the calculated bounding boxes and masks. It was proven that the presented method provides good
results with the resnet50 and resnet101. Even the application on the unknown test-dataset displayed
promising precision and recall values.

For future work, the recognition should be more independent of the resolution of the drawings. This
has been discovered during the investigation and is revealed by the fact that the trained model wants to
divide symbols that are too large into smaller ones. Therefore, the next step is to increase the size of
the symbols in the generated dataset to possibly solve the problem. Furthermore, new symbols need to
be added gradually during the creation of the training data. Other interesting research topics for this
new method are the recognition of hand drawing sketches and to automatically scan old paper-based
documentation. Both ideas would result in an updated data generation model.

The next big leap for this procedure is the transfer of the recognized symbols into graphs. For this
purpose, a solution must be found to automatically transfer the masks or bounding boxes into a graph-
based representation. Based on these graphs, further actions are conceivable, such as a similarity
search, an optimization of the graph or a system that provides suggestions for the completion of the
sketch. The development of an app for automatic recognition and use of sketches on a tablet can also
be considered for a further practical application.
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