ABSTRACT
BHARADWAJ, AKSHAY GANESH. Driving Reasoning systems for Product Design and

Flexible Robotic Manipulation using 3D Design-based Knowledge Graphs (Under the direction
of Dr. Binil Starly and Dr. Ola Harrysson).

Product Design based Knowledge graphs (KG) aid the representation of product
assemblies through heterogeneous relationships that link entities obtained from multiple
structured and unstructured sources. This dissertation describes an approach to constructing a
multi-relational and multi-hierarchical knowledge graph that extracts information contained
within the 3D product model data to construct Assembly-Subassembly-Part and Shape Similarity
relationships. This approach builds on a combination of utilizing 3D model meta-data and
structuring the graph using the Assembly-Part hierarchy alongside 3D Shape-based Clustering.
To demonstrate our approach, from a dataset consisting of 110,770 CAD models, 92,715 models
were organized into 7,651 groups of varying sizes containing highly similar shapes,
demonstrating the varied nature of design repositories, but inevitably also containing a
significant number of repetitive and unique designs. Using the Product Design Knowledge
Graph, we demonstrate the effectiveness of 3D shape retrieval using Approximate Nearest
Neighbor search. We also illustrate the use of the KG for Design Reuse of co-occurring
components, Rule-Based Inference for Assembly Similarity and Collaborative Filtering for
Multi-Modal Search of manufacturing process conditions.

The application of robots in manufacturing environments has reached a high level of
maturity, with advanced machine learning being increasingly used in conjunction with well-
developed control systems. However, due to the specialized nature of applications such as
robotic joining and assembly, repeatable but rigid programming-based control dominates
industrial applications. Current applications in this domain driven by the latest trends in the

Industry 4.0/ Smart Manufacturing paradigm requires robots to adapt to a variety of work



operations and environments, while maintaining accurate and efficient performance. However,
there is a gap between the semantic understanding of the machines and the parts being
manufactured. This work proposes a method to leverage autonomous object-level perception for
flexible robotic manipulation and assembly operations by linking semantic information from
CAD data to real-world scenes. By creating pixel-to-surface correspondences between the
environment and the source CAD file, we demonstrate a method to create Scene Graphs based on
6D Pose estimates of the object and the hierarchical part data in combination with product
manufacturing information (PMI). The application of this method is demonstrated through a

sequential robotic manipulation and assembly planning task.
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CHAPTER 1: INTRODUCTION

Model-Based Enterprise (MBE) and its specific form, the Model-Based Definition
(MBD), has produced an engineering workflow centered on 3D Computer-Aided Design (CAD)
representation. In MBD, the CAD model ideally serves as the data source for all activities in the
product lifecycle, with data from multiple workflow processes contained within Product
Lifecycle Management (PLM) systems. However, there are challenges associated with using 3D
data. Only an estimated 28% of surveyed engineers acknowledged that the majority of their
designs are released with embedded product manufacturing information. Studies suggest that
seamless methods for managing digital engineering information through the MBD paradigm can
result in a potential $9 billion in potential savings [1]. Due to the lacunae in efficient use of these
existing frameworks (due to initial time & cost constraints), engineers often spend a significant
amount of time in information retrieval tasks, much of which is repetitive in nature. In addition,
much of downstream manufacturing data is semi-structured in nature, with a variety of formats
and standards being used. For instance, systems modeling uses the Unified Modeling Language
(UML) or the Systems Modeling Language (SysML), whereas process planning for
manufacturing uses Computer-Aided manufacturing (CAM). To truly take advantage of this
data, enabling interoperability through efficient links between a variety of domains, all using
different data standards and transmission protocols, is a critical requirement. However, there are
few uniform methods for linking data in the design and manufacturing domain. This means that
while data formats have been standardized, the semantics of the data are often inaccessible.

A number of virtual assistants have been built for designers have utilized a compendium
of formal geometric design rules organized in pseudo-code [2]; however, these are often

organized manually at great effort. The vast corpus of existing data in organizations has the



potential to be utilized to change design from an iterative process towards providing pre-
optimized design suggestions. Recent efforts in the manufacturing domain on context-aware
design recommendations have proposed heterogeneous graphs as a method of linking design
rules for proactive sequential recommendations [3]. This concept is part of the wider research in
building recommendation systems takes the form of Knowledge Graphs, where extracted
information is stored in the form of nodes and edges of a heterogeneous graph in a defined
ontology, allowing for the use of reasoning systems to provide suggestions. Extracting data
elements and the relationships between them goes hand-in-hand with Artificial Intelligence (Al)
based techniques for information extraction. Specifically, the extensive research in natural
Language Processing has been leveraged to create Knowledge Graphs in multiple domains to
create successful recommendation systems, including manufacturing [4].

Recent research based on the Digital Thread concept has shown the advantage of data-
associativity in PLM systems; they have been used to integrate traditional product manufacturing
with newer technologies such as augmented reality [5], automation and robotics, and machine-
readable multi-physics simulations [6] powered by Al. Vast improvements in computing and Al
algorithms have been vital for organizations looking to streamline and integrate their design,
manufacturing and supply chain systems [7]. This transformative potential of Al to improve
design and manufacturing has long been recognized [8] [9], with robust cross-domain knowledge
representations being crucial for leveraging this ability [10]. Knowledge graph representations
are a powerful way of organizing this data for efficient reuse.

From a downstream perspective, CAD data plays an important role in manufacturing
process planning and inspection. There is a dominant trend of manufacturing moving towards

reduced production volumes and increasing variability, enabled by technologies such as Additive



Manufacturing. Simultaneously, the use of autonomy in manufacturing has increased, owing to
dwindling specialized labor and the opportunity to lower costs. Cyber-Physical production
systems based on Digital Twin technology is an important drivers of this increased autonomy in
the age of Industry 4.0. They enable virtualization of machines and ease of data access to provide
real-time actionable insights, efficient traceability and improved quality. With the increasing
demands of flexible manufacturing environments, end-to-end digital integration must be
leveraged to create self-perceptive machines to enable autonomous manufacturing task planning
and implementation. The focus of work in this field so far has been on machine-to-machine
communication, data models and predictive maintenance. However, there is a significant
advantage to be gained by integrating the manufacturing components themselves into the cyber-
physical mapping of the manufacturing system [11]. While this has been done through the use of
RFID tags for parts, agents with self-perception must be able to recognize components in

dynamically varying scenarios based on real-time sensor data.

1.1. Obijectives of the Dissertation

Based on the motivations explained, the objectives of this work are described as follows:

Research Objective 1: Create a Knowledge Graph-based representation for 3D Product
Design data to enable the recognition of patterns within designs for engineering decision making.

Data representations suitable for design-driven recommendation systems in the
manufacturing domain often utilize textual approaches based on existing rules. However, these
do not represent the full scope of design knowledge. By building a Knowledge graph based
directly on 3D design data, this research aims to develop an integrated system for reasoning over
designs, based on similarity of shape as well as design and textual context, for the purpose of

providing data-driven engineering recommendations.



Research Objective 2: Develop a semantically rich scene graph-based method for
robotic perception based on prior knowledge of product designs, for flexible and accurate robotic
object manipulation.

Robotic systems are widely used in industrial applications. The Industry 4.0 paradigm
enables flexible manufacturing through interoperability between machines and ease of data
access. By linking Computer-Aided Designs with the real-time sensor data obtained during
robotic manipulation tasks, this work aims to develop an autonomous reasoning system for

manipulation, improving the capability for high-level sequential task planning.



CHAPTER 2: THE CASE FOR KNOWLEDGE GRAPHS IN PRODUCT DESIGN

We present a novel method for product design recommendation based on 3D shapes,
using Knowledge Graphs predicated upon 3D CAD designs [12]. This chapter outlines our
motivations and choice of architecture/representation to help solve the active field of design
recommendations.

Product Design involves the optimization of multiple factors: performance, ease of
manufacturing and assembly, cost and aesthetics. The parameters controlling these aspects of
design are application-specific, either well defined or implicit, and requires domain expertise to
apply towards good design practices. For example, Design for Additive Manufacturing requires
concurrent evaluation of geometry, material, and mechanical properties during the design stage
[13]. Present day commercial software has the capacity for optimized design suggestions through
constrained design space exploration. They combine existing standard data representations such
as STEP and statistical techniques such as design of experiments to provide optimal design
parameters. However, these methods have scope for improvement, such as through automatic
mining of pre-existing design data to provide more versatile recommendations. Considering the
large amount of data generated by enterprises and those available in the open domain, it is
important to create this linked data from existing semi-structured sources automatically as
demonstrated recently in [14], [15] and [16].

At the enterprise level, data workflows need to include multiple sub-systems including
electronic and software, each with their own ecosystems [17]. The tracking of product data thus
spans multiple users, systems and domains. Clearly, data-driven methods to access and utilize
multi-disciplinary engineering information requires organization and integration of data across

multiple existing data-stores. Modern product management workflows contain the necessary data



and base level organization, but there is a need for methods to exploit this valuable data for
decision making and potential reuse of design knowledge. The knowledge that is inherently
present within the data-stores that contain vast amount of information on product data can only
be extracted if the product data models are linked with attributes that define the model, and
relationships that link any two digital 3D models.

Knowledge Graphs (KGs), which are graph representations of linked entities, can provide
an efficient representation of connections among multiple structured and unstructured data
sources. KG-based representations have been shown to mitigate issues in product development
involving multi-disciplinary knowledge extraction and recommendation [18]. However, a large
majority of work in this field focuses on textual KG representations. Generalized & open data
sources for product design contain text classifications, but product specific descriptions in the
open domain are scarce and non-standardized. This makes complex ontology-based methods that
are commonly used to create KGs difficult to implement. Secondly, text alone does not
completely cover all possible descriptions of diverse 3D data seen in designs, except in the case
for standard components, which are readily available in existing databases. Finding relationships
between non-standard components, be it parts, sub-assemblies, or even entire assemblies is more
useful for design re-use in product development. One way to account for these issues is to use
numerical representations of product shape as the core of the KG and creating a flexible
representation of textual descriptions across the lifecycle built around these 3D model instances.

The following chapters demonstrate a hybrid method for construction of Knowledge
Graphs (KG) from large Product Design repositories, implemented by leveraging existing
product hierarchies and metadata from publicly available 3D data sources. In addition, 3D Shape

Similarities obtained through Neural Networks are used in conjunction with Unsupervised Graph



Clustering to aid the construction of search indices within the design data repository, with the
goal of linking data within the graph for efficient design search and recommendation. The
resulting Product Design Knowledge Graph is released as a Linked Open Knowledge base for
product design and manufacturing [19], [20]. Finally, use of the KG to provide efficient design
recommendations from prior data is shown, along with its potential to use KGs for complex
decision making. The use of 3D CAD models as the focus of the KG mirrors enterprise-level
data representations; we believe that extensions of this framework with rich multi-disciplinary
data available at the organizational level can enable better engineering driven multi-domain
decision making including automation applications.

Automation has been applied to industrial assembly tasks with great success over the last
few decades, leading to massive increase in productivity, revenue and safety. Due to the
complexity of assembly tasks, the predominant method for automation in industry today is
programmed robotic control, with pre-defined positions and goals for automated tasks. The lack
of adaptability of fixed control to dynamic scenarios in industrial environments has led to the
development of advanced control techniques based on machine learning techniques. These
methods are often based on supervised learning techniques, which require significant human
involvement for acquisition and annotation of data. Modern day applications require more
flexible methods for automation that are safe, efficient and reduce human involvement in low-
value tasks. Reinforcement Learning (RL) has shown great promise in integrating data sources
used in current-day machine learning algorithms for training motor skills in automation systems
with low effort. However, the sample inefficient nature of RL algorithms means that training
these algorithms is often a complex process, with robust policies not guaranteed to be found. In

this work, we propose a three-fold method to address these inefficiencies by (i) Training the RL



policy in simulation, (ii) Using prior knowledge of CAD data for part localization and to infer
associations between parts to decipher assembly structure, and (iii) Transferring this trained
policy to real-life applications. Using a combination of vision-based data and proprioceptive
information from the robots trained in simulated environments, assembly tasks in industrial
settings can be achieved at low cost with high potential for generalizability. The advantages of
relatively low-cost simulated data and prior knowledge of geometric information can create
adaptable and robust industrial assembly tasks, while minimizing human involvement in unsafe

environments.



CHAPTER 3: RELATED WORK: KNOWLEDGE GRAPHS AND DATA-DRIVEN
DESIGN

3.1. Knowledge Graphs and its Industrial Applications

Well-known Knowledge Graphs (KGs) for real world facts derived from linked-open
data on the web have gained popularity for question-answering systems over the last decade,
with notable examples being YAGO [21], Wikidata [22] and Freebase [23]. They are collections
of ‘triples’ of the form (entity, relation, entity) represented by a directed graph structure, with
nodes of multiple types representing entities and edges representing multiple relation types
between them. There has been a growth in the development of specialized ontologies for KGs as
part of a trend in the natural sciences for domain-specific KG applications. The biomedical field
has seen significant work in knowledge graph construction techniques, with work by [24] and
[25] being two recent examples of applying existing textual domain data to create a knowledge
graph framework. Materials science has also seen advanced use of KG methods to connect
material property relationships and relevant literature sources, connecting implicit and explicit
knowledge with decision making [26].

It is observed that the overwhelming majority of knowledge graphs are created using
Natural Language Processing (NLP) of existing textual data, for example in work by Zhou et al
[4] and Myklebust et al [27]. This can also be seen in the exhaustive review by Li et al [18],
where neural network-NLP approaches are used extensively to formalize knowledge for
industrial products and services. This approach may not be able to fully represent data in the
product design domains, leaving out relations that are not easily extracted in textual form. The
large amount of multi-domain design data in enterprises means that automated knowledge

extraction and codification is crucial for further applications.



3.2. Knowledge Extraction from 3D Data using Neural Networks

Over the last decade, the application of Neural Networks (NNs) for classification and
retrieval applications has resulted in massive improvements in 3D shape representations. The use
of image, point cloud and voxel data to characterize 3D shapes has seen great success. 3D
Shapenets [28], VoxNet [29] and Pointnet [30] are some well-established techniques for 3D
shape recognition using point cloud and voxel data. The maturation of computer vision for image
recognition has meant that these methods have been successfully applied in the context of 3D
shapes as well; the highly influential work in this field by Su et al [31] that uses multiple views
of 3D shapes is a notable example of the view-based 3D descriptors. This was followed by work
such as RotationNet [32] and our previous work on CAD model classification using multi-view
images [33]. Easy availability of image data means that NNs pre-trained on well-established
image data such as ImageNet [34] can be used to obtain accurate models trained on relatively
small datasets much quicker. This is a critical advantage when automated knowledge extraction
is applied at an industrial scale. In recent years, work on applying these techniques to CAD data
for more specific feature recognition (as opposed to representing the whole part) and shape
simplification has gained prominence as seen in work by Zhang et al [35] and Song et al [36].
These advantages of these techniques for automated knowledge acquisition from 3D shapes are
crucial to knowledge representation of product designs. They provide a way to infer relations
between currently unconnected data in the design and manufacturing domains and provide more

opportunities to improve data-driven design.

3.3. Data-Driven Design, Retrieval & Knowledge Graphs

In contemporary industrial applications, standardization of components has been widely

used to enable large-scale production while significantly reducing design effort. For example, in

10



the aerospace industry, there is an interest in reusing brackets from existing data for newer
applications; in the work by Clark et al [37], the use of hierarchical clustering based on bracket
features and dimensions is demonstrated to find representative parts from their entire dataset.
Due to the restrictive nature of enterprise data, there has also been great interest in knowledge
structuring outside industry which is crucial to drive automated knowledge acquisition for design
[9]. Motivated by the same restrictions of enterprise data, there have been multiple open design
repositories of varying size and functional descriptions proposed and used in [38]-[41] and the
data used in this paper [42] to drive data science applications in product design.

The use of graphs and domain-specific ontologies for recording product data over the
design and production cycle has gained popularity due to its potential for multi-dimensional
decision making [43] [44] [45]. These include process modeling through MBE [46], automated
assembly sequence generation [47], design decision support [48], capturing intent and data reuse
for physics-based simulation [49] [50]. These ontologies can be leveraged to create Knowledge
Graphs (KGs), which have great potential for performing search and inference on real-world
data.

Text-based knowledge graphs, with data obtained from existing design documents have
been a focus of research over the last few years. The use of domain specific text-driven semantic
knowledge graphs has been explored for representing explicit and tacit design knowledge [51]
and efficient process planning using a Process Knowledge Graph obtained from CAD/CAM
systems [52]. Helping designers retrieve assemblies based on functional semantics was shown in
the work by [53]. Multi-criteria topological similarity was used by [54] to enable similarity
assessment, decomposing assemblies into a graph with common parts classified into node types

and the kinematic assembly operation sequence denoting the relation between them. An

11



approach for applying graph-based knowledge reuse in product development was proposed by
[55], with the potential to vastly increase knowledge reuse in the manufacturing industry. The
problem of connecting multiple sub-systems containing associated data provides one major
barrier to the realization of this goal; [56] provides a solution to link and trace data throughout
the product lifecycle by creating digital threads across multiple system interfaces. Recently, a
generalized solution to track products and their manufacturing dependencies using graph
databases was shown by Martinez-Gil et al [57], which showed that product data in graph form
outperformed relational databases. The advantages of graph-based approach for the product
domain are clearly seen from the literature.

In conjunction with textual data, several Knowledge Graph implementations in the
product domain include geometry as the basis for construction. These KGs use 3D data to inform
further decision making in design and manufacturing. As seen in the work by Ferrero et al [41],
these approaches have the ability to drive applications such as functional classification of
components within assemblies, using data obtained from CAD models. CAD model KG based
on decomposition of 3D point cloud to primitive shapes was applied for shape-based retrieval by
[58], utilizing unsupervised methods to group 3D shape primitives. KG driven assembly
planning was demonstrated by Zhou et al [59], where information from the CAD model and the
assembly process document were used to generate assembly sequences. The authors demonstrate
that the use of 3D shapes is key to be able to account for potential collisions, correct orientation,
and associated manufacturing parameters. From the literature, systems for design intelligence
clearly need to combine multiple modalities: textual data, implicit/explicit knowledge, design
intent, simulation, manufacturing capabilities, and user requirements in order to enable true

design intelligence.
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An extensive search of existing KG literature in the design/manufacturing space by [60]
shows that most knowledge graphs are created using a top-down approach, involving the creation
of an ontology which is then populated with data to create the KG. However, an ontology-based
approach is time consuming to create and update; automating the acquisition, processing and use
of knowledge has high value when dealing with large amounts of diverse domain data [61].
Additionally, many manufacturing KGs are modeled as Resource Description Framework (RDF)
graphs, where nodes and edges do not contain attributes. In contrast, the Labeled Property Graph
(LPG) graph model can carry properties as key-value pairs and has the potential to outperform
RDF for complex graph queries [62], while creating a more compact representation of properties.
LPG and other ‘hyper-relational’ graph structures such as RDF* show possibilities for efficient
representation of multiple relationship details and weights. This form of data representation is
well-suited to exploratory approaches and sparse data.

Currently, many KGs in the product domain focus on one aspect of the product cycle
such as design, simulation, manufacturing or assembly. Many of these KGs are constructed using
concept mapping & classification of previous textual data as seen in [63]. However, the
specialized nature of each of these domain leads to siloed data sources with little or no
interaction across the product lifecycle that inherently will contain diverse textual descriptions.
Work by Hao et al [64] answers this problem by the use of generalizable and domain-
independent Decision Support Problem Technique (DSPT) to generate multiple KGs for domain-
decision making processes, demonstrated on a supply-chain design domain. This method
provides a common knowledge template for designers, but interrelated sectors continue to be

isolated from another, which may lead to difficulty in multi-dimensional decision making.
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Considering these limitations of text-based KGs, this paper describes a method using 3D
shape & relevant metadata as the center of the product description and decision-making process.
This can pave the way for proactive recommendations early in the product cycle, by using
associations from prior data not explicitly linked to design. Importantly, for current applications
involving large amounts of data, inter-connection between data must be created automatically
and must be easily searchable. A method to achieve this is shown using numerical
representations or ‘embeddings’ of design similarity to create a graph. Subsequently,
unsupervised methods are applied to group parts into communities, and to account for the large
variety of products that do not fit under standard part categories. At the enterprise level, unified
product-based KGs thus created can be used for company-level data tracking, analysis and
recommendation from diverse sources using data-driven reasoning. Textual data associated with
design decisions using domain-specific ontologies can be linked to design documents, which can

then generate automated suggestions.
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CHAPTER 4: PRODUCT DESIGN KNOWLEDGE GRAPH: METHODOLOGY OF
CONSTRUCTION, IMPLEMENTATION & STRUCTURING

Knowledge Graph generation and exploitation is generally divided into Knowledge
Extraction and Construction, followed by Deduction of Patterns and Usage [18]. This section
describes the methodology of Data Extraction and KG Construction. Two possible approaches
exist for KG construction: modeling an ontology and then populating it with data (Top-Down),
or by automatically inducing structure from the data (Bottom-Up) [60], [65]. Here, we propose a
hybrid approach by extracting directly available textual data for Top-Down relations, as well as

the use of latent shape data representations for Bottom-Up relationship linking.

4.1. Knowledge Extraction

Existing product design stores in the form of industry standard STEP files and their
extensions are a primary source of data and are used for day-to-day design decision making.
Individual part design data is represented in multiple formats with varying amounts of
information, and the similarity between them can be computed based on their associated text
data. The existing technical text data and hierarchical information from design files is the
primary data extracted from the CAD files. However, these are not always complete; obtaining
comprehensive textual descriptions and associated data of parts is a laborious process.

There has been a large body of work devoted to Neural Network Classification and
Retrieval methods of 3D components based on shape ([28], [29]) as well as image-based
methods, which have had success as seen in [31], [32], [66]. These methods can generate feature
vectors or embeddings as global representations of the parts. Our method leverages these

representations for further search and analysis. Thus, knowledge extraction is completed using a
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combination of available textual data and vector representations of shape data using Neural

Networks.

4.2. Knowledge Graph Construction

By restricting the base node data to product designs, we present a knowledge graph
construction method utilizing three types of nodes: (i) Assemblies, (ii) Subassemblies, and (iii)
Parts, in descending order of hierarchy. The edges or relations between these nodes of the
Knowledge Graph are created as follows:

Existing assembly hierarchies obtained from CAD files are used for Assembly-
Subassembly-Part relations, similar to the approach in [59]. This is termed as the Assembly
Hierarchy Subgraph, and it contains 3 types of nodes: part, subassembly, and assembly, which
are linked by the relation type subset_of in hierarchical order.

The second type of relations between individual parts are created using global similarity
of feature-vectors representing each individual part. The subgraph containing nodes of type part
and similarities between these parts given by the (weighted) relation similar_to is termed the
Part Similarity Subgraph. These global similarity computations are performed using the
respective vector embeddings of the part nodes.

Considering the intended application of this method for large design databases, there are
an enormous number of part-to-part similarity relations that could potentially be created, with a
wide range of edge weights which will affect the goal of efficient search within the KG. Previous
work on complex networks has shown that making networks sparse by removing insignificant
relations has the potential for huge improvements in speed for graph clustering or community
detection, while maintaining the original nature of the graph [60]. This can be achieved for
weighted graphs at the global scale using Edge-Weight Thresholding; work by Yan et al [67]
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demonstrates the robust nature of network structure when weight thresholding is applied. In
particular, weight-thresholded graphs with a Scale-Free degree distribution have been shown to
maintain the overall topology of the complete graph. Inspired by similar approaches applied to
brain networks in neuroscience as seen in [58] and [59], the construction method is fine-tuned by
constructing a sparse yet meaningful graph through Global Weight Thresholding as described in
the following paragraph.

Let the Part Similarity Subgraph, G, be described by its symmetric weighted adjacency

matrix W, where the elements W ,;, denote the weight of the edge connecting nodes a and b.

Given a limiting value "a", the weight thresholded graph G then has an adjacency matrix W',

such that all weights below this value are discarded i.e., if W, < a then W', = 0. This

threshold « is chosen such that the resulting graph G is a scale-free network with a heavy-tailed
degree distribution. A scale-free network is one where the fraction of nodes P(x) with degree x is
close to a power law, i.e., P(x) « x~Y. This phenomenon indicates that there is a small but
significant proportion of nodes with a much higher degree than most other nodes. This process of
simplifying the graph ensures a balance between representativeness and compactness at the
construction level, which speeds up search and detection of structure within the Knowledge
Graph.

Nodes and relations can be extended where data is available, for instance, adding Finite
Element Analysis (FEA) or Kinematic Simulation data to create localized subgraphs to
potentially predict the behavior of new data. This method provides a starting framework for such
additions; the initial relationships are created considering the KG’s objective of enabling optimal
search and inference using a hybrid bottom-up construction method. Graph data is represented by

the Labeled Property Graph model, which allows both nodes and edges of the graph to be
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described by key-value pairs which can contain further metadata. This is advantageous in the
case of a design graph, enabling a flexible schema representation for CAD parts and assemblies,
which have different relation types and sets of properties. Fig.1 summarizes the process of

constructing the Product Design Knowledge Graph.
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Figure 1: Construction Process & Schema of the Design Knowledge Graph

4.3.Source Data & Annotation

The KG construction is implemented with data from the FabWave repository described by

Bharadwaj et al [42]. Created as a cyber-infrastructure to automate collection of CAD and related
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manufacturing data from academic and open sources, it consists of over 3000 assemblies and over

110,000 parts. This data is divided the following subsets:

Q) FabWave Categorized: These 4000+ 3D parts were obtained from student-generated data
using design software add-ins and classified into 45 categories, based on both form and

process [70].

(i) FW10C: A 10-class subset from the above dataset used for training classification

algorithms.

(ili)  FabWave Open: Built from openly available sources of 3D data such as GrabCAD and
Autodesk Fusion Gallery. Consists of 3000+ assemblies, processed into their individual
parts (numbering over 110,000) in multiple data formats (STEP, STL, F3D etc.) along with
component tree structure. Available basic metadata about the parts are recorded during file

processing and from their original sources. [20]

The assemblies in the FabWave dataset were processed into individual parts and organized in
the knowledge graph in accordance with the hierarchical structure of CAD assembly files. This
dataset contains basic assembly categories and size meta-data; however, the individual parts lack
detailed technical labels. The size of the dataset and variety of parts in the FabWave Open dataset
means that a single label classification is a complex exercise and does not necessarily add value to
the data. To account for this, a multi-description scheme was devised, including feature labels, free
text descriptions, process/materials etc. These description categories are covered in Appendix A.
With the help of human annotators with knowledge in design and manufacturing, 3118 of these
parts were provided with descriptions based on this schema, which was combined with shape data
to build the knowledge graph. Annotations are represented as node properties in the KG.
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4.4. Knowledge Extraction

As described in section 3.1, global part representations were generated using neural network
methods. Here, we leverage our previous work on a 12-image Multi-View Convolutional Neural
Network approach, specifically modified for CAD data by the addition of dimension
measurements for training [33]. Originally used for global classification of 3D shapes, this
architecture uses 12 images from multiple views as input to ResNet CNNs terminating in 4096-
dimension vectors, which are then aggregated and down sampled to a 10-class classifier along with
a 1024-dimension vector. The concept of Transfer Learning enables a fast-paced training process
for this neural network, by extending previously trained models on the ImageNet image
classification database to 3D Shape classification and global feature extraction. Based on the pre-
trained 10-label neural network classifier, transferrable features/embeddings are generated for
other all other un-trained 3D models, as demonstrated by Angrish et al. Each of these embeddings

is used as a representative of the corresponding part for calculating global similarity measures.

4.5. Knowledge Graph Construction

4.5.1. Assembly Hierarchy Subgraph

Our method translates the representation of Assemblies in tree-structure (commonly seen
in standard assembly designs) to a graph. Applying this to the FabWave Open dataset, the
Assembly Hierarchy Subgraph was generated. This subgraph has nodes of type assembly,
subassembly and part, in order of descending hierarchy. The edge type subset_of is used to denote

subassembly-assembly and the part-subassembly hierarchies, thus forming a directed graph.
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4.5.2. Part Similarity Subgraph

Further extending the knowledge graph with CNN-based part similarities, the subset of
110,000+ individual part files is considered for similarity computation using their respective
vector embeddings. Each of these parts is represented by a part node and the relations between
the nodes are given by an undirected edge of type similar_to, with the edge weights demoting the

cosine similarity (Egn. 1) between the Part Embeddings.
1 1A B;

1
= [alian = a b

This measure ranges from 0 (highly dissimilar) to 1 (highly similar) in the positive space.

For this dataset, there exists 12 trillion possible similarity-based connection amongst the parts.
Preliminary analysis of these cosine similarities (Fig. 2(a)) shows that a large majority of these
connections denote a weak similarity between the parts. Constructing the KG using all these
relations will result in a graph with a very high search complexity. However, closer inspection of
the frequency distribution of edge weights of the complete graph in Fig. 2(a) reveals that there
are a relatively small but significant number of these potential connections that denote a high
level of part similarity. This phenomenon is likely to appear in databases with a small but
significant fraction of highly similar 3D shapes, as is common in mechanical design. The
interpretation of a “high” similarity level varies between different datasets; this is addressed by
the threshold parameter "a" described in section 3.2. A much lower threshold will result in far
more edges and a highly complex graph, which can provide better search results (at a far higher
cost) than a sparser graph. The threshold parameter is empirically obtained to ensure the scale-
free or heavy-tailed nature of the network, which will ideally ensure a representative yet sparse
graph. Fig. 2(b) shows the observed degree distribution of the thresholded Part Similarity Graph

at a = 0.85. Based on an analysis of this graph’s empirical degree data, a Power-law distribution
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(y = 1.808), with an exponential cutoff is found to be a better fit than the exponential distribution
with a log-likelihood ratio R = 18.1848. This satisfies the minimum condition to exhibit the
heavy-tailed nature of the degree distribution [71], ensuring a compact Scale-Free graph,
maintaining the inherent structure of a complete graph. The hybrid construction method

described ultimately results in 27 million relations.

le9

3.04 —— Power Law Fit
: —— Truncated Power Law Fit
—— Exponential Fit
2.5 1 m—— Empirical
1073
5 2.0 1 —
v >
s I
A
& 151 ¥
2 a
1.0 4
10744
0.5
0.0 4
0.0 0.2 0.4 0.6 0.8 1.0 10°
Edge Weights: Cosine Similarity Node Degree

(a) (b)

Figure 2: Graph Structure (a) For the Complete Graph: Histogram of Edge Weights: Only a
small no. of edges are relevant; (b) After Weight Thresholding [0.85, 1]: Log-log Fit of the Dist.
of Node Degree shows Exp.-Power-Law Fit

4.6.Structuring the Knowledge Graph: Community Detection in the KG

The most popular approaches to construct KG-based recommendation systems apply
manual segmentation to the KG using classifying schemes, which can limit the results due to the
large variety of possible labels. Recent KG frameworks apply unsupervised methods to group
sub-domains in a larger topic to reduce time to generate and use the knowledge graphs, while
still providing accurate recommendations. Some examples of this approach are seen in the use of
local graph structure and hierarchy-aware systems for predictions [72], [73] and has been applied

to fields such as the organization of scientific publications to aid researchers [74], [75]. In the
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context of optimal product design search, community detection within the KG was implemented
with the following aims:

Q) Finding Part nodes that are very similar to each other in an unsupervised manner.

This similarity detection reduces the search space.
(i) Using the internal structure of these communities to simplify searching the KG.
(iii)  Provide a framework for probabilistic label recommendations for un-labeled data,
using node similarity within the communities. (Applicable to both Inductive
reasoning for new incoming nodes, as well as Transductive reasoning for existing
nodes)

For the thresholded Part Similarity Subgraph of the KG, the underlying structure of the
graph is discovered by finding closely connected communities with highly correlated sets of
relations of their respective nodes. For our application, community detection was applied to a
single node type, and can thus be considered analogous to clustering methods used in data
mining [76]. However, these methods can also be implemented considering multiple relation
types if required, which ensures the ability of these techniques to be extended to more complex
data sources. Two important assumptions were made in order to detect clusters/communities in
the Part Similarity Subgraph: (i) Communities are disjoint/non-overlapping, and (ii) The
network does not vary over time.

Extensive reviews of the best community detection/clustering algorithms for graphs are
given in [77] and [78], along with an in-depth performance comparison on benchmarks. Based
on these reviews, we implement Louvain, Leiden, Label Propagation, Walktrap, and Infomap
algorithms for Graph Clustering on the Part Similarity Subgraph of the KG. Importantly, these

algorithms do not require prior information such as the number or size of communities in the
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network. This makes them well-suited for unsupervised detection of communities, with the only
hyper-parameter being the strength of relations in the graph. This is an intuitive parameter to
control and can be evaluated by the effectiveness of the graph partitions. The complexity of each
of these algorithms are briefly summarized in Table 1, for a graph with n nodes, e edges and
average degree k. Performance of these algorithms are evaluated using intrinsic measures

described in section 6.

Table 1: Community Detection Algorithms: Complexity

Louvain [79] Has a complexity of 0(e).

Leiden [80] Demonstrated to be faster and to find higher quality clusters than
Louvain. O(n log log (k) ) complexity. [81]

Label Propagation [82] | Depends on community structure alone; 0(e) complexity.

Walktrap [83] Has 0(n? log (n)) complexity for sparse networks.
Infomap [84] Simulates the flow of information in weighted networks. O(e)
complexity.

4.7. Part Retrieval from the KG and Node Centrality

Intelligent retrieval methods using knowledge graphs have been well-studied in multiple
domains. For Knowledge Graph constructed with vector embeddings, we chose an approach that
leverages the detected communities for subsequent greedy nearest-neighbor search. Assuming that
communities have been detected effectively, a single descriptor node for each cluster can
massively reduce the complexity of nearest neighbor search, while maintaining accuracy of search
results. We implement this using node centrality measures within communities. While
communities themselves are evaluated using extrinsic measures, the combined community-

retrieval method is evaluated manually using retrieval measures described in Section 6.
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Node-based centrality measures for networks such as Degree, Closeness, Eigenvector, Katz
centrality and PageRank scores have had success for social network analysis and web search
results as seen in [85] and [86]. In particular, the PageRank algorithm [87] has been extensively
used in weighted graphs to rank webpages by order of the most effective at transmitting
information to its neighbors. For this design-based KG, the priority for selecting central nodes is
its effectiveness in representing the nodes within its own community. Using just the network
structure to find nodes that have high control over the flow of information, the PageRank technique
was adopted to find central nodes of the communities in the Part Similarity Subgraph, which were
designated as Level-1 Centers. These L-1 center nodes have the highest centrality scores within

each community and are subsequently used to simplify retrieval of data within KG.

Information retrieval from large databases is a well-studied problem, with the use of
Approximate Nearest Neighbor (k-ANN) Search suitable for high-dimension metric spaces. Well
studied approaches to solving this problem include Space Partitioning/Tree methods (e.g. KD-
Trees). Another popular approach to large-scale ANN tasks is the Proximity-Graph method which
generates graphs based on vector similarity metrics, such as the Navigable Small-World Graphs
(NSW) method [88]. By maintaining a proximity graph with both long-range links as well as short
links to closer neighbors, NSW graph methods perform greedy search with poly-logarithmic
complexity by starting at low degree nodes and progressing to higher degrees. Hierarchical NSW
(HNSW) [89] improves this technique to logarithmic search complexity, separating links by
magnitude into multiple layers and performing greedy search on this multi-layer index. In the case
of a similarity-based graph, the lowest layers contain relations with high similarity weights, with

decreasing relation weights in higher levels. Benchmark studies on ANN search demonstrate that
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graph-based algorithms such as HNSW outperform Tree and Hashing-based algorithms at high

recall values, while maintaining a relatively compact index size even for large datasets [90].

Leveraging these advantages of the algorithm and the community structure of the KG as

described in section 5.1, the part retrieval technique was implemented as follows:

Q) The HNSW algorithm was used to index the previously defined L-1 Centers/cluster
representatives for Approximate Nearest Neighbor search. (L-1 Centers number 25,706 of

the 110,770 total Part nodes, and this reduces the time required to create the index.)

(i)  Vector-embedding were generated for the CAD model of interest to the user, and

subsequently Top-k search was performed on the KG L-1 Centers using the HNSW index.

(iti)  This process was then followed by an exhaustive Nearest Neighbors search within the
Communities that the top-k L-1 Centers belong to, thus providing the best matches within

the top candidate communities. The process is visualized in Fig. 3.

The effectiveness of the hybrid ANN and exhaustive search was compared to Exact Nearest

Neighbor Search on all 110,770 Part nodes using the popular KD-Tree method.
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CHAPTER 5: EVALUATING COMMUNITY DETECTION AND RETRIEVAL

5.1. Community Detection

The quality of Community Detection and Clustering can be evaluated using External or
Intrinsic measures. External measures include Adjusted Rand Index and Normalized Mutual
Information (NMI). However, external measures require knowledge of ground truth
communities, which makes them unsuitable for evaluating our approach which is exploratory in
nature. Two intrinsic measures are used in place of these external metrics: Modularity Density
and Silhouette Score, which is another popular method used to evaluate clustering effectiveness.
Modularity Density is a graph specific method which uses node degree to evaluate graph
partitions and is well correlated with the ground truth-based NMI metric. Both these scores rely
on simultaneously finding the level of cohesion within clusters, and the level of separation
between clusters. They are described as follows.

For a community C in a graph partition S, Modularity Density (D) is given by:

D = - Tiec(@Ak{™ — 2(1 = Dk @

where i is a node within cluster C, n, is the number of nodes in cluster C, kﬁ“t is the
degree of node i within cluster C, and k" is the degree of node i external to cluster C. This
measure is then averaged over all clusters to find the score for the entire graph. A is a tuning

parameter; 0.5 is the standard value used.

Silhouette Score for a graph with n nodes is given by:

_ 1w b(i)-a(i) _
$= nZlen max (a(i),b(i)) SE€ [ L 1] (3)

Here, for a node i belonging to cluster C, a(i) is its mean intra-cluster distance

(weighted). b(i) is the mean (external) weighted distance from i to all nodes in the cluster X,
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which is the nearest cluster to the center of C (X # C). The best possible Silhouette Score for a

clustering is 1.
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Implementing the community discovery algorithms on a range of thresholds from a =
0.85to a = 0.9, Label Propagation and Walktrap algorithms at a lower weight threshold level of
a = 0.9 shows the best performance in terms of Modularity Density and Silhouette Score
respectively as seen in Fig. 4. The communities generated by the Label Propagation algorithm
were chosen as the best representation of structure at the lowest level of granularity among parts,
since Modularity Density has the highest correlation to the extrinsic NMI metric for graphs [91].
This algorithm produces 25,706 communities. On closer examination, 18,055 of these
communities contain only a single part. The largest cluster contains 4295 parts; this confirms our
previous intuition regarding a significant number of repetitive part shapes within the database. In
summation, through community detection, 7,651 highly similar groups are identified,

incorporating 92,715 out of the 110,770 parts.
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Selecting central nodes for each of these communities using the PageRank algorithm
gives 25,706 nodes, one for each at the Level-1 communities. This was considered the first level
of the hierarchy in the knowledge graph or L-1 Centers. This reduces the detection space
significantly, allowing for a much simpler graph representation. The L-1 Centers embeddings are
indexed for search using Hierarchical Navigable Small-World Graphs (HNSW) method for

Approximate Nearest Neighbor search.

5.2. Top-k Retrieval Evaluation

Retrieval is evaluated for 29 standard part categories from the FabWave Categorized
dataset described in Section 3.1. Following the method for retrieval described in Section 5.2, an
Approximate Nearest Neighbor (ANN) search on the 25,706 L-1 Center node vectors is used to
find top-k clusters, followed by exhaustive k-Nearest Neighbor (NN) search on the top clusters.
This hybrid method is compared with exhaustive k-NN search on all 110,770 nodes using the
popular KD-Tree method. Retrieval is evaluated using Mean Average Precision (mAP) metric,

defined as follows:

mAP@k = ——— (_yk  Theen) (g

num_query \GTP i
Here, num_query refers to the number of queries made for each class, GTP refers to the
total number of ground truth positives for the query, and TPseen is the number of true positives
seen till k. 20 query parts are evaluated for each class, with each search returning the top-5
neighbors of the queried part. Table 2 shows the performance comparison of the HNSW Index-
based Approximate Nearest Neighbor (ANN) search for knowledge graph part nodes, compared
to the KD-Tree based kNN search. Using the advantage of L-1 centers of the graph communities,

the HNSW ANN search index is constructed in far lesser time in comparison to the KD-Tree
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method. Searching within the graph using the hybrid HNSW-kNN method is also achieved in a
fraction of the time taken by KD-Tree. This can be attributed to two factors: the reduction of
number of node vectors to index for search, and the decrease in performance of KD-Tree with
high vector size.

As seen in from the results in Table 2, better mAP can be achieved in much lower time
using ANN search, due to a combination of graph community detection and the advantages of
the ANN algorithm. Class-wise mAP values are given in Appendix B, and Appendix C, which
shows examples of retrieval for certain example classes. An analysis of these results show that
the ANN approach performs better for Bushing, Collets, Gasket, Headless Screws, Hex Headed
Screws and Washers; in comparison to this method, the KD-Tree approach performs better for
Brackets and Machine Keys. This is attributed to errors in the design data used for querying
(FabWave Categorized); some incomplete part designs in this dataset lead to substandard part
matches for these two classes in both cases. However, the results of Hybrid ANN + kNN
approach are generally better or comparable to that of the baseline KD-Tree method. These
results represent the combined effect of node clustering in the graph and hybrid ANN search,
demonstrating the overall effectiveness of the KG and ANN-based retrieval workflow. In
enterprise databases, this combined method has the potential to account for the tradeoff between

speed and accurate representation of large amounts of data.
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Table 2: Comparing the two retrieval methods

Method Search Index Query Time Retrieval: 29 Std. Categories
(seconds)
No. of Constr. MAP@1 | MAP@3 | MAP@5
Indexed | Time (sec)
Nodes
Mean (SD)
HNSW 25,706 17 sec HNSW KNN 0.6913 0.7242 | 0.7278
followed by
KNN 0.2362 | 0.0649
(0.0152) | (0.1015)
KD-Tree 110,77 | 76.61 sec KD-Tree 0.6439 0.6706 0.6760
based KNN 0
2.7859 (0.9022)

5.3. Implementation Details

The 3D CAD model processing and image capture was implemented using Fusion 360 design
software and Blender 3D graphics tool. The Knowledge Graph and all algorithms were
implemented on a Windows 10 machine with Intel Xeon W-2225 processor and 64GB RAM. The
KG is implemented on Neo4J, queried with the Cypher language. Visualizations are provided
using Graphlytic and Matplotlib. Part and Assembly metadata are stored on MongoDB, with file
storage on Google Drive. Graph Representation and Clustering were achieved using NetworkX
[92], Neo4J’s Graph Data Science extension, CDLib [93], Infomap [84], Scikit-learn [94], and
Scikit-Network [95] packages on Python. The Powerlaw package [71] was used for testing
truncated power-law nature of the degree distribution. hnswlib package [89] is used for final
retrieval using approximate nearest-neighbor (ANN) search. The Fuzzy-Rule system in section 7.1
is implemented using the Simpful library [96]. MIxtend [97] was used to implement the FP-Growth

algorithm for recommendation systems shown in Section 7.3.
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CHAPTER 6: RECOMMENDATION SYSTEMS USING THE PRODUCT DESIGN
KNOWLEDGE GRAPH

Search and classification for Product Databases is an active field of study, with multiple
potential applications such as design reuse [37], manufacturer selection [98], function prediction
[41], design recommendation and improving sustainability in design [99]. The effectiveness of
the KG for retrieval of similar components was demonstrated in section 6, which can be used for
design reuse by engineers or Numerically Controlled (NC) process plan reuse. Motivated by such
problems, this section shows the potential to apply recommendation systems to associated
problems for engineers, using the advantage of richer data associativity within the KG.

Retrieving similarly shaped components is one common application for product data
stores. Design efficiency can also be greatly improved by helping designers obtain ‘associated’
standard or non-standard components, which are likely to be a part of the same subassembly as
similar parts of interest. These parts can be ordered based on the frequency of occurrence in
other similar subassemblies, using the part cluster IDs. Section 6.1 describes a Fuzzy Rule-Based
method to obtain these relevant components from the KG. Using an approach similar to those
used in [100], [101] and [54], section 6.2 expands on the use of the KG for component-based
assembly similarity evaluation using shape similarity. Efficient retrieval of CAD models in large
databases consisting of combinations of hundreds of thousands of components is an industry
problem that has primarily relied on PLM/PDM based textual search. Multi-modal search using
3D data in conjunction with associated textual data has the potential to increase effectiveness of

the required suggestions; this is demonstrated in section 6.3.
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6.1. Recommending Co-Occurring 3D Designs

Design engineers spend a significant percentage of their time in locating and sorting
information, often comparable to the time spent on solving actual design problems [102].
Recommendation systems can be powerful tools to improve designers’ productivity;
standardized components are often listed in design software libraries for use by engineers. In the
context of new designs, engineers often spend their time designing critical components which
have multiple engineering constraints in an iterative manner. The KG based recommendation
system can improve designer productivity by providing both standard and non-standard parts
associated with high-priority critical components, with multiple variants to choose from.
Components that occur in the same subassemblies as the closest matches to the query part are
found through a combination of ANN search amongst the parts, followed by graph traversal for
the Assembly hierarchy structure in the KG. The parts associated with these Nearest Neighbors
(parts in the same subassembly or assembly) were then analyzed and provided as
recommendations to the designer, ranked by relevance.

From the existing relations of the graph, there are two relations that can be manually
inferred: co_occurring and highly_correlated. Parts that belong to the same subassembly are
defined as co_occurring. Formally, for two parts A and B and a given subassembly SA, one fact
that can be inferred from the graph is:

(A, subset_of,SA) A (B, subset_of,SA) = (A, co_occurring, B)

Parts that belong to the same cluster are defined as highly_correlated. Thus, for parts A &

B in the same cluster,

(A, same_cluster, B) = (A, highly_correlated, B)
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We define the following rule for obtaining potentially relevant co-occurring parts R, for a
given query part Q:

(Q,nearest_neighbor, A) A (A, co_occurring, R)* = (Q,co_occurring, R)*
(A, co_occurring, R)* is inferred through the rule:
(A, co_occurring, B) A (B, highly_correlated, R)* = (A, co_occurring, R)*

Parts A and B are “transitory” parts obtained from the Knowledge Graph, in the process
of finding relevant parts R. Fig. 5 illustrates a method to use the KG for this application,
considering an Unthreaded Flange as the query part.

The consequence of the above rules is true only to a certain degree; thus, it is denoted by
a *. This is due to the potential inaccuracies induced by the clustering method due to the use of
weighted similarity relations. We approach this rule-based inference problem using a
Generalized Fuzzy Rule method, which has seen success in associated fields, most recently in
manufacturing performance measurement [103]. Using these rules, we obtain parts that can
potentially be used in conjunction with a given 3D part of interest. The final measure of truth of
the chained rules is calculated using the well-studied Fuzzy Inference System described by
Mamdani and Assilian [104]. This is a linguistic logic modeling technique where rules are stated
using “IF-THEN” rules, with both the prior and consequent of the rule represented as fuzzy sets.
The degree of membership of each element in the fuzzy set is determined by Membership

Functions (range of 0 to 1) heuristically obtained from source data.
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The uncertainty is introduced in the rule-based system through the component
(B, highly_correlated, R). “highly correlated” is based on parts belonging to the same cluster;
based on the results in section 6.2, the effectiveness of this property can be measured using the
Silhouette Score of the cluster containing B and R. Since a lower silhouette score in the range [-
1, 1] indicates a low or negative correlation between the parts, 3 different fuzzy sets are utilized
to describe the property “highly correlated” denoted as Low, Medium or High. Based on prior
knowledge of the silhouette score as seen in Fig. 6, the sets are defined with the following
membership functions: Sigmoid (Low) and Trapezoidal (for Medium and High). The property
“co_occurring” is represented by High or Low; since it is a fact derived from the graph in
(A, co_occurring, B), this would correspond to a True/False value. Based on these definitions,

the linguistic rules for the fuzzy inference system are thus re-defined as follows:

IF (A, co_occurring, B)IS High AND (B, highly_correlated, R) IS High THEN (A, co_occurring,R) IS High
IF (A, co_occurring, B) IS High AND (B, highly_correlated, R) IS Medium THEN (A, co_occurring, R) IS High
IF (A, co_occurring, B) IS High AND (B, highly_correlated, R) IS Low THEN (A, co_occurring,R) IS Low

IF (A, co_occurring,B) IS Low THEN (A, co_occurring, R) IS Low
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Figure 7: Recommended Co-occurring Parts with their corresponding Truth Values
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The final truth value is obtained from the conjunction of rules as shown previously in this
section, and denotes its actual relevance based on the structure of the knowledge graph. Fig. 7
shows results of the fuzzy inference system with relevance scores. A manual check of the results
shows a few relevant co-occurring parts for 3 example queries, which are circled in blue. Since
the truth values of the recommendations are based on the graph structure (which is not perfect),
the ordering and accuracy of the results is not ideal; further investigation can reveal more

complex and accurate rule-based systems for part recommendation from the knowledge graph.

6.2. Detecting Similarity of Assemblies

To compute similarity of assemblies, the clusters of their constituent parts in the KG can
be used as a factor. Every assembly was represented by a multiset containing each of its
constituent parts’ community IDs at Level-1. The rule for similarity between two assemblies X &
Y can thus be defined as follows:

(p, subset_of,X) = 3A(A, subset_of,X)
(q,subset_of,Y) = 3B(B, subset_of,Y)
AA3B (A, same_cluster,B) = (X, similar_to,Y)*

The similar_to relation in the above rule between these assemblies X & Y was quantified
using the Jaccard index for the similarity of sets. A modified version of the Jaccard Index (Egn.

4) which rewards repeated values in a multiset was used:

|XXNYY|
|XX|+|YY|

JX,Y) = J €10,0.5] (4)

where XX and Y'Y are the multiset collection of part L-1 cluster IDs for two assemblies

X & Y respectively.
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Figure 8: Clusters of Assemblies based on individual part similarity

This similarity measure can be used to compute clusters among assemblies, based on the
similarities of their individual parts. Fig. 8 shows some examples of community structure for
assemblies. This can easily be extended to sub-assembly similarity search by the same method.
The practical implication of building this data in the KG is future improvement in modular
product design, enabling flexible production and low volume customization. Using these
advantages, the best practices previously followed for design-for-assembly and design-for-
manufacture can be adopted by designers and further refined to ultimately create better products.
The flexibility of the KG approach can be used to include data pertaining to electromechanical or
hydraulic systems, which can provide valuable information to designers and simplify

communication across domains, with types of node clusters detected based on multiple relation

types.
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6.3. Design and Manufacturing Parameter Recommendations

As described in Section 3.1, the Knowledge Graph contains annotations from users on
various design and manufacturing parameters for parts in the database. Although these
annotations cover only a fraction of the KG nodes, the concept of collaborative filtering can be
applied based on the clusters of parts detected within the KG. Collaborative Filtering (CF) is a
popular method used in web-based recommender systems to provide fast and accurate
recommendations to users, based on the preferences of similar users who have previously
interacted with the system. In the context of this KG, the recommendations provided depend on
the subset of previously annotated nodes which are the most similar to a search node. Using a
combination of the clusters in the graph and pattern mining, a method that can be described as
Clustering-Model Based Collaborative Filtering technique [105] was used to provide
recommendations.

Based on the annotations for the parts given by users described in Appendix A, design
and manufacturing parameter recommendations are generated using the Frequent-Pattern Tree
Growth (FP-Tree) approach [106]. This approach decomposes pattern mining into smaller sub-
tasks for more efficient search and is faster than the well-known Apriori algorithm for the same
task. For each part node that has been annotated, the set of individual descriptions are considered
for parameter search. This algorithm evaluates the relevance of parameter recommendations
using the probability of co-occurring parameters, given primarily by two parameters: Support
and Lift. Support is the measure of how often a parameter A occurs in the relevant nodes of the
KG i.e, its frequency of occurrence in the set of node parameters. Lift is an extension of this
parameter, which describes whether two parameter sets X and Y are independent. It is given by

Eqn. 5:
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Lift(X =7Y) =

Support(XUY) ( )

Support(X)xSupport(Y)

A Lift value of 1 suggests that the parameter sets X and Y are independent of each other.

Higher the lift value, the stronger the degree of dependence of the parameter sets X & Y.

Top Recommendation:
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main_process: Casting,
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part_category: Industrial Component }
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:> Top Recommendation:
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main_process: Machining,
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Industrial Component} Tafeladds
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part_category: Industrial Component}

Lift = 1.333

Figure 9: Recommendations for 6 parts: Recommendations for Spring and Triangular
component are provided using Multimodal search using 3D Data + Text

The recommended parameters for the Unthreaded Flange include the feature commonly

seen in associated parts in the database (‘Holes’), along with its material and process suggestions

(‘Metal Alloys’, ‘Casting’). Fig. 9 shows the recommendations for multiple parts. Parameters for

the Spring component are queried with a part category (‘Automobile’) along with shape and

dimensions, providing parameter recommendations relevant to automotive spring components.

Similarly, the triangular component is queried with a part description denoting ‘Industrial
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Component’. These results are dependent on the amount of data available; currently, the
annotations are sparse relative to the size of data. Further investigation on graph-

recommendation systems can yield superior recommendations.

6.4. Discussion

Structuring product data in clusters reveals the nature of this design data store created
from open sources: a mix of unique designs and a significant fraction of repeated non-standard
parts, along with standardized parts. Similar data in enterprise siloes can serve an important
purpose for future designs: either through design reuse or by enabling data-driven parameter
suggestions, in contrast to manual retrieval by text-based search or advanced image only visual
search. With minimal human intervention, existing patterns detected within the corpus of designs
provide a rich source of engineering decisions. The ability of an automatically structured KG for
efficiently implementing recommendations is demonstrated, despite minimal availability of
annotated data.

We note a few potential weaknesses to the KG construction approach and the data used:

Q) Local relation density differences in large KGs are not considered for structure

detection and may lead to issues with accuracy and scalability.

(i) The assumption of disjoint communities, and the static nature of these

communities will not hold with extensive additions to the database over time.

(i) The current approach uses shape similarity alone to both prune relations and

detect local structure in the graph. This method does not currently consider other
relation types that can potentially be created, particularly with the significant

amount of associated data with product models available within enterprise stores.
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(iv)  The relative lack of rich annotations or textual descriptions in our dataset limits

the types of relations and recommendations that can be provided to designers.

Future improvements to the data must focus on improved representations of parts through
a combination of automated feature/process recognition, and connecting existing data to design
documents, manufacturing parameters, simulations and other geometric and textual part data.
With improved data connectivity, the KG can be used for more complex KG-based
recommendation applications such as mining design rule updates from downstream
manufacturing and quality inspection data, similar to the work by Ko et al [107].

The construction of the KG has a large bearing on the quality of recommendations that
can be provided using this technique. For the cosine similarity relations created using a bottom-
up method, the thresholding parameter described in section 3.2 and implemented in 4.3.2 affects
the quality of edges in the Part Similarity Subgraph. A lower threshold could provide better
recommendations at the cost of greater complexity. However, if unweighted methods are used
for graph traversal and recommendation systems, it is possible that low-quality recommendations
could be obtained. In this semi-supervised framework, it is thus critical to choose a threshold that
is suitable for downstream tasks. An incremental edge addition method that optimizes search
results is an area for future exploration.

The assumption of disjoint and static communities relies on the large size of the database
relative to new additions. Future additions to the knowledge graph require these issues to be
addressed to ensure scalable solutions, with dynamically responsive KG structuring methods.
The problem of localized graph structure variation is visualized in Fig. 10. Basic inspection
reveals that while there are very dense clusters in the graph with high internal part similarity,

there are also multiple clusters that can be merged. There are also some relatively large clusters
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that can be divided into distinct subsets. Fine-tuning these clusters can be achieved by
Incremental Cluster Repairing of existing clustered similarity graphs, using newer methods such
as n-depth re-clustering as demonstrated by Saeedi et al [108]. However, this is not an issue with
effectiveness of clustering alone; the exclusive use of similarity relations for clustering is another
contributor to variability. Using multiple relations and node features to find structure in the KG
is the next area of focus to improve the KG. The interrelated aspects of clustering efficiency and
encoding multiple relation types can be addressed by graph construction techniques that consider
the dynamically varying nature of different neighborhoods and multiple-relation types of the
graph, as seen in the work by Fakhraei et al [109]. Alternately, the graph structure can be
encoded in rule-based learning or graph embedding methods to combine structuring and
reasoning.

The size of enterprise data is often several orders of magnitude larger than the data
corpus used in this paper; scalable approaches for multi-modal search are an important priority.
Future research directions in intelligent product design using KGs necessitate larger and more
complex graphs. The Approximate Nearest Neighbor and Collaborative Filtering methods used
for reasoning over the KG have limitations: the ANN method currently indexes only a single
relation type, and collaborative filtering suffers from cold-start issues with prediction due to data
sparsity. The techniques must eventually be replaced by multi-hop inference using latest
knowledge reasoning methods, most popular of them being Graph Embeddings. While
embeddings work well on large-scale graphs, they tend to lack interpretability. To create
recommendation systems in the design domain, Inductive Subgraph Reasoning methods show
more promise, since they learn the underlying relational semantics of the graph. Work by Teru et

al [110] demonstrates the strong performance of this technique in comparison to embedding
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based methods on standard benchmarks. In the future, we plan to investigate similar methods for

more complex decision-making problems, focused on design parameter recommendation,

manufacturer search and data driven automation.
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CHAPTER 7: IMAGE-BASED OBJECT POSE RECOGNITION FOR ROBOTIC
MANIPULATION

7.1. Introduction

Automated systems in manufacturing environments have traditionally relied on fixed
programming based on well-defined positions. While there has been a rise in RGB-based image
perception systems for robotic applications and the use of image recognition algorithms such as
edge or color detection, these systems are often fine-tuned for specific parts and highly specific
scenarios such as conveyor pick-and-place. In a scenario where general-purpose robots are
becoming ubiquitous, their use in flexible manufacturing scenarios require increased
adaptability. This improved flexibility must be twofold: perception systems must be able to
recognize different objects in a variety of environments with high accuracy. In addition to this,
the automated system must be able to take decisions in different scenarios with reduced human
intervention.

The challenge of perception in dynamically varying conditions is in obtaining reliable
and accurate data about the state of the environment, which requires scene reconstruction.
Typically, scene reconstruction for robotics focuses on creating accurate occupancy maps using
methods such as Simultaneous Localization and Mapping (SLAM). This is used in path planning
and collision avoidance for robotic applications. However, due to a lack of specific semantic
information about the environment, these methods are only suitable for relatively simple
navigation tasks. Recently, there have emerged improved methods for accurate detection of
object states in 3D space [111], [112] termed 6D pose recognition, as well as efficient
representations of their states suitable for high-level task planning [113]. In particular, visual
scene graphs have emerged as a holistic representation for hierarchical modeling of objects,

kinematics and human-robot interactions. In the case of robotic manipulation, object locations as
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well as their interrelationships are represented in 3D scene graphs, which have been
demonstrated to be highly efficient for high level and large-scale task planning [114].

This work proposes a framework for robotic object manipulation in dynamic scenarios,
using richly available CAD data that is commonplace in the engineering industry. The
contributions of this work are:

Q) A methodology to generate 6D object poses for industrial objects from RGB
image data in an unsupervised fashion, based on a Pixel-to-Surface
correspondence technique

(i) A methodology for sequential robotic manipulation using Scene Graphs, based on
a combination of image perception and semantic information obtained from CAD

data.

7.2. 6D Pose Recognition for Objects: Related Work

Learning-based approach to Object Pose Recognition from image data has been an active
field of interest over the last decade. Common applications for localization in 6 degrees-of-
freedom (6 DoF) include outdoor camera localization and object pose detection from RGB
images. The approaches for these tasks build on established methods such as Simultaneous
Localization and Mapping (SLAM), and closely related methods in image segmentation and
object detection. A number of datasets have been introduced to benchmark these approaches.
Notable ones include Linemod [115], HOPE [116], YCB-Video [111] for household objects;
similar ones for manipulation in warehouse environments [117], [118], and other datasets that
replicate objects seen in industrial environments. Two significant examples are the T-Less
dataset [119], which includes texture-less objects relevant to electrical assemblies, and the
ITODD dataset [120] containing objects from industrial manufacturing setups. Earlier datasets
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such as the Linemod and YCB-Video contain images from real environments with significant
time spent on human annotations. However, with the introduction of the standardized format of
Benchmark on 6D Pose Estimation (BOP) [121] and Blender-based automated pipelines [122]
for data generation, creation of simulated photorealistic renderings of objects (including ground-
truth data) has become the dominant method of dataset generation. This simulated data forms the
core of the training data for the latest object pose detection methods. Typical pose detection
methods rely on a cropped image input, which is generated by an object detection algorithm;
these methods are covered in the next few paragraphs.

Within the area of object pose estimation, many of the best-performing technigques use
Convolutional Neural Networks (CNNs) with either some combination of 2 approaches: Pose
regression-based, or 2D-to-3D correspondence-based techniques for 6D pose estimation. A
notable example of a direct regression-based approach for 6 DoF camera localization is PoseNet
[123], which is focused towards localizing monocular camera pose for outdoor scenes. Work by
[124] uses the PoseNet architecture for geometric understanding from a scene; this forms the
basis for regressing monocular depth estimation from videos. A related approach based on
Single-Shot Detection (SSD) was taken by [125], relying on keypoint-based object bounding
boxes to infer 3D translation, and scoring the rotation by evaluating a large number of discrete
viewpoints from a given scene. However, this has some drawbacks: symmetric objects are
considered special cases during data generation. It also provides an approximate pose only, and
relies on ICP refinement to achieve final accuracy. Improving on this SSD-based concept, [126]
uses only the bounding boxes of shapes for training to obtain accurate estimates without fine-
tuning. A regression-based approach accounting for symmetric objects was demonstrated in

PoseCNN by [111] for estimating rotation, where the translation is calculated with respect to an
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object center obtained through Hough voting. PoseCNN’s formulation accounts for symmetric
objects through a modified loss function, as well as using semantic mask labels instead of
bounding boxes, resulting in improved performance in cluttered scenes.

Correspondence-based methods commonly apply 2 stages: (i) Establishing pixel-to-3D
point correspondences, followed by (ii) a method to minimize the object projection difference
with respect to the image (usually by PnP). One such approach is PVNet [127], which extends
the PoseCNN concept through an approach of detecting keypoints by projecting a vector field
over the image pixels. This creates a spatial distribution for each keypoint, which is subsequently
used to obtain the 6D object pose using the PnP method. Point based methods have shown
success in dealing with the two significant challenges of object symmetry and occlusion which
hamper generalizability. Two methods to solve these problems are given in [128], [129], where
correspondences are established through latent representations. These methods, as well as
approaches based on surface patches [130] focus on removing the need for symmetry exceptions
in training data generation, improving generalizability. While the bulk of correspondence
methods use the PnP method for the final pose estimation step, there are methods such as [131],
which aim to substitute the non-differentiable PnP method with an end-to-end workflow for 6D
pose estimation. They simultaneously predict segmentation masks and regress 6D pose indirectly
using 2D-3D correspondences, integrating the regression and pixel-to-pose matching methods.
Another notable example of this end-to-end approach is shown by Wang et al [112], where dense
correspondences and surface patch maps are used as intermediate representations to ultimately
regress the 6D pose of the object with state of the art results. This is also a notable example of
generating explicit surface-level representations, which have shown good performance in

generating 6D pose estimates. These surface-based representations for shapes with defined
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canonical orientations has also been demonstrated in [132], where pointwise vector
representations are modeled a function of the 3D object manifold. This provides an advantageous
representation where partial portions of a surface can be estimated from images, showing
potential for fine-grained object feature-based position/orientation estimation. Two recent
examples of similar detailed surface representations are shown in Surfemb [133] and ZebraPose
[134] with comparable accuracies. Su et al generate a hierarchical groupings for surface points
and use this to generate embeddings and 6D pose, whereas Haugaard et al demonstrate a method
based on a point key-image query model in [133]. The latter work performs better on texture-less
objects commonly found in industrial scanarios, in addition to being more suitable to partial

surface matching.

7.3. Scene Graphs and Applications: Related Work

Scene graphs are structured representations of a space of interest, typically derived from
sensor data in image or point cloud form (denoted a ‘scene’). They are a natural way of
symbolizing extracted semantic information from image space, and are well suited for higher
level visual understanding. First proposed as a method for image retrieval [135], detailed scene
graphs have shown great potential for a number of tasks such as visual question answering [136],
visual reasoning [137], [138] and 3D scene understanding for robot-human interaction [139]. The
typical workflow for construction typically involves Feature Extraction (detecting and encoding
entities), Contextualization (associating different entities in the scene) followed by Link
Prediction and Inference.

Recently, there has been significant interest in scene graphs, driven by their use as
topological representations of objects and their interrelations within a given scene. This has
resulted in the introduction of 3D Scene Graphs ([140]-[142], [113], [143]) for spatial
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perception, representing multiple levels of semantics in 3D world space. Early work by Armeni
et al [140] provides a hierarchical framework for organizing multi-level knowledge, along with
the earliest real world 3D semantic scene graph dataset containing data ranging from object to
building level. This was followed by 3DSSG [142], which provides a large-scale real world
scene graph based on RGB-D sequences of the 3RScan indoor scene dataset [144]. These scene
graphs are closely related to the evolution of classic topological mapping and visual SLAM to
include Semantic representations [145], [146], where prior semantic knowledge of the
environment has been demonstrated to improve the estimation of geometric navigation maps.
Research by Kim et al [141] demonstrates an integrated method of scene graph construction
using a combination of surfel-based dense SLAM [147] and Instance segmentation by Faster-
RCNN. Building on these earlier concepts, recent efforts focus on incremental, real-time systems
for Semantic SLAM and Scene Graph generation. Rosinol et al [113] provide one such
automated method and library (Kimera) for scene graph construction, including aspects of object
recognition & localization, human pose estimation for collaborative scenarios in addition to
metric-semantic SLAM. Tian et al [148] extend its application to distributed multi-robot metric-
semantic mapping. Hughes et al [143] describe a method for hierarchical scene graph
construction, geared towards loop closure detection for SLAM. Notably, the focus of these
approaches is on large-scale mapping. This means that low-level object recognition is
implemented with unsupervised clustering and CAD-based point cloud registration, which are
vulnerable to inaccuracies in keypoint and local feature detection. For low-level object
manipulation, dense representations in conjunction with have the potential to improve estimation

of object state.
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There is recent focus of research within robotic task planning, where 3D scene graphs
have been used as an intermediate stage for automatic generation of goal states [149]. For
instance, approaches geared towards the goal of searching for objects within a given environment
use these 3D scene graphs [150]. They apply joint reasoning over the semantic as well as
geometric details of objects during the search phase. Similar approaches for learning symbolic
operators in task planning use sets of named relations between objects as constraints in solving
heuristic task planning guided by shortest-path methods [151]. Motivated by these applications,
we base our method of CAD-guided sequential task planning on 3D scene graphs. These are
generated by a high fidelity 6D object pose estimation method based on surface embeddings; this
provides the advantage of including generating ideal object grasping positions based on the part

interactions from assembly CAD files.

7.4. Object Pose Estimation: Methodology

This section describes the methodology for object pose estimation, which is the initial
requirement for robotic manipulation. Given an RGB-D image of a scene, the objective of pose
estimation is to find the transformation of the objects of interest in the scene with respect to the
camera optical reference frame. This transformation in SE'(3) Euclidean space is represented by
3D Rotation R (commonly represented by the relative rotation about the X, Y and Z axes of the
reference frame) and a 3D Translation T. Together, R and T represent the full 6D pose of the
object.

This section provides the model description, the training data generation pipeline and the
method of generating pose estimates from the generated 2D-to-3D correspondences. The pose
estimation algorithm requires a large amount of ground-truth pose and mask data for training.

Taking advantage of the latest realistic image rendering tools, we use synthetic object rendering
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to effectively generate low-cost image training data, as well as ground truths for training these
algorithms. This is generated using the data generation pipeline & renderer Blenderproc [122].
This makes use of Physically-based Rendering (PBR) to generate highly realistic synthetic
images, with the ultimate goal of estimating accurate poses for real-world scenes. The objects are
rendered in a variety of sampled poses in 3D space with varied backgrounds. The recorded
ground-truth data contains:

Q) Binary Object Masks

(i) Bounding Boxes of the object (in full and occluded versions), and

(iii)  The Transformation matrix of the object relative to the camera.

7.4.1. Pose estimation from 2D-to-3D Correspondences with Surface Embeddings

Pixel-wise Mask probability

Image Crop

Queries %

Contrastive
InfoNCE Loss

(Positive pair shown)

(Pixel-wise embeddings)

Keys

Homogeneous Point

Coordinates from 3D (Pointwise Embeddings)
Shape

Figure 11: Architecture for generating Surface Embeddings

The implementation of the 6D Pose estimation algorithm is based on the work on Surface

Embeddings by Haugaard et al [133]. The model is trained in contrastive manner to create
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correspondences, using positive and negative pairs of image-point data. Contrastive learning has
become a powerful method for learning representations from of paired data; in this case, the aim
is to learn paired correspondences between images of objects and their corresponding points in

3D space.

Fig. 11 shows the network structure which consists of 2 main branches, each generating
representations for a different type of input: (i) Image Crops and (ii) Point Coordinates of the 3D
model respectively. The first branch is an Encoder-Decoder type CNN which generates
representations of color image crops (generated by an object detection algorithm), denoted
‘queries’ (q). These are pixel-wise embeddings corresponding to the object coordinates within
the image. This branch also predicts the predicted binary mask of the object in the image, which
ensures that only the relevant pixels are encoded. The mask portion of this branch is trained with
the Binary Cross Entropy loss as given in eqn. 6. Here, y,, is the ground truth label and x,, the
predicted score of this label, for an image coordinate n.

Ly ={l,l; ..} by = —[yn - logxn, + (1 —y,) -log (1 — x,)]  (6)

The second branch computes the representations of surface points, which are denoted as
‘keys’ (k). The queries from the first branch and keys from the second are then projected into a
shared embedding space; the distribution of surface embeddings is then given by the softmax of
the dot product between queries and keys. This is represented by the Noise Contrastive
Estimation (NCE) loss for contrastive learning tasks, given in eqgn. 7. For 2 sets of points S and U
sampled uniformly from an object surface and the pixel-mask respectively, the INfoNCE loss

[152] is given by:

exp(qlky)
5 0

1
L= —=Y,cylo
E = Ty auet 083 o e exp(alk
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where q,,is the query value at image coordinate u and k,, is the key value of an object
coordinate present at u, given by the homogeneous 3D points at a location u. k; is the key value
for any one of a sampled set of contrastive points. (These are generated by sampling all points
that are out-of-view.) The final loss is a sum of the mask loss and the embedding loss, given as
Ly =Ly + L.

The correspondences thus generated are used to gather 6D pose estimates based on the
Perspective-n-Point method. The pose estimate is obtained by solving the following equation for
the transformation matrix [R | T]: sp. = K[R | T]p,, , where p,, is the homogeneous world
point, p.the image point (with scale factor s), T the translation vector and R the rotation matrix.

K is the matrix representing the camera’s intrinsic parameters.

7.5. Training and Evaluation

7.5.1. Dataset
The method is trained and evaluated on the T-Less dataset, consisting of 30 unique

objects. Fig. 12 shows some example parts from the dataset. Based on the available CAD
models, different scenes consisting of a combination of parts are constructed within Blender.
Subsequently for each scene, Blenderproc’s PBR rendering pipeline is used to capture images
from 25 distinct camera positions. The dataset consists of 1200 such individually rendered scenes
with ground truth labels, resulting in a total of 30000 images. The algorithm is trained with a
subset of 10000 images (400 unique scenes) for data efficiency. A number of augmentations are
implemented in the training pipeline to account for this, including Gaussian blurring and Color
jitter for the images, and Point coordinate noise. These also help in dealing with sensor artifacts

during inference.
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Figure 12: Some example parts from the T-Less Dataset. Part 7 and 8 are assemblies of Part 6.

The overall training process consists of 2 stages: an object detection algorithm to detect
and classify objects from the full image, followed by training of the surface embedding
algorithm on the individual image crops of the object. Following sections describe the training

process.

7.5.2. Object Detection with YOLO V8
The object detection method is used to obtain image crops of interest from a given scene

for the inference step, which are then used as input to the surface embedding algorithm. We use
the state-of-the-art method for object detection, YOLO V8 [153]. It is based on the highly
influential You Only Look Once (YOLO) algorithm, where object localization (in the form of
bounding box in image space) and classification are handled in a single step within the network.
The high speed and accurate performance of this class of object detection methods means that
they have been used in a variety of applications, including manufacturing. The YOLO V8
method predicts the center of a given object directly, instead of basing the object detection on

rectangular stencils of pre-defined shape, known as “anchors”. In addition, it makes use of a
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variety of augmentations including “mosaic” type augmentations, where training images are
overlaid on top of each other to help the model improve detection in occluded scenarios. Fig. 13

shows the training and testing losses for the T-Less dataset, over 250 epochs of training.

train/box_loss train/cls_loss train/dfl_|loss
0.800
0.66 1 —e— results
0.7751 0.931
0.64 - 0.750 -
0624 0.725 0.92 1
0.700 A
0.60 A
0.675 0.914
0.58 0.650 A
0 100 200 0 100 200 0 100 200
val/box_loss val/cls_loss val/dfl_loss
0.98 A
0.68 A
0.97 A
0.66 -
0.96 A
0.64 -
0.95 A
0.62 0.94 1
0.60 1, , . : : : 0.93, . ;
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Figure 13: Train and Validation Losses: YOLO V8 for T-Less dataset

Fig. 14 shows the classification performance of the YOLO algorithm on the T-Less

dataset through a normalized confusion matrix, comparing true labels with the predicted labels.
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Predicted

The performance of the algorithm for object bounding box detection is evaluated using

the Intersection-over-Union (loU) metric, also referred to as the Jaccard similarity coefficient.
For a ground truth bounding box A and predicted bounding box B, IoU is given by: %. This

value is calculated for a number of thresholds in the range 0.50 to 0.95, and is then summed up

through the Mean Average Precision metric (mAP). (Average precision AP =

True Positives
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Figure 14: Confusion Matrix for the T-Less Dataset
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The mAP over all the classes of the T-Less dataset is 0.548. Table 3 shows the class-wise

mAP values.
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Table 3: Class-wise mAP values for the T-Less Dataset

Object Class No. of mAP mAP @
Instances @ 0.50 0.50:0.95

1 48 0.517 0.449
2 61 0.644 0.552
3 41 0.469 0.411
4 59 0.614 0.522
5 60 0.662 0.616

6 58 0.62 0.547
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7.5.3. Surface Embeddings & Pose Estimation

0.506

0.778

0.815
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The learning process for this second step is implemented in Pytorch, trained for 500,000

steps with the Adam optimizer; the CNN Encoder-Decoder and the MLP are trained with

learning rates of 1x10* and 3x107 respectively. The 2D-3D correspondences obtained after
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training this algorithm are subsequently used to compute 6D pose. The pose estimates are
evaluated based on the Visible Surface Discrepancy (VSD) error [154] given by:

(evsp = avgpepui {0} > D € VUV AID(®) —D(p)| < 1) A(eysp =
avgpepur {1} — else)  (8)

Here, D and D are distance maps obtained by rendering the object model in estimated
pose P and ground-truth pose P respectively. (z is a misalignment tolerance given based on a
percentage of the object diameter.) Previously, the common evaluation metrics used were: (i)
Translational + Rotational error and (ii) Average Distance of Model Points (predicted point

positions vs. ground truth). However, the VSD metric has been shown to be invariant to

ambiguities in indistinguishable poses, for instance, in equivalent views of symmetric objects.

Fig. 15 (a) show the loss curves for the train and validation sets during the training process.
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Figure 15: Performance on the T-Less Dataset: (a) Train and Validation set losses for the T-
Less Dataset (b) Pose error (b) Prediction on the Test Dataset. Objects are superimposed on

image in their predicted pose.

An estimated pose is considered to be correct, if the value of the VVSD error is less than a

given threshold 6,. The Average Recall of the VVSD error rates ARy is calculated based for

multiple combinations of 7 and threshold 6., as shown in Fig. 15(b). The Average Recall for

VSD over all values of T and 8, is 0.7970, indicating robust performance. Examples of estimated

pose on real-world scenes are shown in Fig. 15(c) and Fig. 16.
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Figure 16: Qualitative Performance of the Pose
Recognition Algorithm in cluttered scenes

As seen from the ARy, values and qualitative results from Fig. 16, the exclusive use of
physically-based renders of mesh objects for training data shows good performance on real-life
scenes. This provides a scalable solution for generating ground-truth data, without human

annotation effort.
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CHAPTER 8: SCENE GRAPHS FOR ROBOTIC MANIPULATION
8.1. Robot Programming and High-level Task Sequences

Flexibility in robotic manipulation requires adaptation not only to a variety of scenarios
and different objects through perception, but also to variable task and manipulation sequences.
This often requires time-intensive re-programming of the robotic systems, which leads to
increased costs and inefficiency. The reason for this is the fact that robotic programs contain not
only the position and action/path sequences required for manipulation, but also intrinsically
contains knowledge of the robotic system and its surroundings, expected object locations, and
the encoded semantic knowledge of the human programmer. Programming robots to perform
challenging tasks requires significant expertise, and is a challenge for non-experts users of robots
in the fields of manufacturing.

Improvements in automation technology means that robots are often used alongside
humans in unstructured environments. Such applications provide improvements in energy and
time-intensive manipulation tasks, leading to substantial improvements in efficiency and safety
of users. While these systems are driven by sensors which ensure safety of workers, successful
deployment hinges on the ability for high-level programming of tasks, and not on position-based
rigid control. This leads to a limited versatility in human-robot collaboration tasks, or increase
pressure on the humans to adapt to the robot itself.

Generating sequences of high-level tasks has recently been implemented based on the
Programming-by-Demonstration paradigm, where non-experts are able to program robots based
on procedural demonstration of low-level robot trajectories in robot space. Alternately,

kinesthetic position-based programming uses perception data to create manipulation plans.
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The next generation of improvements in task-level robotic programming requires high-
level task planning, which abstracts away the semantic knowledge of the human user from the
low-level program. The use of perception data for this purpose requires the linking of semantic
knowledge of the task with spatial knowledge of the workspace, which can enable Decision-
making at the micro-level (eg. obstacle avoidance) and macro-level (object-level task planning)
for automated systems. This chapter describes a method to generate “scene graphs” for robotic
workspaces, where ubiquitous CAD data from manufacturing environments is leveraged to
encode semantic knowledge of object relationships in the form of a graph. This is subsequently
linked to the result of perception data inference, specifically the object detection and pose results

within the workspace.

8.2. Scene Graph Generation: Methodology

We consider the task of sequential robotic manipulation as related to rearrangement and
assembly tasks. By extracting the data contained in product designs in the Model-based
Definition (MBD) paradigm, sequential task plans can be generated directly from CAD and
implemented in the real world.

The semantic scene graph is defined by a set of nodes N with attributes A, containing
edge triplets G = (N, E). The scene graph has three main types of nodes:

0] world_node: representing a fixed frame of reference with respect to the robot
(i) part_world: representing the 3D object in the real world
(i)  part_cad: representing the 3D CAD model

The nodes are the graphical embodiment of a given object’s canonical frame. These

nodes contain a set of ‘affordances’, which are a property representing the possible actions that

can be performed using this node; these can be based on the state of a given scene. These graph
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nodes also contain any associated properties of a node such as its class/ID, material, color or any
physical properties.
Three types of edges are created to represent the spatial and hierarchical relations
between the nodes:
Q) child_of: representing the hierarchical sequence of parts to be manipulated
(i) current_link: representing the current state of transformation between two parts
(iii)  goal_link: representing the final state of one object with respect to another
(iv)  instance_of: linking a real object to a scene object
These edges contain attributes describing the rotations and translations between the

nodes, either current or ideal.

6

P I e
= child_of
’,—-_. / \ — Zl]l:‘l'e;?_lillk
//
‘ / 3 / 5

world node
M’ part_world

L ]

Figure 17: Example of a scene graph for an Assembly Task

«— instance_of

part_cad

Node data is obtained directly from the associated 3D designs, where the canonical base
co-ordinate frames represent the nodes part_world and part_cad. This facilitates the creation of
the instance_of edges, where corresponding part_world and part_cad nodes are linked together.
The world_node is a frame of reference within the 3D space, typically the robot base axes.

The edge data current_link is obtained through the pose recognition algorithm. Given

part_world nodes A and B, the pose recognition algorithm estimates the 6D transformation with
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respect to nodes W and C of type world_node, representing the robot base frame (W) and the
camera optical frame (C) respectively.

Consider a generic transformation Ty representing the transformation between two nodes
X and Y, the transform between the two part_world nodes A and B is given by the equation 9.
The edge current_link(A, B) is thus represented by the transformation T2,

TP =T T& TG T (9)

There are two possible methods of obtaining edge data of type goal_link:

Q) Declarative programming by users, where users specify where and how each
object must be placed with respect to the world_node W. The other relative object
transformations are obtained by chaining the transforms with respect to
world_node type nodes, as shown in eqn. (9).

(i) The use of obtained ground-truth transformations between each of the given
objects, specified within the Assembly CAD designs in the STEP files. This
allows for the specification of hierarchical relationships along with the relative
transformations.

Other attributes of the nodes are extracted from CAD designs, such as the type of fit
between the two parts, and the type of features being assembled. These are included as node
properties in the graph, and are treated as affordances, representing specific actions that can be
performed by the relevant object represented by the node. The following section explores the

second approaches, and evaluation of the two manipulation tasks.
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8.3. Task Sequence Generation for Robotic Assembly

We consider a simple bottom-up assembly task involving 4 parts from the T-Less dataset
as described earlier. The final assembly requires Parts 5 and 6 to be placed side-by-side. Part 3 is
to be inserted into Part 6, and finally Part 1 is assembled with Part 5. The MBD data obtained
from STEP AP242 format files contain a number of assembly constraints; in this case, we focus
on the following: Fixed Constituent Assembly (fixing a ‘base’ part within the assembly) and
Parallel Assembly Constraint with Dimensions (defining distance between parallel features).
Based on an assembly obtained from CAD software in addition to a hierarchy defined by the
user, the scene graph is created with the 4 types of relationships, as shown in Fig. 17.

The part sequence is defined by the assembly hierarchy constraint of the part_cad nodes,
as represented by the edge child_of. These nodes form a directed acyclic graph representing a
series of tasks with no loops. The order of operations is as follows: starting from the “base” node
(which has no parent), to the final node which has no children. The geometric constraints
extracted from CAD are used as the target to be achieved. Connecting the results of the
perception system (which return the object ID and its pose of the part_world) with their relevant
part_cad nodes through the instance_of edge provides a pipeline to plan the assembly task. The
overall manipulation task is modeled as follows:

Q) Grasp the base part from the top and manipulate it to ensure Fixed Assembly rotation
constraint is satisfied; place it in the same position.

(i) Grasp the first child node using its detected 6D pose.

(ili)  Rotate it to its goal orientation relative to its parent part.

(iv)  Perform a translation operation to minimize the distance between the object’s current

position in 3D space to the goal position.
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(V) Repeat till the end of the tree.
Implementing such a sequential task for grasping using a subset of objects from the T-
Less Dataset (30 trials for each object, for grasping and manipulation to goal position), the
results are shown in Table 4. This shows the percentage of successful grasping and goal
manipulation, where an object is to be grasped along its canonical Z Axis and manipulated to a
goal position successfully.

Table 4: Object Grasping Success Percentages

Object Image and ID Percentage of Successful

Grasp-and-Move

- Object 2 83% success
. Object 3 90% success

Object 12 67% success
g ™

Object 6 30% success
a~
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We implement an assembly process using a UR5e robot with a Proportional controller
operating in Cartesian space. Through initial trial and error, we set gains of 0.05 for translation,

and 1.50 for rotation. The result of an ideal assembly process is shown in Fig. 18.

————

-

e

Figure 18: Final goal position for the Assembly Task
8.4. Discussion

The proposed approach is flexible approach for automated reasoning in robotic systems,
and can be modified to suit a variety of tasks in the manufacturing domain. There are only two
prior requirements for human intervention: CAD data for the Objects of Interest, and a Hand-Eye
calibration between the camera and robot gripper. However, there are some disadvantages of the
pose recognition approach used:

0] The method is data-heavy. Though the simulated data does not require

annotations, data generation does take a significant amount of time.

(i) The architecture used for pose recognition is multi-step and complex. While it

shows high accuracy in real-world scenarios, the raw output of the Surface
Embedding network is not interpretable; it requires an additional step to convert it

to 6D pose results.
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(iii)  Adaptation to new objects requires re-training of the network, which may be time
consuming in high variety manufacturing.
Future work must address these concerns; the adaptability of the algorithm can be
improved by modifying it to a class-level or few-shot recognition algorithm. These are
open research areas, with a large scope for future improvement. The types of
relationships provided by this method continues to be limited to spatial data; inferring
more complex relationships from scenes such as object features can provide a greater
depth of information and improve the reasoning systems. Another approach to creating
more relationships is to integrate the scene graph with existing prior language models
and/or domain-specific Knowledge Graphs, further improving generalizability and
creating a new language-based task programming framework for manufacturing

automation.
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CHAPTER 9: CONCLUSION

In this dissertation, a novel method of constructing Product Design Knowledge Graphs

(KG) is presented, with 3D product designs at the core, to enable intelligent design & automation

recommendations. In addition, the use of 3D design data to create semantic links for reasoning

between real-world spatial data and CAD data is demonstrated, based on a scene graph

construction method driven by object pose recognition. The contributions are summed up as

follows:

(i)

(i)

(iii)

We demonstrate a Hybrid Knowledge Graph construction methodology where Top-Down
relations are constructed using hierarchical assembly-part relations obtained from
technical descriptions of designs. Subsequently, an efficient technique for Bottom-Up
construction of Part Similarity relations is demonstrated, by applying Neural-Network
generated Shape Vectors and Global Weight Thresholding to create a sparse yet
representative graph.

Using our dataset collected from openly available sources, we demonstrate the
effectiveness of a KG constructed by this method for recommendation of similar shapes.
This is implemented using a combination of Unsupervised Graph Community Detection
and Approximate Nearest Neighbor search on the knowledge graph.

Three potential applications of this method are illustrated: (a) Rule-Based retrieval of
potentially associated components, (b) Similarity Detection for Assemblies, and (c)
Contextually relevant design parameter recommendation using Collaborative Filtering.
Similar approaches can be implemented for multi-modal search in enterprise databases,
combining both 3D components and textual data obtained from prior design-associated

tasks. The addition of further product lifecycle data obtained from diverse enterprise data
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(iv)

sources have the potential to enable multi-domain decision making. Future work aims to
improve the 3D-driven KG recommendation systems in design and manufacturing
automation, particularly in autonomous robotic assembly.

Using Product Design data, a method for semantic reasoning over spatial perception data
is demonstrated, as applied to autonomous robotic manipulation. This Scene Graph
method is based on the recognition of object pose and semantic links created between
CAD and real-world objects. Its use is demonstrated for sequential task programming for
autonomous robotic manipulation. Future work aims to develop a few-shot method for

simultaneously creating object representations and semantic scene understanding.
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Appendix A: Available Part Annotations

Table 5: Node Properties- Property Names and Classes/Text Descriptions

Description Name

Type

Classes or Text Description

component_type

Single Label

{‘Standard Part’, ‘Non-Standard
Part’, ‘Assembly’}

features Multi  Label  (x3 | {‘Holes’, ‘Flat’, ‘Cylinder’, ‘Fillet’,
unique features) ‘Slot’, ‘Other’, ‘Counterbore’,
‘Chamfer’,  ‘Pocket’,  ‘Threads’,
‘Pattern’, ‘Sweep’, ‘Freeform’,
‘Loft’}
feature_descriptions String x3 (describing | Eg: ‘lengthwise semi-circular
each of the ‘features’) | grooves’

Eg: ‘Two slots on the cover attached
to the motor drill’

main_process Single Label {*Joining’, ‘Casting’, ‘Machining’,
‘Forming’, ‘Additive Manufacturing’,
‘Molding’, ‘Other’, ‘Engraving’}

material_category Single Label {‘Metal  Alloys’, ‘Plastics &
Polymers’, ‘Composites’, ‘Ceramics’,
‘Other’}

model_type Single Label {*Solid Model’, ‘Surface Model’,
‘Invalid 3D Model’}

part_category Single Label {‘Home Goods’, ‘Industrial

Component’, ‘Automobile’, ‘Oil &
Gas’,  ‘Electronics’,  ‘Electrical’,
‘Construction’,  ‘Children  Toy’,
‘Paper Products’, ‘General
Transportation’, ‘Cosmetics &
Jewelry’, ‘Wood &  Furniture’,
‘Aerospace’, ‘Educational’,
‘Defense’, ‘Medical Device’,
‘Agriculture, Fisheries, Fishing’}
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Table 5 (continued)

part_description String Eg: ‘hexagonal extruded part with two
concentric holes one of which is
through the part’
Eg: ‘irregular shaped block with C
shaped pocket and two cylinders
attached on one end’

precision Single Label {*Standard Tolerance’, ‘High
Tolerance’, ‘Unknown’}

quantity Single Label {*Mass Production’, ‘One Quantity’,

‘Limited Quantity’}
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Appendix B: Class-wise Mean Average Precision (mAP) Values

Table 6: Comparison of HNSW and KD-Tree for retrieval using Mean Average Precision (mAP)
atk =1, 3, 5: For each class

HNSW + Exhaustive K-NN KD-Tree

Class mAP@1 MAP@3 | mMAP@5 | mMAP@1 | mMAP@3 | mMAP@5
Bearings 1 1 1 1 1 0.9918
Brackets 0.55 0.6583 0.6311 0.8 0.8083 0.8068
Bushing_Damping_Liners | 0.3 0.35 0.3772 0.25 0.2833 [ 0.3033
Bushing 0.7 0.7375 0.7421 0.525 0.5583 0.5703
Collets 0.35 0.4 0.3875 0.25 0.3 0.3
Gasket 0.95 0.95 0.9342 0.8 0.8166 | 0.7758
Grommets 0.8 0.8 0.8 0.75 0.75 0.75
HeadlessScrews 0.55 0.6083 | 0.6344 0.35 0.3416 | 0.3502
Hex Head Screws 0.85 0.875 0.8879 0.65 0.725 0.7463
Keyway _Shaft 05 0.5167 | 0.5239 0.6 0.5916 | 0.5902
Machine_Key 0.6 0.6167 | 0.6152 0.85 0.85 0.85
Nuts 1 1 1 1 1 1
O _Rings 1 1 1 1 1 1
Pipe_Fittings 0.85 0.925 0.9057 0.35 0.5791 0.6096
Pipe_Joints 0.1 0.3208 | 0.4232 0.15 0.3666 | 0.4481
Pipes 0.5 0.5583 0.5788 0.5 0.5458 0.5433
Push_Rings 0.9 0.9417 0.8761 0.9 0.9291 0.9422
Retaining_Rings 1 0.9917 | 0.9902 1 1 1
Rollers 1 1 1 0.9 0.9 0.9
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Table 6 (continued)

Rotary_Shaft 0.6 0.6 0.6 0.65 0.65 0.65
Shaft_Collar 1 1 1 0.95 0.95 0.95
Slotted Flat Head Screws | 0.1 0.1 0.1 0 0 0.01
Socket Head Screws 1 1 1 1 1 1
Springs 0.8 0.7917 0.7902 0.85 0.85 0.8537
Sprockets 0.95 0.9416 | 0.9255 0.9 0.9083 | 0.8925
Thumb_Screws 0.05 0.1167 0.1592 0.05 0.0666 0.0891
Unthreaded Flanges 1 1 1 1 1 1
Washers 0.65 0.6958 0.707/8 0.3 0.3 0.3
Socket Head Screws 0.95 0.95 0.95 0.95 0.9333 | 0.9223
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Appendix C: Examples of Retrieved Components for Standard Classes using HNSW+KNN

Method (Bearings, Brackets, Pipes and Springs)

C.1. Bearings: mAP@5 =1 (Top row shows the query parts)
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C.2. Brackets: mAP@5 = 0.63 (Top row shows the query parts)
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C.3. Pipes: mAP@5 = 0.58 (Top row shows the query parts)




C.4. Springs: mAP@5 = 0.79 (Top row shows the query parts)
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