
ABSTRACT 

BHARADWAJ, AKSHAY GANESH. Inception of a Cyber-Infrastructure for Product Design 

Data and Evaluation of a Customized Multi-View Convolutional Neural Network for 3D CAD 

Model Classification. (Under the direction of Dr. Binil Starly). 

 

Contemporary research in a multitude of engineering disciplines is focused towards 

leveraging the massive amount of data that has been generated over the last 2 decades. Efficient 

utilization of this data is possible through the use of machine learning techniques, specifically, 

deep learning methods that utilize artificial neural networks to automatically infer patterns from 

data. In the field of product design and manufacturing, there is a large amount of valuable data 

being generated both in industry as well as in academic settings. Several robust systems have been 

developed for recording end-point manufacturing machine data. However, there is a lack of easy 

access to large amounts of diverse Computer-Aided Design (CAD) data, to train such algorithms 

and methods to classify and search through this data.  

In this work, proof of concept for a design and manufacturing cyber-infrastructure (CI) 

entitled ‘FabWave’, is demonstrated. The aim of the CI tool is to provide an inter-operable 

platform for easy sharing and access of product design and manufacturing data, which is also able 

to accommodate a variety of design data formats and inputs from various design systems. In the 

pilot implementation, the design data is captured through automated workflows from product 

design classes at two different universities, along with data aggregated from multiple online stores 

of product design data. The data is processed in order to separate individual parts from assemblies 

and obtain related part metadata. These are then stored in standard STEP format, select platform-

specific formats such as .F3D, and tessellated file formats, in order to enable multiple methods of 

local feature or part-class detection.   



Based on the data thus obtained, a method for classification of product design data is 

proposed, building on a state-of-art multi-view Convolutional Neural Network method used in 

computer graphics. This new network is termed MVCNN++. This method involves capture of 

multiple images of each part, which are provided as input to the network. A classification scheme 

is proposed for the data based on relaxed part-type designation scheme, in order to supply data 

during the training process. The addition of each part’s associated dimension data is shown to yield 

a superior classification accuracy, with an improvement of 6% on average in comparison to the 

state-of-art computer graphics methods. A method for evaluation of this Neural Network 

classification task on the unclassified data corpus is described, along with a discussion of the 

results. This work lays the foundation of a cyber-infrastructure necessary to connect and collect 

design data from academia with potential new design paradigms in making available 

manufacturing data generated from within academia and from public sources. 
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CHAPTER 1 

BACKGROUND AND MOTIVATION 

1.1. Thesis Overview  

There is a wealth of data being generated over the cycle of product design to the final 

manufacturing stage. The crucial basis for all discrete manufacturing is the design of components, 

which begins as a 3D digital representation of the part/assembly being fabricated. [1] Three-

dimensional Computer Aided Design (CAD) has become the preferred medium of representation 

for designers, almost entirely replacing 2D engineering drawings as a medium of communication. 

Three dimensional CAD offers advantages in ease of visualization of complex designs for 

designers, speed of designing and carrying out changes, and greater suitability for mechanical 

component analysis. Latest developments in manufacturing such as 3D printing, along with 

comparatively older Computer Numerical Control (CNC) based processes are heavily reliant on 

3D representations for cutter path-planning.  

With a large number of products and design iterations, there is a large amount of 3D data 

being generated in industry. A plethora of hugely successful commercial solutions exist for 

management of this data. It is a challenge to be able to effectively use this pre-existing design data 

for future purposes, and this has been an active research problem. However, as these designs are a 

critical intellectual resource of the companies that own them, it is practically impossible to access 

even small portions of this data at an academic or research level. This isolated data storage is 

necessary to protect the interests of the company, but can be a hindrance to a company’s own 

future employees as they go about re-design of components to create entirely new products.  

The data generated in academic and research settings do not have these restrictions placed 

on them, and are free to be shared. There are also designers who share their data on online 

repositories which are openly accessible. However, many of these designs are not specific to the 
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engineering domain, and include conceptualizations which lack depth of engineering 

specifications. From these sources, those designs that are suitable as engineering data are of 

interest to engineers in the form of their individual components and not purely through their overall 

shape and assemblies. This requires designers to delve into the assembly and extract individual 

parts in order to analyze their designs. The motivation behind the creation of a cyber-infrastructure 

for these sources of data is the lack of a workflow for sharing and accessing this data, which 

provide in-depth information about the designs contained within.  

 

1.2. Research Objectives 

Chapter 2 describes the “FabWave” cyber-infrastructure created to satisfy these 

requirements for engineering design data. The term cyber-infrastructure is used rather than 

repository, since it follows the guidelines that are outlined as follows. In line with the NSF’s cyber-

infrastructure vision, [2] FabWave contains the means to enable ease of data collection through 

automated workflows which have been tested on a pilot basis. The task of data analysis and 

visualization is simplified through at-source collection of part/feature specific data if available, 

through these workflow tools. Distributed data access is enabled through the use of cloud file 

storage. Horizontal scalability and scope for variability of the acquired data is ensured through the 

usage of a schema-less NoSQL database. There is great scope for utilizing high-performance 

computing for research applications on this data in the future. The ultimate goal for this cyber-

infrastructure is to enable innovations in design education and to enable collaborative research in 

the field of product design and manufacturing.  

Two of the issues with such large sources of data are interpretation and information 

retrieval. The main approach to these tasks in the context of product design and manufacturing is 
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three-dimensional part/feature recognition. In the field of computer graphics as well as engineering 

design, there has been a significant amount of work carried out over the last 3 decades on 

global/local feature detection for 3D design representations. [3] However, the advent of neural 

networks as an effective technique for these tasks has led to a glut of novel methods for feature 

detection. Three-dimensional geometric feature detection methods for neural networks incorporate 

hand-crafted descriptors, volumetric representations, point cloud representations, graph-based 

methods, mesh based methods etc. [4] [5] However, image-based methods supersede many of 

these techniques in efficiency of representation and data availability. The adaptation of image-

based algorithms used for general purpose recognition to 3D shape classification tasks reduces 

training time, and improves accuracy through the novel method of Transfer Learning. Chapter 3 

describes a Multi-View Convolutional Neural Network (CNN) for engineering design data 

recognition, which is built on the salient advantages mentioned above. This technique, coined 

MVCNN++, improves on the MVCNN 3D shape recognition network described in [6], using a 

subset of data contained within FabWave for training. A description of the network, the efficiency 

of the classification and the performance of the network for 3D shape retrieval is summarized at 

the end of the Chapter 3. The MVCNN++ network shows high accuracy for classification, with 

the older MVCNN network showing better performance for information retrieval. 
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The chapter has been adapted from the published work presented at the 14th ASME International 

Manufacturing Science and Engineering Conference, (MSEC), Erie, PA, June 2019 

 

Abstract 

Data driven advanced manufacturing research is dependent on access to large datasets 

made available from across the product lifecycle – from the concept design phase all the way down 

to end use and disposal. Despite such data being generated at a rapid pace, most product design 

data is archived in inaccessible silos. This is particularly acute in academic research laboratories 

and with data generated during product design and manufacturing courses. This project seeks to 

create an infrastructure that allow users (academia and the general public) to easily upload project 

data and related meta-data.  Current manufacturing research must shift from siloed repositories of 

product manufacturing data to a federated, decentralized, open and inter-operable approach. In this 

regard, we build ‘FabWave’ a cyber-infrastructure tool designed to capture manufacturing data. In 

its first pilot implementation, we focused our attention to gathering information rich 3D 

Mechanical CAD data and related meta-data associated with them, with the intent to make it easier 

for users to upload and access product design data. We describe workflows that we have initially 
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tested out within the two academic universities and under two different course structures. We have 

also developed automated workflows to gather license appropriate CAD assemblies from 

commercial repositories. Our intent is to create the only known largest available CAD model set 

for enabling research in data-driven computational research in digital design, fabrication and 

quality control. 

Keywords: Manufacturing Cyber Infrastructure, Data Management, CAD Model Repository, 

Digital Thread, Machine Learning, CAD 

 

2.1. Introduction 

Advanced manufacturing research is dependent on access to large datasets of product 

models to enable product designers to learn from past errors, and to discover and develop new 

solutions. Similarly, data generated during manufacturing processes and quality inspection also 

becomes valuable data for future research in advancing manufacturing research. However, such 

datasets are typically archived in inaccessible repositories and may be poorly described and 

difficult to use by others.  

While the ‘Digital Thread’ in manufacturing has concentrated on the final end point data 

generated during a product lifecycle, there is much value in all forms of data generated during the 

product lifecycle, even if it is not directly associated with product manufacturing. Examples 

include, failed designs, or unstructured data generated during the product design, prototyping and 

manufacturing process.  Such forms of data are hardly captured and may provide tremendous value 

for researchers in advancing data-driven forms of product design and manufacturing [7]. 

Data generated within industry are oftentimes impossible to be shared outside of the 

enterprise. However data generated during research activities in manufacturing can be shared as 
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evident in the US National Science Foundation and other Federal agency requirements on data 

management. Yet, manufacturing engineering researchers do not have an adequate workflow or 

any form of easy-to-use tool that allows data to be stored and made accessible to the community. 

The community of researchers simply rely on storage drives maintained at universities to store 

much of this data, with a small percentage of them made available through research datasets when 

the work is finally published. There is a much broader and possibly richer dataset generated within 

academia – be it within product design and manufacturing classes or through research activities 

conducted in manufacturing projects. These datasets if made accessible and usable by the 

community, can lower the barriers for other research groups to participate. For example, machine 

data generated during a biomedical manufacturing process, such as 3D bio-printing can be valuable 

to those who are interested in quality control, provided the datasets are annotated, tagged, classified 

and/or categorized to ensure its usability.  

This project during its initial phase focuses on 3D Model data related to product 

manufacturing. For any large data –driven project, the classical issue with large datasets is their 

classification, and product CAD data is no different. The classification of models using shape 

search has long been a topic of interest for researchers in the Computer Graphics and the 

Design/Manufacturing communities. Iyer et al. [8] classify research in 3D CAD Shape Search 

algorithms as follows: Global feature-based (Spherical Shape Harmonics (SPH) [9,10]), Graph-

based [11], feature-based [12], Histogram-based Shape Distributions [13], Product information-

based [14] and 3D Object Recognition based (Extended Gaussian Images [15], Geometric Hashing 

[16]). The effectiveness of Local Feature-oriented techniques such as Heat Kernel Signatures [17] 

and Wave-Kernel Signatures [18] are also well established. 
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With advances in computer vision techniques, there has been the rise in application of graphical 

techniques aligned with Machine Learning techniques for model recognition and classification. 

The use of Convolutional Neural Networks, applied to volumetric representations [19], octree 

representations [20], collections of 2D representations [21] and techniques using unsupervised 

image-capture [22] have shown high accuracies of 90% and above. [23]. While promising, these 

techniques depend on large amounts of classified and categorized data to help improve results. In 

product manufacturing context, such data is not easily accessible and/or even readily available. 

Repositories such as those in Autodesk Fusion and GrabCAD would require manual download to 

get any sizeable chunk of data. Moreover much of the data is not readily categorized to be useful 

to the community for conducting research activities. 

 

2.2. Literature Survey and Previous Work 

Building comprehensive databases in a variety of domains has long been a topic of interest 

for researchers, especially in fields where large amounts of data are either easily generated, or 

where large datasets have great transformative potential and aid collaborative research. WordNet 

is one such online repository that provides a “large lexical dataset, where words are grouped into 

sets of cognitive synonyms that express distinct concepts”. [24] This structured grouping of words 

in WordNet has significantly influenced work in Natural-Language processing. In a similar vein, 

the ImageNet project [25] has built on the ‘synsets’ of WordNet to provide images that are 

annotated by the semantic classification of WordNet. The 3.2 million classified images on 

ImageNet provide Computer Vision researchers access to a large amount of data for use in further 

applications. 
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Another well-known large-scale research database infrastructure, the Global Biodiversity 

Information Facility (GBIF) [26], has successfully collated hundreds of millions of species 

occurrence records through an international collaborative effort. Open access is provided to 

scientists and researchers to apply the data in peer-reviewed publications and policy papers. This 

data-driven approach to decision making has had far-reaching positive implications in biodiversity, 

climate change, human health and food security.  

There have been multiple attempts to establish such a database for 3D shapes. The 

Princeton Shape Benchmark [27] is one of the well-established benchmarks that provides a 

standardized framework with 6,670 classified models for comparing experiments using different 

shape descriptors. 3-D mechanical CAD models require different classes as compared to regular 

3-D models, since they are specific to the engineering discipline. The effort to construct a standard 

repository for 3-D mechanical CAD models [28] predates the Princeton Shape Benchmark; the 

National Design Repository (NDR) project by Regli et al. contains datasets classified on different 

bases such as Manufacturing (Machined, Cast-then-machined), Functional (Bracket, Gear, 

Housing, Linkage Arm, Nuts, Screws, Springs), Primitives (Cubes, Cylinders, Sphere, Torus), a 

Lego dataset etc. In all, there are around 600 CAD models classified on the previously mentioned 

bases. All the models were made available in ACIS-SAT, STEP and VRML formats. A smaller 

dataset of 40 models, with variable fidelities, and a dataset of 27 models with minor topological 

variation is also included, to test the sensitivity of the various search techniques [29]. The use of 

the NDR dataset was further expanded upon in [29], where 9 shape-based and solid-based graph 

techniques were performed on the dataset, in order to establish a benchmark on CAD shape search 

techniques. A performance evaluation using k-Nearest Neighbours classification showed the 

effectiveness of different techniques for each classification.  
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Jayanti and Ramani et al. established the Engineering Shape Benchmark (ESB) Dataset, by 

considering the Functional, Manufacturing, Lego model and real-world engineering parts from the 

NDR dataset (totaling 400 parts), and adding to this their own parts to bring up the total dataset to 

867 models. [30] Instead of classifying the parts on the basis of function, the parts were classified 

on the basis of shape, giving due consideration to diversity of these 3D Models. These models 

were made available in STL and OBJ formats, along with the associated JPEG image. The higher 

level or ‘super-class’ categories were Flat-thin wall components, Rectangular Cubic Prisms and 

Solids of Revolution; sub-classes are further elaborated upon in [30]. 12 different techniques were 

tested on the ESB set, which can be classified into Feature Vector-Based, Histogram-Based and 

Graph-Based methods. A comparison between the NDR dataset and the ESB datasets was then 

performed, showing the superior performance of 2-D view methods such as 2.5D Spherical 

Harmonics [31] and 2D Shape Distributions [32]. 

Expanding on the concept of these existing benchmarks for 3D models, ModelNet, [33] a 

127,915-strong clean collection of 3D models of objects, has become a standard dataset for the 

testing of various shape-search algorithms. ModelNet classifies these objects into 662 categories, 

and provides a 40-class subset for validation of algorithms. More recently, ShapeNet has emerged 

as a larger, well annotated dataset of 220,000 models classified on the basis of WordNet synsets, 

with an overall size of 3,000,000 models. [34] ShapeNet’s focus is on creating a large set of 

geometric data for object- and scene-recognition, and explicitly excludes “mechanical CAD parts, 

molecular structures and other such domain-specific objects”. [34] The dataset made available 

through ShapeNet is not directly relevant to product manufacturing science and research 

applications. Specifically, information such as the categories, feature level detail material and 
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tolerance specifications are lacking, which are critical to any data-driven product design 

engineering research. 

2.3. FabWave (FW) – A Cyber-Infrastructure for Manufacturing 

 

The overall goal of this project is to build the initial building blocks for a nationwide 

manufacturing cyberinfrastructure to advance our nation’s research and scholarly achievements in 

design and manufacturing (D&M) research. Current research must shift from siloed repositories 

of product manufacturing data to a platform that is federated, decentralized, open and inter-

operable. This can be achieved through the transformation of techniques through which cyber-

capability is embedded in every physical end-point, be it on a desktop used by a product designer 

or within the control systems of a manufacturing machine. Advanced CI tools are rarely used in 

Figure 2.1. A Pilot Manufacturing Cyberinfrastructure- ‘FabWave’ 

 



   

11 

 

manufacturing science and research, primarily due to the lack of infrastructure to connect the 

diverse software tools and manufacturing machines used across the scientific community. Data 

generated during research are currently stored in siloed storage drives and hardly ever made 

accessible to the manufacturing community.  Beyond availability of this data, making them usable 

for future research is critical to lowering the barriers for manufacturing researchers to use CI tools. 

This manufacturing cyberinfrastructure, which we call ‘FabWave’ (FW) aims to create the first of 

its kind foundational experimental infrastructure to eventually support research interaction 

between manufacturing science and computer science researchers. 

In this work, we have focused on the ability to gather 3D CAD model data from a variety 

sources generated within academic laboratories, teaching oriented classes and from publicly 

available open data sources to create a comprehensive dataset of 3D mechanical CAD parts far 

beyond the amount of 3D models available today. 

 

2.3.1. FabWave Infrastructure Use Cases 

To aid the design the CI tool, the following use cases were considered to contextualize the 

design architecture of FabWave. While there are many more uses cases beyond the three listed 

below, the following have been chosen to be specific to the kind of data made available at present. 

Use Case 1: A Design Aid for Novice Users: Ethan, an undergraduate student in 

mechanical engineering, is in the process of designing an L-bracket made out of aerospace grade 

titanium alloy. Ethan is not aware of the desired internal thread call-out for the holes in his bracket 

model, particularly because Titanium is a very hard to machine alloy and has strict design for 

manufacturability rules. He connects his 3D model of the bracket to FW’s plugin within his design 

software, FabWave analyzes his design and then recommends thread call-outs on the bracket. 
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FabWave is able to do so, because it has analyzed hundreds and thousands of previous designs 

available in its repository and has made an informed decision on the recommended callout based 

on similar designs that exist in its repository.  

Use Case 2: Enabling Manufacturing Researchers: Rachel, a manufacturing science 

academic researcher is building a deep layer convolutional neural network algorithm to identify if 

a 3D product model is similar to a repository of digital product models existing in an organization’s 

database. However, Rachel has no easy way of training her model and stress testing her algorithm 

against several thousands of product model categories. Manual methods would simply be time 

consuming and impossible.  If FabWave existed, she could use API tools available through 

FabWave, to link her algorithm and test it against thousands of product digital models, while using 

the available cloud and university’s resources to conduct the study. 

Use Case 3: Artificial Intelligence in Product Design: Sid, an artificial intelligence 

researcher is studying how humans design products. He writes code to access FabWave’s 

repository of product model data to crawl through the individual product design features built into 

products, and searches through the meta-data surrounding the design of those products, which 

include design specifications, meeting minutes, audio, 2D sketches and design versions. He is now 

able to generate the next generation of contextual adaptation algorithms, which will allow 

computers to learn how to generate new products. The repository of heterogeneous data 

surrounding the design and making of a product within FabWave enriches and hastens the speed 

of his algorithm development. 
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2.3.2. Description and Structure 

FabWave is intended to be a cyber-infrastructure to enable science and engineering 

research in manufacturing. In this first component, FabWave’s structure is designed to capture 3D 

CAD model data. However the underlying infrastructure can accommodate other forms of 

manufacturing data generated from a diversity of sources. Fig. 2.1 shows the overall stacked layer 

software architecture of FabWave. The goal is to create a detailed, continuously developing and 

eventually decentralized and inter-operable database of digital data (example CAD models), for 

use in design and manufacturing applications. Researchers will be able to access the entire dataset 

contained in the repository through the use of API tools, and therefore to build applications and 

enable their own research. Students have plug-ins to record all the data automatically with limited 

human input, thereby easing the path to storing rich content in the repository and removing barriers 

to sharing data. To facilitate the entry of 3D CAD model data, add-ins were developed at the design 

software level for both SolidWorks and Autodesk Fusion 360 design software using their API 

features, to enable users to upload their data to the repository with ease.  

Figure 2.2. FabWave Web User Interface 
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The front-end web interface for accessing FabWave (Fig. 2.2) is currently being built, using 

a Python based Django web framework; a basic user management system will be integrated into 

the Web UI. A Data Store integrated with ElasticStack, for uploading and visualizing the data is 

also under development. This front-end will connect to a storage repository containing the parts 

and related metadata for each of these parts. The remainder of the paper describes the workflow 

of capturing 3D model data of assemblies and associated parts, types of models captured and its 

organization. 

 

2.4. Data Collection and Add-Ins 

The repository for Fabwave was initially built from the following sources: Student data 

from design oriented classes at NCSU and USC, other parametrically generated CAD models in 

Figure 2.3. Plugins for (a) SolidWorks (b) Autodesk Fusion  
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academic projects, and data available freely for non-commercial purposes from CAD-sharing 

platforms such as Autodesk Gallery and GrabCAD. 

 

2.4.1. Data Source 1: Academic Sources of 3D Model Data 

To enable capturing student generated content, plugins were built for SolidWorks and 

Autodesk Fusion, two CAD software platforms heavily utilized in academic engineering 

curriculums. The plugins were created to make it easier for students/teaching assistants to upload 

content to the FW repository. Plugins created within SolidWorks and Fusion are shown in Fig. 

2.3(a) and Fig. 2.3(b) respectively. Data generated by the student exercises or projects are routed 

to the Google Drive currently maintained by NC State University. Authentication level grant 

Figure 2.4. Workflow of data transfer from CAD Plugin to FW Repository 
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access was built-in to allow data from USC to flow through into the Google Drive Account setup 

within NCSU (Fig. 2.4). In future, we would set individual storage accounts and then data made 

available through federated access. 

 

2.4.2. Data Source 2: CAD Model Repositories 

Web-scraping and automation tools were utilized to download assemblies from sources 

such as Autodesk Fusion Gallery and GrabCAD. The workflow was adjusted to only download 

models that had the appropriate shareable license to allow the model to be used for research and 

other re-use purposes. Each model assembly came with a limited set of meta-data properties that 

was available on each webpage of the model. The author of the assembly model, model categories 

and other description was also saved as part of the download process. While such data is limited 

with regards to characteristics of the assembly model, future workflow can include further 

categorization and classification of parts.  Due credit to the website and the author of the file was 

recorded in the form of the author name and download URL. 

The file downloads were restricted to the .STEP or .F3D formats; .STEP is an industry 

standard for CAD data, whereas F3D is a format specific to Autodesk Fusion software. Other 

popular formats such as .STL and .OBJ were not preferred, as they do not contain enough initial 

information about the part dimensions and other associated metadata. As on the date of writing 

this paper, 4700 CAD files of assemblies have been downloaded from these sources. 

 

2.5. Post-processing of CAD Data 

The models obtained from the Design classes at NCSU and USC were mostly individual 

parts. These parts were classified into various categories before uploading them to the repository. 
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The categories were based on a combination of function and shape, derived from the listings on 

McMaster-Carr’s website [35]. These categories are listed in Table 2.1. However, the majority of 

the parts obtained from the web-sources were in the form of assemblies. 

 

Table 2.1. List of the Product/Process based categories 

3D 
Printing 

Casting Joining Pipe 
Fittings 

Shafts 

Assembly Collets Keyway 
Shaft 

Pipe 
Joints 

Slotted 
Screws  

Bearing Forming Machine 
Key 

Pipes Socket 
Head 
Screws 

Bolts Gasket Machining Push 
Rings 

Springs 

Brackets Grommets Molding Retaining 
Rings 

Sprockets 

Bushing Headless 
Screws 

Nuts Rollers Thumb 
Screws 

Bushing 
Liners 

Hex Head 
Screws 

O-Rings Shaft 
Collar 

Washers 

 

Since part model data could be generated from any source near simultaneously from any 

end-point, models were assigned a Universally Unique Identifier (UUID). Using Autodesk Fusion 

360 CAD/CAM software, basic meta-data about the models were collected. This included, 

Bounding-Box dimensions, Volume and Surface Area of the files were extracted. These details, 

along with those extracted from the URL that the file was downloaded from, were added to a JSON 

file. The JSON format was chosen because of its compatibility with the NoSQL database schema, 

which allows flexibility in adding data without conforming to a rigid structure. This accounts for 

different sources of data having varying formats and representations, with the added possibility of 

selectively adding further metadata in the future. Each of these assemblies were then exported in 
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.STEP, .F3D and .STL, along with a screenshot of each model and the .JSON document containing 

the metadata as shown in Fig. 2.5 (a). It was essential to split the assemblies that were obtained, in 

order to isolate individual parts; these add far more value to the manufacturing applications that 

FabWave is oriented towards. Fig. 2.6 and Fig. 2.7 shows examples of the parts that were obtained 

through splitting the assemblies. 

 

For models that have an assembly structure, each assembly was scanned and all parts were 

extracted from within the assembly structure. A UUID was assigned to them and a thorough 

acquisition of properties associated with these parts was made. In addition to the previously 

mentioned Area, Volume and Bounding Box dimensions, various other associated metadata such 

Figure 2.5. JSON Document Schema for (a) Assemblies (b) Single Parts  
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as edges, vertices and the position of the part in the assembly tree structure were obtained; the 

complete details are shown in Fig. 2.5 (b). Each of the Part JSON documents also refers back to  

Figure 2.6. Example of an assembly splitting process 

Figure 2.7. Miscellaneous sample parts from the FabWave 3D Part Model Repository (As of Oct 

2019: >125,000 3D Model Parts) 
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the Assembly JSON documents and its position in the BRep tree. The parts were exported in the 

same formats as previously mentioned for the assemblies. 

In total, we have compiled together more than 120,000 individual parts with full .STEP 

model information and as much meta-data possible about the part. These models are available as 

a public resource for research purposes at http://www.dimelab.org/fabwave. Models generated 

from academic sources are mostly standard parts which can be useful to train machine learning 

models for classification type problems. When a model exercise was given to student group in a 

particular class, the workflow allows us to capture multiple ways in which students have generated 

the same final end-result. Such datasets become extremely valuable to train machine learning 

algorithms to learn how humans create models. The limitation is that such workflow in-advertently 

also captures amateur product models, especially the work of students. Nevertheless, it does 

represent a starting point to gather data from start point of the design to the fabrication of it, rather 

than just collect the final end-point of any design process. 

 

2.6. Conclusion 

The intersection of manufacturing sciences and data sciences are reinforced with the digital 

integration across the product lifecycle. Machine learning algorithms require access to copious 

amounts of classified and categorized data to help advance manufacturing systems and process 

research. However access to such data has hampered the broader use of machine learning and 

artificial intelligence research across the manufacturing domain. This pilot project which we have 

termed ‘FabWave’ is designed to collect data across academic and research grade projects with 

the intent to create datasets for academia to use and study. In this first phase, we have implemented 

the collection of 3D product design data from student led projects and crawled the web to collect 

http://www.dimelab.org/fabwave
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sources of 3D mechanical CAD assemblies and individual parts. As of this writing, the project has 

collected more than 125,000 individual CAD part files in various parts for the intent to making the 

data accessible for research to the community. Part meta-data was also captured to make it easier 

to search and find parts. In the future, we intend to integrate across many other forms of 

manufacturing data. In addition, a community led effort must be undertaken to classify and 

categorize the data to create a comprehensive and accessible dataset. 
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Abstract 

Deep neural networks have shown promising success towards the classification and 

retrieval tasks for images and text data. While there have been several implementations of deep 

networks in the area of computer graphics, these algorithms do not translate easily across different 

datasets, especially for shapes used in product design and manufacturing domain. Unlike datasets 

used in the 3D shape classification and retrieval in the computer graphics domain, engineering 

level description of 3D models do not yield themselves to neat distinct classes. The current study 

looks at an improved form of the 3D shape deep learning algorithm for classification and retrieval 

through the use of techniques such as relaxed classification, use of prime angled camera angles for 

capturing feature detail and transfer learning for reducing the amount of data and processing time 

needed to train shape recognition algorithms. The proposed algorithm (MVCNN++) builds on top 

of multi-view convolutional neural network (MVCNN) algorithm, improving its efficacy for 

manufacturing part classification by enabling use of part metadata, yielding an improvement of 

almost 6% over the original version. With the explosive growth of 3D product models available in 

publicly available repositories, search and discovery of relevant models is critical to democratizing 

access to design models. 
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3.1. Introduction 

Model-based enterprises (MBE) are driving the transformation of engineering firms to rely 

on model-based definition (MBD) of 3D product models as the authoritative source that drives all 

downstream operations in a product lifecycle. Due to this development, it is critical that search and 

discovery of 3D product models is made possible within an enterprise data store and has been an 

area of interest for the design, graphics and manufacturing community. In the context of 

mechanical designs, it is efficient practice to use previous designs created for similar purposes as 

templates for new design ideas. However, navigating large data stores of 3D model data for this 

purpose is a painstaking exercise. Since search is primarily driven by text based search, retrieval 

of relevant 3D models rely on annotated tags which often are never complete and does not fully 

capture features within the model that makes designs accessible. Another scenario is matching 

detailed design data with manufacturing service providers who are best suited to make the product 

assembly. Another application area is the discovery of service providers which can be enabled by 

the engineering definition contained within the MBD file of the product. Design history and 

available process plans from the service provider prior orders may serve as proof of their 

capabilities which can aid in the supplier discovery in a new product development exercise. 

Early methods of shape matching for search involved heuristic methods, or hand-coded 

functions which were used to generate descriptors in either numeric or text form for the part. These 

were then used for shape categorization or search and retrieval based on many algorithms. 

However, these methods lacked adequate generalizability particularly when tested on a large scale. 

Improvements in hardware and relatively easy access to data has brought about a change in 3D 

shape classification algorithms. Convolutional Neural Networks [36] have been shown to be highly 

accurate for this task, when used for both 2D and 3D-based representations. Voxel-based 3D shape 
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representations are dependent on the resolution of the voxel-space for better performance, and 

higher resolutions require much higher computing power and time. In contrast, 2D image-based 

representations of 3D models have been shown to out-perform 3D voxel-based representations 

[37] with lesser data due to the efficiency of image representations. An added advantage is the 

opportunity to leverage the rapid progress in image descriptors and the extensive image data 

available in the form of databases such as ImageNet [38].  

Although 3D model databases such as ModelNet and ShapeNet have come to prominence 

for 3D models in the computer graphics community, these repositories have specifically avoided 

domain specific data such as engineering models. For instance, ModelNet contains classes such as 

“lemon” and “head” which are not related to the manufacturing domain. While it does contain 

relevant model categories such as “aeroplane” and “helicopter”, ModelNet focuses on the overall 

shape of the component, without importance given to the individual parts that make up these 

complex assemblies. The assembly and part level hierarchy is lost in these repositories and hence 

do not provide an adequate dataset needed for driving search within the MBD context. In order to 

satisfy this data requirement, a cyber-infrastructure (CI) for aggregation of design and 

manufacturing data coined ‘FabWave’ was built on a pilot basis. [39] Built to be an ever-expanding 

source of data, aggregating content from academic and publicly accessible commercial 

repositories, the 3D models within FabWave provide extensive training data for deep learning 

methods. The FabWave dataset improves on existing classified datasets such as the Engineering 

Shape Benchmark [40] and the National Design Repository, by providing a large volume of diverse 

data required for training deep learning models. 

Current work in using 2D CNNs for shape classification has relied purely on polygon mesh 

representations of 3D models for image capture. This can particularly be an issue in the engineering 
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domain. Relevant information regarding part design is lost during conversion to polygon mesh, 

including fundamental properties such as dimensions of the part and assigned material property. 

Such product manufacturing information (PMI) is critical to improved classification and search 

relevancy. Image capture of the 3D models cannot compensate for this problem through a global 

uniform image capture position for all models, since it is essential to capture the maximum 

information possible through the images. A unique feature of the FabWave Repository is the 

availability of different file-types of every part along with any associated part metadata, which are 

extracted during part processing. Taking advantage of this data, a CNN architecture for 

classification is proposed, based on multiple views of CAD parts along with the associated part 

dimension data. The training data is gathered from a set of classified CAD models available within 

FabWave, for the purpose of training the CNN architecture.  

Design data has become ubiquitous thanks to the proliferation of online content in sharing 

platforms/repositories such as those in GrabCAD, 3DContentCentral, ABC Dataset [41] etc. This 

paper focuses on a method for classification of mechanical 3D CAD models into shape/feature-

based categories and experiments on the retrieval of models from unclassified data. This method 

can be applied to large scale classification of the thousands of CAD models such as those in the 

aforementioned sources, along with being implemented in information retrieval for the design and 

manufacturing domain. Computing part similarities through features that are learned by neural 

networks, as opposed to hand-built features, have shown to be highly effective for both 

classification and retrieval tasks. 
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3.2. Related Work 

A large amount of work has been devoted to content-based retrieval of three-dimensional 

objects over the last four decades, by both the computer graphics and the engineering design 

communities. Section 3.2.1 describes classical methods of 3D shape search and retrieval, and 

section 3.2.2 elaborates on techniques using Neural Networks or Deep Learning for the same 

application. This section addresses limitations of existing approaches and reasons for new retrieval 

approaches are critical to improving access to 3D design information available over the web. 

 

3.2.1. 3D Shape Based Retrieval and Classification using Traditional Methods 

Some of the early work on global 3-Dimensional Moment Functions resulted in methods 

of computing similarities of 3D parts [42]. These methods have modified to be applicable invariant 

of size, position and orientation in [43]. Another related global feature-based technique which has 

seen promising progress is Spherical Harmonics, which uses a Fourier basis on a sphere for 

computation of part signature [44]. Early work on applying this technique for 3D object retrieval 

was carried out by Saupe and Vranic [45] who used Euclidean distance between the Fourier 

transform-signature for similarity estimation between part signatures. However, this method 

requires pose normalization to provide rotational invariance [44]. One important method of 

obtaining a rotation invariant descriptor was described in [46], where the property of the invariance 

of spherical function energy was used. An application of this method for CAD model retrieval was 

illustrated in [47], where the Spherical Harmonic signature of the parts was applied to obtain part 

matches by applying an undirected graph, and matched the parts with manufacturers based on 

manufacturing process. 
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Graph-based techniques have been developed in parallel to global feature-based 

techniques. This graph technique uses the Boundary Representation (B-Rep) structure of the CAD 

part. This focuses on feature decomposition followed by construction of a model dependency 

graph to find similar parts, as in the work of Cicirello and Regli [48]. The graph may consist of 

nodes representing faces, and arcs representing edges [49]. Other approaches have been to use 

different nodes representing various types of surfaces [50], Reeb graph based techniques involving 

relations between nodes of adjacent levels [51] and Skeletal Graphs [52] which convert the model 

into a skeletal structure representing the approximate structure of the part. While the approaches 

may differ, most graph based techniques involve the use of heuristics to decompose the graph into 

subgraphs, which can then be used for feature similarity detection [49]. Graph-based techniques 

tend to create over-simplified representations of CAD parts that may not be suitable for large scale 

similarity detection. 

Methods of engineering part classification based on product information are relevant to 

domain specific applications. Parts can be classified on the basis of manufacturing attributes 

through Group Technology (GT) coding [53], and subsequently using language processing 

techniques to find similarities between parts. Using part sections to find similar parts has been 

experimented with by Chung and Kusiak [54], where binary section images were used as inputs to 

neural network and part classifications were computed in conjunction with GT techniques. GT 

techniques require some level of manual inputs, which are both time consuming and prone to bias 

and errors. Exhaustive reviews of other classical CAD part recognition techniques are provided in 

[49], [55] and [56]. 
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3.2.2. Neural Network Methods for Retrieval and Classification 

Classification of parts and feature recognition using Neural Networks has been an ongoing 

field of research from the 1990s to date, with the aforementioned work by Chung and Kusiak [54] 

being an early example. Prabhakar and Henderson [57] proposed a method for classification that 

involved developing an adjacency matrix for a part, with topological relations between faces and 

their geometric descriptions encoded into this matrix. One network for each feature was 

constructed and the adjacency matrix fed row-by-row into every network, with the one neural net 

output recognizing a single feature if it is present. A classifier network for generating shape classes 

for GT applications was proposed in [58], which uses bitmap images to individually generate Opitz 

classification code for the part. Most of these methods involve a form of part encoding for 

classification; however, the latest methods of 3D shape classification involve shape descriptors 

obtained through Convolutional Neural Networks. 

Convolutional Neural Networks (CNNs) were explored in 1998 by LeCun et al and were 

shown to out-perform techniques such as Nearest Neighbors (k-NN) and Support Vector Machines 

(SVM) for handwriting recognition. [36] However, significant breakthroughs were made with 2D 

CNNs with the availability of improved computing power and large amounts of annotated data in 

the form of the ImageNet database, [38] which enabled work on large-scale image recognition, 

notably by Krizhevsky et al [59] and He et al [60].  

The advent of 3D model datasets such as ShapeNet [61] and ModelNet [62] has resulted in 

critical work on 3D CNNs for general-purpose shape classification. Prominent among them being 

3D Shapenets [62] that uses voxels as input to convolutional Deep Belief Networks (DBNs), and 

VoxNet [63] which uses point cloud data as input, translated to volumetric occupancy grids. 

FeatureNet [64] describes a 3D CNN based method for machining feature recognition which is 
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able to segment the parts for multiple feature recognition; this work focuses predominantly on 

prismatic parts and shows high accuracy for classification. However, 3D voxel based methods 

often result in loss of features, as they are dependent on the resolution of the voxelized model 

which directly affects the time and computing resources required for training. Small features lost 

during the voxelization process are often critical during the classification and retrieval process. 

Multiple approaches to applying 2D CNNs for object detection in images have had great 

success in computer vision, such as AlexNet [59], ResNet [60], VGG [65] and the R-CNN [66] 

for common object detection. In the 3D graphics domain, however, the work on Multi-View CNNs 

(MVCNN) by Su et al [37] stands as one of the earliest and most influential techniques towards 

applying computer vision to shape detection of 3D models. This architecture aggregates 

information from multiple views of the 3D shape into a single descriptor through parallel networks 

for each image, and a view pooling layer combining the outputs of each of these. 

Counterintuitively, this method has been shown to be more accurate in classification and retrieval 

tasks for 3D models as compared to other techniques, due to the efficiency of 2D representations 

over 3D voxel based representations. [37] The advantage of using this technique is the ability to 

use knowledge transfer from the computer vision domain through Transfer Learning, [67] which 

significantly reduces training time. Inductive Transfer learning allows for more efficient usage of 

training data for smaller datasets, allowing us to learn the low level features on simpler, easier to 

collect and tagged data. This learnt model can then be further trained to recognize higher level 

features by the use of additional trainable layers which exploit the lower level trained layer weights 

to be used as inputs. Examples of inductive transfer learning may be observed in [68, 69]. Deep 

CNN architectures such as VGG, AlexNet, ResNet have been well trained on the ImageNet 

database; the network weights for these are used for pre-training the MVCNN to achieve faster 
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convergence. The concept of the MVCNN has been extended and improved upon, in RotationNet, 

[70] which is suitable for real-time object detection since it has the ability to accept only a partial 

set of images to perform categorization and pose estimation. Feng et al proposed a multi-level 

framework building on the MVCNN which examines the content of each one of the images and 

extends the network to group similar images of a model together. These groups are then weighted 

based on their importance to classification, before obtaining the final descriptor [71]. 

In a similar vein to this previous work on image-based classification, this work is based on 

the MVCNN architecture as applied to CAD data, experimenting with the inclusion of product 

dimension information with shape data for the purposes of classification and retrieval. Product 

Manufacturing Information (PMI) annotations contained within the MBD of a product allow the 

users in the manufacturing value chain to accurately size parts, provide specifications and text 

comments in an explicit manner, thus allowing the use of a single model across different parts of 

a manufacturing supply chain. A combination of 3D CAD model data along with PMI is a potential 

source for greater classification and retrieval accuracy in the manufacturing domain, which relies 

on such multimodal means of describing the paradigm of a part to be manufactured. 

 

3.3. Methodology 

This section elaborates the details of the Convolutional Neural Network (CNN) based 

architecture and the procedure of classifying 3D mechanical parts, along with the means used for 

retrieval of parts from the unclassified portion of the FabWave dataset. Instead of directly feeding 

a point cloud/voxels of the CAD models, this method relies on 2D images of the CAD models 

taken from multiple angles. This affords two benefits for the classification tasks:  
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1. Representing CAD models as a collection of several images allows us to capture all the 

macro and micro level features of the part which would otherwise have been lost due to 

voxelization or point cloud representation.  

2. The image based representation allows the usage of numerous convolutional neural 

network architectures off the shelf for initial preprocessing of the part data to generate embeddings 

for each view which may be combined to pass through a network of dense layers for classification 

purposes.  

The method described below builds on the work of Su et al [37] on Multi-view CNNs by 

including product data to accommodate classification of a narrower spectrum of data within the 

design and manufacturing domains, as compared to the generalized data and classification 

available in the Computer Graphics community, such as ModelNet [62] and ShapeNet. [61] The 

FW10C subset of the FabWave dataset [39] has been used to generate the training data for the 

CNN, consisting of 10 classes (ref. Table 3.1). These classes were selected on the basis of shape 

and manufacturing features contained within them. The training set contains 1282 parts, with the 

distribution of training and testing data shown in Table 3.1. Data was collected through automated 

workflows from academic sources, and by writing custom web-scrapers for websites (such as 

Autodesk Gallery and GrabCad) that contain a large amount of 3D model data used as 

manufacturing components, as described in [39]. The training set consists of models that were 

prepared by collating data from part specifications of standardized parts available through 

industrial supply sources (ex. McMaster Carr). These models also served as the training set with 

pre-classified models. A particular feature of the training data is the use of a loose classification 

scheme which exploits naturally occurring classes (such as nut, bolts, brackets etc.) and combining 

miscellaneous classes into two separate classes called “Prismatic”, “Gears and Sprockets” and  
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Table 3.1: Part Classes with categorized training data (example Train-Validation split shown) 
 

Prismatic 

Total: 129 

 

Full-Face 

Gaskets 

Total: 73 

 

Train: 97 Train: 59 

Validation: 

32 

Validation: 

14 

Cylindrical 

Total: 80 

 

Nuts 

Total: 88 

 

Train: 60 Train: 71 

Validation: 

20 

Validation: 

17 

Gears and 

Sprockets 

Total: 66 

 

Pipes 

Total: 95 

 

Train: 49 Train: 76 

Validation: 

17 

Validation: 

19 

Threaded 

Parts 

Total: 154 

 

Springs 

Total: 221 

 

 

Train: 116 Train: 177 

Validation: 

38 

Validation: 

44 

Simple 

Gaskets 

Total: 322 

 

 

Brackets 

Total: 54 

 

 
 

Train: 282 Train: 44 

Validation: 

40 

Validation: 

10 
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“Cylindrical”. The “Prismatic” components may be thought of as parts that could be machined 

using a 3/4/5 axis CNC machine, while the “Gears and Sprockets” parts may be thought of parts 

which have repeating patterns on the outer/inner periphery. “Cylindrical” parts are parts that may 

be made with either a lathe machine or a combination of a mill-turn processes. This “loose” 

classification scheme allows us to make a richer, more diverse training data, allowing for faster 

segregation. An associated benefit that arises from this classification scheme is generation of 

embeddings which are reflective of the part classes. This implies that the embeddings may be used 

as a means of part retrieval and are generated during the model training process. 

 

3.3.1. Image Inputs of 3D Models 

CNNs are optimized for image-based algorithms. Thus, the first step is the capture of 

images to be used for training and testing. Depth maps were generated through the graphics 

software, Blender, with the input being OBJ files contained within the FabWave infrastructure. As 

observed in [59] and [37], the learned filters in image-based CNNs are invariant to illumination 

changes. The number of images of each part to be used for the network was an important point of 

consideration. From initial training evaluation, it was estimated that there is a small increase in 

performance when 20 images are used as compared to 12 images. However, there was also an 

increase in the training time due to the larger number of parameters in the network. Evaluating the 

tradeoff between efficiency of computation and accuracy, it was determined that 12 images would 

be chosen to represent each of the parts. This provided efficient and accurate representations of 

the part and good classification accuracies as described in the following sections.  

Two strategies were considered for setting the viewpoints or cameras within the software: 

the first was image capture around the part at a constant elevation. This requires all the parts to be 
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oriented upright along a particular axis; however, this is a contentious assumption to make in any 

large database, along with upright orientation being a loosely-defined term in CAD. Thus the 

second approach of setting the cameras at the vertices of a 12-vertex regular Icosahedron enclosing 

the part (scaled based on part size) was chosen and images captured. On visual inspection of these 

images, the views of some parts were not representative of their actual shape due to the natural 

symmetry of manufacturing components such as screws and springs. In order to counter this issue 

and break the view symmetry, the previously described camera-polygon was rotated by prime 

number values of 41°, 47° and 59° along each of the 3 axes (with the part centroid chosen as the 

point of rotation) to ensure optimal coverage of the part features (ref. Fig. 3.1 for comparison 

before and after rotation). Thus, each part is represented by 12 images which provide training data 

for the CNN. The images captured are of 500×500 pixel resolution, which is then down- sampled 

to 224×224 to provide input to the network. 

 

 

Figure 3.1. Comparison- Top Row: Before Rotation, most of the views do not represent the part 

features adequately. Bottom Row: After Rotation, there is a visible improvement in the 

representations. 

 

3.3.2. Network Architecture  

3.3.2.1. ResNet Architecture 

The proliferation of deep learning algorithms for solving classification and regression 

problems has led to the development of novel neural network architectures. Deep learning methods 

such as VGG and Alexnet [59] were able to reduce the classification and object detection error for 
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images to almost human level. An important advancement that led to better classification was 

made possible through the unique form of the ResNet architecture (Fig. 3.2), which implements 

use of residual layers and skip connections, enabling use of deeper networks, resulting in 

significant decrease in error rates. [60] The CNN architecture described in sections 3.2.1 and 3.2.2 

use the entire pre-trained ResNet-50 architecture, which is one of the state-of-the-art algorithm for 

image recognition tasks. Using these existing pre-existing models to pre-train the network 

improves accuracy and reduces training time. [67] Twelve of these ResNet-50 networks are used 

in parallel, with each one of these sub-networks taking one image representation of the CAD part 

as input. Two different versions of the architecture were considered and described as follows. 

 

 

Figure 3.2. Example of a connection in ResNet 

 

3.3.2.2. Multi-View CNN (MVCNN) 

This network is based on the Multi-View CNN method [37] by Su et al, which is one of 

the best performing algorithms for classification of the standard ModelNet40 object dataset. The 

final layer representing the probability distribution of the part classification is excluded for all 12 

ResNets mentioned in 3.2.1, with the vector of size 4096 used as the terminating layer. The 12 
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vectors are aggregated by computing element-wise maximum of the list of 12 vectors. This is 

equivalent to training the network to identify the most important pieces of information from each 

view of the CAD model. If 𝑥 ∈  𝑅(224 ,224) represents an image, ResNet is equivalent to a 

function 𝑟 ∶ 𝑥 → 𝑦 ; 𝑦 ∈  𝑅4096 . Therefore, a collection of these Resnet transforms leads to a shape 

represented by 𝑆 ∈ {𝑥1 ∪  𝑥2 ∪ 𝑥3 ∪ … }:   

 𝑟1(𝑥1) = 𝑦1 (1) 

 𝑟1(𝑥2) = 𝑦2 (2) 

 … 

 𝑟1(𝑥𝑛) = 𝑦𝑛 (3) 

 𝐺𝑚𝑎𝑥 = (𝑦1, 𝑦2, 𝑦3 … 𝑦𝑛)  = 𝑔 (4) 

The succeeding flatten layer from 𝐺𝑚𝑎𝑥 and fully-connected dense layers provide the 

down-sampling function to finally produce a penultimate layer vector of size 1024, which is used 

as a signature or descriptor corresponding to the part. The terminating layer provides a probability 

distribution of the part classification over the 10 classes and the class with the highest probability 

is assigned as the class for a given input. 

 

3.3.2.3. MVCNN++: Addition of Metadata 

This network contains the addition of part metadata to the network to evaluate any 

improvements in performance. The metadata chosen for addition was the part dimensions. The 

reasoning behind this choice is the loss of part dimensions on conversion to tessellated formats 

such as OBJ or STL, which are then used to capture the images. Part dimensions are an important 

aspect for part classification in manufacturing, since it provides information on the suitability of a 

part for a selected manufacturing process given the resources. The use of other metadata such as 
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density and material, or the part feature information and design trees that can be gathered from 

native file formats has been eschewed. This information is not universally available due to the 

varied nature of data capture methods that were utilized. Another significant feature of the multi-

view images is that image capture point locations are scaled on the basis of each part size. This 

lack of a global camera position leads to loss of size reference. This loss may result in grouping of 

parts that have similar features, but may have vast differences in size and application. The addition 

of part metadata can prevent this issue. Representing the overall part dimension metadata with 

vector, the concatenated vector has the dimensions: 

 𝑋𝑖𝑛𝑝𝑢𝑡
′ = [𝑔, 𝑀] ∈  𝑅𝑑+𝑘 (5) 

The new input representing the shape and the metadata is now used as input to two dense 

fully connected layers which allow us to perform classification tasks, where each layer is 

represented as follows:  

 ℎ1 =  𝜎(𝑊1. 𝑋𝑖𝑛𝑝𝑢𝑡
′ + 𝑏1) (6) 

 𝑓𝑦𝑖
=  𝜎(𝑊2. ℎ1+ 𝑏1) (7) 

Here, 𝑊1, 𝑊2 ,𝑏1, 𝑏2  are the weights and biases of the layers initialized with a Xaviar 

initializer and 𝜎(. ) is the rectified linear unit (more popularly known as ReLU) activation which 

is defined as max(0, input). In this network, the sizes of the parts are provided as input in 

conjunction with the multi-view image data. This data is provided as input to the metadata input 

layer. Through experimentation, it was determined that a concatenation of metadata to the 

terminating layer leads to lower accuracies. Addition of metadata immediately following the 

flatten layer after CNN1 (ref. Fig. 3.3) is observed to have the highest accuracy.  
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Figure 3.3. MVCNN++ Architecture 

 

3.3.3. Implementation, Loss function and Hyper-parameters 

Training data consists of 1282 parts in total, with an 80-20 training-validation split applied; 

the total size of the images for the FW10C dataset is 110 MB. The neural network architectures 

were implemented in Python using Keras [72] with a TensorFlow [73] backend. A Softmax 

activation is used in the final layer, which gives the class prediction probabilities by reducing each 

value in the final layer between 0 and 1. This is achieved through the categorical cross-entropy 

loss function for multi-class classification, given by: 

 𝐿𝑖 =  −
1

𝑁
∑ log (

𝑒
𝑓𝑦𝑖

∑ 𝑒
𝑓𝑗

𝑗

)  [𝑦𝑖 ∈ 𝐶𝑦𝑖
] 𝑁

𝑖=1   (8) 

Here, 𝑁 is the number of observations, 𝑓 is the vector of class scores, 𝑦𝑖 is the correct class 

label and each 𝑦𝑖 belongs to a single class within the 10 categories. The term in the brackets is the 
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Softmax function, which can be interpreted as the normalized probability assigned to the correct 

label 𝑦𝑖 given a single input. The training was carried out with a batch size of 8, using a Stochastic 

Gradient Descent (SGD) optimizer with a learning rate of 1×10-5 and momentum 0.9. Dropout was 

applied to the NN2 dense layers to reduce overfitting. These hyper-parameters were assigned 

following a random grid search over the hyper-parameter space, with the network being trained 

for 100 epochs. The network was trained on a PC with 32GB RAM and 12GB Nvidia Titan V 

GPU. The training time was observed to be around 4 hours. 

 

Figure 3.4. Loss vs. Epochs (a) Pure MVCNN (b) MVCNN++ (our network) 

 

3.4. Results 

Example of training loss curves are shown in Fig. 3.4. A faster convergence of the loss 

function at the 50th epoch is observed in the MVCNN++ network training as compared to pure 

MVCNN which converges after the 90th epoch. 

Table 3.2: Results of Classification and Recall on the FabWave FW10C dataset 

Method Pre-

Training 

Data 

Train/Test Data Mean Accuracy 

(with SD): 5-fold 

validation  

mAP 

MVCNN ImageNet FabWave 

FW10C 

0.8965 (±0.04) 0.55 

MVCNN++ ImageNet FabWave 

FW10C 
0.9545 (±0.01) 0.47 
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3.4.1. CAD Part Classification 

Classification of both models were compared based on accuracy measures after 5-fold 

validation. The model classification results are shown in Table 3.2, evaluated on the FW10C test 

set. The MVCNN++ network shows superior classification accuracy as compared to pure MVCNN 

on average and for 4 out of the 5 validation folds. Computing the confusion matrices (Fig. 3.5) on 

the validation sets of one k-fold trained models, it is observed that the new model reduces 

misclassification for cylindrical parts and full-face gaskets, which are wrongly classified as 

threaded parts and simple gaskets respectively. There is also an improvement in the classification 

of springs, which are misclassified as threaded parts, due to the feature commonalities of threads 

and the spring-helix. The comparison of precision-recall curves for both networks is shown in Fig. 

3.6. 

 

 

Figure 3.5. Confusion Matrices for (a) Pure MVCNN (b) MVCNN++ (our network) 
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Figure 3.6. Precision vs Recall: Pure MVCNN (Blue) and MVCNN++ (Red) 

 

3.4.2. Recall Measures 

The terminating layer of the previously mentioned MVCNN architectures gives a 

probability distribution of 10-class prediction. The class with the highest probability is chosen to 

be the representative class of the part. However, one of the problems of interest is the information 

retrieval from previously unclassified data from the FabWave CI’s CAD repository, which can be 

done by using the part descriptor-vector described in section 3.3.2.2. It is necessary to compute 

retrieval measures using this descriptor.  

The K-Nearest Neighbor technique was applied to the set of all part descriptors within the 

dataset. The result is limited to the 20 most similar parts to a randomly selected query part, 

belonging to one of the 10 classes. The relevant parts obtained were then manually assigned to the 

class of the query part through a graphical interface. The cosine-distance metric was used for 
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computing the nearest neighbors, since it provides a bounded distance which can be used to 

compare the degree of similarity of retrieved parts: 

 𝑐𝑜𝑠 𝜃 =  
𝐴⃗⋅𝐵⃗⃗

‖𝐴⃗‖‖𝐵⃗⃗‖
=

∑𝐴𝑖𝐵𝑖̇

√∑ 𝐴𝑖
2𝑛

𝑖=1 √∑ 𝐵𝑖
2𝑛

𝑖=1

 (9) 

This process was repeated multiple times for all 10 classes; in total, over 3000+ parts were 

manually classified using part signatures from both the pure MVCNN as well as the MVCNN++ 

model. The top 5 results for 5 different queries are shown in Fig. 3.7, where the parts are ranked 

on the basis of similarity of their signature with the pre-classified query part. Using the manual 

classification process outlined above, for query 5, the first four results would be classified as 

springs, whereas for query 3, only results 2 and 5 can be classified as full-face gaskets. 

 

Figure 3.7. Examples of query results for some test parts 
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Using the data obtained, the measures of average precision at k was calculated, where k is 

a limit of the position of the result in the query. Average precision at k for a query is given by: 

 𝐴𝑃 (𝑎𝑡 𝑘) =  
1

𝐺𝑇𝑃
 ∑

𝑇𝑃𝑠𝑒𝑒𝑛

𝑖

𝑘
𝑖=1  (10) 

Here, GTP refers to the total number of ground truth positives for the query and TPseen is 

the number of true positives seen till k. The average precision was calculated for each complete 

query of 20 parts. The mean average precision or mAP is the average of all the calculated average 

precision values. The comparison of mAP for the two models is shown in Table 3.2. The mAP is 

calculated by computing the mean of the Average Precision values for a sample of 10 queries, in 

each class. The mAP is higher for the pure MVCNN model as compared to the MVCNN++ model 

and hence is judged to be better at retrieval. For this superior retrieval model, we compute the 

precision at k values for different classes.  Precision at k is simply the ratio of the number of true 

positives seen till the position k, to the number k. The class averages of the precision at k-values 

of 1, 3, 5 and 10 are listed in Table 3.3. Classes such as Prismatic, Cylindrical and Nuts have high 

values of precision at 1; precision values deteriorate from position 1 to 10 in most of the cases 

except full-face gaskets, where it increases. From this, it is inferred that the most important learned 

features of the full-face gaskets do not necessarily correspond to the characteristic features of this 

class. Brackets and threaded parts show poor precision results at all positions; this could be caused 

due to the training data not being diverse enough in terms of features, or due to a lack of these 

particular component types in the unclassified corpus. Other classes show excellent performance, 

with the retrieval of Nuts being a particular highlight. 
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Table 3.3: Precision at k: values for each class 

 Pure MVCNN 

Class Name Prec. at 1 Prec. at 3 Prec. at 5 Prec. at 10 

Brackets 0.2 0.1 0.14 0.17 

Prismatic 0.9 0.8 0.83 0.78 

Cylindrical 0.9 0.89 0.92 0.9 

FF. Gasket 0.4 0.43 0.5 0.55 

Threaded 0.1 0.1 0.1 0.1 

Nuts 1 0.96 0.95 0.89 

S. Gasket 1 0.73 0.64 0.5 

Pipes 0.57 0.43 0.26 0.18 

Spring 0.2 0.19 0.18 0.16 

Gear/Sprocket 0.7 0.53 0.36 0.31 

 

3.4.3. Observations regarding categorization of no-label data 

Categorization of unlabeled data within the FabWave CI is another aspect of this work. 

Following on from the previous section, 2000+ CAD parts were classified based on nearest-

neighbor calculation on the MVCNN++ part signature-vectors alone. In order to judge the efficacy 

of the CNN model classification as compared to humans, these manually classified parts were also 

auto-classified using the MVCNN++ network as shown in Table 3.4. The success percentage is 

defined as the ratio of number of manually classified parts that were correctly classified using the 

MVCNN++ network, to the total number of manually classified parts in each class. This ratio uses 

the manual classification as the ground truth label for these parts. 

 

Table 3.4: Manual vs. MVCNN++ Classification Comparison 
 

Class Name Manually 

Classified 

Success 

Percent 

Class Name Manually 

Classified 

Success 

Percent 

Brackets 78 0.24 Nuts 900 0.11 

Prismatic 445 0.95 S. Gasket 126 0.99 

Cylindrical 672 0.93 Pipes 38 0.84 

FF. Gasket 59 0.42 Spring 155 0.82 

Threaded 102 0.95 Gear/Sprocket 204 0.75 
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Figure 3.8. Graphical Interface for manual classification  

 

It is clear that using the MVCNN++ network, some class predictions perform poorly, while 

others are excellent. The number of classified parts also provides a hint as to the nature of the 

unclassified part corpus. From the sample of manually classified components, it may be inferred 

that classes such as pipes and gaskets are not very well represented in the database, whereas there 

are a large number of prismatic and cylindrical components. This may serve as a guide in future 
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efforts of labeling of the entire repository based on other factors such as specific part features or 

manufacturing process. 

This work demonstrates an implementation of the multi-view convolutional network which 

takes benefit of the additional metadata associated with the 3D shapes in consideration. The 

uniqueness and the high accuracy of the classification and retrieval process is a direct result of the 

use of new techniques introduced in this paper such as use of symmetry breaking camera angles 

for capturing different views of the models and the extraction of metadata which is later used in 

the classification process. The architecture proposed also takes advantage of pre-trained models 

for transfer learning, enabling training with smaller datasets, which often proves to be a challenge 

in training machine learning models for more bespoke applications such as manufacturing 

component data. The architecture also allows for faster training than conventional MVCNN owing 

to the use of metadata in conjunction with shape data. This can be used for faster training when 

training with larger more complex datasets with larger number of classes. Future work in this 

regard can be towards development of more complex algorithms which take different kinds of 

metadata into account for classification and retrieval tasks, which is a shortcoming of the 

MVCNN++. Consideration must be given to loss functions more suited for retrieval problems than 

the categorical cross entropy loss function employed in this implementation. 

 

3.5. Conclusions 

The MVCNN++ architecture extends the MVCNN architecture for manufacturing related 

data. This is achieved by the use of camera placements for imaging of the CAD models in 3D 

space, leveraging pre-trained deep neural networks for manufacturing data classification and 

retrieval. This results in higher classification accuracy than direct implementation of algorithms 
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trained and designed for traditional computer graphics datasets such as the ModelNet-10 or 

ModelNet-40. The shape data is augmented with metadata (part dimensions in this work) in order 

to increase the classification accuracy and increase the convergence rate vs epochs. This allows us 

to train a near optimal neural network allowing for higher accuracies with a small amount of data.  

There is an abundance of 3D shape data with associated metadata in manufacturing 

processes. The use of new techniques such as transfer learning and innovative classification 

schemes and embedding methodologies can help increase the speed and accuracy of classification 

and retrieval of product part and assembly 3D models. This has several implications in the areas 

of process parameter estimation, customizing process plans and path generation etc. The 

computational methods using deep learning are promising in outperforming traditional hand built 

descriptors and show promise as seen in extensive literature studies. The adoption of these non-

linear optimization based techniques is growing and would allow for unlocking large volumes of 

tacit knowledge embedded in manufacturing drawings, manuals and machining data. The 

proliferation of open-source deep learning architectures only promise to increase the enablement 

of smart manufacturing technologies throughout the product lifecycle. 
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CHAPTER 4 

CONCLUSIONS AND FUTURE WORK 

4.1. Summary 

Data availability is a great bottleneck in data driven research in the fields of design and 

manufacturing, and there is a need for openly accessible source of data, which is suitable for 

scaling and diversification over time. This study aimed to develop a framework termed “FabWave” 

for aggregating content-rich product data, which is federated, decentralized and inter-operable. 

The pilot implementation focused on creating workflows for collecting 3D product designs from 

designers in academia and research, and a parallel workflow to aggregate existing online content 

onto cloud storage. The former of these was successfully tested across academic programs at two 

universities, which provided a proof of concept of the approach used for collection of data. 

Significant pre-processing of this data was carried out to create sufficiency of data for varied 

methods of product design and manufacturing research. Use of the cloud for file storage and a 

NoSQL database ensured that the goal of scalability was also met; the FabWave infrastructure can 

also accommodate multiple forms of manufacturing data corresponding to components, such as 

machine data, data sheets, material acquisition orders etc. in the future. The infrastructure was 

successful in collecting 125,000 individual CAD part files, which are accessible to users at the two 

universities referenced in chapter 2.  

The task of analyzing this data is a complicated exercise. Despite the exhaustive data 

collection process employed that includes some level of textual description, the link between shape 

and its class or type is not easily established. The high variability of data available and the lack of 

a single established classification scheme in the domain, meant that there was a necessity to 

develop a method to interpret the data for further analysis. One of the latest deep learning-based 

applications that has shown excellent results in graphics domain, based on images rather than 3D 
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shape representations, was adapted for the purpose for classification of this data. Training data was 

obtained from within FabWave and a 10-class relaxed classification scheme based on feature/form 

was created by hand classification. The method chosen for classification of the corpus was multi-

view convolutional neural network with addition of part-dimension metadata. The classification 

and retrieval metrics described in chapter 3 are comparable to those of cutting edge research in the 

field of shape recognition. To judge the classification over the large corpus of data, a novel method 

of using retrieval to aid human classification was developed with a graphical interface. Using this, 

manual categorization carried out on previously unclassified parts. These were used as ground 

truth and compared with the labels predicted by the network. Only nuts and bracket classes 

performed poorly in this test. For nuts, the most likely reason is the lack of diversity in the training 

data, since nuts were retrieved on a consistent basis as evident from the consistently high 

‘precision-at-k’ values (table 3.3) for this class. Brackets have poor precision-at-k values; it may 

thus be inferred that unclassified corpus does not contain any significant number of parts from 

bracket class. 

 

4.2. Future Work 

 Optimizing storage methods: The cyber-infrastructure described in chapter 2 has only been 

tested across two universities. The goal of this work is to make product data widely accessible. 

The current cloud file storage system has shown latency issues, which can be a hindrance to 

easy access. Hence, the distributed data storage system must be made robust in order to enable 

access by a far wider range of researchers, while ensuring scalability. In addition, with the 

increase in the size of data available within this structure, there will be a requirement for usage 
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of high-performance computing for processing this data. Suitable distributed data storage 

platforms must be utilized in order to be able to take advantage of high performance systems. 

 Improving the classification scheme: The second part of the study, which shows a method 

of organizing this data into a relaxed classification scheme, shows promise and can be extended 

throughout the database. However, the 10 classes tested are not representative of the entire 

dataset, due to the extremely diverse nature of design data. Future work must focus on 

increasing the number of classes identifiable. As classes increase, there may be overlaps 

between them, and hence there is a need for developing multi-label classification algorithms 

where parts belong to more than one class. In addition, the nature of design and manufacturing 

data is such that global shape-based methods such as the one presented in chapter 3 are not 

sufficient by themselves. It is imperative that suitable methods of feature recognition are 

identified and work on localized feature recognition within parts is carried out, in order to be 

able to utilize them for applications such as manufacturer search or large-scale information 

retrieval. Contemporary voxel based, scene-identification based image methods and text 

embedding methods have the potential to be applied to this area of research. In summary, 

creating specificity in the identification scheme for 3D designs is a highly relevant area for 

future study. 
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