
Intelligent Material Informatics Applications in 

Design and Manufacturing 

by 

Binbin Zhang 

September 2018 

A dissertation submitted to the 

Faculty of the Graduate School of 

the University at Buffalo, State University of New York 

in partial fulfillment of the requirements for the 

degree of 

Doctor of Philosophy 

Department of Mechanical and Aerospace Engineering 



Copyright by 

Binbin Zhang 

2018 

(ii) 



This dissertation of Binbin Zhang was reviewed by the following: 

Rahul Rai 

Associate Professor of Mechanical and Aerospace Engineering 

University at Buffalo, The State University of New York 

Dissertation Advisor 

Olga Wodo 

Assistant Professor of Mechanical and Aerospace Engineering 

University at Buffalo, The State University of New York 

Committee Member 

Souma Chowdhury 

Assistant Professor of Mechanical and Aerospace Engineering 

University at Buffalo, The State University of New York 

Committee Member 

Krishna Rajan 

Professor of Department of Materials Design and Innovation 

University at Buffalo, The State University of New York 

Outside Reader 



Acknowledgements 

First and foremost, I would like to express my deep and sincere gratitude to 

my advisor Prof. Dr. Rahul Rai, for his excellent guidance, patience, enthusiasm, 

and immense knowledge. He was always available for discussions and continuously 

supported me throughout my entire research endeavor I can never forget his encour-

agement during all those times of self-doubt. 

I would also like to thank my defense committee, Prof. Dr. Olga Wodo, Prof. Dr. 

Souma Chowdhury and Prof. Dr. Krishna Rajan, for their helpful criticisms that led 

to the improvement of this dissertation. 

Also, I wish to thanks all of my colleagues in Manufacturing And Design (MAD) 

Lab, for their great support and generous help in improving my research work. 

enjoyed the time we worked together, the help received from them was immense. 

I would like to thank all my friends, for the great times. They were always there 

to cheer me up. They stood by me through all the good times and bad. 

I cannot end without thanking my family. My parents, Xianzhong Zhang and 

Jiuduan Pan, and my brother, Xubing Zhang, for their absolute confidence in me 

and all their love and encouragement. For my husband, Jun Wang, who stands by 

me with unstinted love and unconditional support at every stage of my dissertation. 

This dissertation is dedicated to them. 

iv 

I 



This dissertation is dedicated to my parents and my husband, for their endless love, 

support, and encouragement. 

v 



Contents 

Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iv 

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . x 

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xi 

Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xv 

1 Introduction 1 

1.1 Motivations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3 

1.2 Key Challenges . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9 

1.3 Research Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11 

1.4 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11 

1.5 Outline of the Dissertation . . . . . . . . . . . . . . . . . . . . . . . . 12 

2 Related Work 14 

2.1 Intelligent Material Assignment Methods . . . . . . . . . . . . . . . . 15 

2.2 Intelligent Material Inspection Methods . . . . . . . . . . . . . . . . . 17 

2.3 Material-oriented design and manufacturing schemes . . . . . . . . . 21 

vi 



3 Probabilistic Factor Graph Based Approach for Automatic Material 

Assignments to 3D Objects 22 

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23 

3.2 Technical Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24 

3.2.1 Definitions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25 

3.2.2 Shape Similarity Metric and Contextual Relations . . . . . . . 27 

3.2.3 Material Similarity . . . . . . . . . . . . . . . . . . . . . . . . 28 

3.2.4 Functional Similarity . . . . . . . . . . . . . . . . . . . . . . 29 

3.2.5 Memex Graph and Probabilistic Factor Graph . . . . . . . . 32 

3.2.6 Inference . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34 

3.3 Test and Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . 35 

3.4 Conclusion and Discussion . . . . . . . . . . . . . . . . . . . . . . . . 40 

4 Convolutional Neural Network Based Inspection of Metal Additive 

Manufacturing Parts 43 

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44 

4.2 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47 

4.3 Methodology Overview . . . . . . . . . . . . . . . . . . . . . . . . . . 51 

4.4 Convolution Neural Network Architecture . . . . . . . . . . . . . . . 52 

4.5 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 54 

4.6 Conclusion and Discussion . . . . . . . . . . . . . . . . . . . . . . . . 64 

5 A Fully Convolutional Neural Network for Degradation Mechanism 

Detection in Organic Solar Cells 69 

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70 

vii 



5.2 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73 

5.2.1 Organic Solar Cell Raw Dataset . . . . . . . . . . . . . . . . . 73 

5.2.2 Preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . 74 

5.3 Fully Convolutional Neural Network Architecture Development . . . . 76 

5.3.1 Methodology Overview . . . . . . . . . . . . . . . . . . . . . . 77 

5.3.2 Constituent Structures . . . . . . . . . . . . . . . . . . . . . . 79 

5.3.3 Implementation Strategies . . . . . . . . . . . . . . . . . . . . 81 

5.4 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 85 

5.4.1 Encoder Structure Development . . . . . . . . . . . . . . . . 85 

5.4.2 Decoder Structure Development . . . . . . . . . . . . . . . . 86 

5.4.3 Final Architecture . . . . . . . . . . . . . . . . . . . . . . . . 90 

5.5 Conclusion and Discussion . . . . . . . . . . . . . . . . . . . . . . . . 93 

6 Additive Manufacturing of Functionally Graded Material Objects: 

A Review 94 

6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95 

6.2 Manufacturing Techniques for FGM Objects . . . . . . . . . . . . . . 97 

6.2.1 Vat Photopolymerisation Process: Stereolithography (SLA) . . 99 

6.2.2 Material Extrusion Process: Fused Deposition Modeling (FDM) 100 

6.2.3 Laser-Based Process: Laser Engineered Net Shaping (LENS), 

Selective Laser Sintering/Melting (SLS/M) . . . . . . . . . . . 101 

6.2.4 Material Jetting Process: Polyjet Printing . . . . . . . . . . . 102 

6.2.5 Contemporary Processes and Recent Applications . . . . . . . 102 

6.3 FGM Model Representations . . . . . . . . . . . . . . . . . . . . . . . 105 

viii 



6.3.1 Representation Attributes . . . . . . . . . . . . . . . . . . . . 105 

6.3.2 FGM Representation Approaches . . . . . . . . . . . . . . . . 112 

6.4 Process Planning for FGM in AM . . . . . . . . . . . . . . . . . . . 135 

6.4.1 Part Orientation . . . . . . . . . . . . . . . . . . . . . . . . . 135 

6.4.2 Slicing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137 

6.4.3 Path Planning . . . . . . . . . . . . . . . . . . . . . . . . . . . 139 

6.5 Conclusion and Open Topics . . . . . . . . . . . . . . . . . . . . . . . 141 

7 Conclusion 147 

7.1 Summary of Contributions . . . . . . . . . . . . . . . . . . . . . . . . 147 

7.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150 

Bibliography 152 

ix 



List of Tables 

3.1 Statistical results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37 

4.1 Nomenclature used to describe the network architecture and parame-

ters used during the experiments. . . . . . . . . . . . . . . . . . . . . 56 

4.2 Experiment results for different input image size. . . . . . . . . . . . 57 

4.3 Experimenting with different network architectures. . . . . . . . . . . 57 

4.4 Exploring the influence of L2 regularization and dropout. . . . . . . . 61 

4.5 Fine tuning of the dropout rate. . . . . . . . . . . . . . . . . . . . . . 61 

4.6 Details of the final architecture of the network. . . . . . . . . . . . . . 63 

4.7 Confusion matrix of the final CNN architecture on test dataset. . . . 63 

5.1 Nomenclature used to describe the network architecture and parame-

ters used during the experiments. . . . . . . . . . . . . . . . . . . . . 77 

5.2 Experimenting with different encoder and decoder structures. . . . . . 90 

5.3 Class accuracy of final architecture of the network. . . . . . . . . . . 91 

6.1 Slicing approaches [120] . . . . . . . . . . . . . . . . . . . . . . . . . 138 

x 



List of Figures 

1.1 The core focus of this dissertation . . . . . . . . . . . . . . . . . . . 2 

1.2 Research challenges . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9 

3.1 Automatic material assignment: Office chair (a) input 3D model with 

desired functionality, (b) Result of our automatic material assignment 

process based on shape and functionality . . . . . . . . . . . . . . . . 24 

3.2 Technical approach overview . . . . . . . . . . . . . . . . . . . . . . . 25 

3.3 Segmentation and database memex graph example . . . . . . . . . . . 26 

3.4 Steps for defining the functionality for database object . . . . . . . . 30 

3.5 Database object: office chair (a) material allocation and the maximum 

allowable loads on the seat and seat back; (b) Von Mises stress . . . . 31 

3.6 Steps for defining the functionality for query object . . . . . . . . . . 32 

3.7 Verification process for the query object . . . . . . . . . . . . . . . . 32 

3.8 Query memex graph and factor graph example . . . . . . . . . . . . . 33 

3.9 The marginal probability values for assigning different materials to 

chair seat, one-layer house roof and two-layer house roof. . . . . . . . 37 

3.10 Material assignment results . . . . . . . . . . . . . . . . . . . . . . . 38 

xi 



3.11 Material assignment results details . . . . . . . . . . . . . . . . . . . 39 

3.12 Material assignment result on a bicycle model (a) model without ma-

terial, (b) result of automatic material assignment. . . . . . . . . . . 40 

3.13 Material selection tools comparison . . . . . . . . . . . . . . . . . . . 41 

4.1 Examples of micrograph images and the associated energy density val-

ues from different categories of AM part surface quality(with hatch 

distance marked). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49 

4.2 A sample from each of the three classes in the dataset. (300×300 pixel) 50 

4.3 Overview of the CNN model for autonomous recognition of LPBF part 

surface quality. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52 

4.4 The accuracy and loss plots for Model 4. . . . . . . . . . . . . . . . . 58 

4.5 The accuracy and loss plots for Model 11. . . . . . . . . . . . . . . . 59 

4.6 Accuracy and loss plots varying with the number of epochs. . . . . . 67 

4.7 Quality inspection classification result of CNN architecture for six test 

images from AM production line. The three classed are depicted using 

different colors. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68 

5.1 Examples of organic solar cell images with different categories of crack. 75 

5.2 An example of the label-preserving transformations step. . . . . . . . 75 

5.3 Overview of the F-CNN model for autonomous recognition of crack 

classes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78 

5.4 Upsampling layer and feature fusion. . . . . . . . . . . . . . . . . . . 80 

5.5 Model A and Model B architectures . . . . . . . . . . . . . . . . . . . 87 

5.6 Model C and Model D architectures . . . . . . . . . . . . . . . . . . . 88 

xii 



5.7 Accuracy and loss plots varying with the number of epochs. . . . . . 89 

5.8 The accuracy and loss plots for our Final Model. . . . . . . . . . . . . 90 

5.9 Six examples of crack inspection task performed on the test images 

using the trained Model P. The different colors in the (b) and (c) 

column images indicated different crack classes shown in the color bar. 92 

6.1 Manufacturing techniques for FGM objects . . . . . . . . . . . . . . 99 

6.2 Three different hb-sets generated by a material union operation [209] 118 

6.3 Model hierarchy in the constructive representation [209] . . . . . . . . 119 

6.4 An example of (a) an object with complex material distribution, (b) 

the assembly model of the object, (c) the cellular model of the object. 

[112] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122 

6.5 Examples of Cartesian material definition and objects created using 

those definitions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125 

6.6 Partial cross-sectional visualization of material distribution functions 

defined in (a) cylindrical and (b) spherical coordinate systems. . . . . 126 

6.7 The material convolution surfaces based approach for FGM modeling 

[68]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127 

6.8 Hierarchy based FGM object modeling [111] . . . . . . . . . . . . . . 131 

6.9 HFT structure for 3D heterogeneous extrusion solid [111] . . . . . . 132 

6.10 Representation of classification of types of slices[71] . . . . . . . . . . 139 

xiii 



6.11 Process Planning of functionally graded objects:(a) filling paths plan-

ning of sub-region Sn,n+1, (b) the entire filled region, and (c) the filled 

region with the rendering effect. The path 1-5 in (a) represent the 

filling sequence and (•) stands for the starting and/or ending point for 

the filling paths [245] . . . . . . . . . . . . . . . . . . . . . . . . . . 141 

xiv 



Abstract 

Material plays a key role in the product realization process. The shape of the prod-

uct, material allocation, and its fabrication processes must be simultaneously consid-

ered in a concurrent manner for enabling quality product design process to achieve a 

reduction in product development time, production costs, and quality defects. This 

dissertation offers a data-driven framework that enables integrating material infor-

matics to product design and manufacturing to increase the efficiency, reliability, and 

pertinency of the entire production chain. 

In this dissertation, a series of intelligent material informatics frameworks in the 

domains of design and manufacturing with the aim of improving design efficiency, as-

suring manufacturing quality, and increasing design and manufacturing pertinency is 

outlined. Specifically, this dissertation outlines (a) an intelligent material assignment 

tool to automate the material design in CAD/CAE/CAM modeling, (b) an intelligent 

material inspection tool to automate the material quality detection in manufacturing 

process monitoring, (c) an intelligent material inspection tool to automate the degra-

dation mechanism detection in organic solar cells (d) a scheme to support the design 

and manufacturing oriented by materials. 
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Chapter 1 

Introduction 

Engineering product design is an iterative process that begins with need specification 

and follows with the definition of a function, the specification of a shape, the selec-

tion of a material and manufacturing processes. The shape of the product, material 

allocation, and its fabrication processes must be simultaneously considered in a con-

current manner for enabling quality product design process to achieve a reduction in 

product development time, production costs, and quality defects. 

Additionally, with the development of innovative manufacturing techniques, such 

as additive manufacturing (AM), the role of materials in the overall product design 

process is undergoing a rapid advancement in recent years. For example, many recent 

AM processes allow for the object fabrication composed of heterogeneous material. 

Selecting new materials, creating new intricate shapes to optimally use the unique 

capabilities of new fabrication processes such as AM and pushing the performance 

envelop of the new products, are challenges posed to modern day designers. 
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Parallelly, propelled partly by the availability of big data and recent algorith-

mic developments, there is a revolution is underway in data-driven methods. Recent 

advances in data-driven methods, especially Deep Learning techniques, have found 

widespread success in domains such as image processing and natural language un-

derstanding and are beginning to percolate in research domain at the intersection of 

design, materials, and manufacturing. Furthermore, a variety of unique data-sets at 

the intersection of design-manufacturing-materials becomes available. The big data 

includes textual literatures, material property data, processing data, and image data. 

As a result, the potentials concealed in the big data offer us a chance to integrate the 

material informatics into design and manufacturing. 

Figure 1.1: The core focus of this dissertation 

This dissertation offers a data-driven framework that enables integrating material 

informatics to product design and manufacturing to increase the efficiency, reliabil-

ity, and pertinency of the entire production chain (Figure 1.1). In particular, this 
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framework enables intelligent material assignment, intelligent material inspection, 

and material-oriented design and manufacturing to achieve the product realization. 

This dissertation focuses on addressing the following single question: How to sys-

tematically develop material informatic systems to benefit the domains of engineering 

design and manufacturing? Specifically, this dissertation will concentrate on (i) how 

to develop intelligent tools to support the efficiency improvement and quality as-

surance during design and manufacturing and (ii) how to create a material-oriented 

design and manufacturing scheme to support the design and manufacturing of novel 

multifunctional materials led by recent advancement in additive manufacturing. 

In this dissertation, we delineate and tackle a variety of important and challeng-

ing problems at the intersection of material informatics, design, and manufacturing. 

In this chapter, the motivations of the research on the application of material infor-

matics in design and manufacturing are discussed, and the necessity to explore new 

intelligent tools and schemes is introduced. In addition, the approach for addressing 

the challenges in this research is outlined. Lastly, the contributions and outline of 

the dissertation are listed. The specific contributions of the dissertation are grouped 

into four projects. 

1.1 Motivations 

(i) How to develop intelligent tools to support the efficiency improvement 

and quality assurance during design and manufacturing? 

Improving design efficiency and manufacturing quality through exploring mate-

rial informatics is very complex task due to two important characteristics: (a) The 
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integration of material into design for manufacturing is a task in which a variety of 

criteria are involved, and many of them are difficult to quantify; (b) The complexity 

of material effect in process-quality relationship aggravates the manufacturing qual-

ity control. Previously, the decisions on material design and manufacturing quality 

control were made based on guesswork, prior knowledge of experts, or painstakingly 

handcrafted realistic models. The unprecedented data availability provided by the 

smart and connected engineering systems enables information fusion and reveals 

great opportunities to develop intelligent tools for material design and manufacturing 

quality control, thus increasing the efficiency of CAD/CAE/CAM design process, 

achieving better product quality, and improving decision-making in manufacturing 

processes. 

Project 1: Probabilistic Factor Graph Based Approach for Automatic 

Material Assignments to 3D Objects 

In particular, when utilizing CAD/CAE/CAM modeling tools, it is a non-trivial 

task to assign materials to different components of an assembly. Assigning materials 

to all the parts of a 3D object is a time consuming and effort-intensive task. Current 

modeling packages allow the material assignment through a manual process. When 

the number of components in the overall assembly is large, it takes time and effort to 

assign materials while taking into account the functionality of each part. The process 

of material assignment is particularly difficult for novice designers/engineers who lack 

relevant knowledge about the correlations between 3D modeling, functionality, and 

materials. Given complex assemblies and 3D models, the material assignment can 
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be challenging for even experienced engineers/designers. Such designers/engineers 

can benefit from tools that can automatically assign materials to all of the parts 

(components) simultaneously with predefined functionalities of an object (assembly). 

In addition, the continually growing volume of data obtained in CAD/CAE/CAM 

process drives us to create an intelligent data-driven material assignment tool to 

alleviate the burden of designers and improve the efficiency of the design. However, 

the datasets are often in considerable variability and variety. A lot of these datasets 

are unstructured, for example, CAD/CAE/CAM specifications. Processing and 

managing these kinds of heterogeneous information to create an intelligent material 

assignment tool is a challenging task. Inspired by the deeply rooted principle in mod-

ern engineering design which is Form follows function, we conjecture that a material 

follows form and behavior and propose to develop an intelligent data-driven mate-

rial assignment tool to assign engineering materials to parts (components) of a 3D 

object (assembly) automatically. The detail of the approach is discussed in Chapter 3. 

Project 2: Convolutional Neural Network Based Inspection of Metal 

Additive Manufacturing Parts 

In the meantime, the current manufacturers are striving to make decisions on 

the process parameters that could fabricate desired products. Many manufacturing 

techniques, such as metallic AM, have remained an open loop process in the absence 

of rigorous process monitoring and diagnostic functionality. The fabrication process 

of metallic AM is governed by a large number of parameters; these parameters are 

sensitive to the environmental variations and influence each other. Hence, one of 
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the critical challenges in the manufacturing process is understanding how the process 

parameters affect the build outcomes. 

Currently, the optimum weld parameters are selected using applied industrial 

statistical techniques, such as Design of Experiments (DoE), which although efficient 

from an experimental standpoint, the evaluation of response metrics are primarily 

a visually-intensive process that is costly and tedious, often requiring the manual 

examination and analyses of hundreds or even thousands of coupons produced by 

the controlled variation of process parameters. A coupon is a manufactured part. 

The coupons are visually inspected by an engineer or technician skilled in the 

art of selecting good products. We are motivated to develop a data-driven model 

for supervised learning task of recognizing the quality of products so as to guide 

manufacturers on process planning. 

Project 3: A Fully Convolutional Neural Network for Degradation 

Mechanism Detection in Organic Solar Cells 

Similarly, designers are concerned with the degradation mechanism that are indi-

cated on the surface of organic solar cell panels and these can lead to loss of power 

conversion efficiency and reduced performance. In order to improve the foregoing 

operation of organic solar cells, it is vital to understand the mechanism behind cracks 

formation. The first step towards this goal is to fabricate devices, test them under 

various conditions, inspect and characterize the degradation signature, e.g. cracks. 

Currently, a well-established methodology for quantifying the cracks does not exist. 

Most of the approaches determine whether organic solar cell was damaged or not, 
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omitting the type of mechanism behind it. Moreover, most inspection is performed 

by human and requires approximately few minutes of a trained professional to fully 

inspect a single solar cell image. 

While deep learning, particularly convolutional neural network (CNN), has 

aroused rapidly growing interest from academia and industry due to its superior 

performance on various vision tasks, the previous work has attempted to address 

vision problems generically. This dissertation is concerned with the flexibility an 

end-to-end prediction model that can be readily harnessed in different applications, 

in particular, the task of organic solar cell degradation mechanism detection, i.e. 

crack inspection. 

In this dissertation, we expect to achieve an automated inspection system of 

organic solar cell panels with high speed and high accuracy by a deep learning ar-

chitecture that falls under the family of fully convolutional neural networks (F-CNN). 

(ii) How to create a material-oriented design and manufacturing 

scheme to support the design and manufacturing of novel multifunc-

tional materials led by manufacturability enhancement? 

In recent decades, the role of material in design and manufacturing has become 

increasingly striking because of the fast development of various innovative manufac-

turing technologies, especially the additive manufacturing (AM) processes [161]. AM 

not only provides a new fabrication approach but also brings in the possibilities of 

newly developing materials, for example, the functionally graded materials (FGM) 

[148]. As a result, material-oriented design and manufacturing methods should be 
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specifically developed for those novel multifunctional materials. 

Project 4: Additive Manufacturing of Functionally Graded Material 

Objects: A Review 

In particular, functionally graded materials (FGM) have recently attracted a lot 

of research attention in the wake of the recent prominence of additive manufacturing 

(AM) technologies. A number of papers have been published on different aspects of 

FGM, such as functionally graded composites, the area of applications, and conven-

tional processing techniques [148, 226, 103]. Nevertheless, the FGM object fabrica-

tion through AM technologies has not been systematically addressed in any review 

despite the importance and recent extensive progress in both the topics. Besides, the 

multi-material manufacturing capabilities have far outpaced the modeling capability 

of design systems to model and thus design novel FGM objects. Limited modeling 

and lack of suitable representation techniques for modeling and representing FGM 

objects hinder our ability to leverage the full capabilities of FGM objects creatively. 

Therefore, a review that focuses on providing an overview of the modeling and rep-

resentation of FGM objects is desired. Additionally, additively fabricating a quality 

FGM object necessitates careful consideration of important aspects such as the part 

orientation, slicing, and path planning processes. The process planning considera-

tions at the intersection of FGM and AM is a critical issue that is lack of discussion. 

The exploration of the prevalent textural literatures offers a scheme in design, such as 

design improvement or better modeling methods, and manufacturing, such as better 

path planning and process selection for novel multifunctional materials. 
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1.2 Key Challenges 

While the high-level problems are apparent and easily stated, it is challenging to 

integrate the material informatics with design and manufacturing so as to increase 

the efficiency, reliability, and pertinency of the entire production chain. The very 

significant challenges while implementing in practical applications are identified as 

follows: 

Figure 1.2: Research challenges 

A key challenge while integrating material informatics in design and manufactur-

ing is dealing with the information obtained from different domains. The information 

has heterogeneity and data is multi-attributed and is of diverse types. While the 

machine analysis algorithm expects homogeneous data. It is not trivial to obtain an 
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intelligent modeling strategy to handle data with multiple types. Understanding the 

correlations between those different types of data with diverse features is a major con-

cern. Consequently, models that can accommodate the multi-faceted features need 

to be investigated. 

A second key challenge is a decision of which data should be used. Analysis of 

the raw data using observation or statistical methods is needed as an initial step 

in building the models. However, choosing the right data to develop models is not 

a standard procedure. Statistical methods can help point out the right direction, 

but other considerations need to be incorporated as well, such as the theoretical 

background and the complexity of the model. 

In addition, there is a pressing need for model individualization. Due to the differ-

ent characteristics of real applications in design and manufacturing, the predictions 

or decisions need to be appropriately individualized. Therefore, the prediction and 

investigation models should be updated or adjusted for effective applications. 

Ultimately, the results of the analysis need to be interpreted. It is rarely enough 

to provide just the results. The data interpretation involves, for example, the ex-

amination of the assumptions, the analysis of the result, and the possible sources of 

error. We need to provide users not only the ability to interpret the obtained results 

obtained, but also possibly help them repeat the analysis with different assumptions, 

parameters, or datasets to better support the human thought process. 
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1.3 Research Objectives 

The challenges mentioned in the previous section makes it difficult to apply the ma-

terial informatics to design and manufacturing domains. To fill this research gap, the 

key objective of this dissertation is to establish a framework that is tailored for the 

needs of improving design and manufacturing through intelligent material informatics 

applications. 

1.4 Contributions 

Exploiting the material informatics applications in design and manufacturing so far 

received only limited attention in the research community. There are a number of 

the open research issues for addressing the long-term goal of material informatics 

applications. The key contributions of this dissertation are as follows: 

1. It outlines a novel probabilistic factor graph model that could handle the het-

erogeneous data obtained from CAD/CAE/CAM, and help designers to assign 

suitable materials to 3D designs and meet its functional requirement, so as to 

improve material design efficiency in the production chain. 

2. It presents an intelligent material inspection tool to improve the decision-making 

in the process monitoring procedure. The tool is based upon a data-driven deep 

learning method and applied to achieve quality detection of parts from additive 

manufacturing production lines. 
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3. It presents an intelligent material inspection tool to achieve fine inference of de-

fect inspection in process monitoring. The inference is realized through investi-

gating a data-driven object localization model for automated multi-class defect 

segmentation of organic solar cell images. The application of the intelligent de-

fect detection tool in process monitoring system could help the manufacturers 

to increase the product reliability. 

4. To support the design and manufacturing of novel multifunctional materials led 

by manufacturability enhancement, a material-oriented design and manufactur-

ing scheme for functionally graded material objects in additive manufacturing 

is proposed. The scheme indicates a manner to handle the novel material de-

velopment in design and manufacturing. 

1.5 Outline of the Dissertation 

The rest of this dissertation is organized as follows. 

Chapter 2, describes the state-of-the-art in exploiting the material informatics 

applications in design and manufacturing. 

Chapter 3 presents an intelligent material assignment tool which is based on prob-

abilistic factor graph to attain automatic material assignment to 3D objects. 

Chapter 4 introduces an intelligent material inspection tool which is based on con-

volutional neural network to achieve automatic quality inspection for metal additive 

manufacturing parts. 
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Chapter 4 presents an intelligent material inspection tool for degradation mecha-

nism detection in organic solar cells. 

Chapter 6 outlined a material-oriented design and manufacturing scheme for func-

tionally graded material objects in additive manufacturing. 

Chapter 7 summarizes our approach and provides some suggestions on future 

research for this area. 
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Chapter 2 

Related Work 

The key aim of this dissertation is to intelligently integrate the material informat-

ics to product design and manufacturing phases of engineering design. Intelligent 

tools that can automatically handle the material information during the design and 

manufacturing processes can reduce the cycle of design and improve the quality of 

products by replacing the manual work, thus eliminating the human errors. Differ-

ent intelligent tools have been developed in this dissertation at the intersection of 

material informatics, design, and manufacturing. Besides, in recent decades, the role 

of material in design and manufacturing has become increasingly striking because 

of the fast development of various innovative manufacturing technologies, especially 

the additive manufacturing (AM) processes. AM not only provides a new fabrication 

approach but also brings in the possibilities of newly developing materials, for exam-

ple, the functionally graded materials (FGM) . As a result, material-oriented design 

and manufacturing methods should be specifically developed for those novel multi-

functional materials. The literature review related to this dissertation is focused on 
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three key related topics: (1) Intelligent material assignment methods, (2) Intelligent 

material inspection methods, and (3) Material-oriented design and manufacturing 

schemes. 

2.1 Intelligent Material Assignment Methods 

Ashby pointed out that the performance of an engineering component is dependent 

on the properties of the material of which it is made and on its shape [5]. Materials 

selection is one of the chief concerns of any design or engineering effort. It is a process 

whereby the function and desired properties of a component are evaluated in order 

to identify suitable materials of construction [69]. The material selection charts show 

the combination of material properties that govern the performance and provide us 

with a way to select materials manually. However, the manual process of material 

selection for complex assemblies or objects might be difficult and time-consuming 

even for experienced engineers. The complexity of material selection task can be 

judged from the fact that there are well over 100,000 engineering materials to choose 

from [69]. This presents a need for an automatic material assignment tool. 

Jee et al. [92] developed a scheme for ranking candidate materials by utilizing 

the theories of decision-making. A systematic material selection approach was de-

veloped by Sandstorm [201] using the concept of merit parameters. There have also 

been various attempts for developing a computerized material database that aims 

at enabling designers to select materials in the engineering design application [202]. 

Takuma et al. [221] introduced a neural network framework to specify an optimal 

material for the given performance level of the product. Fleck et al. [48] used a 
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material property chart and performance indices for optimal selection of materials in 

a fatigue-limited design. Cambridge material selector was developed by Ashby and 

Cebon [5] for computerized material selection. It is evident that researchers have 

tried to propose various methodologies in an attempt to assign materials in the en-

gineering design domain. However, these approaches do not consider the contextual 

location and shape similarity and are typically applicable for material selection of a 

single part. We present a probabilistic framework that uses factor graphs, contextual 

relationship, shape descriptors of 3D models, etc., to automatically assign plausible 

materials for every component of a 3D object. 

The work presented in the dissertation is closely related to the research done by 

Jain et al. [88]. Jain et al.’s work aims automatically to suggest visual attributes of 

given 3D objects. Visual attributes in their framework are represented by diffuse color, 

specularity, glossiness, and transparency. In contrast, our approach concentrates on 

specifying real physical material properties for the parts that can be directly used by 

inexperienced users in creating functionally plausible 3D models. In our presented 

work, the parameters of the material encapsulate mechanical behavior of objects 

[227] that influences its functional performance. In this dissertation, the functional 

performance defined for the parts of the object are based only on the mechanical 

usage of the parts. The presented approach not only considers functional aspects, 

but also takes into account contextual location and shape similarity relations between 

different components of the 3D model for material assignment. This was because in 

engineering design the material is chosen not only due to the intrinsic properties of 

individual components, but also due to its compatibility with linked components [8]. 
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In our proposed approach, all 3D models are represented in mesh representation: a 

set of vertices and faces of a triangular mesh. However, such a representation proves 

ineffective for a direct comparison of two shapes [11]. Determining the similarity 

between 3D shapes is a fundamental task in shape-based recognition [178] and it is a 

major factor in determining appropriate material while using the presented approach. 

Multiple feature descriptors, which respect shape geometry and context have been 

proposed to quantify the similarity among a set of shapes. In this dissertation, work 

done by Hu et al. [79] is followed for determining shape descriptors for the objects and 

its constituent parts. A set of three feature descriptors that are highly informative 

have been used in the presented approach. These descriptors are Gaussian curvature 

[50] and Light Field Descriptor (LFD) [24]. All of these descriptors are defined and 

computed on surface mesh triangles. 

2.2 Intelligent Material Inspection Methods 

The significance of proposing intelligent material inspection methods is that this can 

lead the way toward in-situ monitoring and improving the manufacturing process. As 

the nature of the complex physical process, the analytical model is difficult to be es-

tablished. State-of-art real-time monitoring system focus primarily on implementing 

statistical analysis methods. For instance, Khanzadeh et al. [102] proposed to use 

melt pool images to inspect porosity during the building process. The melt pool im-

ages were converted into vectors by applying conventional image processing methods, 

such as rescaling, transformation, and interpolation. The vectors were then processed 

to predict porosity through unsupervised clustering method. Khanzadeh et al. [101] 
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further extended the porosity prediction work by applying the supervised learning 

machine methods (i.e. Decision Tree, K-Nearest Neighbor, Support Vector Machine, 

Linear Discriminant Analysis, and Quadratic Discriminant Analysis). Grasso et al. 

[60] attempted to automatically detect the defects by a machine vision system associ-

ated with principal component analysis (PCA) for statistical descriptor selection and 

k-means clustering for defect detection. They also further proposed an image pro-

cessing method [59] to extract area and intensity feature as quality indicators to be 

applied in process monitoring. However, these conventional statically methods mainly 

depend on the handcraft features extracted based on prior knowledge of experts. In 

contrast, intelligent deep learning based methods save the steps on image process-

ing and feature extraction. The methods can learn the features automatically from 

raw data. Recently, CNN based methods have shown out-performance in industrial 

manufacturing. 

Numerous work at the intersection of deep learning and the field of material infor-

matics has been reported recently. For example, Chowdhury et al. [29] compared com-

puter vision and machine learning methods for dendritic morphologies’ microstructure 

analytics. They found that the off-the-shelf CNNs represent microstructure image 

data well and yield the highest classification accuracies. Likewise, DeCost et al. [37] 

compared mid-level features approach [253, 135] and CNN-based image representa-

tions for steels SEMs dataset. The calculated image based features are fed into a 

Support Vector Machine (SVM) [33] for the final microstructures classification. The 

authors reported that the CNN-derived features consistently offer the best classifica-

tion performance. Besides, Kondo et al. [109] adopted CNNs to featurize ceramic 
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materials microstructures for prediction of their ionic conductivities. Azimi et al. 

[6] proposed a fully connected convolutional neural networks to make pixel-by-pixel 

classifications of phase in steel SEM images. The application of CNNs for classifica-

tion of seven different types of steel defects was described in [153, 215]. Compared to 

SVM classifier trained on commonly used feature descriptors, the CNN based method 

performs more than two time better. In summary, the researches on neural network 

have exhibited promising applications in the domain of materials science field. 

The degradation mechanism detection in organic solar cell during their operation 

is very important for their performance over the lifetime. Currently, a well-established 

methodology for quantifying the cracks does not exist. Most of the approaches deter-

mine whether solar cell was damaged or not, omitting the type of mechanism behind 

it. Moreover, most inspection is performed by human and requires approximately few 

minutes of a trained professional to fully inspect a single solar cell image. 

Of date, defect detection based on machine vision has been widely implemented 

in industry [137, 107, 188, 93] but for other applications. For example, Koch et al. 

[107] investigated decision trees and support vector machines (SVM) methods for the 

task of defect detection of concrete and asphalt civil infrastructure. These methods 

use fixed rules to select a subset of regions in the image, and then use handcrafted 

features to describe those selected regions as a feature vector before sending them 

to classifiers. Li et al. [132] proposed the principle components analysis (PCA) to 

analyze input images, in which the features could be obtained and then used to clas-

sify the test images. The defects were recognized and their sizes were measured by 

simply counting the number of pixels. Consequently, the extracted features may be 
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too primitive and the measured accuracy cannot satisfy the requirement of practi-

cal applications. In addition, some hand-crafted features require significant domain 

knowledge, effort, and often too much fine-tuning to make them work on a particular 

scenario. Instead, deep learning based approaches provide the advantage of learn-

ing discriminative representations from the data without the need for handcrafting 

features. And the discriminative representations might be difficult for humans and 

conventional supervised learning methods to notice or deduce. In addition, the afore-

mentioned approaches towards crack inspection are not an end-to-end paradigm. 

It is the unremitting success of deep learning techniques in image classification and 

object detection tasks that motivated researchers to explore the capabilities of such 

network for pixel-level labeling tasks, such as scene labeling [46, 185] and semantic 

segmentation [66, 70, 145]. Many different models have been proposed for seman-

tic segmentation [25, 173, 194, 7]. The most successful state-of-art deep learning 

techniques for semantic segmentation spring from a common breakthrough: the fully 

convolutional neural network (F-CNN) by Long et al. [145]. This network is trained 

to learn hierarchies of features, and the features are fused together to achieve a non-

linear, local-to-global feature representation, and allows for a pixel-wise inference. 

The F-CNN framework gained a significant improvement in segmentation accuracy 

over traditional methods on standard datasets like PASCAL VOC benchmark [45], 

while maintaining the efficiency of inference. 

Motivated by the good performance of F-CNN on segmentation tasks reported 

in the literature, and inspired by the ideas of flexibility in segmentation networks, 

we adapted the fully convolutional neural network specifically tailored for crack in-
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spection by adjusting the feature extraction and expansion structure, with the aim of 

improving the results on the challenge task of organic solar degradation mechanism 

detection. 

2.3 Material-oriented design and manufacturing 

schemes 

The current development in multi-material AM technology gives us the ability to make 

complex shapes with customized multifunctional material properties. A number of 

papers have been published on different aspects of the multifunctional material, such 

as functionally graded composites, the area of applications, and conventional pro-

cessing techniques [148, 226, 103]. Nevertheless, the multifunctional material object 

fabrication through additive manufacturing technologies has yet to be systematically 

addressed in any paper despite the importance and recent extensive progress in both 

the topics. A key focus of this dissertation is providing a design and manufacturing 

scheme for the state-of-the-art multi-material AM processes. 
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Chapter 3 

Probabilistic Factor Graph Based 

Approach for Automatic Material 

Assignments to 3D Objects 

There are strong corelations between material assignment, shape, and functionality of 

a part in an overall product/assembly. However, these strong corelations are rarely ex-

ploited for automated material assignment. We present a probabilistic graphical model 

to assign materials to the parts (components) of a 3D object (assembly) by identifying 

the relations between shape, functionality, and material of parts. By learning the con-

text dependent correlation with supervision from a set of objects and their segmented 

parts, the learned model can be used to assign real materials to the parts of a query 

object. Our primary contributions are a) the real materials definition and assignment 

and b) assigning materials based on the functionality and form of the parts in the 

object. The performance of the proposed computational approach is demonstrated by 
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results of material assignment on various query objects with pre-specified functional 

performance requirements. 

3.1 Introduction 

Form follows function is a deeply rooted principle in modern engineering design. Sim-

ply put, this principle states that the shape of a product or object should be primarily 

based upon its intended function or purpose. Similarly, we conjecture that a material 

follows form and function and develop a computational material assignment method 

to assign materials to parts (components) of a 3D object (assembly) automatically. 

To be an effective tool, a material recommendation tool should encapsulate various 

aspects. First, material selection is highly influenced by the functionality of the 

parts of the 3D model. Proper allocation of physical material properties based on 

functionality is very important, especially if the 3D model is to be used in the real 

world. For example, a chair is only useful if it remains stable and does not break 

(has a high safety factor) under target load distributions (Fig. 3.1). Second, the 

computational tool should assign materials based on the contextual location of parts 

in the 3D model. For example, leather is the more likely material to be used for the 

seat portion than for the leg of a chair. Third, the shape similarity of each part in 

the overall object also influences material selection. For example, all of the rollers of 

the chair are likely to be the same ABS plastic. 

Addressing these issues our work proposes an automated system based on a proba-

bilistic factor graph model for automatically assigning materials to different parts of a 

3D model. The proposed work is continuation/extension of the framework presented 
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Figure 3.1: Automatic material assignment: Office chair (a) input 3D model with 
desired functionality, (b) Result of our automatic material assignment process based 
on shape and functionality 

in Jain et al.[88]. Jain’s work originates in graphics domain where the assigned mate-

rial is focused on visual aspects without considering functionality aspect. In contrast, 

our approach concentrates on specifying real physical material properties for the parts 

that can be directly used by inexperienced users in creating functionally plausible 3D 

models. In our presented work, the parameters of the material encapsulate the me-

chanical behavior of objects [227] that influences its functional performance. The 

definition of functional performance is based on mechanical usage. 

3.2 Technical Approach 

Motivated by the concept of visual memex model [150], this paper proposes to store 

the constraints in the form of shapes relations, contextual relations, material, and 

functionalities relations. As shown in Fig. 3.2, the memex graph in the form of 

probabilistic factor graph is built for both the database objects and the query object 
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Figure 3.2: Technical approach overview 

[108]. The probabilistic factor graph is then used to conjecture material for the query 

object by computing the probability of assigning every possible material to each part. 

3.2.1 Definitions 

The objects that form our database objects are from Princeton Benchmark Database 

[207]. The database object O consists of T number of objects Ot(t = 1, 2, · · · , T ). 

After segmentation each of the object Ot is segmented into several parts OtPn. 

All of the parts of T objects can form a set P = {P1, P2, · · · , Pn, · · · , PN }. Each 

of the part Pn has a particular kind of material Mn which form the material set 

M = {M1,M2, · · · ,Mn, · · · ,MN }. The functionality for each of the parts is defined 

as Fn which forms a functionality set F = {F1, F2, · · · , Fn, · · · , FN }. The query object 

is denoted as Q̂ and has parts P̂ 
k(k = 1, 2, · · · , K). Furthermore, the functionality set 
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Figure 3.3: Segmentation and database memex graph example 

ˆ ˆ ˆ ˆF = {F̂ 
1, F2, · · · , Fk, · · · , FK } of the query object, which are decided by the user ac-

ˆ ˆ ˆcording to its usage, corresponds to the query part set P̂ = {P̂ 
1, P2, · · · , Pk, · · · , PK }. 

The unknown materials that should be assigned to each of the part are represented 

ˆas Mk. 

The input of the algorithm is a query object Q̂, whose parts P̂ 
k have unassigned 

material. The corresponding functionality F̂ 
k has been specified. The output is real 

ˆphysical material suggestion Mk for each query part. 
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3.2.2 Shape Similarity Metric and Contextual Relations 

In our algorithm, the measures for shape similarity and contextual relations are de-

fined similarly as in Jain [88]. However, to increase accuracy, we used a combination 

of Gaussian curvature (GC) [50] and Light Field Descriptor (LFD) [24] to identify 

shape similarity. GC (s1) characterizes shapes with a product of two principle curva-

ture. LFD (s2) is a visual-similarity based approach. These two measures are linearly 

combined to define overall dissimilarities, i.e., s = (s1 + s2)/2. We assume a Gaussian 

distribution for shapes that should be considered similar. The definitions of shape 

similarity for objects and parts are given by:� � 
−|s(Ot1 , Ot2 )|2 

ρobj(Ot1 , Ot2 ) = exp (3.1)
2σs(Ot1 , Ot2 )

2 � � −|s(Pni , Pnj )|2 

ρp(Pni , Pnj ) = exp (3.2)
2σp(Pni , Pnj )

2 

where σs and σp denote the standard deviation of |s(Ot1 , Ot2 )| and |s(Pni , Pnj )| for 

shapes that should be considered similar. The standard deviations are chosen such 

that resulting zero-mean Gaussian distribution captures the smallest τ = 5.0 percent 

of all of the shape dissimilarities. The threshold value τ can be adjusted to tune 

the similarity measure based on the number of components in the database. This 

causes the shape similarity measure to be close to one if the shapes are very similar. 

Otherwise, it is close to zero. 

The contextual relations encapsulate adjacency and spatial context information. 

Adjacency relationships define if two parts of an object are in contact or not. The 

adjacency is measured by computing the minimal spatial distance dmin between ni,nj 

points on components Pni and Pnj . An adjacency matrix is formed, and its element 
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dminvalue is one if two parts are in contact, i.e. is less than a threshold value. ni,nj 

Otherwise, the element value is zero. If the two parts pairings have similar spatial 

context, the probability of assigning similar material to the two pairings should be 

higher than those having very different spatial context relation. The spatial context 

similarity measure between the two pairs Pni , Pnj and Pnu , Pnv is defined by using 

dni,nj and dnu,nv , which are the Euclidean distances between the center of mass. The 

expression is given by: � � −|dni,nj − dnu,nv |2 

ρdist(dni,nj , dnu,nv ) = exp (3.3)
)22σd(dni,nj , dnu,nv 

where σd is defined in similar way as Equation (3.1). 

3.2.3 Material Similarity 

For measuring material similarity, a suitable material representation is necessary. The 

representation parameters are related to mechanical properties. They are Young’s 

modulus, yield strength, Poisson ratio, density, and thermal conductivity. They form 

a vector m(Mn) that defines the material for a given part Pn. We assume that the 

material distribution in a part is homogeneous. The actual values of the parameters 

are extracted from material selection charts [5]. These materials belong to eight main 

classes of materials that are widely used in industrial production. The eight classes 

are metal and alloys, ceramics, composite, rubbers, polymers, foams, porous ceramics, 

and wood. To balance the difference in order of magnitude of different parameters 

normalization was performed on the material values. Consequently, the values of 

these five parameters lie between 0.00 to 100.00. 
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The material dissimilarity between part Pni and Pnj is measured by the L2 distance 

|m(Mni ) − m(Mnj )|. Assuming a Gaussian distribution of the L2 distances, the 

material similarity measure is defined by: � � −|m(Mni ) − m(Mnj )|2 

ρmat(Mni ,Mnj ) = exp (3.4)
2σmat(Mni ,Mnj )

2 

where σmat is defined in similar way as Equation (3.1). 

3.2.4 Functional Similarity 

The functionality/performance of the part is related to the mechanical usage and 

geometrical properties of the part. Each part’s functionality is represented by a two-

element vector: one for load types such as a concentrated force, moment, etc. and 

the other for the maximum allowable load. One can incorporate multiple functional 

requirements to form a matrix to define functionality for parts as well. 

The functionality/performance of the database and query object is defined in 

different ways. The steps for defining functionality for database object is shown in 

Fig. 3.4. Given a 3D shape with material allocations, the maximum allowable external 

loads are predicted for one or few parts of the object based on its usage/performance. 

For example, Fig. 3.5(a) shows an office chair with predefined materials. The external 

load to be applied on the seat and back of the chair is empirically defined. To 

determine the maximum limit of the external load, several iterations of finite element 

analysis (FEA) are carried out. In FEA, the inbuilt default constraints are used 

to define boundary conditions. For example, in Creo, the boundary conditions can 

be defined in the form of planar constraints, pin constraints, and ball constraints. 
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Figure 3.4: Steps for defining the functionality for database object 

Through FEA, the Von Mises stress distribution map can be obtained as shown in 

Fig. 3.5(b). The magnitude of external load is updated iteratively until the object 

reaches its maximum Von Mises stress for any one of its part. This process helps 

in determining the maximum allowable external load on the object. It is then used 

to calculate maximum allowable loads on all the parts of the object through force 

analysis. The loads distribution on all the parts of the object is denoted as the 

functionality of the database parts. 

In the case of query objects, the steps for defining the functionality are shown 

in Fig. 3.6. Since the material information is unknown, it is not possible to perform 

FEA. The user provides functional performance information such as desired maxi-

mum external load according to their expected usage. Such information could be 

generated through the use of quality function deployment (QFD) method. Through 

force analysis, the loads distribution on all the parts of the object can then be de-

termined. The load requirements on each part of the query object are used as the 
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Figure 3.5: Database object: office chair (a) material allocation and the maximum 
allowable loads on the seat and seat back; (b) Von Mises stress (The yield strength 
of alloy steel is 6.20422e+008 N/m2̂) 

functionality definitions for the query object and its parts. Our algorithm automati-

cally provides material suggestions for all the parts of the query object. FEA analysis 

of query object was carried out to check whether the assigned materials have met user 

specified performance requirement. Fig. 3.7 illustrates the verification process for a 

query office chair. 

The functional similarity between the parts Pni and Pnj is denoted by 

ρfunc(Pni , Pnj ). The L2 distance |F (Pni ) − F (Pnj )| is the difference of maximum 

allowable loads with the same type. If the load types are different, the difference 

is set to be infinity. Assuming a Gaussian distribution of the L2 distances, the 

functional similarity is defined by: � � −|F (Pni ) − F (Pnj )|2 

ρfunc(Pni , Pnj ) = exp (3.5)
2σfunc(Pni , Pnj )

2 

where σfunc is defined in similar way as Equation (3.1). 
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Figure 3.6: Steps for defining the functionality for query object 

Figure 3.7: Verification process for the query object 

3.2.5 Memex Graph and Probabilistic Factor Graph 

The memex graph is set up for both the database objects and query object. For 

database objects, the memex graph can be expressed as G = (υ, Ed ∪ ES ∪ Em ∪ EF), 
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Figure 3.8: Query memex graph and factor graph example (This is continua-
tion/extension of Jain et al.[88]. For the query memex graph, functional similar-
ity edge is added which takes the functionality aspect of parts into consideration. 
Correspondingly, in the factor graph, a pairwise factor ψF is included. ) 

where υ = {P1, P2, · · · , PN }, Ed, ES, Em, and EF are spatial context edge, shape 

similarity edge, material similarity edge, and functional similarity edge respectively. 

These edges save the indexes of parts or objects which are considered as similar 

ˆthrough similarity measures. For query object, the memex graph is denoted as G = 

(υ,ˆ Ê 
d ∪ Ê 

S ∪ Ê 
F), where υ̂ consists of the index of all query parts, The edges are 

defined in a similar way as the database edges. There is no material similarity edge 

since materials are unknown for query object. 

ˆFor each vertex Pk in the query memex graph, a random element vertex was 

ˆcreated in the factor graph. The vertex is represented by the unknown materials Mk 

ˆ ˆfor the query part Pk. An unary factor φ is created and linked to Mk in the factor 

graph. The expression of φ is: 
NX 

φ(M̂ 
k) = ρmat(M̂ 

k,Mn)ρp(P̂ 
k, Pn)ρobj( ˆ ))ρfunc(P̂ 

k, Pn)O, O(Pn (3.6) 
n=1 
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The pairwise factors ψ are also created for the factor graph and linked to the 

corresponding edges in the query memex graph. 

For the query pair (ki, kj ) ∈ Ê 
d(i.e. two parts are in contact): 

ˆ 1 X � 
ψd(M̂ 

ki ,Mkj ) = ρmat(M̂ 
ki ,Mnu )ρmat(M̂ 

kj ,Mnv )|Ed| 
(nu,nv )∈Ed � 

( ˆ , Pnu ( ˆ , Pnv , dnu,nv Q, O(Pnu,v )) (3.7)ρp Pki )ρp Pkj )ρdist(d̂  
ki,kj )ρobj( ˆ 

For the query pair (ki, kj ) ∈ Ê 
S (i.e. the shape of two parts are similar): 

X 
ψS(M̂ 

ki , M̂
 
kj ) = 

1 
ρp(P̂ 

ki , P̂
 
kj )ρmat(M̂ 

ki , M̂
 
kj )|ES| 

(nu,nv )∈ES � � 
ρmat(M̂ 

ki ,Mnu )ρmat(M̂ 
kj ,Mnv )ρp(P̂ 

ki , Pnu )ρp(P̂ 
nj , Pnv ) (3.8) 

For the query pair (ki, kj ) ∈ Ê 
F (i.e. the two parts have similar functionality): 

X1ˆ ˆ ˆψF(M̂ 
ki ,Mkj ) = ρfunc(P̂ 

ki , Pkj )ρmat(M̂ 
ki ,Mkj )|EF| 

(nu,nv )∈EF � � 
ρmat(M̂ 

ki ,Mnu )ρmat(M̂ 
kj ,Mnv )ρfunc(P̂ 

ki , Pnu )ρfunc(P̂ 
kj , Pnv ) (3.9) 

3.2.6 Inference 

The joint probability distribution is formulated from factor graph with unknown 

ˆvariables Mk. The joint probability is the product of all the unary factors and pairwise 

factors, extended from Equation (8) of Jain et al. [88], given as: 
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Y Y1 
P (M̂) = φ(M̂ 

k) ψd(M̂ 
ki , M̂

 
kj )

α 

Z 
M̂ 

k ∈M̂ (ki,kj )∈Êd Y Y 
ψS(M̂ 

ki , M̂
 
kj )

β ψF(M̂ 
ki , M̂

 
kj )

δ (3.10) 

(ki,kj )∈ÊS M̂ 
k∈M̂ 

where Z is a normalizing constant. The exponents α=1.0, β=10.0 and δ=5.0 are 

the weighing parameters that the user can adjust according to the importance of each 

relationship. 

The goal of allocating materials to the query parts corresponds to obtaining ap-

propriate values of the random variables M̂ 
k to maximize the joint probability P (M̂ ). 

It is equivalent to assigning proper values to the random variable so that the marginal 

P (M̂ 
k) of the joint probability P (M̂ ) is maximized, i.e. Equation. (3.11). While com-

puting, a discrete set of values of the typical materials are assigned to the random 

variables so as to increase computational efficiency. 

� X � 
argmaxP (M̂ 

k) = argmax P (M̂) , ∀M̂ 
k ∈ M̂ (3.11) 

ˆ ˆMk Mk M̂ \ M̂k 

3.3 Test and Evaluation 

In the computation, time complexity grows exponentially with the number of dif-

ferent material combination and the increase in size of the database. To improve 

efficiency message passing algorithm was applied. Since the factor graph dealt with 

in this paper has cycles, loopy belief propagation, one of message passing algorithm 
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(MPA)[157] for cyclic factor graph was used [119]. MPA has demonstrated its ef-

ficiency in applications/domains with large state space, like signal processing, and 

digital communications [119]. In this algorithm, the messages are updated iteratively, 

and the marginal distributions are obtained using the products of all the incoming 

messages. By computing marginal, the material selection process is kept tractable 

even for query objects with a large number of parts and for many different material 

definitions. 30 materials were used for testing and evaluation. These materials were 

used to specify the material for 32 database objects (404 parts). The algorithm can 

easily scale in the case of large state space. 

The algorithm was tested on 12 query objects with 131 parts. These objects 

are from Princeton Benchmark Database and GrabCad website. Three query objects 

with top three material suggestions and their corresponding marginal probabilities are 

shown in Fig. 3.9. For example, for the seat of chair model, the marginal probability 

value shows that the probability of assigning flexible polymer foam as the material is 

0.9041, which is much higher than the probability of assigning other materials. 

Material recommendation results were validated by four material engineers (see 

Appendix). They judged the material feasibility by referring to Material Selection 

Charts [4]. Their goal (G) is to select a material which can satisfy the strength 

requirement (S) with minimum cost (C), and be processed easily in practice at the 

same time, i.e. Maximize G = S/(C × D) where D is the manufacturing difficulty 

coefficient. This objective criteria is partially reflected in the Strength-Cost plot 

provided in Material selection charts. The manufacturing difficulty is estimated by 

engineers based on shape complexity and processing complexity in industry. The 

36 



Figure 3.9: The marginal probability values for assigning different materials to chair 
seat, one-layer house roof and two-layer house roof. 

result is given in Table 3.1. On average, 111 parts out of 131 parts were considered 

to be acceptable. 

Result User 1 User 2 User 3 User 4 

Acceptable 102/131 115/131 112/131 120/131 
Not acceptable 29/131 16/131 19/131 21/131 

Average accuracy 84.4% 

Table 3.1: Statistical results 

Material allocations for nine other query objects are shown in Fig. 3.10 (detailed 

in Fig . 3.11 ) and 3.12. The material for deck of the scooter (Fig. 3.10 (g)) and 
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Figure 3.10: Material assignment results 

arms shoulder of the corkscrew (Fig. 3.10 (h)) was found to be incorrect. These 

parts are shown with red color. The improper material allocation was because shape 

complexity of the components and functionality requirement provided by the user was 

not presented in the similar parts of the database. The materials allocated to a bicycle 

3D model is listed in Fig. 3.12(b). Since our algorithm did not take into account the 

cost and processing technology the material, some of the material allocations for the 

bike is not acceptable according to engineers. For example, although titanium is 

an ideal material due to its low density and high strength, it is mainly used in the 

aerospace field because of its high cost. ABS rather than aluminum alloy is more 

preferred for pedal because of its general machining methods. 

Comparison with other material selection tools 

To show the effectiveness of our algorithm, we compare the result of material alloca-

tion for the bicycle model by our algorithm with two other online material selection 

tools: Quadrant [189] and CES selector [58]. 
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Figure 3.11: Material assignment results details 

The comparison is conducted from two aspects. The first evaluation aspect is 

customer effort score which is to monitor the effort customer have to expend when 

they implement these three methods on the bike example. Higher effort implies 

lower customer loyalty [225]. Four material engineers were invited to take the survey 
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Figure 3.12: Material assignment result on a bicycle model (a) model without mate-
rial, (b) result of automatic material assignment. 

and provide feedback. The comparison result is shown in Fig. 3.13(a). Users are 

more inclined to choose our method because of its convenience to apply. The second 

performance indicator is the engineers’ preference for the results obtained from the 

above three methods. Results in Fig. 3.13(b) shows that engineers have a little higher 

preference on the CES selector than ours. Higher preference for CES selector tool 

can be attributed to the fact that only 30 discrete materials are now available to 

choose by our method while CES selector can provide continuous variation of material 

properties in images. This can be alleviated by increasing the number of materials in 

our database. 

3.4 Conclusion and Discussion 

The objective of our approach is to automatically assign real plausible materials 

for the parts of the query object with predefined functionality. The geometric and 

functional properties of the parts are linked with the material allocation using memex 

graph and factor graph. The current implementation results show the feasibility 

of this approach. However, there is scope for further improvements. One obvious 

40 



(a) Mean customer effort score 
of four material engineers 

(b) Users preference on the 
material selection result 

Figure 3.13: Material selection tools comparison 

direction is to expand the database and include more complex objects. To elicit the 

robustness of the system further performance studies need to be performed by testing 

the system with complex multi-component query objects. 

Another area of improvement would be enhancing functional representation of 

our method. Functional representation in the form of functionality matrix that could 

represent different numbers and types of loads acting on the model at the same 

time would be useful. More work is also needed to incorporate accurate functional 

properties of objects and components. Instead of using estimated values, detailed 

FEA for all the parts in the database will be highly beneficial for accurately predicting 

the functional relations between parts of the query model and the database objects. 
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Furthermore, a powerful graphical user interface will be a valuable task. This 

interface should allow the user to import a 3D query model and run the proposed 

algorithm in the background and propose material suggestion in real time. The user 

should also have a choice to pick a suitable material for one or a few of the parts and 

the algorithm could automatically define materials for remaining parts of the objects. 
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Chapter 4 

Convolutional Neural Network 

Based Inspection of Metal 

Additive Manufacturing Parts 

Part quality inspection is playing a critical role in the metal additive manufacturing 

(AM) industry. It produces a part quality analysis report which can be adopted to 

further improve the overall part quality. However, the part surface quality inspection 

process puts heavy reliance on the engineer’s background and experience. This man-

ual process suffers from both low efficiency and potential errors and, therefore, cannot 

meet the requirement of real-time detection. In this paper, we look into a deep neural 

network, Convolutional Neural Network (CNN), towards a robust method for online 

monitoring of AM parts. The proposed online monitoring method relies on a deep 

CNN that takes a real metal AM part’s images as inputs and the part surface quality 

categories as network outputs. We validate the efficacy of the proposed methodology by 
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recognizing the “beautiful-weld” category from material CoCrMo top surface images. 

The images of “beautiful-weld” parts that show even hatch lines, appropriate overlaps, 

and acceptable amounts of surface porosity indicate a desirable feature quality of an 

AM part. The classification accuracy of the developed method using limited informa-

tion of a small local block of an image is 82%. The classification accuracy using the 

full image and the ensemble of model outputs is 100%. 

4.1 Introduction 

In the past decades, Additive Manufacturing (AM), widely known as 3D printing, 

has attracted noticeable attention from both industry and academia[236, 63]. AM is 

a manufacturing technology that fabricates 3D solid objects directly from computer-

aided design (CAD) data by adding materials in the fashion of layer upon layer. The 

technology offers the potential of manufacturing complex-shaped objects that are be-

yond the capabilities of more traditional manufacturing methods with less production 

time and cost. It allows for not only rapid prototyping but also fabricating fully-

functional parts serving in a variety of applications [224], including aerospace[222], 

automotive [214], biomedical [53, 199], and more. 

Among various AM processes, the ASTM-recognized AM methods are: material 

extrusion, material jetting, sheet lamination, vat photopolymerization, binder jetting, 

directed energy deposition (DED), and powder bed fusion (PBF) [61, 54, 241]. As 

processes and materials (e.g., plastic, polymers, composites, or metals) change, AM 

allows for creating components in sizes ranging from a 450 µm electronic kit [234] to 

an average-sized building. The focus of this present work is on AM of metallic parts. 

44 



Laser-based powder bed fusion (LPBF) technique is one of the most prevalent AM 

methods for manufacturing metallic parts. The LPBF process involves the spreading 

of metallic powder over previous layers. The layer to layer metallurgical bonding is 

accomplished by using a laser as the energy source. 

Most metal AM processes, like other additive manufacturing techniques, have 

largely remained an open loop process in the absence of rigorous process monitoring 

and diagnostic functionality [49]. However, the fabrication process of metal AM is 

governed by a large number of parameters; these parameters are sensitive to the 

environmental variations and influence each other. Hence, one of the key challenges 

in the productive deployment of open loop LPBF process is understanding how the 

process parameters (such as laser power, laser scan speed, hatch space) affect the 

build outcomes (surface porosity and flaws)? Fundamental to understanding these 

relations is dependent on defining “what is a beautiful-weld?”. “Beautiful-weld” parts 

would be the desired AM parts which show even hatch lines, appropriate overlaps, 

and acceptable amounts of surface porosity on the parts’ surface [57]. 

Currently, the optimum process parameters are selected using applied industrial 

statistical techniques, such as Design of Experiments (DoE), which although efficient 

from an experimental standpoint, the evaluation of response metrics are primarily 

a visually-intensive process that is costly and tedious, often requiring the manual 

examination and analyses of hundreds or even thousands of coupons produced by the 

controlled variation of process parameters. A coupon is a 3D printed sample part. 

The coupons are visually inspected by an engineer or technician skilled in the art of 

selecting beautiful-weld. The objective of this work is to explore applications of deep 
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learning methods for autonomous quantification of beautiful-weld in parts fabricated 

using LPBF process without significant human interventions. 

Overall, the primary contributions of this paper are: 

(1) A real-world dataset of high resolution images of ASTM F75 I CoCrMo based 

3D printed parts (Top surface images with magnification 63×) annotated with 

categories labels. We name this dataset UB-Moog (University at Buffalo and 

Moog) dataset, UB-Moog is a unique material informatics data repository that 

comprises of 6000 × 4000 high resolution images. The data can be accessed via 

this link: https://buffalo.box.com/s/13ccf2flyaqnlzfcx0egy2vfwm0ym3sv. 

(2) Development of a Convolutional Neural Network (CNN) based classification 

model for the supervised learning task of recognizing a “beautiful-weld”. 

We outline a CNN architecture and define its main parameters (such as 

convolution filters, the number of layers, and max-pooling). The model 

achieves 82.0% accuracy in the recognition task. The github code location 

is https://github.com/Binbin16/CNN-AM-Quality. 

(3) The classification accuracy using the full image and the ensemble of model outputs 

is 100%. 

In next section, we review related works in the area of deep learning based material 

informatics. In section 4.2, the creation of UB-Moog database is described. Section 

4.2 elaborates the creation of training data (input and output vector) and provides 

details pertaining to supervised learning task of recognizing a “beautiful-weld”. A 

brief overview of the whole approach is given in section 4.3. Section 4.4 describes 
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the developed CNN architecture underlying the classification model. The details 

pertaining to classification results are outlined in section 4.5. Finally, a conclusion 

is provided in section 4.6. 

4.2 Dataset 

Before laying out the proposed architecture in Section 4.4, this section provides de-

tails regrading the raw dataset, initial preprocessing, and the split fractions used for 

training, validating, and testing of the developed deep CNN classifier. 

UB-Moog Raw Dataset 

The presented study was conducted for the material ASTM F75 I CoCrMo. The 

image data set was prepared by the material scientists from Moog, Inc., Buffalo, 

New York. The data set consists of 162 micrograph images of AM parts with the 

resolution of 6000 × 4000 (pixels). The images were collected using Nikon SMZ800 

stereomicroscope under 63× magnification. The images capture the surface of various 

metal AM parts subjected to different AM process parameters. The varying process 

parameters include laser power (P ), laser focus diameter (d), scan speed (v), hatch 

distance (h), and layer thickness (t). The relation between these process parameters 

and the energy density is defined as E = P/(v × h × t)[62]. The energy density (E) 

is considered a key factor that affects the weld features of parts fabricated by LPBF 

processing. The quality of weld features is a reflection of the part surface quality. 

The quality of weld features of AM parts can be classified into three categorizes: 

under-melt, beautiful-weld, and over-melt, based on the respective micrograph image 
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and the computed energy density. Under-melt samples are attributed to insufficient 

energy for full melting, whereas excess energy causes over-melt samples. The energy 

density for beautiful-weld samples are just right. Feedback from the expert material 

scientists were used to label the 162 images in the dataset into one of the three 

weld quality categories. Three micrograph images, one from each category, and their 

associated energy density values are presented in Figure 4.1. As seen in Figure 4.1(a), 

insufficient energy results in a lack of melt pool overlap leading to several visible voids 

and sintered particles on the surface of the under-melt part. The surface topology 

for an over-melt part are shown in Figure 4.1(c). It can be seen that the melt pool 

width is enlarged at the high energy density. However, fewer voids are observed than 

the under-melt part. Subsurface porosity is created in over-melt parts due to extra 

heat generation [57]. The beautiful-weld sample in Figure 4.1(b) show even hatch 

lines and appropriate overlap. Although pores occasionally appear, they are fewer 

than the under-melt and over-melt samples. 

Preprocessing 

The images from the microscope are of high-resolution (6000 ×4000 pixels). Although 

training on high-resolution images could provide better classification accuracy, the 

computational cost is nonviable. Furthermore, the current dataset size of 162 images 

might not be sufficient to learn the model parameters well. Therefore, the images are 

split into blocks of size 300×300 pixels. In Figure 4.2, examples of image blocks from 

each of the three classes are shown. The 162 raw images from the UB-Moog dataset 

were processed to generate 34343 samples of 300 × 300 image blocks. Note that some 
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(a) Under-melt with E = 83.3 J/mm3 . 

(b) Beautiful-weld with E = 94.4 J/mm3 . 

(c) Over-melt with E = 118.1 J/mm3 . 

Figure 4.1: Examples of micrograph images and the associated energy density values 
from different categories of AM part surface quality(with hatch distance marked). 

blocks from the raw images were ignored as the raw images consist on redundant 

regions, such as in the top left corner (see Figure 4.1). These 300 × 300 color images 
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(a) Class 0: Under-melt sample. 

(b) Class 1: Beautiful-weld sample. 

(c) Class 2: Over-melt sample. 

Figure 4.2: A sample from each of the three classes in the dataset. (300×300 pixel) 

were then resized into 50 × 50 grayscale images to experiment with different input 

sizes. 

The three categories – under-melt, beautiful-weld, and over-melt – are encoded 

into class labels as 0, 1, and 2, respectively. The samples were shuffled and randomly 

split into a training set (30455 examples) and test set (3888 examples). The training 

set is further split into training samples (27409 examples) and validation samples 

(3046 examples). The performance of any deep learning model is highly correlated 

with the size and quality of dataset it is trained on. Therefore, to further increase 

the size of our training dataset and enhance generalizability of our model, we used 
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label-preserving transformations, specifically horizontal and vertical mirroring during 

training process. 

4.3 Methodology Overview 

In this exploratory study, we apply Convolutional Neural Network (CNN) based clas-

sification model for real-time recognition of additively manufactured part surface 

quality. Micrograph images of the surface of the AM parts are used to determine the 

part quality. Dataset of the images of LPBF AM parts with material ASTM F75 I 

CoCrMo is collected by material scientists from Moog, Inc., Buffalo, New York, USA. 

The dataset images consists of parts with distinct qualities due to varying process 

parameters and uncertainties in the manufacturing process. The dataset is labeled by 

expert material scientists and classified into three categories of weld quality – under-

melt, beautiful-weld, and over-melt. The labeled dataset is preprocessed to clean and 

generate train and test datasets. Preprocessing involves removing the redundant and 

unusable regions of the images, splitting the images into blocks, and resizing. Several 

different CNN architectures are trained and tested using the preprocessed data to ar-

rive at the optimal setting of hyper-parameters of the model. The hyper-parameters 

tuned include number of convolution layers, filter sizes, number of filters, size of fully 

connected layers, L2 regularization parameter, and dropout rate. To obtain a good 

estimate of generalized performance of the model, the test dataset is kept untouched 

during training. A fraction of training dataset is used for validation and identifying 

optimal hyper-parameter settings. Figure 4.3 shows the final architecture of the deep 
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CNN model obtained after several experiments. The details of the experiments and 

their results are provided in Section 4.5. 

Figure 4.3: Overview of the CNN model for autonomous recognition of LPBF part 
surface quality. 

4.4 Convolution Neural Network Architecture 

In this section, the general CNN architecture is outlined. The convolutional neural 

network (CNN) is a neural network inspired by the working principle of visual cortex 

in the human brain [238, 82]. It has been used for variety of purposes in computer 

vision literature, such as classification, detection, verification, and localizaton. In 

the presented work, we use CNN for classification. A classifier CNN architecture is 

commonly composed of three layer types, namely, convolutional layer, pooling layer, 

and fully-connected layer. 
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Convolutional layer (CONV layer): The CONV layer performs filtering of the 

input image x using a set of filters w, generating a set of feature maps z = sum(x∗w), 

where ∗ denotes the convolution. In order to model non-linearities of the mapping 

between input and output, the CONV layer is followed by a non-linear activation 

function. In our architecture, the Rectified Linear Unit (ReLU(z) = max(0, z) [127]) 

is used as the neuron activation function, as it performs well with respect to runtime 

and generalization error [167]. It also helps to alleviate the problem of vanishing 

gradient, i.e. the gradients decreasing exponentially through the layers. 

Pooling layer (POOL layer): The POOL layer receives feature maps and resizes 

them into smaller maps. The most favorable POOL layer choice is max-pooling, where 

each map is subsampled with the maximum value over p×p contiguous regions. Max-

pooling is performed as it introduces small invariance to translation and distortion, 

and leads to faster convergence and better generalization [153, 203]. 

Fully-connected layer (FC layer): After the CONV and POOL layers, there are 

usually a few FC layers. The FC layer performs a linear combination of the input 

vector with a weight matrix followed by a non-linear activation function (such as 

ReLU, sigmoid, or softmax function [169]). The final output of the FC layers is 

an N -dimensional vector that is equivalent to a categorical probability distribution, 

where N is the number of classes. The FC layers correlate high level features to 

possible classes and outputs the probabilities corresponding to each class being true. 

Training Process : The deep CNN architecture is trained with a supervised training 

procedure. Training is a crucial step as the architecture usually comprises of numbers 

of parameters in the order of millions and the performance of the system heavily 
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depends on well-trained parameters. The essence of the CNN is mapping the input 

images to output vectors. The input images and the true output classes make up the 

vector pairs of the training and test samples. The predicted output class is calculated 

with the architecture. The output error is obtained by comparing the true output 

with the predicted probabilities. For classification problems, categorical cross-entropy 

loss [230] is widely applied for evaluating the output error. The formula of cross-P 
entropy loss is: − Y 0log(Y ), where Y and Y 0 are predicated output and true output, 

respectively. The weight parameters are iteratively updated by backpropagation [74] 

with the objective of minimizing the loss. 

Hyper-parameter Tuning : A variety of hyper-parameters needs to be specified to 

design a CNN architecture, such as number of layers, size of layers, filter sizes, and 

regularization parameters. To identify optimal values of these parameters, several ex-

perimental architectures are built and trained. To prevent the model from overfitting 

on the train and test data and to obtain a good estimate of generalized performance, 

test data is not used during hyper-parameter tuning. The evaluation of model perfor-

mance for different settings of hyper-parameters is performed using the training and 

validation data only. The details of the experiments conducted for hyper-parameter 

tuning is described in Section 4.5. 

4.5 Results and Discussion 

In this section, results from our experiments conducted with different network archi-

tectures and hyper-parameters are presented. All the experiments in the presented 

work were conducted on a Linux OS with 12 × 2.66GHz Intel Xeon X5650 processor 
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cores and 2× Nvidia M2050 Tesla GPUs. The code was developed in Python 3.6.3 

using Tensorflow (version 1.4.1) and Keras (version 2.0.4). The objective of the ex-

periments was to find a good network architecture and its parameters, which results 

in the highest validation accuracy and would yield low generalization error for new 

data. The training time of the networks was also recorded and compared to iden-

tify faster networks that could be trained and deployed quickly. The training time 

includes the time for learning parameters of the network using training dataset and 

obtaining model’s performance on validation dataset. 

To easily describe the experiments conducted, a nomenclature, as specified in the 

Table 4.1, is used. Some parameters that were common across all experiments are 

described here. In all the architectures tested, the CONV layers were used with a 

stride of 1. Each CONV layer was followed by max-pooling layer with filter size 

of 2 × 2 and a stride of 2. Batch normalization (BN) was used for centering and 

normalizing the input layer and the activations of each CONV layer in the network. 

The momentum parameter for moving average in BN was set to 0.99 and a small 

value of � = 0.001 was added to the variance to avoid dividing by zero. A batch size 

of 512 was used. Each architecture is identified by a unique Model #. 

Input Size 

Input size is a critical factor in the performance of the CNN architecture. It affects 

both the accuracy and the computation time. Large input size provides more in-

formation but it may take longer for network to learn its parameters. Furthermore, 

more computation power is required to process large input. By resizing the input to 
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Nomenclature 

CONV Convolution layer with nx × ny/nf specifying the filter size (nx × ny) and 
the number of filters (nf ) used 

FC Fully connected layer with N denoting the number of units in the layer 
ARCH Concise representation of CNN architecture, sequence of CONV and 

FC layer dimensions between input and output layers 
EPOCH Number of passes over the dataset during training 

LR Learning rate used during training 
L2 L2 regularization, specified as Y (if used) or N (if not used) 

Y is followed by (λ) to specify the value of regularization parameter used 
Specified for CONV and FC layers independently as CONV | FC 
If Y (or N), then it is used (not used) in all corresponding layers 

DROPOUT Dropout, specified as Y (if used) or N (if not used) 
Y is followed by (r) to specify the value of dropout rate used 
Specified for CONV and FC layers independently as CONV | FC 
If Y (or N), then it is used (not used) after all corresponding layers 

Table 4.1: Nomenclature used to describe the network architecture and parameters 
used during the experiments. 

an appropriate smaller size, redundant information can be reduced leading to faster 

computations and similar performance in terms of accuracy. In our experiments, the 

original color image with input size of 300 × 300 × 3 and a resized grayscale image 

of input size 50 × 50 × 1 was tested. The network architecture and other parameters 

were kept constant for both input sizes to obtain a fair comparison. The results are 

presented in Table 4.2. It is evident that training with the input size of 50 × 50 × 1 

is significantly faster. The larger input size also decreases the learning speed. After 

16 epochs, the validation accuracy for 50 × 1 is higher than for 300 × 300 × 3. Thus, 

all the subsequent experiments were conducted with input image size of 50 × 50 × 1. 
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Network Architecture 

Network architecture plays a key role in learning distinctive features from the sam-

ples in the dataset. It also affects the computational performance of the system. 

In our experiments, two and three CONV layers were used. The CONV filter sizes 

and FC layer dimensions were also changed in the four different architectures tested. 

The results are presented in Table 4.3. It was observed that the validation accuracy 

is slightly better for simpler models (smaller number of learnable parameters). A 

possible reason for worse performance of complex model could be overfitting. As the 

model complexity increases, it fits better to the training dataset, but the performance 

on validation dataset declines demonstrating low generalizability. The loss and ac-

curacy plots for Model 4 in Figure 4.4 also demonstrate overfitting. In addition, the 

training time for complex models are higher than the simpler model. The following 

regularization experiments were conducted with architectures used in Model 3 and 4. 
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Figure 4.4: The accuracy and loss plots for Model 4. 
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Figure 4.5: The accuracy and loss plots for Model 11. 

Regularization 

To mitigate the problem of overfitting on training dataset, regularization could be 

used. Among the variety of regularization techniques available, we explored the use 

of L2 regularization and dropout. L2 regularization applies penalty on large network 

parameters and forces them to be relatively small [171]. Dropout refers to a technique 

where a fraction of randomly selected activations are ignored during training [216]. 

It helps to reduce overfitting by not allowing model to be heavily dependent on the 

output of one or a few neurons. We tested with various combinations of L2 regular-

ization and dropout in CONV and FC layers. The L2 regularization parameter λ and 

the dropout rate r was also varied. The training time and validation accuracy results 

of the 10 models trained are listed in Table 4.4. Comparing the validation accuracies, 

use of L2 regularization on CONV layers with λ = 0.01 and dropout on all layers 

with r = 0.25 proves to be most conducive for both network architectures. Figure 4.5 

show the loss and accuracy plots for Model 11. Note that the overfitting problem in 
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alleviated compared to Model 4 in Figure 4.4, but more fine tuning of regularization 

parameters and longer training is required to further improve performance. 

The performance of both network architectures in this experiment is very similar. 

Although the smaller network with two CONV layers results in slightly better vali-

dation accuracy and faster training time. Thus, the smaller network in Model 11 was 

used for fine-tuning the value of dropout rate with 300 epochs. The results are pre-

sented in Table 4.5. Model 18 with a validation accuracy of 81.9% outperforms other 

models. Figure 4.6 shows the loss and accuracy plots for all four models tested. The 

plots in Figure 4.6(a) and 4.6(b) show that the training and validation performance 

climbs till around 50-100 epochs and then plateaus. However, overfitting is observed 

in both models, with Model 17 displaying larger overfitting. Overfitting problem is 

reduced in Model 19 and 20 as can be seen in Figure 4.6(c) and 4.6(d). However, the 

learning is slow and the models have not converged even after 300 epochs resulting in 

low performance. Thus, Model 18 was chosen as our final model that converges fast 

and has high validation accuracy of 81.9%. 
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Final Architecture 

The final architecture shown in Table 4.6 contains 8 layers including the input and the 

output layer. There are two stacks of convolutional layers after input layer, each fol-

lowed by a max-pooling layer. The output from the last max-pooling layer is flattened 

and passed on to two stacks of fully connected layer, followed by a fully connected 

softmax output layer that renders the final prediction. Each of the intermediate layer 

CONV and FC layer uses ReLU activation function. As mentioned earlier, batch 

normalization was used with momentum parameter of 0.99 at the input layer and 

all CONV layers, L2 regularization with λ = 0.01 was used in all CONV layers, and 

dropout with r = 0.25 was used in all CONV and FC layers. The model was trained 

for 300 epochs with a learning rate of 0.001 and batch size of 512. 

The final model is evaluated on the test dataset to obtain an estimate of its 

generalization performance. The confusion matrix for the three classes is shown in 

Table 4.7. The classification accuracy on the test dataset is 82.0%. We believe that 

the accuracy is fundamentally limited by the dataset. To increase the size of the 

dataset, blocks of original micrograph images were used. The blocks were labeled 

in accordance with the original micrograph image label. However, the AM parts 

were produced with a series of processes, and the process uncertainties lead to the 

lack of texture consistency on the micrograph images. Therefore, local regions of a 

micrograph image from a class could have features similar to a different class. This 

accounts for misclassification of some blocks of micrograph images. Although the 

accuracy of 82.0% is not very high, it can be used to correctly classify the AM parts 

in almost all cases by the ensemble of model outputs on blocks of micrograph image. 
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Operation Filter Size/# of Filters Output Size (W × H × C) 

Input - 50×50×1 
CONV1 3×3/16, stride 1 50×50×16 

Max POOL1 2×2, stride 2 25×25×16 
CONV2 3×3/32, stride 1 25×25×32 

Max POOL2 2×2, stride 2 13×13×32 
FC1 -/256 256 
FC2 -/32 32 

Output -/3 3 

Table 4.6: Details of the final architecture of the network. 

Actual Class Labels Class 
PrecisionUnder-melt Beautiful-weld Over-melt 

P
re

d
ic
te
d

 L
a
b
e
ls

Under-melt 
1245 

84.3% 
105 

7.8% 
89 

8.3% 86.5% 

Beautiful-weld 
158 

10.7% 
1121 

83.7% 
162 

15.1% 77.8% 

Over-melt 
74 

5.0% 
113 

8.4% 
821 

76.6% 81.4% 
Class Recall 84.3% 83.7% 76.6% Accuracy: 82.0% 

Table 4.7: Confusion matrix of the final CNN architecture on test dataset. 

Ensemble 

In practice, the AM part surface quality inspectors are required to judge the quality 

of part based on the original full-resolution micrograph images. Hence, the proper 

performance indicator for our trained model would be its accuracy in labeling the 

original micrograph images. For this purpose, the outputs of our model for blocks of 

an image needs to be ensembled. In our ensemble approach, the fraction of number 

of blocks of image belonging to each class was determined. The class with the highest 

fraction of blocks was termed to be the class of the image. The ensemble output 

for six test images are presented in Figure 4.7. Different classes – under-melt (C0), 
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beautiful-weld (C1), and over-melt (C2) – are depicted in different colors in the figure. 

Consider image 1 with true class label of C1 as an example. The final CNN model 

outputs classes for all 144 blocks of the image. 5 blocks (3.5%) are classified as C0, 

121 blocks (84.0%) are classified as C1, and 18 blocks (12.5%) are classified as C2. 

Thus, the ensemble class output from our model is C1. Similarly, 27 test images 

(3888 blocks in test dataset) were tested and the ensemble classification accuracy of 

100% was obtained. Clearly, our model demonstrates excellent performance for AM 

part surface inspection. 

4.6 Conclusion and Discussion 

In this paper, we presented the application of deep learning framework for automated 

surface quality inspection of additively manufactured metallic parts. The UB-Moog 

dataset that includes micrograph images of real-world metal AM parts are used to 

train and test the developed deep learning model. Although manual visual inspection 

is a preliminary examination of the part surface quality, it is nontrivial to assess the 

quality through visual surface inspection, especially when inspecting large number 

of parts. Automating the visual surface inspection helps identify “bad” parts with 

undesirable surface quality before they are sent for further inspection, testing, or 

downstream processing. One of the main contributions of the paper is the develop-

ment of a deep CNN architecture that has demonstrated excellent performance in 

recognition of under-melt, beautiful-weld, and over-melt categories. To generate an 

appropriate architecture that can help to identify quality of weld features displayed 

on metal AM parts, we investigated several experimental architectures by varying the 
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input size and hyper-parameters which include number of layers, size of layers, filter 

size, and regularization strategy. The classification accuracy of the finally developed 

model using limited information of a small local patch of an image is 82%. However, 

using the full image and the ensemble of model outputs on its patches, the accuracy 

is estimated to be 100%. 

The presented results are very promising and demonstrate the applicability of deep 

learning methods in the material science field. There are multiple promising directions 

of future work. A possible direction of future work could be to enrich the UB-Moog 

dataset with data from more metal AM research laboratories. It would be interesting 

to expand the scope of the application of quality inspection to other materials (for 

example, titanium alloy). Using data from other comprehensive microstructural anal-

ysis tests, such as X-ray, radiography, and cross-sectional microscopy, CNN models 

could be developed to categorize parts based on bulk microstructure quality. In ad-

dition to quality inspection, deep learning could be employed for other applications. 

For instance, process recommendation is a possible attribute that the deep learning 

model could be trained to output. 

Ren et al. [192] reported that CNN based on PCA initialization, which uses 

the eigenvectors to initialize the convolutional filter kernels for the input layer, can 

slightly increase the classification accuracy. Exploring various feature extraction and 

feature selection methods for initializing the CNN architecture is a potential direc-

tion of future research. Some promising feature extraction and selection methods 

include multilinear PCA, vectorized PCA, histogram of oriented gradients, visual 

bag of words, analysis of variance (ANOVA), χ2 method, and Fisher score [29]. Un-
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supervised clustering techniques for extracting relevant information and recognizing 

latent patterns in the dataset is another possible avenue to future work. 
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(a) Model 17 

(b) Model 18 

(c) Model 19 

(d) Model 20 

Figure 4.6: Accuracy and loss plots varying with the number of epochs. 
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Figure 4.7: Quality inspection classification result of CNN architecture for six test 
images from AM production line. The three classed are depicted using different colors. 
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Chapter 5 

A Fully Convolutional Neural 

Network for Degradation 

Mechanism Detection in Organic 

Solar Cells 

Organic solar cells have the potential to become a low-cost and light-weight power 

source. However, relatively low efficiency and short-term stability are the main bot-

tlenecks towards their wide spread adoption. The short-term stability means the short 

lifetime of polymer solar cells. The short-term stability is mainly caused by the pres-

ence of several types of degradation mechanisms. The degradation mechanism detec-

tion is typically performed manually and is a tedious and error-prone process. In this 

work, we focus on automating the process of degradation mechanism detection through 

the use of a fully convolutional deep neural network architecture (F-CNN). The F-
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CNN architecture allows for automated inspection of cracks that appear on the surface 

of organic solar cells. The developed architecture achieves an end-to-end semantic seg-

mentation of the organic solar cells by applying a contracting path of convolutional 

blocks (encoders) followed by an expansive path of decoding blocks (decoders). The 

hierarchy of contextual features learned from the input images by encoders is recon-

structed to the pixel-level prediction of the input with decoders. The structure of the 

encoder and the decoder networks are thoroughly investigated for the multi-class pixel 

level degradation mechanism prediction for the organic solar cells. The developed F-

CNN framework is validated by reporting degradation mechanism prediction accuracy 

on organic solar cell dataset. 

5.1 Introduction 

Organic photovoltaic cells (OPVs) have gained considerable attention and witnessed 

significant development since the 1990s. OPVs are typically made of conjugated 

polymers [247]. The OPVs are attractive owing to a number of advantageous features 

such as low cost, lightweight, and enhanced mechanical flexibility. The low production 

cost combined with the flexibility of organic molecules marks the great promise of 

OPVs for a broad range of applications that spans flexible solar modules printed on 

almost any surface (e.g. windows) to liquid-crystal displays [134, 19]. 

Nevertheless, OPVs power conversion efficiency is lower compared to their inor-

ganic counterpart. Other important bottlenecks for its adoption are its stability and 

cost-effective processing [117]. The most common stability faults in OPVs are delam-

ination and surface crack formation. Stability faults lead to loss of power conversion 
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efficiency and reduced performance. In order to improve the continuous field opera-

tion, it is vital to understand the mechanism behind cracks formation. The first step 

toward this goal is to fabricate devices, test them under various conditions, inspect 

and characterize the degradation signature, i.e. cracks. Currently, the inspection is 

done manually by a trained professional. In this work, we propose an alternative ap-

proach, namely a deep neural network based automated computer vision methodology 

that can be used to automatically inspect the surface of OPVs to identify different 

classes of cracks. 

Deep learning, particularly convolutional neural network (CNN) has aroused 

rapidly growing interest from academia and industry due to its superior performance 

on various computer vision tasks. Propelled partly by the availability of big data and 

recent algorithmic developments, there is revolution underway in the computer vision 

domain. Recent developments in image understanding have progressed from coarse 

to fine level tasks. A coarse image inference problem is image classification (for 

example, identification of cat) from a single image [118, 220]. Object localization or 

detection [56, 55, 191] is a finer level inference that focuses on providing not only the 

classes but also centroid or bounding box of those classes. For example, a bounding 

box marking the location of a cat in an image belongs to object localization task. 

Semantic segmentation is an even finer level of inference problem [145] that makes 

predictions inferring labels for every pixel in an image (whether a given pixel in an 

image belongs to cat class of tree class). 

While previous work has attempted to address vision problems generally, this 

paper is concerned with the development of a semantic segmentation method that can 
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be used for automated organic solar cell degradation mechanism detection, i.e. crack 

inspection. In this paper, we outline the basic system components of an automated 

inspection system of OPVs. The automated computer vision is based upon a deep 

learning architecture that falls under the family of fully convolutional neural networks 

(F-CNN). Validation test demonstrates the high speed and accuracy of the proposed 

F-CNN architecture. 

Overall, the primary contributions of this paper are: 

(1) To the best of our knowledge, this is the first work employing fully convolutional 

deep learning approach for degradation mechanism detection. 

(2) The proposed F-CNN model is an end-to-end learning approach that is driven 

entirely by the organic solar cell data without employing any heuristic or hand-

crafted features. 

(3) Our proposed model uses an encoder-decoder configuration which is tailored for 

the task of organic solar cell crack inspection. The pixel level class prediction 

accuracy is close to 92.8% and it has highly competitive testing time (2.1s per 

image). 

The outlined approach and networks can also potentially be used for segmentation 

and identification of other cracks types and can be easily adopted to develop different 

(other than OPVs) material class inspection systems. In the next section, we review 

related works in the area of defect inspection and deep learning methods. In section 

5.2, the dataset creation process is described. Section 5.3 elaborates the developed 
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F-CNN architectures. The details pertaining to the prediction results are outlined in 

section 5.4. Finally, a conclusion is provided in section 5.5. 

5.2 Dataset 

This section provides details regarding the raw dataset, initial preprocessing, and the 

split fractions used for training, validating, and testing of the developed deep CNN 

architecture. 

5.2.1 Organic Solar Cell Raw Dataset 

The OPVs image dataset was curated by material scientists from Case Western Re-

serve University. The data set consists of 34 varying resolution images of organic 

solar cells. The images were collected using PAX-it PAXcam camera. The images 

capture the surface of various organic solar cells subjected to four weather exposures, 

i.e. two accelerated exposures with 8 steps of 500 h and two real-world exposures 

with 6 steps of 2 months [105]. 

In practice, different types of surface patterns are observed in organic solar cells 

(Figure 5.1). The observed patterns can be mainly grouped into six categories: no-

cracking, parallel, delamination, transverse-branching, longitudinal-branching, and 

mudflat. The no-cracking region refers to the region with absence of any types of 

cracks (Figure 5.1(a) and 5.1(b)). The no-cracking regions are desirable and are not 

a defect mechanism pattern. The parallel cracks shown in Figure 5.1(a) and 5.1(c) 

are the cracks are that are oriented parallelly in the vertical direction (or along Y-

axis of the image). The large-scale loss of adhesion leads to pieces of the inner layer 
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to fall off and in turn leads to the de-lamination regions as shown in Figure 5.1(b). 

The transverse-branching cracks are crack patterns that are perpendicular to parallel 

cracks (horizontal direction or along the x-axis). If there are branches on the parallel 

cracks, and the branches are in the same direction with the parallel cracks, the type 

of branch crack is annotated as longitudinal-branching. The cracks are labeled as 

mudflat cracks when the branches of the cracks are oriented in multiple directions. 

The examples of transverse-branching, longitudinal-branching, and mudflat are shown 

in Figure 5.1(c) and 5.1(b). 

To train the F-CNN networks (details described later), all the dataset images 

are labeled manually. The image annotation tool Labelme [197] is used for labeling 

purposes. The tool allows users to annotate a class by clicking along the boundary of 

the desired class and indicating its identity. In Figure 5.1, the raw dataset images are 

shown in the first row. The second row images indicate the corresponding manually 

annotated images of various crack regions using Labelme. The annotated images are 

considered as ground truth labels of the raw images. 

5.2.2 Preprocessing 

The images obtained from OPVs degradation mechanism experimental setup are of 

different resolution. Furthermore, the initial dataset size of 34 images is relatively 

small and is insufficient to train F-CNN models. Therefore, the initial sets of images 

are split into image blocks of size 320× 480 pixels. In Figure 5.1, the first row shows 

examples of the image blocks obtained after splitting. The initial set of 34 images 

were processed to generate 286 image block samples that are 320 pixels wide and 480 
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(a) No-cracking and parallel (b) Delamination and mud- (c) Transverse-branching, 
crack examples. flat crack examples. longitudinal-branching, and 

parallel crack examples. 

Figure 5.1: Examples of organic solar cell images with different categories of crack. 

(a) Orignial image (b) Horizontal mirroring (c) Vertical mirroring 

Figure 5.2: An example of the label-preserving transformations step. 

pixels high (320×480). The 286 image blocks with manually labeled surface regions 

are considered the whole dataset (I). 

The six categories - no-cracking, parallel, delamination, transverse-branching, 

longitudinal-branching, and mudflat -are encodes into class label as 1, 2, 3, 4, 5, 

and 6, respectively. We added the rest region of the image as background and anno-
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tated it as class 0. Therefore, there are in total seven classes(N = 7). For training and 

evaluation of the network, the dataset I were shuffled and randomly split into three 

non-overlapping sets, namely a training set IT rain (170 examples), a validation set 

IV ald (73 examples), and a test set IT est(43 examples). The performance of any deep 

learning model is highly correlated with the size and quality of dataset it is trained on. 

Therefore, to further increase the size of our training dataset and enhance general-

ization of our model, we used label-preserving transformations, specifically horizontal 

and vertical mirroring during training process. Figure 5.2 illustrates the horizontal 

and vertical mirroring results for one example image. 

5.3 Fully Convolutional Neural Network Architec-

ture Development 

Motivated by recent development and the performance of F-CNN based semantic 

image segmentation applications, we adapted the F-CNN architecture specifically for 

crack inspection of organic solar cells. The adaption required several architectural 

modifications to core F-CNN model [145]. A schematic overview of the network struc-

ture is outlined in the subsection 5.3.1. The constituent layers of the architecture are 

detailed in subsection 5.3.2. The implementation details are discussed in subsection 

5.3.3. 
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5.3.1 Methodology Overview 

The network architecture of the developed F-CNN for OPVs degradation mechanism 

detection is illustrated in Figure 5.3. The proposed network consists of an encoding 

part and a decoding part. In the encoding part, high-level abstract features maps or 

representations are extracted from input images. The extraction is achieved through 

applying a series of convolutional and pooling layers. In the decoding part, the 

abstract features are gradually reconstructed to the pixel-level prediction of the input 

images. The reconstruction is accomplished through relaying the intermittent feature 

representations from encoding part to decoding part through concatenation layers, 

detailed in subsection 5.3.2. The individual constituent layers of the architecture are 

detailed in the following subsection. 

Nomenclature 

CONV: nf @nx × ny, s = D Convolution layer with the number of filters nf , filter size nx × ny , 
and stride D used 

POOL: np × np, s = D Max pooling layer with filter size np × np and stride D 
Drop: λ Dropout, with drop probability λ 
EPOCH Number of passes over the dataset during training 

LR Learning rate used during training 
UPSAMPLING: nf @nx × ny, s = D Upsampling layer with the number of filters nf , filter size nx × ny , 

and stride D used 
N Total number of classes �

Feature fusion 

Table 5.1: Nomenclature used to describe the network architecture and parameters 
used during the experiments. 
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Figure 5.3: Overview of the F-CNN model for autonomous recognition of crack classes. 
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5.3.2 Constituent Structures 

Encoder Structures 

The Convolutional layer (CONV layer): is the basis building block of a deep neural 

network model. The CONV layer performs 2D convolution of the input image using 

a set of filters W , generating a set of feature maps h. Mathematically, the operation 

can be expressed as follows: 

h = W ∗ X + b 

where b denotes the bias of the filter, and ‘∗0 represents the convolution operation. 

Activation Function (ReLU layer): To model the non-linearities of the mapping 

between input and output, each convolutional layer is followed by a non-linear acti-

vation function. In general, the Rectified Linear Unit (ReLU(h) = max(0, h)) is used 

as the neuron activation function, as it performs well with respect to runtime and 

generation error[167]. 

Pooling Layer (POOL layer): The POOL layer receives feature maps and resizes 

them into smaller maps. The most favorable POOL layer choice is max-pooling, 

where each map is subsampled with the maximum value over np × np contiguous 

regions. Max-pooling is performed as it introduces small invariance to translation 

and distortion, and leads to faster convergence and better generalization [153, 203] . 
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Figure 5.4: Upsampling layer and feature fusion. 

Decoder Structures 

Upsampling Layer (UPSAMPLING): Upsampling is a procedure to connect coarse 

outputs to dense pixels through interpolation. F-CNN-based architectures make use 

of learnable upsampling filters to upsample feature maps. The upsampling kernels 

are learned through the usage of transposed convolution (deconvolution) [?], in which 

zero paddings and stride are specified to increase the size of feature maps instead. 

Figure 5.4 illustrates the upsampling process through deconvolutional layer. 

Feature Fusion: It is a way to add context information to a fully convolutional 

architecture for segmentation. As demonstrated in Figure 5.4, the upsampled feature 

maps generated by the deconvolutional layer are added elementwise to the corre-

sponding feature maps generated by the convolutional layer in the encoder. 

Training Process 

The essence of the network is to represent a complex end-to-end mapping function that 

transforms the input image to its corresponding crack location image. The network is 
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consecutively trained with batches, which are a set of examples from the training set 

IT rain. For the batch examples {Xi}, the output of the network is predicted multi-

class image {Yi}. The output error is obtained by computing the deviation (error) 

of the network outcome with the desired ground-truth {Y 0}. The categorical cross-i 

entropy loss[230] is applied for evaluating the output error. The cross-entropy loss is 

defined as: 

X 
Loss = − Yi 

0log(Yi) 

where Yi is a function of the input image {Xi} and the network parameters (i.e. 

W and b). The network parameters are iteratively updated using backpropagation 

[128, 74] with the objective of minimizing the loss. Adam is used as the optimization 

method [104] as it offers faster convergence than the standard stochastic gradient 

descent method. 

To easily describes the implementation details, a nomenclature, as specified in the 

Table 5.1, is used. 

5.3.3 Implementation Strategies 

Data balancing strategy 

In our dataset, the seven classes are represented by significantly different numbers 

of pixels. The unbalanced data representation can cause the learning algorithm to 

become biased towards the dominating class[73]. In order to balance the different 

81 



crack class frequencies and thus their contribution to the loss function, we introduce 

weighting coefficients η for each semantic class. The coefficient is defined as: 

PN−1 pi
αi = i=0 

pi 

αi
ηi = PN−1 

i=0 αi PN−1where pi is the number of pixels belong to class i in the training set, and i=0 pi is 

the total pixel count over all classes. 

In conjunction with the above definition of Loss, the loss function is updated to 

the weighted loss function defined as: 

Lossweighted = η × Loss 

In this way, the importance of sparse classes in which the mask is small in terms of 

pixel area are no longer overlooked. 

Regularization strategy 

Since the network architecture is deep and the availability of data is limited, regular-

ization could be used to mitigate the generalization test error of the algorithm [175]. 

In this paper, regularization is any modification that is intended to improve the per-

formance of the learning algorithm. Among the variety of regularization techniques 

available, we applied L2 regularization and dropout. L2 regularization applies penalty 

on large network parameters and forces them to be relatively small [171]. Dropout 

refers to a technique where a fraction of randomly selected activations are ignored 
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during training. It helps to reduce overfitting by not allowing model to be heavily 

dependent on the output of one or a few neurons. According to Srivastava et al. 

[216], Gaussian dropout could perform better than the classical Bernoulli dropout. 

The use of Gaussian dropout equivalent to adding a Gaussian distributed random 

variable with zero mean and standard deviation. The Gaussian dropout is defined as 

follows: 

r 
λ 

Drop = , λ ∈ (0, 1)
1 − λ 

where p is the drop probability. 

We utilized L2 regularization and Gaussian dropout regularization strategies dur-

ing the training of the proposed architecture. The L2 regularization is applied after 

each activation function. Dropout is added after the last two convolution layers. As 

shown in Figure 5.3, λ = 0.5 is added after the convolutional layers which have 1024 

kernels. 

Evaluation strategy 

To assess the performance of different architectures, we computed the well-known 

metrics: the pixel accuracy, mean Intersection over Union (meanIU), and the per-

class accuracy [35]. To explain the equations used to compute above mentioned 

metrics, the following notational details is usel: N the number of classes, pij is the 

number of pixels of class i inferred to belong to class j. Thus, pii represents true 

positives which is the number of pixels that are correctly classified, while pij and 

pji are interpreted as false positives and false negatives respectively. False positive 
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denotes the number of pixels which are wrongly classified, and the false negative 

represents the number of pixels which are wrongly not classified. 

(i) Pixel Accuracy : it is a metric computing a ratio between the amount of correctly 

classified pixels and the total number of pixels. 

PN−1 
i=0 piipixelAcc = PN−1 PN−1 

i=0 j=0 pij 

(ii) Mean Intersection over Union(meanIU): it measures the intersection over the 

union of the labeled segments for each class and reports the average. It computes 

the ratio between the number of true positives (intersection) and the sum of true 

positives, false negatives, and false positives (union). 

N−1X1 pii
meanIU = 

N 
i=0 

PN
j=0 
−1 pij + 

PN
j=0 
−1 pji − pii 

(iii) Per-class accuracy : this is simply the proportion of correctly labeled pixels in 

a per-class basis. The perClassAcc for class i is defined as: 

PN 

p 
− 
ii 
1

perClassAcci = 
j=0 pij 

In addition, the execution time is also an important aspect that needs to be 

evaluated to assert the validity and usefulness of a system. In our framework, we 

focus on developing a system that can provide high prediction accuracy. Therefore, 

the evaluation metrics are placed more emphasis than the execution speed in our 
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system. The execution time is also provided as a reference for further improvement 

of the system. 

5.4 Results and Discussion 

In this section, results from our experiments conducted with different encoder and 

decoder structures are presented. The objective of the experiments was to find a good 

network architecture, which results in the highest validation accuracy and would yield 

low generalization error for new data. Different encoder and decoder architectures 

are explored in this section to arrive at the final architecture detailed in subsection 

5.4.3. All the experiments in the presented work were conducted on a Linux OS with 

12× 2.66GHz Intel Xeon X5650 processor cores and 2× Nvidia M2050 Tesla GPUs. 

The code was developed in Python 2.7.13 using Theano (version 1.0.2) and Keras 

(version 2.2.0). 

5.4.1 Encoder Structure Development 

Encoder architecture plays a key role in learning distinctive features from the input 

dataset. It also affects the computational performance of the system. To develop 

an encoder architecture on the task of crack inspection, we evaluated the proposed 

F-CNN model P and two other models. The architecture of the two models (Model A 

and B) are as shown in Figure 5.5. In the three different architectures, the number of 

CONV layers were changed. The model A, B and our proposed model P used 6, 13, 

and 16 layers of CONV respectively. The last convolution layer is added to facilitate 

the prediction of the decoder to the N categories. 
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The accuracy and loss plots for model A, B, and proposed Model P are presented 

in Figure 5.7. The evaluation results on test data are listed in Table 5.2. The 

time shown in the table is the training and validation time. It was observed that the 

test accuracy is better for complex models. A possible reason for the better perfor-

mance of the complex model could be attributed to the complexity of features. As 

the complexity of crack features, the encoder structure needs to include more number 

of convolutional layers to extract more abstract contextual features from input im-

ages for the following pixel-level prediction. It is worth noting that as the accuracy 

increases, the computing time also increases since more number of parameters were 

trained in the system. Therefore, we did not enhance the complexity of the model 

anymore. The accuracy and loss plots also demonstrate that the training and valida-

tion accuracy of Model P climbs faster than Model A and B. Thus, the Model P was 

chosen for further improvement of our system. 

5.4.2 Decoder Structure Development 

Apart of the importance of encoder part of the architecture which produces low-

resolution image representations or feature maps, the role of decoder part is also 

significant as it maps those low-resolution images to the pixel-wise predictions for 

segmentation. Two more different decoder structures, i.e. Model C and D in Figure 

5.6, are investigated in our experiment. The variation among Model C, D, and our 

proposed Model P is on the number of upsampling layers and feature fusion times. In 

model C, we upsampled the last convolution layer, fused the feature information with 

the fourth pooling payer feature maps, and then upsampled to the size of the input 
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Figure 5.5: Model A and Model B architectures 

image for pixel prediction. While in model D, more intermittent feature represen-

tations from encoding part learned from the input images are concatenated into the 

decoding part for inference. The accuracy and loss plots for training and validation 

dataset are presented in Figure 5.7. The test result are listed in Table 5.2. It is 
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Figure 5.6: Model C and Model D architectures 

obvious that model P is predominant in both the test accuracy and training time. 

Therefore, model P was chosen as our final model. 
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(a) Model A accuracy plot (b) Model A loss plot (c) Model B accuracy plot 
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(g) Model D accuracy plot (h) Model D loss plot (i) Model P accuracy plot 
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Figure 5.7: Accuracy and loss plots varying with the number of epochs. 
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Parameters Model # Pixel Accuracy Mean IU Time (h:m:s) 

EPOCH: 50 
LR: 0.001 

A 
B 
C 

45.5% 
62.6% 
61.0% 

17.8% 
20.2% 
22.4% 

6:47:56 
10:58:38 
23:38:36 

D 53.3% 21.5% 25:01:49 
P 79.6% 49.7% 15:28:10 

Table 5.2: Experimenting with different encoder and decoder structures. 

0 25 50 75 100 125 150 175 200
Epoch

0.0

0.2

0.4

0.6

0.8

1.0

Ac
cu

ra
cy

Model accuracy

Train
Vald

0 25 50 75 100 125 150 175 200
Epoch

0
2
4
6
8

10
12

Lo
ss

Model loss
Train
Vald

Figure 5.8: The accuracy and loss plots for our Final Model. 

5.4.3 Final Architecture 

The final architecture shown in Figure 5.3 contains 16 stacked convolution layers and 

two feature fusion and three upsampling layers. Each convolution layer is followed 

by ReLU activation function. The architecture has roughly 41.4 million parameters 

to be estimated. Such a high-dimensional model is prone to overfit on the relatively 

small organic solar cell datasets under consideration. To mitigate overfitting, we ap-

plied data augmentation during data preparation and L2 regularization after each 

convolution layer and Gaussian dropout on last two convolution layers during train-

ing. In the decoding part, we fused the feature information extracted from the last 
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convolution layer with feature maps obtained after the third and fourth pooling layer 

for image prediction. 

The final architecture is evaluated for 200 epochs to obtain an estimate of its 

generalization performance. The ultimate model accuracy and loss plots are presented 

in Figure 5.8. The plots show that the training and validation performance climbs 

till around 125 epochs and then plateaus. Although a little overfitting is observed 

in the last 50 epochs, the trained model is acceptable for classification task at hand. 

The evaluation results on test data are shown in Table 5.3. The final pixel level 

class prediction accuracy achieved by the trained model is 92.8% with mean IU of 

72.5%. Clearly, our model demonstrates good performance for crack inspection of 

organic solar cells. Six examples of test images, and corresponding manual labeled 

image, and predicted outputs using the trained Model P are presented in Figure 5.9. 

The different colors in the second and third column indicate different crack classes as 

shown in the color bar in Figure 5.9. The predicted different crack types and locations 

are almost the same as the manual labeled classes. 

Class Per-Class Accuracy 

0. background 
1. no-cracking 
2. parallel 
3. delamination 

47.1% 
96.4% 
94.8% 
89.7% 

4. transversal-branching 
5. longitudinal-branching 
6. mudflat 

72.6% 
89.7% 
91.2% 

Pixel Accuracy: 92.8% Mean IU: 72.5% 

Table 5.3: Class accuracy of final architecture of the network. 
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(a) Test Images (b) Ground Truth Images (c) Predicted Images 

92Figure 5.9: Six examples of crack inspection task performed on the test images using 
the trained Model P. The different colors in the (b) and (c) column images indicated 
different crack classes shown in the color bar. 



5.5 Conclusion and Discussion 

In this paper, we demonstrated the utility and efficacy of a fully convolutional neural 

network architecture for degradation mechanism detection of organic solar cells. The 

dataset collected and characterized at Case Western Reserve University were used to 

train and test the models. One of the main contributions of the paper is the develop-

ment of an F-CNN model that has demonstrated excellent performance in the task of 

identifying different types of OPVs degradation mechanism detection. The proposed 

architecture is developed by varying the encoding and decoding configuration. The 

pixel level prediction accuracy of the developed F-CNN model is close to 92.8% and 

the test time per image is 2.1 second. The presented results are very promising and 

demonstrate the applicability of the fully-convolutional network in defect detection 

domain. 

There are multiple promising directions for future work. A possible direction 

of future work could be exploring the divergences in decoding part. For example, 

Segnet [7] uses max-pooling indices from the corresponding encoder stage to achieve 

the upsampling. It would also be interesting to investigate the methods that could 

integrate global context information of the image, such as dilated convolutions [26], 

and multi-scale aggregations[249]. Extending the proposed defect detection to other 

material domains (inorganic and non-photo-voltaic materials) is also a promising 

direction of work. 
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Chapter 6 

Additive Manufacturing of 

Functionally Graded Material 

Objects: A Review 

Functionally graded materials (FGM) have recently attracted a lot of research atten-

tion in the wake of the recent prominence of additive manufacturing (AM) technolo-

gies. The continuously varying spatial composition profile of two or more materi-

als affords FGM to possess properties of multiple different materials simultaneously. 

Emerging AM technologies enable manufacturing complex shapes with customized mul-

tifunctional material properties in an additive fashion. In this paper, we focus on pro-

viding an overview of research at the intersection of AM techniques and FGM objects. 

We specifically discuss FGM modeling representation schemes and outline a classifi-

cation system to classify existing FGM representation methods. We also highlight the 
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key aspects such as the part orientation, slicing, and path planning processes that are 

essential for fabricating FGM object through the use of multi-material AM techniques. 

6.1 Introduction 

Functionally graded material (FGM) objects belong to heterogeneous objects that 

are characterized by gradually varying multiple phase properties (i.e., microstruc-

ture and mechanical properties, etc.). Heterogeneous objects refer to objects with 

different material compositions or structures. Some of the typical examples of het-

erogeneous objects are objects with functionally graded material (FGM) distribution, 

multi-material objects, embedded sensors/actuators, micro-electro-mechanical sys-

tems (MEMS) devices, porous structures, and composites [123, 152]. In this paper, 

we use terms multi-material and FGM interchangeably for convenience. 

FGM objects have found wide applications in domains such as aerospace [148, 

40, 151, 75], medicine[148, 186, 154, 235, 177], energy [162, 172], and optoelectron-

ics [149, 98, 179, 140]. Aerospace structures require materials to have high specific 

strength along with high service temperature. The capability of FGM of incorporat-

ing several contrasting functions into a single material makes it suitable for use in 

aerospace structures [139, 122, 1, 174, 156]. For example, an FGM made of ceramic 

and metal provides thermal protection and load carrying capability in one object 

thus eliminating the problem of cracked tiles found on the space shuttle [32]. Fur-

thermore, functional gradients are also observed in human organs and tissues. FGMs 

were fabricated for bio-medical application, especially for an artificial bone implant 

for medical use, artificial tooth implant for dental use [235], and tissue engineering 

95 



scaffolds [186, 129, 223, 30]. For example, depending on the necessity of implants, 

the composition change, from 100% biocompatible metal Ti to fully concentrated 

ceramic hydroxyapatite (HAp) could control the functions of mechanical properties 

and biocompatibility. FGM are also developed for energy conversion applications 

[72, 97, 176]. They are not only applied to devices such as turbine blades in gas 

turbine engines but also devoted as a thermoelectric converter for energy conserva-

tion. FGM is also widely used in optoelectronic devices, for example, anti-reflective 

layers, fibers, FRIN lens, sensors, and other passive elements made of dielectrics 

[243, 242, 65]. 

A number of review papers have been published on different aspects of FGM, such 

as functionally graded composites, the area of applications, and conventional process-

ing techniques [148, 226, 103]. Nevertheless, the FGM object fabrication through AM 

technologies has yet to be systematically addressed in any review despite the impor-

tance and recent extensive progress in both the topics. The current development in 

multi-material AM technology gives us the ability to make complex shapes with cus-

tomized multifunctional material properties. A key focus of this review is providing 

an overview of the state-of-the-art multi-material AM processes. 

The multi-material manufacturing capabilities have far outpaced the modeling 

capability of design systems to model and thus design novel FGM objects. Limited 

modeling and lack of suitable representation techniques for modeling and represent-

ing FGM objects hinder our ability to leverage the full capabilities of FGM objects 

creatively. Therefore, the second focus of this review is to provide an overview of 

modeling and representation of FGM objects. Additionally, additively fabricating 

96 



a quality FGM object necessitates careful consideration of important aspects such 

as the part orientation, slicing, and path planning processes. The process planning 

considerations at the intersection of FGM and AM is the third critical issue that is 

discussed in this paper. 

In this paper, the contents are organized in the following order. In Section 6.2, 

state-of-art multi-material AM techniques are briefly reviewed. Section 6.3 of the 

paper summarizes the FGM object representation and modeling techniques. Three 

main aspects of process planning of AM based FGM object fabrication, i.e., part 

orientation, slicing, and path planning, are discussed in Section 6.4. In the last 

section, the conclusion and future research direction are presented. 

6.2 Manufacturing Techniques for FGM Objects 

The wide range of applications enabled by the FGM objects necessitates the develop-

ment of low cost and high-efficiency manufacturing techniques. There are a variety 

of manufacturing techniques for fabricating FGM objects. One way to categorize 

these techniques is based on the type of FGM objects manufactured by them [103]. 

Mahamood et al. [148] classified the FGM objects into two groups — thin FGM and 

bulk FGM. 

The thin FGM is usually in the form of surface coatings. They are usually pro-

duced by vapor deposition techniques (such as sputter deposition, chemical vapor 

deposition (CVD) and physical vapor deposition (PVD)), plasma spraying, and self-

propagating high-temperature synthesis (SHS) [148, 84]. A major drawback of these 
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methods is the requirement of high energy intensity for depositing thin multi-material 

surface coatings. These techniques are also not environmentally friendly [148]. 

An active area of research and development is the fabrication of bulk FGM. Ex-

isting manufacturing techniques for bulk FGM are powder metallurgy (PM), cen-

trifugal method (CM), and additive manufacturing (AM) [148, 106, 229]. PM has 

demonstrated the capability of fabricating FGM with varying mechanical properties. 

However, the property variation has stepped characteristics, whereas a continuous 

variation in material property is the desired goal. CM is capable of creating contin-

uous structures, but this technique has a major limitation of producing objects with 

radial gradients only. On the other hand, significant aspects of AM techniques are its 

capability to make geometrically complex objects in a shorter time with less waste. 

Additionally, the multi-material AM techniques have recently attracted significant re-

search attention with respect to modeling and fabrication of multi-functional objects 

[256, 257, 183, 28]. In theory, if the composition of the material could be changed 

from one location to the other during the process to make products with varied com-

position, the system has the potential of fabricating FGM objects. Some of the AM 

techniques that could be used to manufacture free-from FGM parts are briefly de-

scribed below. These techniques differ from each other in terms of the applicable type 

of materials and manufacturability restrictions by the machine [217]. 
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(a) Multi-material SL process (b) Triple-extruder (c) Multi-nozzle deposi-
based on bottom-up projec- mechanism design [130]. tion for constructing of 3D 
tion [255]. scaffolds system setup [100]. 

(d) Schematic diagram of 
LENS technique [95]. 

(e) Schematic diagram of 
SLM technique [121] 

(f) 3D printed interlocking 
color rings with Connex 3 
using cyan-magenta-yellow 
palette [2] 

Figure 6.1: Manufacturing techniques for FGM objects 

6.2.1 Vat Photopolymerisation Process: Stereolithography 

(SLA) 

SLA has attractive attributes of creating objects with a high-quality surface finish 

(e.g., the layer height can achieve between 10-100 microns for DWS Lab Xfab R 

printer), dimensional accuracy, and a variety of material options [255]. The working 

principle of an SLA process is to solidify each layer of photopolymer liquid resin with 

an ultraviolet (UV) laser. The input material is in liquid form and kept in a vat. The 

parts are produced in line by line or layer by layer fashion. The material distribution 

is homogeneous in a layer, but changes along the build direction. It is challenging to 

attain heterogeneous material compositions within intralayer. 
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However, there is a possibility of obtaining functionally graded material with 

SLA. As shown by Zhou et al. [255] and Huang et al. [81], a mask-image-projection-

based stereolithography (MIP-SL) (Fig. 6.1(a)) is proposed to build objects with 

multiple materials. MIP-SL is realized by utilizing multiple tanks filled with different 

resins. These tanks are transited in an organized way to change resins. For each 

layer, the resins within the coverage of projected mask images receives laser rays 

and solidifies. It demonstrated the potential of creating FGM objects with desired 

mechanical properties, but the efficiency of the process is still a concerning issue. 

6.2.2 Material Extrusion Process: Fused Deposition Model-

ing (FDM) 

FDM produces parts by extruding filaments of molten thermoplastics material 

through heated nozzles. After extrusion from the nozzle in a desired pattern, the 

material hardens to form the object. There are large varieties of materials that 

can be used in FDM process. The commonly used materials of the filament are 

ABS, polylactic acid (PLA), polycarbonate, polyamides, polystyrene, polyethylene, 

polypropylene (PP). These materials are used due to their high strength and heat 

resistance properties [17]. FDM devices with multiple nozzles have the potential of 

additively fabricating functionally graded material objects as long as the machine 

system allows for an arbitrary mixture of different filament materials. For example, 

Leu et al. [130] developed a triple-extruder mechanism which can control the pastes 

extrusion for desired composition gradients (Fig. 6.1(b)). 
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Khalil et al. [100] showed the possibility of constructing heterogeneous tissue 

with FDM process in medical applications. Their system was based on a set-up 

with four different nozzles that could continuously extrude hydrogels or form single 

droplet hydrogels with picoliter volumes (Fig. 6.1(c)). In particular, the deposition of 

functional gradient scaffolds is enabled since the material is in gel state rather than 

a solid filament. 

6.2.3 Laser-Based Process: Laser Engineered Net Shaping 

(LENS), Selective Laser Sintering/Melting (SLS/M) 

Laser-based processes are promising technologies for fabricating FGM metal parts 

with excellent strength, accuracy (50 to 100µ), and surface roughness (< 10µ) (Note: 

the values vary depending upon the machine type, materials, and geometry of the 

products) [121, 166, 47, 164, 240]. Both LENS and SLS/M use powders as construc-

tion unit, the former in blown-powder while the latter in a powder-bed technique. 

Figure 6.1(d) and 6.1(e) show schematic diagram of LENS and SLM processes. By 

controlling the composition/ratio of different material powders, they have the poten-

tial of producing FGM objects. For example, with laser-based process [10], grading 

copper to specific regions/volumes of H13 tool steel mold could lead to its higher per-

formance in die casting tools. In contrast, LENS is mainly used for iron-, titanium-, 

and nickel-based alloys. The number of metals used by SLM is greatly more than 

LENS. Besides, SLM is preferred over SLS for obtaining high-strength products [121]. 

Other examples of laser-based FGM parts are functionally graded tungsten carbide 

and tool steel parts [219], alloys (Waspaloy) and ceramic (Zirconia) parts [165, 166] by 
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SLM, TiC and Ti composite [143] by LENS, and Nykon-11 and silica nanocomposites 

[31] by SLS. 

6.2.4 Material Jetting Process: Polyjet Printing 

Polyjet 3D printing jet layers of curable liquid photopolymer onto a build tray and 

the gradient profile is thus continuous. Besides, it offers exceptional detail, surface 

smoothness, and precision (20-85 micron for features below 50mm: depends on ma-

chine type, build parameters, and geometry of the products) [2]. For example, Connex 

3 [2] offers the ability to create objects by jetting material droplets in a pre-defined 

pattern from designated micro-scale inkjet printing nozzles. With a three base color 

system, the material droplets have a wide color range option from 20 palettes, each 

providing 45 to 72 colors (Fig. 6.1(f)). However, a shortcoming of this process is that 

the base color material should satisfy specific desired properties. The process requires 

a specific range of viscosity and curing temperature of the jetted liquid [255]. This 

limits the type of material that can be used in this process. Besides, Connex 3 uses 

manual user inputs in a software tool to divide the model into discrete shells and 

assign materials for each shell. 

6.2.5 Contemporary Processes and Recent Applications 

There are several commercially available multi-material AM machines that can fabri-

cate FGM objects. Additionally, there are several multi-material AM technologies 

in development pipeline [256, 81, 103, 148, 71]. For instance, the Multifab ma-

chine developed by MIT CSAIL [211] provides a machine vision assisted platform 
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for multi-material 3D printing. The platform supports simultaneous printing of up 

to 10 different material and achieves a resolution of at least 40µm by using inkjet 

printheads. The Foldem technique developed by Perumal and Wigdor [20] allows 

users to fabricate heterogeneous object via selective ablation of multi-material sheets. 

The xPrint system introduced by Wang et al. [232] supports a liquid-based smart 

material printing platform and has a large range of printable material from synthe-

sized polymers to natural micro-organism-living cells with a printing resolution from 

10µm up to 5mm (drop size). MIT media lab developed an integrated computational 

workflow for design and digital AM of multi-functional heterogeneously structured 

objects. Their proposed workflow enables virtual-to-physical control of constructs in 

which structural, mechanical, and optical gradients are attained by a seamless de-

sign to manufacturing tool with localized control [43]. Das et al. [36] explored an 

integration of pulsed photonic sintering into multi-material AM process in order to 

produce multi-functional components. Their test results indicate that the system 

holds tremendous promise concerning multi-functional 3D printing. 

There have been a number of applications that in particular take advantage of 

printed heterogeneous FGM objects. For example, nuclear, aerospace, and auto-

mobile industries call for high-integrity joints between Ti-alloys and stainless steels, 

such as Ti-6Al-4V to 304L stainless steel [39, 96]. Reichardt et al. [190] proved 

the capability of fabricating gradient alloy component transitioning from Ti-alloy to 

austenitic stainless steel using multi-powder feeder laser metal deposition. Graded 

polystyrene concrete structures were fabricated and tested by Duballet et al. [42] 

to provide both sufficient mechanical resistance and thermal isolations. Additively 
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printed FGM objects are also finding new biomedical applications [64]. For instance, 

the tissue scaffold, which is fabricated through dispensing-based AM technique, pro-

vides a supportive environment for cell attachment, proliferation, and differentiation 

during tissue formation [136, 131, 34]. A bitmap printing approach was adopted by 

Doubrovki et al. [41] to fabricate multi-material transtibial prosthetic socket target-

ing patients with amputated lower-limbs. 

In the area of optoelectronics, Willis et al. [239] have presented the applications of 

printed custom optical elements for interactive devices. In addition, the co-continuous 

polymer composite material is fabricated using the Connex500 3D printer and is 

designed to achieve enhancements in stiffness, strength, and energy dissipation [233]. 

Disney researchers fabricated actuated deformable characters as replicas of digital 

characters using AM technologies. The internal material distribution of the printed 

characters is optimized to exhibit desired deformation behaviors [212]. A functionally 

graded combustion-powered robot with its body transitioning from rigid core to soft 

exterior was designed and 3D-printed by Bartlett et al. [9]. In contrast to traditional 

fabrication techniques, multi-material printing offers the possibility of cost-effective 

automation of fabrication process and provides greater flexibility to locally design the 

composite architecture in three dimensions [218]. 

In the following section, we discuss existing multi-material object representation 

schemes and their specific attributes. 

104 



6.3 FGM Model Representations 

In current CAD modeling, the object is modeled as being composed of a single ho-

mogeneous material. Modeling of multi-material and functionally graded material 

objects is still not supported by current generation CAD systems. A valid represen-

tation method for modeling objects with heterogeneous, functionally graded mate-

rials, has become crucial to leverage the full capabilities of FGM objects creatively. 

Many techniques have been proposed for data representation and modeling of multi-

material objects. This section aims to review and classify existing FGM object mod-

eling paradigms. Before presenting the review, we discuss several attributes of the 

representation schemes in the multi-material modeling. 

6.3.1 Representation Attributes 

Important attributes for representing FGM objects should be identified before de-

veloping an FGM modeling scheme. The fundamental attributes of FGM object 

representation are geometry and material. Various other attributes, such as mi-

crostructure, tolerances, and operating condition information could also be included 

depending on the application. 

Geometric Attribute 

Multiple representation schemes have been well developed to model geometric at-

tribute as shown in literature [125, 196, 193]. The FGM modeling could be an ex-

tension of the conventional geometric representations as described in Section 6.3.2. 

Mathematically, the geometric representation of an object is a subset of 3D Euclidean 
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space (E3). r-sets, which are subsets of E3 that is bounded, closed, regular, and semi-

analytic, are widely accepted as mathematical models for solid physical objects. As 

summarized by Requicha [193] and Kumar et al. [123], the most commonly used rep-

resentation techniques include: boundary representation, constructive solid geometry 

(CSG), spatial decomposition, and function representation. 

(a) Boundary representation (B-rep) is the most commonly used representation 

method in CAD software. Boundaries partition the 3D space into three unam-

biguous regions: the interior, the boundary (or the surface), and the exterior. 

The object (interior) is represented by its boundary surface patches. There are 

varieties of structures that are used to represent the boundary surface or surface 

patches, such as NURBS, splines, and polygonal meshes. The patches or faces are 

modeled by boundary curves or edges, and the curves are described by vertices. 

The data structure in mesh-based B-rep is stored as a table filled by vertices’ co-

ordinates of the object. Edges are stored by referencing to vertices and adjacent 

edges. Faces are represented by the loops of edges or vertices [196]. 

(b) Constructive solid geometry (CSG) uses simple primitives (such as cylinders, 

spheres, cones, blocks) to construct complex objects by applying Boolean opera-

tions (union, intersection or difference). The binary tree used in CSG represents 

an object as a Boolean combination of primitive point sets at leaf nodes. Besides 

Boolean operations, other operations, for example, blending, twisting, bending, 

and Minkowski operations can also be applied to construct objects [196, 110, 159]. 

(c) Spatial decomposition represents a solid model by partitioning the space into 

3D regions called cells. The representation scheme is different based on the re-
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strictions imposed on cells. These cells are usually “glued” together to form the 

whole solid object [110, 204]. They can be in the form of axis-aligned cuboidal 

blocks (voxel), polyhedrons (e.g., tetrahedrons, hexahedrons), or cubes of differ-

ent sizes (octrees). For example, in voxel representation, the object is represented 

by recording the coordinates of cuboidal cells in a specific order. 

(d) Function representation (F-rep) defines solids as a set of points satisfying 

a collection of predicates. Predicates are usually conditions on the sign of real-

valued functions f(x, y, z) that can be evaluated at any point in the Euclidean 

space (E3). The form of the function can be defined via any of the following meth-

ods (a) analytically, (b) a function interpolation algorithm, or (c) with tabulated 

values and a proper evaluation scheme [183]. 

Material Composition Attribute 

In addition to geometric information, representing material information is also an 

important aspect of FGM modeling. Representing material information for a non-

homogeneous 3D solid is non-trivial. The complexity in representing material arises 

because material information adds additional dimensions in the overall representation 

of FGM models. Additionally, the materials could be defined at multiple different 

scales depending on the application. The distribution of materials in a region can 

be represented as a mapping from Euclidean 3D space to material space. Each point 

in material space represents a unique composition of materials. Although, the AM 

produced FGM objects are rarely solid but are most often optimized lattice or cel-

lular structures. They can still be modeled as solids by including void as one of the 
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primary materials [125]. The following subsections detail the material composition 

representation at a point in 3D space and the material distribution functions to define 

the variation of material composition over a region in 3D space. 

(a) Material Composition Definition 

In general, an FGM object would consist of at least two different material com-

positions. Material composition at every point in FGM object can be represented 

by a unit vector with positive components. For an object with N kinds of primary 

materials, the material composition at a point X is defined as a vector with N 

components, i.e. MX = [m1,m2, . . . ,mn, . . . ,mN ]. The value of each component 

mn is proportional to the volume fraction of material n at the point X = (x, y, z). 

The summation of all components Σmn should be 1. In other words, the geome-

try and material attribute at the point X in the FGM solid object is represented 

by a vector of the following form: (x, y, z, [m1,m2, . . . ,mn, . . . ,mN ]) [110, 16, 13]. 

In reality, a dimensionless point in space cannot have multiple materials assigned 

to it due to the physics at a molecular level. But for computational purposes, 

defining material composition at a point is a reasonable assumption to estimate 

material properties of the object at macro-level. To define the distribution of 

material over a region material distribution functions could be used that maps 

each point X in 3D space to a material composition vector MX appropriately. 

(b) Material Distribution Functions 

The material variation across an object can be encapsulated by defining an 

appropriate material distribution function. The material distribution is de-
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fined using vector-valued functions in 3D space. Shin and Dutta [209] has 

categorized the material composition functions into four different categories — 

geometry-independent functions (Cartesian, cylindrical, and spherical coordi-

nates), distance-based functions, blending functions, and sweeping functions. 

Combinations of these functions can also be used to represent material distri-

butions. These functions can be in the form of analytical, segmental, linear, or 

nonlinear functions [244]. Wu et al. [244] further subdivided the distance-based 

functions into two classes. The first distance function based scheme uses reference 

feature(s) to compute the distance and define material primitives [16]. However, 

their work was focused on only evaluating three compositions and two materials 

variations. The second distance field based scheme was developed to overcome 

this shortcoming. The second scheme uses fixed reference features (FRF) and 

active gradient source (AGS) based material evaluation technique. The material 

vector, in this case, is defined as M = f(d)(Me − Ms) + Ms, where Ms and Me 

are the material composition vectors at the start and the end point of reference 

composition variations. 

Bhashyam et al. [13] have compiled a library of material composition func-

tions that specifies the primary material combinations. The compiled library 

also list the corresponding intended applications of the given material combi-

nations. These functions are formulated with respect to the local coordinate 

system. The designers can choose a particular composition function from the 

database for designing material distribution and for evaluation. More details on 
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various strategies for defining material distribution is presented in the following 

sections. 

Other Attributes 

Among existing efforts on FGM, the majority of research was devoted to modeling 

objects with continuous compositional functions, where the FGM is characterized 

with macroscopic volume fractions that follow material distribution functions [115]. 

Many other material characteristics should be taken into account by a good FGM 

representation scheme, such as microstructure [195, 144]. It is critical because the 

physical properties of the FGM are significantly affected by its microstructure [126]. 

Digital representation and quantification of the spatial arrangement of phases, as well 

as phase connectivity and phase geometry inside random heterogeneous materials, are 

key ingredients to support object performance estimation [144]. 

Various statistical descriptors have been developed to characterize microstructure 

based on the spatial arrangement of heterogeneities [52]. Recent reviews on material 

microstructure representation are briefly summarized as follows: 

Correlation function scheme: McDowell et al. [155] proposed n-point correla-

tion functions to quantitatively characterize microstructures-property relations. The 

n-point correlation function is defined as the probability associated with finding the 

same phase of a material microstructure at all vertices of a random n-vertex poly-

hedron. Many commonly used microstructure metrics, for example, average grain or 

precipitate size and shape, and the grain boundary character distribution can be re-

constructed from two-point correlation functions. A set of weighted statistical volume 

elements (SVEs) that encompass microstructure subdomain can be identified by the 
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n-point correlation functions. The SVEs are representative of the entire microstruc-

ture and should have equivalent material properties with the entire microstructure. 

There is more microstructure information contained in high order correlation func-

tions compared to low order statistics, for example, minimum higher cycle fatigue 

lifetime and true fracture ductility. However, higher-order correlation functions con-

sume more computation resources since n2 number of parameters would have to be 

defined for an n-point correlation function [155, 133, 144]. 

Texture synthesis scheme: Liu and Shapiro [144] formulate the material charac-

terization and reconstruction as a Markov Random Field (MRF) texture synthesis, 

which is an image based texture reproduction technique widely used in computer 

graphics. With the assumption that the probability of having the material char-

acter at a site is a random field that depends only on its neighborhood, the MRF 

texture syntheses process solves the problem in a simpler and local manner rather 

than globally. Given digitized material microstructure images, the process recon-

structs material microstructure images pixel-by-pixel. Each pixel’s value is obtained 

by searching from a set of pixels with closely matched neighborhoods. 

They proved that since the texture synthesis method preserves the joint distribu-

tion of random variables of material’s microstructure in a neighborhood, the method 

also preserves reasonable functions of the microstructure in that neighborhood. Be-

sides, the methods are applicable to isotropic, anisotropic, and multi-phase materials 

[144, 18]. 

Supervised learning scheme: The fundamental idea of the supervised learning 

approach [18] is that the phase of a reconstructed image pixel is modeled as a func-
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tion of the phases of neighborhood of its surrounding pixels by fitting the given 

digitized microstructure images (training data) with a supervised learning model. 

The fitted supervised learning model is taken as a predictive model to represent the 

conditional distribution of each pixel’s phase given its neighbors’ phases. The set 

of conditional distributions provides a computationally efficient means of generating 

statistically equivalent reconstructed microstructures. The collection tree supervised 

learning method applied by Bostanabad et al. [18] has proved to be more com-

putationally efficient than other existing methods and applied to a broad range of 

microstructures. 

The aforementioned schemes are alternative ways for material microstructure rep-

resentation. However, these schemes focus majorly on the microstructural character-

istics for material science rather than CAD representation, analysis, and fabrication. 

There is a lack of robust and effective models that can translate the material science 

knowledge to CAD domain and integrate them together to develop a comprehensive 

depiction of FGM object. 

The following section regarding FGM representation approaches mainly focuses 

on the attributes pertaining to geometry and material composition. We discuss and 

categorize various representation schemes developed for FGM objects. 

6.3.2 FGM Representation Approaches 

To realize the full potential of FGM objects for various applications, a generic and 

systematic modeling approach for design, analysis, and fabrication of FGM objects 

needs to be developed. In this review, existing approaches for modeling FGM are pre-
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sented. At a high level, there are three classes of representation schemes. The first 

one is the extension of conventional geometric representation schemes. In essence, the 

classical solid modeling representation approaches are extended from conventional ge-

ometric modeling to address FGM representations. The second class includes schemes 

wherein the material representation is independent of the geometric information of 

the FGM object. The last class lays down new mathematical models to depict FGM 

objects. More detailed discussion on all three representation classes is presented in 

the following subsections. 

Conventional geometric representation based FGM modeling 

In the conventional geometric representation based FGM modeling, the classical ge-

ometry attribute is utilized as the basis for representing the material attribute. There 

exist mapping functions for realizing material composition corresponding to the geo-

metric attribute. 

Kumar et al. [123] provided a mathematical framework for FGM modeling for 

a general object with geometry dependent material definition. In their proposed 

method, the modeling of an object S takes geometry as the base attribute. Math-

ematically, the geometric model, G of an object, is an r-set in Euclidean space E3 

and each point in the object corresponds to a unique geometrical point X in E3 . The 

material attribute is strictly attached to geometry using a mapping function F . The 

object is modeled as: 

S = {G, M} 

F : G(X) → M(X) 
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where F denotes the mapping function from geometric space (E3) to material at-

tribute space (RN ). 

The geometry dependent representation schemes can be further subdivided into a 

number of categories based on the geometric representation that forms the basis for 

material or other attributes representation. 

(a) B-rep based FGM representation 

Since B-rep can be used to precisely model complex geometry in CAD systems 

[142], it is also extended to act as a reliable form for representing FGM object. 

In a B-rep, as described in Section 6.3.1, the geometry of an object can be rep-

resented in terms of faces, edges, and vertices on the boundary. For geometry 

dependent FGM, the material gradient information is associated with the B-rep 

of object’s geometry. The material composition determination includes the ma-

terial configuration on the boundary and inside the object. For boundary surface 

patches, their material composition is determined by assigning material directly 

to patch vertices and using interpolation methods to obtain material on the patch. 

For any point inside the object, their material condition can be evaluated by a 

distance based material distribution function. The distance utilized is the short-

est distance from the corresponding point to the boundary of the object. Their 

mathematical interpretation can be expressed as: 

S = {Ap}, p = 1, 2, . . . , P. 

Ap = {G(Vp),MP (Vp)} 

MI (q) = F (d(q, p)) 
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where Ap is one of the surface patches, G(Vp) and MP (Vp) denote the geometry 

and material distribution of the surface patch, MI (q) denotes the material com-

position inside the object, and q is an inner query point. MI (q) is determined by 

the function F , which is in terms of the shortest distance from the query point 

to boundary patches d(q, p) [87, 83, 3, 181, 124]. 

(b) CSG based FGM representation 

Based on CSG geometric representation, Shin and Dutta [209] introduced het-

erogeneous primitives (hp-set) and heterogeneous modeling operators (hb-set) 

to create the data structure for representing a heterogeneous object (h-object). 

This is also applicable for an FGM object. Mathematically, hp-set is a subset 

(G, F (G)) of the product space T = E3 × RN , where G ⊂ E3 is an r-set and 

F (G) ⊂ RN is the image set of the material mapping F . In general, the mapping 

F is a collection of material composition functions, and each of them maps geo-

metric points to material compositions. The hb-set is constructed as a Boolean 

composition of two hp-sets. The hb-set is formulated as [209]: 

(1) Union operation: 

(G1,M1)∪∗ 
m(G2,M2) 

= (G1 ∪∗ G2,M1 ⊕ M2) 

= (G1 ∪∗ G2,M1and2 ∨ M1out2 ∨ M2out1) 
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(2) Intersection operation: 

(G1,M1) ∩∗ 
m (G2,M2) = (G1 ∩∗ G2,M1 ⊕ M2) 

= (G1 ∪∗ G2,M1and2) 

(3) Difference operation: 

(G1,M1) −∗ 
m (G2,M2) = (G1 −∗ G2,M1 ⊕ M2) 

= (G1 −∗ G2,M1out2) 

(4) Partition operation: 

(G1,M1)/ ∗ 
m(G2,M2) = (G1,M1 ⊕ M2) 

= (G1,M1and2 ∨ M1out2) 
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where 

M1and2 = α · M1(x)+(1 − α) · M2(x) 

for x ∈ (G1 ∩∗ G2) 

0 ≤ α(= const) ≤ 1 

M1out2 = w2 · M1(x)+(1 − w2) · ∂M2(x 0) 

for x ∈ (G1 −∗ G2) 

0 ≤ w2 = w2(d2) ≤ 1 

M2out1 = w1 · M2(x)+(1 − w1) · ∂M1(x 0) 

for x ∈ (G2 − ∗ G1) 

0 ≤ w1 = w1(d1) ≤ 1 

The material Boolean operator (M1 ⊕ M2) is determined by the logical disjunc-

tion (∨) of three operators (M1and2,M1out2,M2out1), where α is a constant weight 

factor for the intersection region, wi is the ith boundary blending function di, the 

distance from the ith boundary, and ∂Mi denotes the material composition at the 

point x0 that lies on the ith geometric boundary of the intersection region and is 

closest to the query point x, Fig. 6.2. The h-object is formed as a finite collection 

of the hp-sets and hb-sets. Fig. 6.3 shows an example of an h-object satisfying 

these definitions. The root h-object can be constructed by applying five union 

operations (hb-sets) on six primitives (hp-sets). 

This representation scheme simplifies the modeling of complex objects from simple 

primitives in a similar pattern. It is easy and efficient to use for FGM model 

construction and modification, the memory requirement is low, and the material 
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Figure 6.2: Three different hb-sets generated by a material union operation [209] 

evaluation queries are accurate. Besides, it can guarantee continuous material 

composition at interfaces. However, from the intuitiveness point of view, it is not 

convenient to model FGM objects by defining material distributions on primitives 

first, and the user’s requirements on the objects might not be relevant to these 

primitives. 

(c) Spatial decomposition based FGM representation 

When the geometry of the object is represented with spatial decomposition 

method, the representation scheme for FGM object is slightly different depend-

ing on the form of the decomposed cells. For example, as proposed by Doubrovski 

et al. [41] and Chandru et al. [23], the FGM object can be decomposed into 

a set of voxels. Each voxel is defined by its geometric coordinate as well as its 

material composition. Since the geometric coordinate of each voxel is defined by 

its center’s position, the material composition of the voxel would be assumed to 

be the same as its center’s material composition. The FGM object is represented 
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Figure 6.3: Model hierarchy in the constructive representation [209] 

as: 

S = {Vi}, i = 1, 2, . . . , I. 

Vi = {(xi, yi, zi,Mi)} 

where Vi is the volume element of the FGM object, I is the total number of these 

volume elements, (xi, yi, zi) is the geometric coordinate of each volume element’s 

center in E3 , and Mi is the corresponding material composition vector of the 

center. It is important to note that the material composition inside the voxel 

does not have to be homogeneous. The heterogeneous material data can be 

obtained through interpolation by using voxel center information [208]. Besides, 

it is important to choose a suitable resolution of the voxel that approximates 

both the geometric information and the material composition information with 

reasonable precision. 
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Similar to the voxel-based FGM object modeling, mesh-based modeling assigns 

local material component information to each cell that is in the form of finite 

element based polyhedrons [87, 106, 78]. These meshes can also be adaptive 

as proposed by You et al. [248]. For each polyhedron, the data stored is the 

coordinates of the polyhedron’s vertices and the material compositions at each 

vertex. The material inside each polyhedron is estimated by an interpolation 

scheme. Mathematically, the representation model can be expressed as: 

S = {Ci}, i = 1, 2, . . . , I. 

Ci = {(xij , yij , zij,Mij )}, j = 1, 2, . . . , Ji. 

Mik = F (xik, yik, zik, Ci), k = 1, 2, . . . , K. 

where Ci denotes the polyhedron element of the object, I is the total number of 

polyhedrons, and Ji is the number of vertices for ith polyhedron. (xij , yij , zij,Mij ) 

denote the coordinate and material composition of vertices of the ith polyhedron. 

Mik is the material composition at a point (xik, yik, zik) inside polyhedron Ci that 

is evaluated using the localized function F (·). 

For a general object, the geometric model is appropriately decomposed into sev-

eral regions for efficient definition and evaluation of material characteristics [123]. 

Depending on the material attribute M , the geometry G is partitioned into a fi-

nite set (with cardinality J) of closed regions Uj . Mathematically, 

S = G × M = {(Uj ,Mj )}, j = 1, 2, . . . , J 

Mj = {Fj (X ∈ Uj )} 
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The material attribute is strictly attached to geometry using a mapping function 

F . F is a set of functions F = {Fj } and each of the Fj maps region Uj in G to 

material compositions. 

In particular, for the case when J = 1, it means that there is no spatial partition 

operated on the object. The geometry and material composition of the object 

can be interpreted within one region. This is applicable for objects whose ma-

terial distribution is simple (such as unidirectionally varying material) and can 

be characterized by a single function. The function can be represented in various 

forms, such as linear, exponential, parabolic, or power function. 

For objects with complex material distributions, J would usually be greater than 

1. Several decompositions would be obtained in the geometry model to help 

in the modeling of material distributions. There are various representation ap-

proaches for spatial decompositions, for example, assembly representation and 

cellular representation [112]. The assembly representation partitions the objects 

into several parts through direct decomposition or constructive approach. While 

in cellular decomposition representation, the geometry might be expressed with 

non-manifold boundaries due to the material distribution. By introducing the 

concepts of co-boundaries, the cellular model has better data storage efficiency 

than the assembly model [112]. For example, Fig. 6.4 (a) shows an object with 

complex material distributions, and Fig 6.4 (b) and (c) are the assembly rep-

resentation and cellular model, respectively. The assembly model is proved to 

inhere large data redundancy and low data consistency due to the mating face F1 

and F2 [110, 116]. This phenomenon is alleviated by introducing the co-boundary 
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Figure 6.4: An example of (a) an object with complex material distribution, (b) the 
assembly model of the object, (c) the cellular model of the object. [112] 

mechanism [112, 99, 237]. In this example, the face is uniquely represented with 

F . F1 and F2 are oriented instances of F based on different material composi-

tions. Consistent changes will be applied to both if there are modifications made 

on the face F . 

Ability to model very complex FGM objects is the most attractive advantage of 

spatial decomposition based FGM representation. By adjusting the size and the 

number of decomposed cells, the accuracy of the representation can be improved. 

The designer can get the modeled object numerically very close to the actual 

object by setting the size of the cells small enough, but this comes at the cost 

of higher computation time and memory space [231]. In addition, the spatial 

decomposition can be used in conjunction with other material representation 

techniques, such as B-rep-based FGM representation to get highly concise and 

accurate representation of FGM models. 

(d) F-rep based FGM representation 

In this representation scheme, the geometry of the object is described in the 
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form of functions f(x, y, z) ≥ 0. The surface/boundary of the object would be 

the vertices satisfying f(x, y, z) = 0, and the interior points are expressed as 

f(x, y, z) > 0 [182]. The material composition is also parameterized in terms of 

geometric information of the object. The F-rep for the material attribute can be 

symbolically described as: 

G = {X = (x, y, z) ∈ E3|f(X) > 0} 

M = {Mi ∈ RN |Mi = F (X)} 

where F : E3 → RN is a material distribution function defined on the 3D Eu-

clidean space [3]. 

Geometry independent FGM object modeling 

When the definition of material is independent of the geometry of an FGM part, 

it is categorized as geometry independent material definition. For such objects, the 

representation schemes for geometry and material can take completely different forms. 

The geometry can be represented using any of the representation schemes (discussed 

in Section 6.3.1). Similarly, the material distribution can be defined as a vector-

valued function in 3D space. The intersection of the geometry in E3 and the material 

composition defined as a function H : E3 → RN results in the complete FGM object. 

This representation scheme simulates the physical process wherein a raw stock is 

formed by using multiple materials in a certain pattern conforming with the function 

H and then scooping out the geometrical part using subtractive manufacturing. 
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There are different categories of functions that could be used for material def-

inition in 3D space, such as linear, non-linear, discrete, continuous, periodic, and 

patterned. In addition, these function can be defined by choosing an appropriate 

reference coordinate systems (Cartesian, cylindrical, or spherical). The type of coor-

dinate system used enables easier and simpler representation that proves to be useful 

in various applications and for different geometries of the FGM parts. For example, 

in case of an axisymmetric model of a pressure vessel, it would be reasonable to use 

the cylindrical coordinate system. 

In a Cartesian coordinate system, the material distribution is defined by an explicit 

vector-valued function M = H(x, y, z). The material composition can be queried 

at any point in E3 within the domain of H irrespective of the geometry of FGM 

part. A valid material composition function H can be used to define a spectrum of 

different multi-material patterns from very simple (such as unidirectionally varying) 

to highly complex distribution (such as volumetric NURBS-based or local distance-

based material distributions). Some examples of material distributions defined in 

Cartesian coordinate and FGM objects created from those distributions is shown 

in Figure 6.5. Similarly, for applications like axisymmetric parts or ball-joints, the 

cylindrical coordinate or spherical coordinate system would be useful. The material 

distribution function would be defined as M = H(r, θ, z) in cylindrical coordinates, 

or as M = H(r, θ, φ) in spherical coordinates. Fig. 6.6 shows examples of material 

definition in cylindrical and spherical coordinates. 

The main advantage of geometry independent material representation scheme is 

that the material evaluation process is very efficient since the material composition 
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Figure 6.5: Examples of Cartesian material definition and objects created using those 
definitions. 

can be directly calculated using the material distribution functions. Furthermore, the 

independence between geometry and material representations allows for the definition 

of highly complex geometries as well as highly complex material distributions. One 

representation doesn’t guide or limit the possibilities available for the other represen-

tation. 

New material primitive based FGM modeling 

As discussed in Section 6.3.2 and 6.3.2, a number of representation schemes are avail-

able for FGM representation. The material information is represented either by ex-

tending existing geometric representation or based on the coordinate systems. For 

conventional geometric representation based FGM modeling, the material distribu-

tion is confined by the geometric structure of the objects. This limits the freedom 
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Figure 6.6: Partial cross-sectional visualization of material distribution functions de-
fined in (a) cylindrical and (b) spherical coordinate systems. 

of modeling irregular and compound material variations. For geometry independent 

FGM object modeling, the material configuration has a strong dependence on the 

coordinate system. From the users’ perspective, this may not be favorable in captur-

ing their intentions. Numerous new material primitive based frameworks have been 

explored in the literature for a systematic and generic modeling of FGM objects. 

The material primitive based FGM modeling uses simple material primitives, i.e., 

points, 1D curves (straight lines or splines), and planes to build complex material 

distribution. This method is usually preferred from uses’ intuitiveness point of view. 

Multiple algorithms [200, 111, 68, 113] have been proposed for material primitive 

based method. Some of these algorithms are reviewed below. 

The material convolution surfaces based approach is presented by Gupta and Tan-

don [68] for modeling FGM objects with aforementioned material primitives (Fig. 6.7). 

The material convolution surfaces are defined as a field function F (X) of material 
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(a) Definitations: Object P ; Heterogeneous enclosure A; and Homogeneous 
enclosure H. 

(b) The effect of different material potential functions on material-
distribution. 

(c) Material modeling with convolution surface-based material primitives 
(i) Point; (ii) Straight line; (iii) Spline; and (iv) Plane. Note: M is Grading 
enclosure. 

Figure 6.7: The material convolution surfaces based approach for FGM modeling [68]. 
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⎪
⎪

grading enclosure M . The field function F (X) is used to obtain the material compo-

sition at an arbitrary point x chosen from a set of points X in space E3 . The material 

grading enclosure M is a virtual enclosure for modeling simple material distribution, 

as shown in Fig. 6.7(c). The field function F (X) is defined as the convolution of mem-

bership function b(X) and material potential function f(X). The material potential 

function f(X) is defined by a scheme of material distribution between the extreme 

positions [67, 94] (Fig. 6.7(b)). 

Z 
F (X) = b(X) ∗ f(X) = b(x) ∗ f(X − x))dx 

E3 

⎧ ⎪⎨1, if X = {x ∈ (P ∩ M)}
b(X) = ⎪⎩0, otherwise 

Various material distributions can be efficiently modeled with the material prim-

itives. By adjusting the characteristics of the convolution surface based material 

primitives, the material distribution in the object can be improvised correspondingly. 

Although the material convolution surface based scheme is potent for modeling 

FGM objects, it has the glitches of high data redundancy resulting from unnecessary 

memory occupation. Besides, it faces the data inconsistency between material and 

geometry models near boundaries, particularly in the case of spline primitives. 

In contrast, Kou and Tan [111] proposed a hierarchy based FGM object modeling 

scheme by defining different dimensional heterogeneous features. The heterogeneous 

features are fundamentally material primitives, and they can be in zero-dimensional, 

one-dimensional, or two-dimensional features [141]. A heterogeneous feature is char-
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acterized by its geometry and material distribution simultaneously. The most fun-

damental unit in space, a point, is defined first and represented as P (x, y, z, M) in 

the object representation. The point can be denoted as a zero-dimensional feature. 

The one-dimensional feature is composed of a traditional 1D curve and material in-

formation that is defined for each point of the 1D curve. For example, as shown in 

Fig. 6.8(a), a heterogeneous line and B-spline curve with a gradually varying mate-

rial composition can be described by control points Pi. Mathematically, it can be 

formulated as: 
|PPs|

P(a) = (1 − t)Ps + tPe, t = , 0 6 t 6 1 
|PsPe|

n−1X 
P(b) = wiPi 

i=0 

where wi is the blending weight of the ith control point in material gradation. The 

weight function might be different depending on different types of 1D features [111]. 

2D features are built by combining 1D features. For any point within the 2D 

region, the material can be defined using 1D features and by applying reverse distance 

weighing functions wi as weights [16, 208, 198, 206]. Mathematically, the material in 

2D region is defined as: 

2 2 1X X �X � 
(i) (i) (i)

M(P ) = wiM(P ) = wi w M(P )⊥ j j 
i=0 i=0 j=0Q2 

j=0,j 6=i di 
wi = P2 Q2 

k=0 j=0,j 6=i di 

di = |PP (j)|, j = 0, 1, 2⊥ 
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(i)
where P is an internal point of the 2D region, P is the orthogonal projection of point ⊥ 

P to ith 1D line feature, wi is the weight of ith line feature, wj 
(i) 

is the weight of jth 

constructive point on the ith line feature, and M(·) denotes the material composition 

(Fig. 6.8(b)). 

Following similar principle, 3D FGM objects can be extended from 2D features by 

applying operators like extrusion, revolution, etc. These operators can be a vector, 

characterized by aforementioned 1D feature. 

Based on the hierarchy of features, a heterogeneous feature tree (HFT) is con-

structed to represent FGM objects. The HFT structure decomposes a 3D solid into a 

series of lower dimensional entities with specified blending weights. The lower dimen-

sional entities may also be broken down into even lower level nodes. For example, for 

an extruded heterogeneous cylinder in Fig. 6.8(c), it can be constructed by extruding 

a 2D region. The 2D region feature is composed of two circle features C and D. The 

extrusion of the 2D feature is along two 1D heterogeneous line features A and B. The 

HFT structure for this model is shown in Fig. 6.9. 

To model complex FGM object with complex geometries efficiently, the extended 

heterogeneous feature tree (eHFT) [113] has been proposed. eHFT combines the idea 

of HFT and heterogeneous cellular representation (HCR) in a single representation 

framework. An FGM object is decomposed into a set of heterogeneous cells. Each 

cell resembles separate individual parts [111, 141, 114]. The eHFT proposes to model 

the cell-level as well as the overall object-level material distributions. It comprises of 

an entity-sharing mechanism to reduce data redundancy. 
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(a) One dimensional heterogeneous features. 

(b) Two dimensional heterogeneous features. 

(c) Extruded heterogeneous cylinder. 

Figure 6.8: Hierarchy based FGM object modeling [111] 

The proposed hierarchical representation is guaranteed to have smooth material 

transitions throughout the objects and versatile material distributions can be mod-

eled over intricate geometries. On the other hand, material modeling using these 
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Figure 6.9: HFT structure for 3D heterogeneous extrusion solid [111] 

material primitives is more perceptive and direct. With properly established mate-

rial primitives and material distribution functions, the FGM object can be modeled 

accordingly. 

What is an effective FGM representation approach? 

The variety of FGM representation proposed all have some pros and some cons. It is 

natural to compare the representations and question, “Which representation scheme 

should I use? ” The effectiveness of a representation is usually determined based on its 

use in downstream applications. In the modern era of computer-aided design (CAD), 

computer-aided engineering (CAE), and computer-aided manufacturing (CAM), most 

tasks in a products life cycle requires and uses its computer model instead of the 
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physical product. In conventional CAD/CAE/CAM, often the representations need 

to be converted from one form to other to support the multitude of operations and 

computations it is used for. The conversions are required because the representations 

differ in information content. The systems at different stages of the product lifecycle 

need various information from the model and work well with representation schemes 

containing the appropriate information that can be extracted with ease and speed. 

Representation conversions usually degrade the quality, correctness, and completeness 

of the information content in addition to being resource consuming [91]. Thus, the 

choice of representation(s) for an application is driven by the ease, accuracy, and 

speed with which the required information could be retrieved. 

The diversity in the applications of computer representations of a product in-

troduces challenges in forming a single metric to evaluate the effectiveness of rep-

resentation schemes. There are several key factors, which affect the usability and 

effectiveness of representation schemes at different stages of the product lifecycle. 

For instance, during the design phase, the representation should first and foremost 

support easy and intuitive creation. Expert designers and novice users should be 

able to transform their ideas into computer models using the representation scheme. 

Other factors such as level of details, flexibility, compactness, and information 

retrieval are also important. The representation scheme should encode features of 

the models accurately and with sufficient detail. This is necessary for the usability 

of the model as a substitute to the physical model for computational tasks. It is also 

necessary for accurate prediction of the performance, realistic simulation, and proper 

fabrication. Flexibility of representation scheme allows for easy modifications in de-
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signs. For industrial components that undergo frequent technological improvements 

on account of global competition, flexibility of representation is very crucial. Design-

ing a new part with every minor change in design would be highly expensive and time 

intensive. Thus, minor changes in design should translate to quick changes in a few 

parameters in the representation of the design. Compactness is another important 

factor as the storage space is limited and expensive. To exploit the ever-increasing 

database of 3D designs available online on public repositories, compact representa-

tions are necessary. Therefore, the representation should ideally store information in 

an as low amount of computer memory as possible. Information retrieval is one of the 

most critical factors for determining the effectiveness of the representation schemes. 

The type of information sought changes with the application. The information re-

quired in a particular application should be easily and quickly retrievable from the 

representation for it to be deemed suitable for the application. 

The information retrieval or queries can be of two type – evaluation and com-

prehension. Evaluation is a deterministic and well-defined process wherein the rep-

resentation contains all the specific information required and can make it explicitly 

available. On the other hand, in a comprehension process, the information is not 

present in the representation and must be computed under additional assumptions 

and imputations [77]. Most applications including performance analysis and man-

ufacturing planning can be formed as a sequence of queries. Hoffmann et al. [76] 

classified the queries for conventional CAD representations into seven levels num-

bered from 0 to 6. Studies need to be performed to assess and establish additional 

queries that would be required for FGM representations involving material gradients. 
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An ideal representation should be able to answer most (if not all) of the queries ef-

ficiently with or without the help of computational algorithms. As shown in [76], 

the analysis systems like FEA and CFD can be implemented as a query-based ap-

proach. In this approach, the analysis problem is solved by a set of geometric and 

analysis computations formulated as a sequence of fundamental queries. Similarly, 

during the manufacturing phase, the optimal orientation identification, slicing, and 

path planning are tasks that involve querying the model for the required information. 

To support the manufacturing, an effective representation scheme should allow easy 

and efficient computations for answering manufacturing queries. Thus, fast and easy 

retrieval of information is very crucial for an effective representation that is suitable 

for a multitude of applications. 

6.4 Process Planning for FGM in AM 

Modeling the desired FGM object is followed by a series of processing steps to fab-

ricate the object accurately and efficiently [120]. Although there are a variety of 

FGM representations and multi-material AM processes, the process planning steps 

are similar at the fundamental level. The primary tasks during process planning for 

AM based FGM object fabrication include part orientation optimization, slicing, and 

path planning. 

6.4.1 Part Orientation 

Part orientation is a critical task in fabrication using AM techniques because it hugely 

impacts the part accuracy, production time, and manufacturing cost [27]. According 
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to Zhou et al. [256], material features are more important than the part’s geometric 

features when determining the optimal part orientation. With the current techniques 

of layered manufacturing of FGM objects, it is much easier to print layers with low 

material variation and high geometric complexity than to print layers with high ma-

terial variation and low geometric complexity. In an ideal case, the material variation 

direction would be identical to the printing orientation, i.e., the material composition 

of each layer would be homogeneous that would be effortlessly printed by the AM 

machines. Therefore, the part orientation can be determined by minimizing the dif-

ference in angles between print orientation and principal material variation direction 

[256]. However, this is usually only applicable for objects with simplistic material 

variations. 

The part orientation determination problem can be addressed by formulating an 

optimization model. Zhang et al. [254] developed a perceptual model with a training-

and-learning strategy to consider multiple influences of support structures on fabri-

cated objects. The best printing directions are determined by composing all the 

factors including contact area, visual saliency, viewpoint preference, and smoothness 

entropy. Cheng et al. [27] formulated a multi-objective function that considers part 

accuracy and building time as objectives to obtain a suitable build orientation. Var-

ious weights are assigned to various surface types affecting part quality to maximize 

accuracy and minimize building time. Although these algorithms can handle objects 

with complex surfaces, these implementations are limited to homogeneous object 

manufacturing. Material features should be incorporated into the objective function 

formulation for obtaining a suitable part orientation for FGM objects. Although part 
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orientation determination for FGM is affected by a number of other factors [120], the 

effect of material feature should be furnished special attention. 

Hascoet et al. [71] developed a methodology to achieve global control of FGM 

object part orientation. They classified all typologies of bi-materials gradients using 

mathematical description. Each typology has an associated accessible part orien-

tations strategies in the manufacturing scheme. Further research is necessary for 

proposing comprehensive criterion to determine the best strategies for multi-material 

parts based on the material, the geometry, and the process parameters considered in 

conjunction with each other. 

6.4.2 Slicing 

Slicing transforms the models into a collection of layers that can then be printed 

using AM techniques [210]. There are different ways to slice a given solid model. 

Kulkarni et al. [120] have provided a table summarizing the slicing techniques pre-

sented in Table 6.1. However, the uniform and adaptive slicing algorithms discussed 

in their paper are only applicable to homogeneous objects, since they do not consider 

variations in material composition. 

Hascoet et al.[71] defined four types of slicing strategies for FGM objects based 

on the type of deposition surface (planar or complex) and the height of deposition 

or slices (uniform or non-uniform). The four types of slicing strategies are shown in 

Fig. 6.10. They also provide mathematical formulations of these slicing strategies. 

While decomposing the domain Dm into subdomains DBj,i, it is possible to have 

a subdomain of entirely homogeneous material, or one-directional gradient, or a 2-
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D gradient of material composition. However, only simple geometric and material 

distribution was studied by them. 

Table 6.1: Slicing approaches [120] 

Criteria Technique 
Find layer thickness (unifrom) Marching algorithm 
from STL file Intersect all facets with slicing plane 
Find adaptive layer thickness 

Use facet normal information 
from STL file 

Slice at a fixed increment, compare 
Find adaptive layer thickness adjacent slices, reslice accordingly 
from exact CAD models Use surface curvature 

Use wavelet transform 
Use existing solid modeler geometry 

Compute exact contours kernel to slice object with a plane 
of intersection Slice primitives, approximate contours 

with second degree curves, intersect 
curves to get final part slices 
Slice NURBS model, approximate 
contours with bi-arc curves 

Wu et al. [244], Zhou et al. [256], and Xu and Shaw [245] proposed that the slicing 

schemes for FGM objects should be determined based on the geometry of the contour 

and the material distribution in the layer. Wu et al. [244] proposed the material 

resample with geometric constraint (MRGC) for slices of FGM objects. The slicing 

algorithm essentially comprises of two steps. The first step is to obtain the thickness of 

geometric slices based on the fabrication demands in the build direction. The second 

step is sampling each material layer on the geometric contour plane by an interpolation 

method. This slicing algorithm is based on mesh-based geometric representation. 

The strategy proposed by Zhou et al. [256] is similar. As the first step, the minimum 

layer thickness is determined by considering both geometric tolerance and material 

tolerance. This step is followed by discretizing continuous material distribution into 
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Figure 6.10: Representation of classification of types of slices[71] 

cells/sub-regions and assessing the material configuration in each cell/sub-regions. 

Xu and Shaw [245] utilized the gradient direction of material variation for sub-region 

determination. Then, the detailed material information is inferred based on the FGM 

representations of material attributes. The shortcoming of these methods is that 

the retrieval and processing rate of geometric and material information is slow for 

rapid manufacturing. Moreover, due to sectioning of slices into cells/regions, the 

fabricated material has low resolution and stair-step effect. Gupta et al. [67] proposed 

an adaptive slicing technique for AM of heterogeneous objects to reduce errors and 

minimize the issue of geometry and material stair-step effects. 

6.4.3 Path Planning 

The task of path planning involves finding the geometric path and process parame-

ters for each layer/slice of the part locally [120, 163]. To quantify the quality of path 
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strategies, Muller et al. [163] proposed the concept of performance indexes. The per-

formance indexes are related to the errors between desired material distributions and 

real material distribution obtained from the manufacturing process. Path strategies 

such as raster paths, zig-zag paths, and spiral paths were compared. These basic 

path strategies can also be utilized for path planning for FGM objects with complex 

material distribution. 

Xu and Shaw [245] studied the path planning for extrusion-based AM process 

for printing FGM objects. The toolpath of extrusion nozzle was restricted along the 

iso-composition contours and equal distance offsets (Fig. 6.11). The iso-composition 

contour is the contour in each layer that has the same material composition. Addi-

tionally, the effect of start and end point selection was also considered in the extrusion 

process. The criterion for such selection is the minimization of loss of dimensional 

accuracy due to material over-fill and under-fill. 

In manufacturing, there are many other factors that have a significant effect on the 

mechanical/microstructural property of fabricated objects [15]. For example, Nelaturi 

and Shapiro [170] accounted for the influence of process limitations and machine im-

precision on the accuracy of the as-manufactured model. The as-manufactured model 

is essentially a substitute for the actual fabricated part. The process uncertainties are 

due to the variety of factors, such as the printer resolution, uneven material deposi-

tion, uncertainty associated with the manufacturing process, imprecision in locating 

print head while depositing material, etc. Few examples of uncertainty quantifica-

tion in AM models can be found in papers [160, 147, 146]. They have presented 

techniques to quantify uncertainty in each source, along with algorithms to dimin-
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Figure 6.11: Process Planning of functionally graded objects:(a) filling paths planning 
of sub-region Sn,n+1, (b) the entire filled region, and (c) the filled region with the 
rendering effect. The path 1-5 in (a) represent the filling sequence and (•) stands for 
the starting and/or ending point for the filling paths [245] 

ish uncertainty. Bian et al. [14] showed that the performance of fabricated parts 

is sensitive to several process parameters in direct laser deposition (DLD) process. 

These parameters are laser power, traverse speed, powder feed rate, hatch pitch, etc. 

In addition, the post-manufacturing steps, such as machining and heat treatment, 

also affect the mechanical/microstructural properties of DLD parts. In the following 

section, we conclude the paper by providing a brief summary and discussing some 

important directions of future work. 

6.5 Conclusion and Open Topics 

AM based FGM object fabrication is one of the most promising areas of research 

and development. In this paper, we touched upon traditional manufacturing meth-

141 



ods and reviewed AM based processes for FGM object fabrication. Different types of 

existing FGM object modeling and representation techniques were also discussed. We 

classify the representation techniques into three classes namely conventional geomet-

ric representation based, geometry-independent, and new material primitive based 

FGM representation. The state of the art of process planning pipeline for AM based 

FGM object fabrication was also reviewed. Specifically, we discuss different existing 

methods for part orientation, slicing, and path planning problems. Future research 

avenues and challenges are discussed next. 

FGM Modeling and Representation 

Modeling of FGM objects is an impeding factor in realizing the full potential of 

FGM. The limited scope of current CAD tools to handle multi-material parts hinders 

our ability to leverage the full capabilities of FGM objects creatively. Some existing 

FGM modeling paradigms have attempted to represent multi-material objects. It is 

crucial that the representation methods are reliable, reasonably accurate, computa-

tionally efficient, user-friendly, and easy to modify, share, and store. Existing FGM 

representation techniques fall short on many of the above-mentioned attributes [86]. 

A robust representation scheme for FGM objects could be used to develop a concep-

tual and detailed design tool that assists designers in creating and exploring intricate 

geometries with complex material distributions. The challenge would be to upgrade 

current CAD tools to handle varying material composition in a part. Additionally, 

the tool should be relatively easy to use and intuitive for users to design and define 

material composition distribution inside the parts. Use of novel human-computer 

interfaces to create, visualize, and manipulate the 3D model might prove to be con-
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venient and advantageous [89, 168, 205]. The FGM representation scheme used in 

the developed tool should be flexible, accurate, and efficient. Therefore, it is also 

important to establish criteria to measure the quality and effectiveness of different 

modeling schemes. 

Furthermore, the actual material distribution in a part at a microstructure level 

would be very difficult to imitate in a virtual model. The variability in interaction 

behavior of different materials at different operating conditions induces an additional 

layer of non-triviality in simulating the material structure. For practical purposes, 

only an approximate model of the material composition that simulates the property 

of a multi-material part at the macro level with reasonable accuracy and confidence 

is desired. The model should also be able to account for variability in process pa-

rameters, such as resolutions of material composition in the fabricating system, the 

temperature variation profile that the material went through during fabrication and 

any phase changes that occurred and its impact on the material properties at micro 

and macro levels. 

An interesting avenue of future work would be to develop a data-driven approach 

to complement the creativity and knowledge of designers. For developing a data-

driven technique, the primary task would be to create a vast database of material 

models and its properties. Different combination of materials in different composi-

tions should be tested, and their physical and mechanical properties should be stored 

in the database. Using suggestive techniques developed in machine learning and prob-

abilistic models for CAD domain [88, 90, 251], the database could be used to generate 

automated suggestions pertaining to the materials to be used for different portions 
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of the designs, the composition of materials to be used, and other topological and 

geometrical changes to the design. 

FGM Analysis 

To simulate the performance of an FGM part, robust and accurate numerical 

techniques should be developed. The techniques should accurately and efficiently 

model the performance of any geometrically complex part with complex material 

distribution under the action of external operating conditions. Several researchers 

have tried to use classical theories and finite element methods to analyze and model 

the behavior of FGM objects [15, 22, 138]. However, these methods could only reason 

about very simple geometries with unidirectional material variation. 

Classical theories of beam, plate, and shell have been adapted to study the dif-

ferent behaviors of FGM parts. The material properties of FGM parts vary in the 

thickness direction for beams and plates, and in the radial direction for shells ac-

cording to different laws (such as linear, exponential, and parabolic). The studies 

involved examining stress, deformation, stability, and vibration of FGM beams (pure 

FGM beam, sandwich beam with FGM core, and multi-material beam fused with 

thin FGM layer), plates (cylindrical, rectangular, circular, and annular), and shells 

(cylindrical and spherical). It accounted for various effects, such as geometric and 

physical nonlinearity, and transverse shear deformability. Solution of FGM beams 

have been obtained using Euler-Bernoulli beam theory, Rayleigh beam theory, Tim-

oshenko beam theory, and first-order shear deformation theory[22, 21]. The different 

behaviors of FGM plates have been studied using the pseudo-Stroh formalism, Stroh 

complex potential formalism, and first-order and third-order shear deformation the-

144 



ories [180, 213, 228]. The analysis of FGM shells including displacement, stress, and 

thermal behaviors were conducted using the Navier equation, Flugge shell theory, and 

Donell shell theory [85, 184]. Finite element analysis has also be adapted to simulate 

the behavior of FGM beams, plates, and shells [22, 38, 12]. 

Advanced and robust numerical techniques and a representation scheme that sup-

ports analysis computations needs to be developed to study and simulate behavior 

of more complex FGM objects. In addition, it would certainly be beneficial to have 

a system that can optimize and suggest appropriate changes in the design to satisfy 

and meet the requirements specified by the designers. The proposed changes could 

be in the form of change in geometrical parameters of the design, the topology of the 

design, or the material distribution over critical regions. 

Fabrication and Process Planning for FGM 

Compared to traditional manufacturing processes, multi-material AM systems 

that enable fabrication of FGM objects require better control on material handling 

and process parameters. The AM systems have their restrictions on material selection. 

Besides, the uncertain behavior at the material interfaces has a significant influence on 

the quality of FGM objects [51, 158]. This has hindered the use of AM techniques for 

fabricating FGM objects. Moreover, some AM techniques are limited to create FGM 

objects with simple material distributions only (e.g., unidirectional FGM object) 

[112, 141, 44, 80, 246, 187]. To achieve the desired performance from the FGM 

object, the process parameters should be properly optimized and controlled to obtain 

an accurate fabrication. Most current AM systems monitor the process parameters 

based on operators’ experience and trial and error. An extensive study to build a 
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system with highly controllable process parameters to get the desired performance 

and accuracy is needed. Furthermore, as discussed in [170], the as-manufactured 

models are often deviated from the desired objects due to the uncertainty of process 

parameters and material behavior. A robust design system should incorporate and 

account for such uncertainties to bridge the gap between the nominal models and the 

as-manufactured FGM models. 

Although representation methods of FGM parts, analysis of its performance in 

external operating conditions, and its fabrication techniques have been extensively 

explored, they are rarely comprehensively studied together. An integrated and com-

plete design system that is capable of aiding designer to model, analyze, and fabricate 

complex FGM objects is yet to be achieved. 
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Chapter 7 

Conclusion 

This dissertation focuses on a data-driven framework that enables integrating material 

informatics to product design and manufacturing to increase the efficiency, reliability, 

and pertinency of the entire production chain. Intelligent material assignment tools, 

intelligent material inspection tools, and a material-oriented design and manufactur-

ing scheme were developed and validated. In this chapter, the contributions of this 

dissertation and some directions for future work are outlined. 

7.1 Summary of Contributions 

The goal of this research endeavor has been achieved by successfully answering the 

two main research questions posed in Chapter 1. The primary contributions of this 

dissertation are listed below: 
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1. The following intelligent methods are presented to support the efficiency im-

provement and quality assurance during design and manufacturing (Chapter 

3, 4, and 5). 

(a) Probabilistic factor graph based material assignment method: This disser-

tation outlines a probabilistic factor graph model (Section 3.2) that could 

handle the heterogeneous data obtained from CAD/CAE/CAM modeling 

and help designers to automatically assign real plausible materials for the 

parts of the query object with predefined functionality. The developed 

model aids in automated material allocation to a given CAD model. The 

results related to this contribution have been published as a journal article 

in Journal of Mechanical Design [252]. 

(b) Convolutional neural network based material quality classification method : 

This dissertation presents an intelligent material quality inspection tool 

to enable process monitoring of a metal additive manufacturing process. 

The developed tool is based upon a data-driven deep learning framework 

(Section 4.3). To generate an appropriate architecture that can help in 

identifying of the quality of metal AM parts, we investigated several exper-

imental architectures by varying the input size and hyper-parameters that 

include the number of layers, size of layers, filter size, and regularization 

strategy. The classification accuracy of the finally developed model using 

the full image and the ensemble of model outputs on its patches is very 

close to 100%. The results related to this contribution have been accepted 

for publication as a journal article in Rapid Prototyping Journal. 
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(c) Fully convolutional neural network based material defect localization 

method: It presents an intelligent material inspection tool to achieve 

end-to-end inference of defect inspection in process monitoring. The infer-

ence is realized through investigating a fully convolutional neural network 

model(Section 5.3). We demonstrated the utility and efficacy of the 

developed fully convolutional neural network architecture for automated 

degradation mechanism detection of organic solar cells. The application of 

the intelligent defect detection tool could help the manufacturers increase 

the product reliability through intelligent process monitoring. The results 

related to this contribution are expected to be forthcoming with a journal 

article (Exact venue to be decided). 

2. A material-oriented design and manufacturing scheme (Chapter 6) for func-

tionally graded material objects in additive manufacturing is proposed to op-

timally use the unique capabilities of new fabrication processes and push the 

performance envelop of new products. This dissertation has touched upon the 

manufacturing process (Section 6.2), modeling and representation techniques 

(Section 6.3), and process planning pipelines (Section 6.4) for additive man-

ufacturing of functionally graded material objects. The results related to this 

contribution have been published as a journal article in the Journal of Comput-

ing and Information Science in Engineering [250]. 
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7.2 Future Work 

There exist multiple directions for future work. 

The material assignment tool can be augmented by creating a powerful graphical 

user interface. This interface should allow the user to import a 3D query model and 

run the proposed algorithm in the background and propose material suggestion in 

real time. The user should also have a choice to pick a suitable material for one or a 

few of the parts and the algorithm could automatically define materials for remaining 

parts of the objects. 

The material quality classification tool could be explored by initializing the neu-

ral network structure with various feature extraction and feature selection methods. 

Some promising feature extraction and selection methods include multilinear PCA, 

vectorized PCA, a histogram of oriented gradients, a visual bag of words, analysis 

of variance (ANOVA), χ2 method, and Fisher score [29]. It would be interesting 

to expand the scope of the application of quality inspection to other materials (for 

example, titanium alloy). 

For the material defect localization tool, a possible direction of future work could 

be exploring the divergences in decoding part of the architecture. For example, Seg-

net [7] uses max-pooling indices from the corresponding encoder stage to achieve the 

upsampling. It would also be interesting to investigate the methods that could inte-

grate global context information of the image, such as dilated convolutions [26], and 

multi-scale aggregations[249]. 

For the design and manufacturing schemes oriented by novel materials, advanced 

and robust numerical techniques and a representation method that supports analysis 
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computations to study and simulate the behavior of new material objects is a promis-

ing direction to study. In addition, it would certainly be beneficial to have a system 

that can optimize and suggest appropriate changes in the design and manufacturing 

to satisfy and meet the requirements specified by the designers and manufacturers. 

The proposed changes could be in the form of change in the geometrical parameters 

of the design, the topology of the design, or the material distribution over critical re-

gions. Besides, an integrated and complete design and manufacturing system that is 

capable of aiding designer and manufacturer to model, analyze, and fabricate complex 

objects is yet to be achieved. 
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[128] Yann A LeCun, Léon Bottou, Genevieve B Orr, and Klaus-Robert Müller. Ef-
ficient backprop. In Neural networks: Tricks of the trade, pages 9–48. Springer, 
2012. 

163 



[129] KF Leong, CK Chua, N Sudarmadji, and WY Yeong. Engineering function-
ally graded tissue engineering scaffolds. Journal of the mechanical behavior of 
biomedical materials, 1(2):140–152, 2008. 

[130] Ming C Leu, Bradley K Deuser, Lie Tang, Robert G Landers, Gregory E Hilmas, 
and Jeremy L Watts. Freeze-form extrusion fabrication of functionally graded 
materials. CIRP Annals-Manufacturing Technology, 61(1):223–226, 2012. 
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[242] Mateusz Wośko, Bogdan Paszkiewicz, Tomasz Piasecki, Adam Szyszka, Regina 
Paszkiewicz, and Marek T lacza la. Application and modelling of functionally 
graded materials for optoelectronic devices. In Proceedings of 2005 International 
Students and Young Scientists Workshop Photonics and Microsystems, pages 
87–9, 2005. 
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