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Abstract: Cyber manufacturing services, which aim to connect geographically distributed designers and
manufacturing service providers via the internet, are emerging to address the market shift from mass production
to mass personalization. Recent advances in the Internet of Things (IoT) and machine learning enable new
capabilities that promise improved efficiencies across the cyber manufacturing ecosystem. In this paper, we
focus on machine learning methods that facilitate cyber manufacturing services in the areas of manufacturing
process planning and design for manufacturing (DFM). To enable automated manufacturing process planning,
we review recent advances in manufacturing capability modeling, manufacturing process selection, and feature
recognition for process planning. To facilitate DFM, data-driven tools for generative design are reviewed and
new methods and results presented. In the context of the literature review, we summarize work from our research
group and present some new methods and results in the DFM area. Critical summaries of research challenges
are provided to set the stage for recommendations on future research directions toward realizing cyber
manufacturing services.
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1. Introduction

Cyber manufacturing, aimed at overcoming geographical barriers between manufacturing service users and
service providers through information technology, is enabling a shift from mass production to mass
personalization in manufacturing. The concept of cyber manufacturing emerged in the 1990s (for example, Ref.
[1]) as manufacturing became more computerized and networked. Terms like “smart manufacturing” and “digital
manufacturing” also became popular during this time. Recently, the term cyber manufacturing refers to a system
that translates data from digitalized manufacturing systems into predictive and prescriptive operations to achieve
resilient performance [2]. This marked a shift towards more interconnected, data-driven manufacturing powered
by the industrial Internet of Things (IoT) and machine learning (ML). Recently, cyber manufacturing has gained
traction with the rise of advanced technologies, including but not limited to cloud computing, ML, artificial
intelligence (AI), and IoT. The digital model-based approach can enable on-demand and customized production.
Concepts like smart factories, intelligent manufacturing [3], intelligent machine tools [4], digital twins [5], and
collaborative robots have become the hallmarks of cyber manufacturing. The trend is towards more intelligent,
resilient, and sustainable production through digital transformation. Cyber manufacturing has evolved
considerably from early computerization to highly connected, automated, and data-driven factories.

The rise of digitization improves the accessibility of manufacturing data, enabling researchers and industries
to employ ML for tasks like knowledge extraction, decision-making, design generation, simulations, and process
monitoring and control. ML offers higher efficiency through automation of workflows compared to traditional
methods that may rely on significant human intervention. In addition, formulating the mathematical relationships
intrinsic to manufacturing knowledge is challenging due to the diverse factors involved, which span different
process stages and encompass a wide range of heterogeneous knowledge. Therefore, developing fine-grained
physical models is often impractical due to their significant computational requirements. ML-based surrogate
models can supplement fine-grained physical models for many tasks, providing one approach to address this



difficulty. To illuminate the potential applications of ML to facilitate cyber manufacturing, an in-depth review
is crucial to summarize and analyze current research topics as well as identify the current research gaps.

The cyber manufacturing services context in which this paper is situated is illustrated in Fig. 1. A designer
develops a preliminary design of a product, module, or subsystem. For each part, manufacturing processes and
materials must be selected, this is Step 1. In Step 2, manufacturing planning and sequencing are performed.
Subsequently, design for manufacturing (DFM) fine-tunes the part designs so that they are suitable for the
selected processes and materials. Iterations between Steps 2 and 3 are expected as both the part and its
manufacturing plan are progressively refined. Along this product development process, suppliers are identified
who will fabricate each part. This paper focuses on Steps 1-3, as well as an element of Step 4, in Fig. 1. Topics
covered in Sections 3—6 are shown at the bottom of Fig. 1 under their corresponding Steps. Manufacturing
capability modeling (Section 3.1) and feature recognition (Section 3.2) are basic elements that enable
manufacturing process selection (Section 3.3), which is the objective of Step 1. For Step 2, the topic of
manufacturing operation sequencing (Section 4.1) is presented; for each operation, process parameter selection
(Section 4.2) is needed. In Step 4, only the topic of operation sequencing is covered in a short Section 5. This
topic was chosen since it builds on the contents of Section 4 and utilizes ML techniques that are similar to those
used for operation sequencing. The contents of Sections 3—5 are literature surveys, while DFM in Section 6
represents new research from our group that has not been published before. The most common ML and deep
learning (DL) techniques used for each topic are shown at the bottom of the figure.

In the context of cyber manufacturing, ML-based research advances for each of Steps 1-4 are reviewed with
the purpose of answering the following three research questions:

(1) Can ML models learn the process capabilities of individual manufacturing processes in terms of the ranges
of geometric shapes produced by that process?

(2) What types of ML models are capable of sequencing manufacturing processes in a process chain and
developing process plans for each process?

(3) Can ML techniques be used to perform DFM, that is, modifying part shapes to improve their manufacturing
characteristics?

These questions are central to the objectives of cyber manufacturing. Regarding the first question, the authors
have found that it is difficult to articulate the range of shapes that a given manufacturing process can produce.
Some efforts have been made to mathematically and computationally define manufacturing process capabilities
using carefully crafted sets of machining features [7] and rules [8] on material removal volumes, accessibility
directions, tool choices, etc. An extensive literature emerged on feature recognition from three dimensional (3D)
part models based on machining volume decomposition [9] or reasoning from boundary representations (BReps)
[10]. Good results were achieved in representing machining capability and in process planning for 3-axis
machining and drilling, for example. However, these approaches were found to have limited scalability to
complex feature interactions [11], more complex machining (e.g., 5-axis) processes and to other manufacturing
processes, such as molding and casting. Furthermore, the proliferation of process variants, such as micro-milling
vs. large scale milling, vertical axis vs. horizontal axis machine tools, etc., increases the difficulties associated
with the analytical and manual approaches to process capability modeling and feature definitions. Recent
research demonstrates that process capabilities can be represented by latent spaces generated by various ML
encoders. The importance of this work is that it is foundational to manufacturing feature recognition and process
selection. Research on these topics will be presented in Section 3.
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Fig. 1. Cyber manufacturing context for this paper. DL: deep learning; ML: machine learning; ANN: artificial
neural network; CBR: case-based reasoning; CNN: convolutional neural network; DRL: deep reinforcement
learning; DT: decision tree; GAN: generative adversarial network; cGAN: conditional generative adversarial

network; GAT: graph attention network; GNN: graph neural network; KG: knowledge graph; KNN: k-nearest
neighbor; LSTM: long short-term memory; SVM: support vector machine; SVR: support vector regression.

(Part images from [6])

If a part requires more than one manufacturing process to be produced, then those processes need to be
sequenced in the order that ensures all specifications are met while minimizing manufacturing costs and
difficulties. Then, each process needs to be designed: toolpaths and process variable values should be determined.
Traditionally, both tasks have relied on human expertise, applying experiences with similar parts and features
using variant process planning approaches. In the machining domain, geometric reasoning about feature
interactions guided decisions about feature precedence. However, limitations arose that were similar to those
encountered for manufacturing process capability modeling and feature recognition, in particular, the
combinatorial explosion of interacting feature types, many possible cutting tools, many possible accessibility
paths, etc. [12]. Instead, with advances in ML, the opportunity for software models to learn from these
experiences offers new possibilities for automation in Step 2. A related topic is operation scheduling, which
becomes important after process planning is completed and suppliers are selected. This is a well studied, but
difficult combinatorial optimization problem [12]. A small but growing body of ML-based literature is emerging
on this topic to try to address the inherent computational challenges. A wide variety of research literature is
reviewed on these topics in Sections 4 and 5.

DFM raises other types of issues. Again, traditionally DFM is performed by experienced designers who
understand manufacturing process capabilities and limitations well. Typical DFM guidance is offered through
Do/Don’t examples and feature dimension examples [13]. An example of a Do/Don’t rule for injection molding
is to modify features on a part so that they do not cause undercuts. For feature dimension examples,
recommended dimensions for snap-fit features, minimum feature sizes, and minimum feature spacing are
common. For an ML model to learn DFM rules and practices, different approaches are likely needed since DFM



requires the ability to apply abstract concepts and rules to a new part design, something that has likely never
been seen before. Some initial work investigated product design in an intelligent manufacturing context [14].
However, newly developed generative Al models hold promise in being able to generate part designs according
to rules learned from a range of examples. A challenge not yet mentioned is the need to ensure part functionality
is met. Expert designers assess functionality while proposing design modifications; this capability must be built
into ML-based models. Little literature has been published on ML-based DFM approaches. However, related
work is surveyed briefly in Section 6, then some emerging example research is presented that has promise in
performing DFM.

2. Background on ML and DL
A brief introduction will be provided to the conventional ML and DL techniques identified in Fig. 1.
2.1. ML techniques

Several conventional ML techniques were applied to manufacturing process capability modeling. Techniques
such as k-nearest neighbor (KNN), support vector machine (SVM), decision tree (DT), and random forest (RF)
were applied to classify parts according to their manufacturing process (Section 3.1 for descriptions and
references). Hence, the representation of process capability was indirect; if a part was classified into a specific
class, then the manufacturing process represented by that class could manufacture that part. KNN is an
unsupervised method that groups data into K clusters based upon their distances from one another, as measured
by an appropriate distance metric. As presented in Section 3.1, the metrics were based on shape descriptors
computed from geometric part models, such as curvatures. In contrast, DT, RF, and SVM techniques are
supervised learning methods that rely on labeled data. DTs learn rules by splitting data based on feature values
to minimize error; RF is an ensemble of multiple DTs trained on different subsets of data and tend to be more
accurate and less susceptible to overfitting than single DTs. SVMs compute boundaries between classes as
hyperplanes that maximize the distance between classes. They can also be used for regression to compute a
function that fits the data to within a margin of error, which was applied to parameter selection and operation
scheduling tasks, as presented in Sections 4.2 and 5, respectively.

Artificial neural networks (ANN) can also be considered a conventional ML technique. However, their
application to cyber manufacturing as discussed here is typically as a deep network, that is, one that has multiple
hidden layers of neurons.

2.2. DL

DL ML techniques represent significant advances in the past decade that resulted from fundamental progress
in computer vision, natural language processing (NLP), and real-time cyber-physical communication. In the
remainder of Section 2, brief introductions of the primary neural network types, including convolutional neural
networks (CNN) and graph neural networks (GNN) will be provided. Then, more specific learning paradigms
will be introduced, including recurrent neural networks and reinforcement learning (RL) methods.

2.3. CNN

CNNs are a form of neural network that has enabled significant advances in a wide range of applications,
particularly in computer vision-based tasks. A key element in a CNN is the convolutional layer, in which
convolution operations and nonlinear activation functions are utilized to extract intrinsic features from the input
image, voxel field, or video. The convolutional layers can be stacked together to extract higher-level information
from the original input. However, using convolutional layers alone does not rapidly reduce the dimension of the
input matrix. To overcome this, pooling layers are typically applied after convolutional layers to downsample
the data. For example, max pooling, which searches for local maximum values, is commonly adopted in pooling
layers. It is common for convolutional and pooling layers to alternate in a CNN to extract features and compress
irrelevant information, which reduces computational effort. After convolutional and pooling layers, fully
connected layers, also known as a multilayer perceptron (MLP), can be used to match the desired output
dimension. During training of CNNs, the weights associated with each layer are adjusted to enhance the quality
of the generated results.

A CNN as a type of DL approach usually comprises a sequence of layers of neural networks. Fig. 2(a)
illustrates a typical CNN architecture. Note that the pairs of convolutional and pooling layers, depicted by the



dashed rectangle in Fig. 2, can be repeated, or the convolutional layer itself can be stacked. The number of hidden
layers is chosen based on the sophistication of the learning task. The architecture shown in Fig. 2 is commonly
called an encoder since it effectively encodes the input image into a latent (condensed) representation.
Convolution operations can be inverted to decode latent representations and regenerate images. For further
insights into CNNs, several well-known references are available [15,16].

As applied to cyber manufacturing, CNNs operate on two dimensional (2D) images of parts or 3D voxel
models. Their output, latent representations encode high level features (although not explicitly) that can be used
to represent process capability and manufacturing features, which can be applied to process selection and
operation sequencing tasks. CNNs are not limited to operating on images, however. Their convolution operations
can be applied to recognize patterns in any datasets that are represented using vectors or matrices. Hence, they
are also applied to other types of part information and shape descriptors, such as sampled points, curvature
distributions, and their combinations.

2.4. GNN

In contrast to CNNs that process grid-structured data, GNN operate on datasets where the data elements are
related by more general relationships, enabling a much wider range of datasets and applications [17]. Both
triangle meshes and BReps are represented as graphs so much more informationally rich part representations can
be processed directly using GNNs, compared to CNNs. Most applications reviewed here utilize a type of GNN
that performs convolutions, similar to CNNs, based on neighboring nodes, in analogy to adjacent grid elements
in a CNN. In a few cases, attention mechanisms are used to enhance GNN performance; these are denoted as
graph attention networks (GAT).

2.5. Generative adversarial network (GAN)

As illustrated in Fig. 2(b), a GAN is composed of two neural networks, a generator and a discriminator [18].
GANSs generate new designs using random noise as input. During the training phase, random noise is generated
and fed into the generator, resulting in the production of new designs known as fake data. Both the fake data and
real data are then passed to the discriminator, which tries to determine which is authentic. The penalties
determined by the discriminator are subsequently transmitted back to update the generator. Throughout this
training process, the generator and discriminator engage in a competitive interplay, continually enhancing their
performance. Ultimately, the generator becomes proficient at generating realistic designs, which enables
generative design.

2.6. Recurrent neural networks

Recurrent neural networks process sequential data, where context and order are important. As such, they are
often applied to NLP, video analysis, and speech or audio processing. In this paper, a specific type of RNN was
applied known as long short-term memory (LSTM) that has mechanisms for learning long-term dependencies
in sequential data, while forgetting some information [19]. They utilize feedback connections and maintain an
internal state. In this review, they have two main applications, processing time-series signals from machine tools
and operation sequencing. Some implementations on the latter topic utilized bidirectional LSTMs to support
reasoning in both the forward and backwards directions. The architecture of a typical LSTM cell is shown in Fig.
2(c), where the forget, input, and output gates, as well as the candidate memory are all neural networks. The
input X; is the time series data that is input to the RNN, while the memory and hidden state inputs are generated
by the LSTM network.

2.7.RL

In contrast to CNN and generative models that rely on labeled data that requires ground-truth information for
training, RL operates without such labels. Instead, RL is trained in a trial-and-error manner to learn an effective
policy (set of rules) to decide which action to take given the current state of the environment [20] to maximize
a cumulative reward. Stated differently, an agent learns to achieve a goal in an uncertain environment by
performing actions and receiving feedback through rewards and possibly penalties. The general framework of
RL encompasses two fundamental components: the agent and the environment as shown in Fig. 2(d). The agent
serves as the focus of training and is capable of taking actions that cause the system to transition from state to
state. The environment represents the world in which the agent exists and operates. As the agent takes actions



based on the current state and its policy, the environment conducts observations, generates new states from the
initial state, and derives the corresponding rewards. RL has been implemented in many different variants, with
major differentiators being whether a model of the environment is developed (model-based) or no model is used
(model-free) and whether learning is primarily focused on value learning [21] or policy learning [22].
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Fig. 2. General architectures of the ML techniques surveyed: (a) CNN, (b) GAN, (¢) LSTM, and (d) RL.
3. Manufacturing capability modeling for process planning automation

The vision of cyber manufacturing aims to break the geographical barrier between designers and
manufacturers by connecting manufacturing demands and resources via the internet. As a result, end users are
provided with a growing number of available resources to physically realize part designs. The challenge is to
select appropriate manufacturing resources and develop manufacturing plans that achieve technical and
economic objectives. Addressing these challenges requires a knowledge base that captures the capabilities of
manufacturing resources to achieve these objectives. By manufacturing capability, we mean the ability of a
manufacturing process to achieve design specifications such as part shape, material properties, and quality
attributes. Recent ML research related to aspects of manufacturing capability modeling, operation sequencing,
and process planning such as feature recognition, process selection, process sequencing, and process parameter
selection are critically reviewed and research gaps identified in the following sections. A typical workflow for
manufacturing process planning is shown in Fig. 3 [23] that expands upon Steps 1 and 2 from Fig. 1 and assumes
that DFM is not needed. Iterations between steps are not shown. Sections 3.1 and 3.2 correspond to the first
activity of Step 1 in Fig. 3 on recognizing manufacturing features, while Section 3.3 focuses on the second
activity on determining manufacturing processes.

Step 1 Step 2
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Fig. 3. Typical manufacturing process planning workflow. Reproduced from [23] with permission.

3.1. Manufacturing capability extraction and representation



The problem of selecting manufacturing processes for a given part design is an important topic in
manufacturing. With the growing trend of utilizing digital/cyber manufacturing platforms to link manufacturing
resources and capabilities with customers looking to source customized products, the problem of automatic
process selection is more difficult due to the large number of manufacturing resources readily available online.
The need is apparent: scalable representations of manufacturing process capability knowledge must be developed
to facilitate efficient search, comparison, and selection of manufacturers capable of producing the product.
Instead of researchers or practitioners mathematically and computationally defining manufacturing process
capabilities, features, and rules, ML enables knowledge inference from data which has made it possible to learn
the capabilities of manufacturing processes and resources automatically. An extensive review of research on
process capability extraction and modeling is included here.

Ip et al. [24] utilized KNN and SVM [25] techniques to learn the shape generation capabilities of casting and
machining processes. In these approaches, the D2 shape distribution (in Ref. [24]) and part curvature distribution
(in Ref. [25]) were chosen as shape descriptors, which were calculated from part geometries represented using
triangle tessellations. A drawback of using KNN [24] is that the computational requirement of the method grows
significantly when the dataset becomes large. Also, the normalization of curvature values in Ref. [25] results in
loss of information about extreme curvature values and thus loss of local shape details. In addition, high mesh
resolution is required for these methods to compute accurate shape descriptors.

Hoefer and Frank [26] extended Ip and Regli’s work by introducing more part shape descriptors to which they
applied DT, KNN, and RF classifiers to predict if a part could be made by general machining or casting processes.
Given a part represented by a tessellated surface mesh, the aggregate geometry metrics considered in their work
included O a volume to surface area ratio, @) a bounding box to part volume ratio, 3 a bounding box surface
area to part surface area ratio, @ an aspect ratio of longest to shortest dimension, and ® a ratio of number of
facets (in the tessellated mesh) to surface area. The slice-based metrics include (©) a visibility score that describes
the tool accessibility in terms of achievable tool angles in x, y, and z directions, (D) a tool reachability depth
defined by the maximum of the shortest distances from the part surface to each faceted edge of the part, (8) the
maximum diameter of the tool that can reach every facet of the part without any obstacles, (9 the ratio between
(@ and ®), 10 the number of required principal directions (i.e., x, y, and z directions) to manufacture the part,
and (1) the number of rotations (apart from the principal directions) required to manufacture the part. The
approach taken to determine the slice-based metrics is illustrated in Fig. 4. The facet-based orientation metrics
included (12) the angle between the tool (of either end milling or face milling) and the normal of each facet of the
tessellated mesh of the part, and (13 the maximum deviation angle between the facet normal to the principal
directions of each facet. For each part, these 13 metrics were calculated, and then the manufacturing process
(either milling or casting) was predicted using the built classifiers. While the use of multiple shape descriptors
ensures that the classifiers can capture the shape generation and tooling capabilities of milling and casting, many
of the metrics were specifically designed for the milling process and may not be applicable when other
manufacturing process labels are introduced to the classifiers.

Zhao et al. [27] utilized interpretable decision tree based classifiers to learn the capabilities of discrete
manufacturing processes including turning, milling, and casting in terms of their capability to generate part shape,
to handle different input materials (defined in terms of their mechanical and physical properties), and to generate
the specified quality. Their work is limited by the assumption that all features in the part are produced using the
same manufacturing process, ignoring the possibility that different features can be made using different discrete
manufacturing processes.

Wau et al. [28] introduced RF-based classifiers to describe the milling process capability in terms of tool wear
rate. The inputs to their classifier are the instantaneous cutting forces and vibrations in x, y, and z directions and
acoustic emission sensor readings. A dataset of 315 milling operations under the same cutting condition was
used to train and test the classifiers. Their results show that the proposed RF classifier outperformed the ANN
and support vector regression (SVR) classifiers in terms of prediction accuracy. However, the authors did not
test the generalization performance of the classifiers for predicting tool wear rates based on varying cutting
conditions. No information about input stock or the target manufacturing feature to be generated was considered
by the proposed classifiers. Furthermore, the authors did not compare their method against time series forecasting
methods (e.g., LSTM [19]), which would have been reasonable since the tool wear rate they predicted is a time-
variant attribute.
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Fig. 4. Slice-based machining analysis of (a) an example part, that is (b) sliced; (c) each slice is analyzed for
manufacturability, and (d) results are mapped back to the Stereolithography Language (STL) model. Reproduced
from [26] with permission.

Angrish et al. [29] represented the capabilities of a manufacturing service provider by the parts successfully
manufactured by the provider in the past. Parts were described in terms of their geometry, material name, and
part tolerance. Given a query part that needs to be manufactured, they utilized the KNN algorithm to find the
provider with the greatest number of similar parts in their repository. On the other hand, part material and quality
in this method are described in a categorical manner (e.g., metal or non-metal, high tolerance or low tolerance)
rather than quantitatively. Part shape was described by only global shape descriptors. Moreover, their system
presumed the presence of multiple comparable products to the queried part, which may not be always true.

Ghadai et al. [30] utilized a 3D CNN to learn the DFM rules from voxelated part design geometries and used
the rules to predict the manufacturability of drilled hole features in part designs. However, the approach considers
part design as a whole without locating the local source(s) of non-manufacturability.

Ransch et al. [31] implemented DL and regression algorithms for predicting the quality of injection-molded
plastic parts based on material information and process parameters (e.g., mold temperature). They compared
ANN, CNN, and LSTM techniques on their sensor data streams and found similar performance; however, they
demonstrated that a combination of sensor data and material type yielded better prediction accuracy than sensor
data alone.

Guo et al. [32] proposed a framework to extract knowledge of machining process capabilities from text-based
descriptions using NLP methods, including the LSTM technique, to construct a knowledge graph. To apply the
knowledge base to a specific part, the user develops a text description of features and quality requirements
(tolerances, surface finish specifications). Han et al. [33] proposed a data-driven model for mapping the
relationship between a part CAD model and manufacturing process data supported by a knowledge graph and
an LSTM network. Kumar and Starly [34] proposed an NLP framework for extracting manufacturing process
knowledge from abstracts of manufacturing articles. These proposed approaches combined a bidirectional LSTM
and a conditional random field to extract both qualitative (e.g., processable material types) and quantitative
descriptions (e.g., achievable ranges of surface roughness and size tolerance) of machining process capabilities.
However, these methods only consider text-based information as input for knowledge extraction while ignoring
information in other forms (e.g., 3D models of the part shapes) so detailed information of part shape is lacking.

Zhang et al. [35] proposed a DL approach that combined a CNN and an ANN to learn and predict
manufacturability of a laser powder bed fusion (PBF) process. Based on voxelated part design geometry and
text-based descriptions for the material (e.g., material supplier, material name, and material density in loose form)
and printing machine (e.g., machine supplier and type), the proposed approach predicts if each voxel, which
reflects the input part design, can be manufactured or not. Barrionuevo et al. [36] proposed using regressors such
as SVM, DT, RF, KNN, gradient boosting, Gaussian process (GP), and MLP to predict the relative density of



parts made using a PBF process based on process parameters including laser power, scanning speed, layer
thickness, hatch spacing, and particle size. The predictions were limited to 316L stainless steel parts.

Table 1

Manufacturing capability extraction literature.

Manufacturing
process ML techniques Input Shape descriptors Reference
Part type KNN Tri mesh D2 [24]
Casting, machining SVM Tri mesh Curvature [25]
Milling, casting DT, RF Tri mesh Geometric metrics [26]
Turning, milling, and Curvature, D2, and
casting DT Tri mesh symmetry [27]
Cutting forces,
Milling RF, ANN, SVR vibration — [28]
Part type KNN CAD model Global shape desc. [29]
Drilling 3D CNN Voxel — [30]
ANN, CNN,
Injection molding LSTM CAD model Features [31]
Machining NLP, LSTM Text Knowledge graph [32]
Knowledge
Machining graph, LSTM CAD model Grammar [33]
All NLP: LSTM, RF Technical text Word2vec [34]
PBF CNN, ANN Voxel, text — [35]
SVM, DT, RF,
KNN, GP Process variables — [36]

The approaches taken on this topic are summarized in Table 1 [24-36], where the manufacturing processes, ML
techniques, inputs, and shape descriptors are documented. The first four [24—27] took similar approaches of
applying standard ML techniques to well known shape descriptors, such as curvature distributions and D2,
computed from a geometric part model to capture the class of shapes that are producible by a manufacturing
process. Ref. [28] took a different approach for milling, where process capability was captured based on cutting
forces and vibrations, not part geometry or shape. RF, ANN, and SVR were the ML techniques investigated for
this purpose. In ref. [29], the objective was the functional classification of parts. The researchers used a set of
global shape descriptors computed using part CAD models, then applied a KNN classifier to sort the parts into
appropriate classes. Ref. [30] captured drilling capabilities using a 3D CNN with voxel models of parts as inputs.
This approach is similar to many taken for feature recognition (Section 3.2). Refs. [32,33] utilized knowledge
graphs to characterize process capability but supported reasoning using different approaches. In both cases, an
LSTM network was employed to learn from text (which is a sequence of words). Ref. [34] also used NLP and
an LSTM network to learn from technical text describing manufacturing processes, but did not build an explicit
knowledge graph. LSTM networks are also useful for dealing with sensor data, which is again sequential, as
investigated in Ref. [31]. Finally, results from ref. [35] reinforced the benefits of utilizing some information
beyond part shape to capture process capability, in this case, adding process settings and material information as
inputs.

3.2. Manufacturing feature recognition

An essential aspect of cyber manufacturing is automatic process planning which aims to automatically
generate a process plan, including the sequence of processes and other process details (e.g., machine, fixture
setting, process parameter setting, etc.), from a product design. First, ML approaches to feature recognition will
be surveyed, which is a prerequisite for process planning, sequencing, and scheduling, topics to be addressed in
the sequel.

Much of the recent work on manufacturing feature recognition has pursued 2D or 3D CNNs as their primary
ML method, along with a range of part representations and shape descriptors. More recently, GNNs have shown
great promise for feature recognition. Research approaches are summarized in Table 2 [5,37-56]. Note that all



research reviewed here focused on machining processes, except for one paper. A clear evolution is evident in
the research, from early ANN to CNN to GNN approaches.

Table 2
Manufacturing feature recognition research.

Manufacturing

process ML techniques Input Shape descriptors References

Machining ANN BRep AAG [37,38]

ANN Tri mesh Normal vector clusters,

Machining (PointNet++) — pointcloud  FAG [39]
CAD model

Machining ANN, transformer  — point cloud Point patches [40]
CAD model

Machining 3D CNN — voxel — [41]

Machining 3D CNN Dexel — [42]

Machining 2D CNN 2D views ResNet [5,43,46]
Cross-section

Machining 2D CNN views Feature segmentation [44]

Machining 3D CNN STEP — voxel AAG [45]

Machining 3D CNN Voxel, octree — [47]

Machining GNN BRep AAG [48,51]

Machining GNN BRep, trimesh  FAG [49]

Machining GNN BRep, points FAG [50]

Machining GNN BRep AAG [52]

Machining GNN, GAT BRep FAG [53]

Machining GNN BRep, points AAG [54,55]

Sheet metal GNN STEP, points AAG [56]

FAG: face adjacency graph; STEP: standard for exchange of product model data; AAG: attributed adjacency
graph;

Jian et al. [37] proposed a feature recognition method for prismatic part designs represented using the STEP
format. Given a design, an attributed adjacency graph (AAG) was built, and subgraphs were identified by
trimming the edges associated with convex edges. Finally, each subgraph was input to an ANN to predict its
corresponding manufacturing feature. They adopted an evolutionary optimization method, called the novel bat
algorithm, for training the ANN. Zhang et al. [38] improved Jian’s method by introducing the Artificial Bee
Colony algorithm, instead of the novel bat algorithm, to further enhance the performance of the ANN. More
recent research using ANNs has utilized point cloud representations, sampled from triangle meshes or CAD
models, as inputs. Yao et al. [39] added normal vector information for each point, then clustered those vectors,
as well as a face adjacency graph (FAG) as shape descriptors. These shape descriptors were input into a well
known ANN, PointNet++ [40], to recognize features. In contrast to all the other research surveyed in this section,
Zhang et al. [40] took a self-supervised learning approach to feature recognition. They sampled CAD models to
generate point clouds, then clustered points into point patches which served as inputs to their transformer-based
ANN. Training was performed in two stages, with the first utilizing unlabeled data and the second using a small
amount of labeled data. In experiments, they demonstrated semantic segmentation accuracies better than 99%,
outperforming PointNet++.

Zhang et al. [41] proposed FeatureNet which utilized a 3D CNN for recognizing voxelated machining features.
Fu et al. [42] proposed a dexel representation for 3D part geometry that utilized varying spatial resolutions to
efficiently capture both global shape and detailed local shape information to facilitate training of a 3D CNN for
feature recognition. However, the proposed representation requires much larger storage space than a standard
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voxel representation since additional dimensions (other than x, y, and z) are required. Zhang and Zhou [43]
proposed a 2D CNN to recognize manufacturing part categories based on a set of 2D views of the part. However,
the method classifies the part as a whole and lacks recognition of detailed features in the part. Shi et al. [44]
proposed a CNN for recognizing manufacturing features in a part from cross-sectional views. Ning et al. [45]
utilized a graph-based method to segment BRep models into individual features based on convex edges, and they
utilized a CNN to classify each segmented feature. Example feature recognition results are shown in Fig. 5. A
limitation of these feature recognition methods in the context of automatic process planning is that they only
consider part shape information and do not relate the recognized features to manufacturing processes that can
produce them. An exception is the digital twin framework proposed by Zhou et al. [5]. As an extension of Ref.
[43], detailed cutting tool selections were made based on a set of if-then rules that considered the relationship
between recognized feature types, manufacturing processes, and the corresponding cutting tool. However, in
their method, identification of manufacturing features in the part and manufacturing process selection need to be
performed by the user. Zhou et al. [46] associated manufacturing feature recognition with cutting tool selection.
They utilized ResNet [48] to recognize special manufacturing features, represented using multiple views of
engineering drawings, and associated cutting tools as class labels. Therefore, given new part designs with similar
features, their trained CNN can recognize the feature and assign a feasible cutting tool to machine it. Most of the
prior works on ML-based manufacturing feature recognition reviewed here utilized a voxel-based part geometry
representation, which necessitates a tradeoff between feature resolution and computational cost. In recent work,
Vatandoust et al. [47] examined this tradeoff in more detail by comparing the performance of 3D CNN models
utilizing octree-based sparse voxel part representation (O-CNN) with the performance of conventional voxel-
based 3D CNN models such as FeatureNet. Their results showed that the O-CNN model yields higher feature
recognition accuracy while requiring lower GPU memory consumption than a voxel-based model of comparable
feature resolution. The automation of workflow starting from feature recognition to detailed process planning

considering different design and manufacturing information (e.g., geometry, material, and quality) is still lacking.

Part 1 Part 2 Part 3

3D model M

Characteristic quantity 77 14 14

Number of separation features 77 13 14
Number of correct convex 0 8 5

features identified

Number of correct concave 71 S 8
features identified

Accuracy 100% 92.86% 92.86%

Fig. 5. Example feature recognition results for three parts using a 3D CNN and voxel representations.
Reproduced from [45] with permission.

Others have experimented with GNN approaches to feature recognition. In 2020, Cao et al. [48] was one of
the first groups to investigate GNN-based machining feature recognition of prismatic parts. They utilized a FAG
derived from the BRep of the part, along with planar surface models, and sampled points. A large dataset of parts
was generated with a variety of machining features, including slots, passages, pockets, steps, holes, chamfers,
and rounds. They demonstrated that their GNN approach performed better than a voxel-based method, called

11



submanifold sparse convolutional network (SSCN) [] that won a 2017 segmentation competition. In 2022,
members of the same research group [49] presented the Hierarchical CADNet, again for machining feature
recognition, where their graph had two levels, one that represented the topological structure using a FAG, and a
second level that represented the geometry using a triangle mesh. In 2021, a research team from Autodesk [50]
proposed a novel GNN called UV-Net that encodes part BReps using a FAG, as well as sampling points on
surfaces and curves. UV-Net can be considered a hybrid of graph and CNN, where the CNN preprocessed
sampled points into node embeddings for input into the GNN. Another Autodesk publication [51] proposed a
somewhat different GNN called BRepNet that operated directly on BReps without the sampled point processing.
The authors developed a novel message passing mechanism to exchange information among the topological
entities (faces, edges, and vertices) to recognize features in parts with prismatic and curved geometry. Inspired
by graph-based and mesh-based approaches, a different hybrid approach was presented in 2023, called
DeepFeature [52], that utilized an AAG part representation, derived from a BRep, as input to their GNNs. A
subgraph extraction algorithm separated single features which were input into GNNs, each of which recognized
a specific feature type from CAD models, and then six GNNs were employed to identify the type of the isolated
features. An approach that utilized FAGs with a novel graph attention network, called BRepGAT [53], did not
rely on sampling points, but still achieved better than 99 percent feature recognition accuracy. Most recently, a
research group presented AAGNet, a GNN that proved very successful in recognizing machining features [54].
They called their approach a multi-task neural network since it performed semantic segmentation, instance
segmentation, and bottom face (of features such as pockets) segmentation to recognize machining features, faces
associated with each feature, and their bottom faces. In their extensive testing, they demonstrated feature
recognition accuracies of 98%—-99.8%. Xia et al. [55] also investigated a GNN approach with an AAG-based
part representation, but their GNN had three output heads, one each for semantic segmentation, instance
segmentation, and topological relationships among features. This structure enabled their network to correctly
recognize a wide variety of interacting features.

Finally, Ma and Yang [56] proposed a GNN approach to feature recognition in sheet metal parts where an
enhanced AAG was used for part representation. They also experimented with a two-stage training approach.
They first trained their network on a large training dataset (49 000 models) with a subset of 12 features, then
they introduced 11 new features into the smaller second training dataset (7000 models). Experiments
demonstrated that their network learned much faster than the benchmark approaches and demonstrated excellent
recognition capabilities on their datasets.

The three broad approaches surveyed here, using ANN, CNN, or GNN techniques, each utilize mostly
different types of input part information. The approaches using ANNSs utilized either AAG or point cloud part
representations as inputs. The CNN approaches used geometrically discretized representations (pixel images in
2D, voxel models in 3D), while GNN approaches used BRep-derived face-edge adjacency graphs, along with
point clouds in many cases. Strikingly, all three broad approaches performed well, with some accuracy results
exceeding 99% in each case. The combination of surface connectivity and geometric (point cloud) information
used in the recent GNN approaches [56—59] enables comprehensive representations of parts that can perhaps be
expected to yield excellent results. However, results that were almost as good were achieved with only point
cloud information, without explicit connectivity relationships. This suggests that connectivity information is not
as important in recognizing features, or CNN technology is so advanced that the implicit connectivity inherent
in grid-based representations is good enough. Further work is needed to clarify the underlying reason for the
similar performance of CNN and GNN approaches in representing part geometry.

3.3. Manufacturing process selection

Automated process selection is necessary in generative Computer-Aided Process Planning (CAPP) systems,
which seek to automatically generate a detailed process plan for the input part design. Previous CAPP systems
(e.g., Ref. [60,61]) have focused heavily on machining. Recent process selection systems [62—64] often employ
a feature recognition module to acquire part shape information that is associated with manually encoded
machining operation capability. Hamouche and Loukaides [65] proposed a 2D CNN for sheet forming process
selection to decide among several bending and stretch-forming methods. Part geometry was sampled into point
clouds and several curvatures were computed (principal, Gaussian, and mean) and input to the CNN. The output
was a manufacturing process label. Peddireddy et al. [66] proposed a 3D CNN for selecting milling and turning
processes based on voxelated geometry of the part, an approach that was similar to those presented in the feature
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recognition section. The model considers part shape information only while other information like material and
quality attributes were not included.

Wang and Rosen [67,68] utilized the heat kernel signature [69] and rotation invariant shape descriptors to
represent part geometry and utilized 2D and 3D CNNss to select if machining, laser cutting, or injection molding
can manufacture the given part design. The heat kernel signature approach used triangle mesh part models, while
the second approach [68] used point clouds to represent parts. Interestingly, the point cloud-based shape
descriptors proved better at representing shapes for manufacturing process classification than mesh models, even
though they have less shape information directly represented. The rotation invariant shape descriptor comprised
of seven distances that capture both local and global shapes. These distances and point coordinates were fed into
an MLP, followed by a max pooling operation to comprise one layer, denoted dRIConv (distance Rotation
Invariant Convolution) of the neural network that was constructed for this work, shown in Fig. 6. The entire
network consisted of 3 dRIConv layers followed by 3 fully connected layers, the outputs of which were
probabilities for each of the four candidate manufacturing processes. Compared to other part classification
methods, such as RSCNN [70], DensePoint [71], and DGCNN [72], the dRIConv method was superior,

particularly under arbitrary rotations.
+ All points
FPS points
© 1st FPS point

«+ Global FPS

4 Global mean
|« Local mean

» Local FPS
.0F *KNN

Dist 1

Max-pooling

MLP

Dist 6 i
| Dist 3 Global feature

Dist 7 n: number of points
1 1 1 1 1 I )
0 05 1.0 15 20 25 30 35 KiKNN
X f. number of features
Step 1 Step 2 Step 3 Step 4

Fig. 6. One layer of the dRIConv shape descriptor and neural network used for point cloud-based manufacturing
process classification. Reproduced from [68] with permission. FPS: farthest point sampling.

Yan and Melkote [73,74] proposed a 3D GAN to describe the shape generation capability of turning and
milling operations and thus assist process selection for given part designs using voxel representations. In their
approach, they trained separate 3D GANSs for different machining operations (turning, grooving, and chamfering),
where training data were limited to parts producible by each operation type separately. With this approach, they
did not need to label their training datasets, other than to specify the operation type. Zhao and Melkote [75]
proposed a 3D CNN for machining process selection based on part geometry and quality attributes, and they
extended the work by adding material information [76]. However, the model was limited to selecting processes
for part designs consisting of a single manufacturing feature.

Of course, many parts require more than one manufacturing process to fabricate all shapes and achieve all
requirements. Recognizing features for more than one manufacturing process requires dividing part geometry
into regions, where the different regions correspond to geometry that is produced by different processes. From
an ML viewpoint, this corresponds to a segmentation task. Furthermore, it is important to distinguish different
features of the same type, meaning that instance segmentation is preferred. For example, if two slots are
recognized, it is helpful to distinguish between the two since they will have to be treated separately for operation
sequencing, process planning, and scheduling purposes. This issue is related to some of the feature recognition
work presented in Section 3.2, but that work was limited to only machining processes. Research is underway to
address manufacturing process selection for parts requiring multiple processes by extending the work reported
in [67,68] using an extension of the rotationally invariant convolution methods in [77]. Process classification
results of better than 96% accuracy have been achieved on die cast parts that also require milling and/or turning
[78].

Recently, a different approach was taken to manufacturing process selecting using a variant of GNN known
as GNN with self-attention capabilities, also known as GAT (graph attention NN). In Ref. [79], the authors
proposed a GAT architecture with three input heads for BRep (part topology), triangle mesh (geometry), and
quality (tolerances, surface finish) information. Part features and surfaces were classified according to three
roughing processes, milling, turning, and drilling, and two finishing processes, grinding and reaming. The
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architecture of their GAT network, called MaProNet, is shown in Fig. 7. 60 000 CAD models were constructed

with quality information associated with their surfaces. Results demonstrated accuracy of about 92%—-93%.
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Fig. 7. Architecture of MaProNet GNN for manufacturing process selection. m: size of embeddings; n: number

of layers in encoders and decoders; PMI: part manufacturing information. Reproduced from [79] with permission.

These manufacturing process selection methods are summarized in Table 3 [65-68,73-76,78,79]. As
mentioned, they all utilized some form of CNN; however, their inputs varied widely, from point clouds to voxel
models. Some included quality information as well, such as tolerances, while most focused on purely geometric
information. A limitation of this approach is that the fusion of information regarding both design and
manufacturing is lacking, which has been shown to be advantageous in other applications [80,81]. Regarding
the two references that utilized generative models [66,67], the authors claim their GANs “...model the shape
transformation capability as a latent probability distribution from which visualizations of realistic machinable
features can be sampled for shape decomposition and reconstruction”, which represents a different approach
than the rest of the research efforts. For the feature recognition task, GNNs and variants seem to be emerging as
the most promising approach; it will be interesting to see if GNNs also become preferred for process selection.
To a large extent, this issue is related to the type of inputs that are used. If CNN-based methods work the best,
then point clouds, mesh models, or voxel models should be used inputs. However, if graph-based BReps become
the preferred inputs, then the usage of graph-based neural networks will likely become widespread.

Table 3
Manufacturing process selection literature.

Manufacturing process ML techniques Input Shape descriptors References

Sheet forming 2D CNN Point cloud Curvature [65]
Voxel,

Milling, turning 3D CNN tolerances Features [66]

Milling, turning, laser

cutting, and inj.

molding 2D CNN Tri mesh Heat kernel signature [67]

Milling, turning, laser

cutting, and inj. Rotational invariant shape

molding 2D CNN Point cloud descriptor [68]

Milling, turning 3D GAN Voxel — [73,74]

14



Voxel,

quality,
Milling 3D CNN material — [75,76]
Rotational invariant shape
Machining, casting 2D CNN Point cloud desc. [78]
BRep, tri
Machining GAT mesh, quality AAG [79]

inj.: injection molding;.
4. ML for manufacturing operation sequencing, planning, and scheduling

Most research efforts in process operation sequencing are rule-based and require optimization (e.g., [82,83]),
though direct usage of ML methods has also appeared in recent advances. Related work reviews knowledge
graph methods for process planning [84], although the scope of that work covers machining process planning to
fault diagnosis planning to generic process models using large language models. This section reviews ML
methods in operation sequencing, planning (process variable setting), and scheduling.

4.1. Manufacturing operation sequencing

Zhang et al. [85] proposed a DL approach for predicting feature precedence in process planning. The method
converted the part design information including voxelated part geometry, dimensional tolerance, and surface
roughness to a fourth-order tensor. The relationships (as defined in Ref. [86]) between the faces of the part were
represented using a relation matrix. The tensor and relation matrix were put into an encoder to generate high-
level representations, and an LSTM network-based decoder was used to predict an ordered manufacturing
process sequence to realize the part.

Some research utilized manually encoded machining features, tool access directions (TAD), and quality
information (tolerances and surface finish specifications), rather than a 3D geometric part model. Wu et al. [87]
proposed a process planning approach using deep RL (DRL). The proposed approach covers both tool selection
and operation sequencing by optimizing the overall cost, which is modeled as a summation of machine cost, tool
cost, cost associated with setup changes, cost associated with machine change, and cost associated with tool
change. Each manufacturing operation is described by a TAD, machine, and cutting tool. The achievable
tolerance for each operation is also considered. The Monte Carlo (MC) sampling method was used to evaluate
the policy, and the actor-critic algorithm was used to find the optimal policy. On the other hand, the achievable
tolerance needs better modeling, and other factors such as material processability should be considered when
determining if an operation is feasible. Zhang et al. [88] proposed a setup planning method for prismatic part
designs based on an ANN. Given the part design, the manufacturing features were detected and grouped based
on TAD. The sequence for machining each group was then ordered based on (a) the number of features in the
group, (b) the cross-sectional area of the step feature in the group, and (c) the cross-sectional area of the open
pocket feature in the group. Finally, the locating datum of each feature group was determined using an ANN
considering the surface roughness, dimensional tolerance, and tool achievability. The method was limited to
producing features using a 3-axis milling machine, and the rule-based sequencing approach lacked scalability in
terms of accommodating more features.

Sugisawa et al. [89] utilized deep inverse RL (DIRL) to generate machining sequences to realize a given part
design. Given a part design represented as a BRep, a graph is generated to represent the information of each edge
(e.g., length) and face (e.g., area), their connectivity, and their associated quality requirements including surface
roughness, concentricity, and dimensional tolerance information. A set of primitive removal volumes was
identified, and the DIRL was used to estimate the priority of each removal volume, thus predicting an ordered
list of volumes to be removed from the stock. Zhang et al. [90] used stacked auto-encoders to learn the
relationships between the part design and manufacturing process analysis rules. Given a part design described
in terms of geometry, tolerance, and surface roughness, the process analysis rules were selected by the
autoencoder, each of which is associated with a predefined machining process step, and the series of process
steps was formed into a manufacturing process graph as a search space. A swarm optimization algorithm was
applied to generate an ordered sequence of process steps that can realize the given design part.

Zhao etal. [91] proposed a manufacturing process sequence suggestion method using a data-driven framework,
where input information included part geometry (STL file), mechanical properties of the material, and quality
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requirements in terms of tolerances and surface finishes. A collection of 315 part examples across 109 unique
manufacturing processes served as the training dataset. The method determined the frequently occurring
manufacturing process sequence patterns, each consisting of an ordered list of manufacturing processes, and
learned the capability of each pattern defined in terms of the part shape, processable material, and achievable
part quality metrics. Given a 3D part design query, the framework suggests process sequence patterns that are
potentially capable of realizing the part design. In subsequent work [23], this module was integrated with a GNN
to identify manufacturing features and a CNN to identify the manufacturing processes for those features, as
shown in Fig. 8. The resulting system could automatically select manufacturing processes and generate process
sequences given a part CAD model.

In other recent work from our research group, a recurrent CNN approach was used for operation sequencing
for milling and drilling operations [92]. Traditionally, manufacturing engineers specified precedence rules or
constraints among operations manually for various part shapes and for all operation combinations. In contrast,
this work pursued a sequential learning approach that trained a ML model on valid sequences of operations that
have historically produced parts that meet specifications. For example, the traditional approach to thin-wall
interactions between slotting and drilling is to drill the hole first, then mill the slot, pocket or other feature that
produces the thin wall. This is intended to prevent excessive vibration during drilling. In a practical scenario,
companies with long histories of part manufacturing will have many examples that can serve as the training
dataset. In this work, 3D voxel part models were used as inputs. The ML architecture consisted of a 3D CNN
encoder, a bidirectional recurrent unit, and a 3D CNN decoder and was called the 3D convolutional recurrent
neural network (3D-ConvRNN). By embedding the precedence relations from successfully produced parts as
latent recurrent vectors, experiments demonstrated that the proposed 3D-ConvRNN model yields 97.6%
precedence relation validation accuracy, which outperformed a 3D-CNN binary classifier.

Some recent work applied knowledge graph technology to process sequencing and planning. Liang et al. [93]
developed a comprehensive knowledge graph representing process design intent integrated with information
about machining resources (machines, fixtures) and operations (tool paths, cutting parameters), as well as part
features and quality characteristics. An extensive ontology was developed to support this research and was
implemented in web ontology language (OWL) and Protégé. Given a CAD model of a part with tolerance and
surface finish requirements, an interactive process occurs that results in manufacturing feature annotations of the
part geometry. These annotations are then linked to process knowledge captured in the knowledge graph.
Reasoning steps occur to develop a detailed process plan suitable for the part. An example demonstrated with
their system developed a process plan with separate roughing and finishing operations for hole and pocket
features and sequenced the operations accordingly. Another research group integrated DRL with their knowledge
graph to develop process plans [94]. This work focused on a knowledge-based process planning method for
diesel engine components; much of the knowledge capture and modeling focused on collecting knowledge in
the form of case studies. Case study knowledge had a higher priority than more general rule-based knowledge.
Their knowledge modeling approach was the concept space—decision space—knowledge space (CDK) model
which is sufficient to represent concepts, relationships, and rules to support RL reasoning. Individual elements
of the knowledge graph were represented as triplets in an entity-relationship manner. Part geometry and
requirements were manually encoded into the knowledge graph. Zhang et al. [95] presented another approach
that combined a knowledge graph with RL. They formulated process planning as a problem of sequential
recommendation of knowledge and used an actor-critic algorithm to solve the problem. However, they noted
that this solution method tended to get trapped in local minima and future work will test different algorithms.
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Fig. 8. Generalized workflow of the integrated manufacturing process sequencing framework. Reproduced from
[23] with permission.

Literature on operation sequencing is summarized in Table 4 [23,85,87-95], which shows the broad range of
approaches taken. Even for the research that automatically recognizes features or removal volumes from
geometric part models [23,89-92], no consensus has emerged on superior approaches, given that RL, auto-
encoders, GNNs, and CNNs have been investigated. A wide range of shape descriptors or intermediate
representations have been explored as well. Separately, the knowledge graph-based research [93—95] resulted in
much more detailed process plans than those produced by the other ML approaches, but required much more
extensive knowledge modeling. This work would benefit from integration with automatic feature recognition
methods so that manual interpretation of part geometry and requirements is no longer needed.
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Table 4
Manufacturing operations sequencing literature.

Manufacturing ML

process techniques Input Shape descriptors References
.. Voxel, tolerances,
Machining LSTM FAG [85]
roughness
Machining DRL Features, TAD, — [87]
quality
3-axis milling ANN Featgres, TAD, Geometric metrics [88]
quality
- . AAGs of removal
Machining DIRL BRep, quality volumes [89]
Machining Stacked auto- CAD model, quality Knowledge graph [90]
encoders >
Machining GNN, CNN Tri ‘?eSh’ material, Sequence patterns [23,91]
quality
o - 3D recurrent
Milling, drilling CNN Voxel — [92]
- Knowledge . Relations based on
Machining graph CAD model, quality ontology [93]
- Knowledge Relations based on
Machining graph, DRL Unknown ontology [94,95]

4.2. Manufacturing process parameter selection

After operations have been identified and sequenced, process settings for each operation should be determined
which is investigated in this section. Hashimoto and Nakamoto [96] proposed a DL model for cutting tool
selection and tool path type selection for milling processes. Their input contained voxelated part shape together
with a categorical (i.e., high vs low) accuracy requirement at each voxel. This information was put into a 3D
CNN to predict, per each voxel, the cutting tool (ball endmill vs flat endmill) and tool-path pattern (contour-line
pattern, scanning-line pattern, or along-surface pattern) used to generate the part design. On the other hand, the
categorical descriptions of accuracy requirements (e.g., high accuracy vs low accuracy) limit the granularity of
the description. Similarly, Komura et al. [97] used a 3D CNN to select machining operations (cutting using a
large tool, cutting using a small tool, or electrical discharge machining) to realize a part design represented by
voxels. To further explain the selection, they utilized MC dropout to evaluate the level of certainty for the
selection per each voxel. On the other hand, only shape information was considered. Deng et al. [98] proposed
a GNN for planning machining process parameters based on part AAG representations. Based on the feature
geometry and required operation (pocketing or profile contouring), the trained model will predict process
parameters including width of cut, depth of cut, and feed rate. However, factors such as material and tolerance
requirements were not considered in the approach at its current form. As an extension, they [98] proposed another
GNN to predict cutting depth, cutting width, feed rate, and spindle speed for machining operations. Pre-defined
constraints regarding cutting parameters and surface roughness were introduced into the loss function to further
improve training accuracy.

Regarding additive manufacturing processes, most applications of ML focused on process monitoring and
defect detection as reported by several survey articles [100—102]. Some have focused on process parameter
setting and manufacturability analysis. Given this purpose and the complex geometry capability of AM processes,
inputs to the ML model are desired properties or characteristics, rather than part geometry. Caiazzo and
Caggiano [103] proposed an ANN for relating process parameters (i.e., laser power, scanning speed, and powder
feed rate) to the width, depth, and height of the deposited metal trace in a laser direct metal deposition process.
The ANN was used to identify the process parameters to achieve desired trace geometry.

For PBF processes, Zhang et al. [104] proposed an ANN to model the performance for Ti-6Al-4V material.
The ANN was used to map (a) roughness of a spread layer and (b) volume of powder spread per unit time per
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unit width of spreader as a function of spreader translation and rotation speeds. This mapping function was used
inversely to select the spreader parameters for achieving the desired roughness and speed. Similarly, Aoyagi et
al. [105] utilized an SVM to map the relationship between process parameters (e.g., scan speed, line offset of the
laser path, and layer thickness) and quality of built surface for a CoCr alloy. The mapping was then used to select
process parameters to reduce pore density in the fabricated part. Meng and Zhang [106] utilized a GP-based
model to learn the relationship between remelted depth and laser power and scan speed process parameters. The
relationship was then used to suggest process parameters for 316L and 17-4 PH stainless steel to promote
conduction mode melting and reduce keyhole pore formation during printing. Hertlein et al. [107] proposed a
Bayesian network model to relate final part properties (e.g., yield strength, ultimate tensile strength, surface
roughness, and hardness) to process parameters including laser power, scan speed, hatch spacing, and layer
thickness. The model can suggest process parameters for building parts made of 316L stainless steel. Tapia et al.
[108] proposed a GP-based surrogate modeling framework to learn and predict melt pool depth of based on
process parameters including laser power, scan speed, and size of the laser beam. The model was then used to
facilitate process planning by identifying processing windows that lead to desirable thermal conditions for the
melt pool. On the other hand, the generalizability of the model was questionable since the model prediction
deteriorated when predicting melt pool depth for process parameters given in other literatures. Park et al. [109]
proposed a DL-based approach for selecting process parameters using a four-layer ANN to learn the relationship
between part quality (i.e., desired density ratio and surface roughness) and process parameters (i.e., laser power,
laser scanning speed, layer thickness, hatch distance). Then, based on the learned relationship, a process
parameter repository that maps combinations of part quality values to a set of process parameters was built.
Finally, based on the input desired part quality, the approach searched through this repository and determined
the corresponding set of process parameters to achieve the part quality. The approach is limited to parts made of
Ti—6Al-4V, and the computational cost for the repository generation and searching could be high when the
method is expanded to include other materials. Dong et al. [110] proposed a 3D CNN with U-net architecture
for modeling temperature and residual stress distributions in metal parts represented as voxel models. They
investigated a feature-based approach where their training dataset consisted of parts with shape features
commonly produced by topology optimization (TopOpt) methods, such as thin walls and struts of various sizes,
shapes, and angles. Their model could be used to fine-tune process parameters to reduce distortions caused by
residual stresses.

For fused filament fabrication (FFF) material extrusion processes, Mohamed et al. [111] proposed an ANN to
relate creep compliance and recoverable compliance of parts to process parameters (e.g., layer thickness, raster
angle, and number of contours), and the model was used to optimize process parameters to achieve better
viscoelastic properties of the built part. In later work, the researchers investigated the effects of FFF fabrication
conditions on the dimensional accuracy of cylindrical parts [112]. Second-order definitive screening design and
an ANN were combined to quantify how the dimensional accuracy of length and diameter dimensions were
affected by six important manufacturing variables: slice thickness, raster to raster air gap, deposition angle, part
print direction, bead width, and number of contours. Jiang et al. [113] utilized an ANN to relate printable bridge
length with process parameters including print speed, cooling fan speed, and print temperature for the polylactic
acid material.

Research on parameter selection is summarized in Table 5 [96-99,103—113]. ML applications of process
planning for machining consider part shape, while approaches for AM processes consider quality requirements,
rather than part shape. Presumably this is because AM processes can produce just about any shape, so process
parameter settings are not very shape dependent. In contrast, process settings for machining are highly dependent
on feature shapes. In terms of ML techniques for parameter selection, a wide variety has been explored. Even in
machining, both CNN and GNN approaches have been investigated and yielded good results. The range of ML
methods for AM processes is considerably wider, from SVM and GP to ANN and 3D CNN techniques, all of
which demonstrated good parameter prediction results.

Table S
Manufacturing operations sequencing literature.

Manufacturing ML

process techniques Input Shape descriptors References
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Milling, drilling 3D CNN Voxel — [96,97]
Machining GNN CAD model AAG [98,99]
DED ANN Desired deposit Relations between deposit size [103]
geometry and parameters
Powder bed .
PBF ANN roughness, spreading Relations between spreader [104]
parameters and bed roughness
speed
Desired deposit Relations between process
PBF SVM quality parameters and quality [105]
PBF GP Des1.red deposit Relations between process [106,108]
quality parameters and quality
Bayesian Desired deposit Relations between process
PBF . . [107]
network quality parameters and quality
PBF ANN Des1_red deposit Relations between process [109]
quality parameters and quality
PBF 3D CNN Voxel, simulation o [110]
results
FFF ANN Desired compliance — [111,112]
FFF ANN Desired bridge Relations between feature size [113]
length and process parameters

DED: directed energy deposition;
5. Manufacturing operation scheduling

With reference to Fig. 1, the focus will shift to Step 4 on supply chains. However, as indicated earlier, the
only topic to be covered here is operation scheduling using ML methods. Many papers have addressed operation
scheduling across supply chains of various types as indicated by recent review articles [114,115]. However, most
of this work focused on issues of combinatorial optimization that are outside the scope of our interests. Two
different approaches to the scheduling issue will be covered here, one that uses conventional ML techniques and
one that uses RL.

Priore et al. [116] utilized ensemble methods including bagging, boosting, and stacking for selecting
dispatching rules for machine selection and operation scheduling in a flexible manufacturing system. The
individual classifiers included in the ensemble method were SVM, DT, ANN, and CBR. The factors that affect
machine selection and operation sequencing included deadline of the job, number of alternative machines for an
operation, mean utilization of the system, utilization of each machine, mean number of production parts in the
system, ratio of the utilization of the bottleneck machine to the mean utilization of the entire plant, ratio of the
standard deviation of the individual machine utilization to the mean utilization, mean tardiness, and mean flow
time.

Interest in RL and DRL in smart manufacturing has exploded in recent years. Review article [115] from 2023
surveyed over 40 papers on the application of DRL in job shop scheduling. They categorized papers into the
three areas of order dispatching, job shop flow scheduling, and process rescheduling. Some of these papers
directly addressed operation scheduling in a single job shop and some included automated guided vehicle (AGV)
routing considerations. Job shops were characterized by random order, small batches, and large variety, which
caused challenges in managing manufacturing resources and achieving high production efficiency. For example,
Yang and Xu [117] investigated scheduling and reconfiguration of a flow line under dynamic job arrival
conditions using DRL. Specifically, they utilized the advantage actor-critic algorithm and showed it performed
better than iterated greedy and genetic algorithm approaches. In other work, Jing et al. [118] proposed a
combination of RL and graph convolutional network for flexible job shop scheduling. In their approach, the
scheduling problem was modeled as the process of topology graph structure prediction and the scheduling
strategy was adjusted by predicting the connection probability among edges in the graph. They demonstrated
that their novel graph-based multi-agent system approach performed better than traditional DRL and
conventional scheduling algorithms. Other recent work utilized DRL for dynamic task scheduling in cloud
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manufacturing, where the researchers updated the scheduling policy by considering the distribution distance
between the pre-training dataset and the training policy [119].

For factory floor, cloud manufacturing, and job shop production problems, RL approaches appear to perform
better than more conventional solutions. RL techniques appear to be well suited to operation sequencing
problems since RL deals with series data and operation scheduling is about learning how to adapt (that is,
learning a policy) to consequences of earlier decisions. It should be noted that the research reviewed here did
not use part CAD or geometric models as inputs. Instead, operation types and tasks were the inputs, which were
manually determined. Whether these approaches can be integrated with upstream applications, including process
selection and process planning as covered in Sections 4.1 and 4.2, to automatically determine operation types
and tasks remains an open question.

6. Generative design for manufacturability

In the context of cyber manufacturing, the generation of designs must go beyond functionality and consider
manufacturability. It is essential to prioritize the automatic generation of manufacturable designs to meet
practical application requirements. In this section, three approaches to combining generative design with design
for manufacturability will be presented. First, an approach is presented that embeds TopOpt within a GAN model,
while the second utilized an image modification approach to modify part representations to improve
manufacturability. In the third approach, the image modification method is extended to 3D and combined with
design generation to achieve both functional and manufacturing objectives. The second and third approaches are
from our research group and will be presented in some detail.

6.1. Embed GAN in TopOpt

One approach to automatically generate manufacturable designs utilizes a dataset of manufacturable designs
to train a GAN. Greminger [120] proposed an extension of a multi-scale gradient structure GAN (MSG-GAN)
[121] to generate 3D manufacturable designs in a TopOpt problem formulation. This was realized by restricting
the training dataset to designs that are known to be manufacturable. To generate enough manufacturable designs,
a scripting approach utilizing CadQuery was applied to generate voxel synthetic training datasets for parts that
could be manufactured on a 3-axis computer numerically controlled (CNC) milling machine. In this approach,
the trained GAN was embedded into the TopOpt algorithm by using the latent feature vector (input to the GAN)
as the design variable, rather than element densities. Element densities were then generated by the GAN. Though
this work can generate manufacturable designs, limitations included the need for 4 different voxel models per
part (each part was represented using four voxel scales, 4, 8, 16, and 32 voxels per direction) and that volume
fraction constraints could not be applied directly. One consequence of the first limitation is that training with 20
000 parts models required 23 days of computer time.

6.2. DFM via image modification

Previous work generated manufacturable designs by restricting the training dataset to be manufacturable.
However, existing designs could not be modified to improve their manufacturability corresponding to Step 3 of
our cyber manufacturing scenario (Fig. 1). Wang et al. [122] proposed the Manufacturable conditional GAN
(McGAN) to modify existing unmanufacturable part designs to make them manufacturable, as shown in Fig. 9.
The strategy was to identify manufacturing features in the part, then modify their shape to ensure consistency
with manufacturability rules for a given process (injection molding in this case). This strategy was implemented
for 2D part representations (images) by first carrying out instance segmentation using Mask R-CNN to segment
complex designs into multiple simple designs consisting of individual features [123]. After a resizing scheme,
multiple conditional GANSs, called Pix2Pix, were applied to modify these segmented designs to make them
manufacturable [124]. Eventually, the resizing and recombination schemes were utilized to merge these modified
simpler but manufacturable designs into the original complex designs. As illustrated in Fig. 9 [122], McGAN
was applied to 2D representations of injection molded parts that represented product housing components. Part
designs consisted of 3 or 5 vertical walls and ribs on a horizontal wall. Design changes included rounding sharp
corners, adding draft angles, and adjusting feature aspect ratios to ensure injection moldability. The results of
MCcGAN were promising as modified designs were of high quality from the viewpoint of manufacturability [125].

Although McGAN worked well on a wide range of part designs consisting of 3 or 5 vertical walls, it has some
limitations. This image modification approach was performed on a per-feature basis, with separate Pix2Pix
GAN:Ss trained for each type of feature. Each new feature type requires significant efforts to generate training
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datasets. Feature interactions, other than vertical-to-horizontal wall interactions, were not considered. Successful
modifications require successful segmentation into individual feature pairs, which may be difficult if complex
feature interactions exist. Hence, generality and scalability to additional design rules and manufacturing
processes remain promising, but unproven. Also, extension to 3D part representations is essential; this will be

presented next.
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Fig. 9. The framework of McGAN: (a) framework of McGAN, and (b) application of McGAN for injection
molding. Reproduced from [122] with permission.

6.3. Design for functionality and manufacturing

An initial study was conducted on the integration of functional design, using a generate-and-test approach,
and DFM using generative design techniques [125]. The study utilized 3D voxel models of parts and represented
an extension from 2D to 3D of the McGAN DFM method presented in Section 5.2.

A specific example was developed to demonstrate the proposed design method of a product housing
component consisting of two internal ribs and a hole surrounded by an internal wall as shown in Fig. 10. The
functional design problem is to maximize stiffness subject to a distributed load on the bottom surface, a fixed
boundary condition around the tops of the vertical walls, and a volume fraction constraint, similar to a typical
TopOpt problem. In this case, however, design variables were feature sizes and locations. The part design domain
was discretized into a 128 x 128 x 32 voxels space. This discretized design space yielded a total of 107 000 000
possible designs.

Boundary condition Boundary condition
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80 100 120 140150
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Fig. 10. 3D housing part example problem: (a) the composition of 3D housing parts, and (b) boundary and load
conditions of 3D housing parts.

For functional design, a variational auto encoder (VAE) was constructed and trained on a sampling of 10 000
part designs, from the design space of 107 M designs. After considerable experimentation, a VAE architecture
was established, where the encoder consisted of five 3D convolution layers, resulting in 1 x 1 x 256 output
representing 128 mean values and 128 standard deviations, and the decoder had 6 transpose convolution layers,
with LeakyReLu activation functions used throughout.

After design generation, an evaluation and selection process was used to identify designs that best met
requirements. Specifically, compliance was evaluated by a straightforward 3D structural finite element analysis
and volume fraction was computed by taking the fraction of solid voxels in the design domain. From all generated
designs, the Pareto front was identified and the top 100 designs were selected for subsequent DFM. Each was
modified using the 3D ¢cGAN counterpart of the 2D McGAN presented in Section 6.2. Three 3D Vox2Vox
GANs were trained to modify features, analogous to the Pix2Pix GANs for rounded corners, draft angles, and
feature aspect ratios.

The functional design VAE was integrated with selection and DFM to automatically and iteratively generate,
evaluate, and modify designs until designs emerged that satisfied both functional and manufacturability
requirements. To determine when the iterative generation-to-DFM process converged the differences between
DFM inputs and outputs were quantified. Specifically, the number of voxels that DFM modified was counted
and compared with the total number of voxels in the design space. For the example in Fig. 10, a total of 11.4%
of the voxels was modified in the first DFM iteration. Subsequently, 2.97% and 2.06% of voxels were modified
in iterations 2 and 3, respectively. After 3 iterations, the percentage of modified voxels was deemed low enough
to consider the iterative process converged. A sampling of four resulting part designs is shown in Fig. 11, one
design in each row. The left column represents inputs to the DFM cGAN, while the middle and right columns
show output designs from the top and bottom views. Note that all output designs have rounded corners and draft
angles on the vertical walls and rib features. The ribs and internal walls satisfy aspect ratio limits. Also of note
are the slots that were added to the undersides of the thick rib features in Designs 1 and 4 (see in the bottom
views in the right column). In injection molding, such slots are often added under thick features to achieve
uniform wall thicknesses throughout a part. Such consideration was built into the training dataset for the aspect
ratio Vox2Vox model.
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Fig. 11. Sampling of results of the iterative functional design and DFM process for the design problem: (a) input
to DFM, (b) output of DFM view (—10, 65), and (c) output of DFM view (=10, —65).

7. Research issues

Based on the literature review throughout this paper, a number of research issues has been identified. We will
start with a consideration of issues related to each major topic covered in Sections 3—6, then address larger issues
around process planning and DFM.

7.1. Manufacturing process classification and process planning

Good ML based manufacturing process classification results have been achieved, upwards of 98% accuracy,
with several different approaches and with different part representations, including triangle meshes and point
clouds. It is unclear if more informationally complete representations, such as BReps, can lead to even better
accuracy. Also, a move away from strictly CNN-based ML models to hybrid graph and convolutional networks,
which have achieved very good results in other domains, may also help improve accuracy.

BReps and GNNs have proven to yield very high accuracies in machining feature recognition [54], including
instance segmentation of feature faces. However, considerable advances are required to support process planning
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and operation sequencing. Set-ups and fixturing need to be determined and cutting tools and toolpaths are needed.
It is not clear if more complete process planning can be achieved by simply composing workflows from existing
tools or if additional research is needed.

Decent progress has been made in operation sequencing problems related to machining processes. It is
interesting to see the application of RL and other time-series-based methods, such as LSTM and recurrent
learning techniques, being applied for sequencing problems. Knowledge graph techniques are frequently utilized
for more detailed tool selection and operation sequencing. However, little progress seems to have been made on
part manufacturing that requires significantly different manufacturing processes, such as die casting followed by
machining. Also, to date, limited identification and sequencing of interacting features has been achieved. It is
not clear if current approaches will be sufficient for the most complex configurations of interacting features in
machining or other combinations of processes.

Very good success has been achieved in using ML models as surrogate models for process parameter selection
for a variety of processes. Many researchers have used traditional ML methods, such as SVM, GP regression,
and Bayesian networks, to model relationships between process variables and part or material properties [126].
CNNs have become prevalent for modeling relationships between spatially distributed characteristics or
properties and process variables. For example, color maps in 2D or 3D are often used to represent temperature
or mechanical property distributions; they are computed using process simulations given certain process settings.
By processing many of these maps using a CNN, relationships between process variables and property
distributions can be learned effectively. Issues remain, however, in increasing the accuracy of the learned models
and the efficiency with which they are learned. New CNN, GNN, and hybrid architectures are being explored.
An open issue is the type of neural network to use and, related to that, the type of input models. The emerging
GNN and hybrid GNN-CNN approaches used BRep and hybrid BRep-point cloud representations and achieved
excellent accuracies in feature recognition. These representations contain much more information than point
clouds and mesh models so it makes sense that the methods that use them perform well. Voxel models contain
considerable unneeded information (all the voxels that do not define a surface); since they are very memory
intensive their resolutions must be kept low for computational reasons. Even so, they can work well due to the
maturity and effectiveness of 3D CNN methods. Perhaps a larger issue is the generality and scalability of these
ML models to a wider range of process conditions, coupled relationships among several properties, other
materials, other manufacturing equipment, etc.

Manufacturing operation scheduling is often treated as a problem of operations management and applied
across supply chains. For our purposes in a cyber manufacturing setting, the problem is more circumscribed,
reflecting a perspective of job shop scheduling. Many traditional ML techniques have been applied for machine
selection and flexible manufacturing system operations. Recently, many research groups applied RL techniques
for these scheduling problems, taking advantage of the unsupervised learning property of RL and its iterative
approach to learning decision policies. What is needed is integration with upstream tools such as process
selection and process planning for more complete cyber manufacturing workflows.

Throughout all this research, an issue repeated by many researchers is the lack of appropriate training datasets.
Many groups developed their own synthetic datasets then applied them to train and test their ML models with
considerations of data quality, diversity, and balance [126]. Some groups leveraged existing datasets such as
Model40, MFCAD, and MFCAD++, but often existing datasets do not include all of the labels necessary for an
application, so researchers had to annotate them. Of course, this highlights a major advantage of the unsupervised
or semi-supervised learning approaches that some researchers took. As the cyber manufacturing field matures,
the research community should focus on developing and adopting some standard datasets to enable direct
comparisons of model performance.

7.2. Design for manufacturability

Limited progress has been made in applying ML technology to DFM, as indicated by the small number of
research efforts reviewed here (3, with 2 from our group). On the other hand, tremendous progress has been
made in generative Al and generative design, so it is likely that additional works will be reported in the near
future. In the generative engineering design area, many papers have been published on the integration of
generative ML and TopOpt. Various methods for integrating ML into TopOpt [120] or TopOpt into ML [128]
have been proposed. AutoDesk has offered their generative design capability commercially for many years,
which appears to be TopOpt based, but where they can generate many variants. Commercial offerings have
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started to incorporate some manufacturing constraints into TopOpt or generative design tools, such as ensuring
3-axis machinability or avoiding overhangs in additive manufacturing.

In our cyber manufacturing scenario from Fig. 1, the need for DFM arises because it is unlikely that designers
would have added manufacturing features and details before the manufacturing process was selected. The part
included in Fig. 1 is a good example of the potential significant design changes during DFM. For such design
changes, the designer must ensure that functional requirements are met, as well as reducing manufacturing
challenges, so a DFM tool cannot simply make manufacturability changes and assume that the design process is
complete. The research generative design systems required extensive training datasets and significant training
time yet have quite limited scope. Several major research issues are evident. First, good computational
manufacturability analysis tools are needed across many manufacturing processes. These should be used to
generate training datasets and potentially during usage of a cyber manufacturing system. Second, significant
efficiency improvements are needed for generative DFM; current generative design tools typically operate in a
generate-and-test manner, typically generating and discarding many infeasible or inferior designs [122,129,130].
Third, DFM capabilities need to be extended from consideration of a single manufacturing process to process
sequences and process chains. Fourth, a much wider variety of engineering applications and physical phenomena
should be addressed by generative design, since most work focuses only on structural applications.

7.3. Generative and variant process planning

Finally, a few thoughts on process planning are warranted, from both generative and variant perspectives. An
underlying assumption regarding process planning is that if the capabilities (shapes, sizes, properties, etc.) of a
manufacturing process can be modeled, then generative process planning should be achievable. At present, ML
models of process capabilities have demonstrated very good performance on several aspects of variant process
planning. These models should be integrated to provide additional capabilities across cyber manufacturing
workflows. Even so, scaling to high levels of part complexity with many interacting features and complex
tolerance chains remains an unsolved problem. Will ML models created to interpolate throughout their training
spaces be able to extrapolate to unseen types of part designs?

Another question: with the use of ML models, will generative and variant process planning converge such
that no distinguishable difference remains between the two approaches? Given a part design, a generated process
plan (generative process planning) was likely produced by a ML model that was trained with many similar parts,
so perhaps internally the process planner was operating in a variant manner, generating a slight variant of a
process plan that it was trained on. Although this may be a philosophical issue, the research community may
benefit from a perspective that a continuum exists between the generative and variant extremes and that the best
approach is an appropriate combination of the two.

When the entirety of the cyber manufacturing scenario in Fig. 1 is considered, it is clear that much research
remains. Excellent progress has been made on several of the steps illustrated, but each study had limitations. To
make significant progress, we suggest that more complete design specifications should be provided as the input
to Step 1 in Fig. 1: geometric part model, geometric tolerances, surface finish specifications, and mechanical
properties. Tools to aid subsequent steps should be able to reason with all of these types of information. Iterations
between steps should occur so that decisions can be updated with more complete information from downstream
decisions and analyses. During DFM, rather than simply generating many designs, each should be evaluated, so
that designers can gain a holistic understanding of trade-offs across the entire manufacturing process chain.

8. Conclusion

This paper provides an integral review of state-of-the-art Al and ML-based digital manufacturing frameworks
for cyber manufacturing. We addressed specifically a cyber manufacturing scenario that starts with a preliminary
part design and progresses through the steps of manufacturing process selection, process planning, DFM, and
supplier selection, with a focus on the first three of those steps. While it is evident from the review that significant
progress has been reported in manufacturing process selection, process sequencing, and process planning,
significant challenges remain in establishing a ubiquitous design-to-manufacturing pipeline. Some convergence
has been achieved on establishing suitable part representations for some of the steps or sub-steps, such as BRep
models being suitable for manufacturing feature recognition. On the other hand, good manufacturing process
selection results have been achieved with part representations ranging from point clouds to BReps, so additional
research is needed for convergence. Regarding Al and ML techniques, some specific techniques appear to be
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appropriate for some decisions, such as RL being effective for manufacturing operation scheduling, or CNNs
being effective at processing spatial distributions of part properties for process parameter selection.

Challenges and research issues were discussed in the previous section. Progress across the cyber
manufacturing workflow remains uneven, with most results of limited scope. The research community will
benefit from more holistic formulations of the research challenges and approaches to address them. Recent
progress in developing foundation models in Al enables consideration of cyber manufacturing from a
fundamental, first principles basis since these foundation models attempt to capture the basis for general
intelligence. Such consideration could provide a step change in automated cyber manufacturing capabilities.
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