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Abstract
Additive manufacturing (AM) represents a category of manufacturing processes that fabricates parts in a layer-by-layer 
manner. As such, AM provides unique advantages over conventional manufacturing processes such as the ability to fabricate 
highly complex geometries, to minimize material waste, and to enable mass customization, while having some limitations, 
such as high costs and complexities. Advances in artificial intelligence (AI) and machine learning (ML) enable these limi-
tations to be addressed due to the data-rich environment in modern commercial AM machines with multiple sensors. This 
paper surveys papers that apply AI/ML techniques to the topics of defect detection, AM process surrogate models and their 
application, generative design, and design for manufacturing in metal AM processes. The approach taken is to introduce these 
topics, provide a coarse survey, and then discuss specific applications in some depth, rather than to provide a fine-grained, 
comprehensive survey.

Keywords  Artificial intelligence · Machine learning · Additive manufacturing · Defect detection · Surrogate models · 
Generative design · Design for manufacturing

1  Introduction

Additive manufacturing (AM) (informally called 3D print-
ing) is used in a variety of high value applications in the 
aerospace, biomedical, and energy industries, among oth-
ers. Due to the fabrication approach of adding and process-
ing material in a layer-by-layer manner, AM offers unique 
advantages over conventional manufacturing processes 
such as the ability to fabricate highly complex geometries, 
minimize material waste, and enable mass customization 
[1]. However, AM processes broadly still have limitations 
including long build times and high costs. Metal AM pro-
cesses, which are of primary interest in this paper, involve 

complex thermomechanical interactions that are sensitive 
to process settings, feedstock and build environment vari-
ability, part shape details, and many other factors. These 
factors contribute to variability in microstructures, mechani-
cal properties, surface finish, and dimensional accuracy that 
can lead to inhomogeneous and anisotropic properties and 
to unpredictability in terms of performance requirements.

Artificial Intelligence (AI) and Machine Learning (ML) 
have advanced rapidly in recent years to become a promising 
tool set for addressing these limitations. Commercial AM 
machines often have a variety of sensors that capture process 
data, such as melt pool images and temperature distributions. 
These data, combined with emerging material characteriza-
tion datasets, can enable AI/ML model development across 
the product development workflow, for example, for design 
optimization, process planning, in-situ monitoring, defect 
detection, and post-process inspection. This integration has 
the potential to enhance both the efficiency and reliability of 
AM, thereby accelerating its adoption in production manu-
facturing by enabling data-driven quality assurance and part 
and process qualification.

More specifically, AI/ML methods can often extract 
actionable insights from the high-dimensional datasets 
of metal AM that require methods beyond traditional 
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physics-based modeling. AI/ML algorithms can identify 
nonlinear correlations, detect subtle anomalies, and provide 
predictive insights that would be difficult using conventional 
modeling approaches. In addition to process parameter tun-
ing, AI/ML also supports higher-level objectives such as 
reducing support structures, minimizing residual stresses, 
and tailoring microstructures. By embedding intelligence 
into AM workflows, companies can pursue production 
manufacturing using AM, by reducing the need for costly 
post-build inspection and increasing confidence in as-built 
part quality.

In this paper, applications of AI/ML in metal AM defect 
detection and on-line monitoring, surrogate models of AM 
processes, generative design, and design for manufacturing 
are summarized. Capabilities and limitations of the AI/ML 
methods will be highlighted, offering insights into future 
research directions. Many technical articles and review 
papers have been written about AI/ML in manufacturing and 
AM, in particular [2–7]. Rather than take a similar approach, 
this paper covers examples in each area mentioned in some 
depth to illustrate how AI/ML operates and why it succeeds, 
rather than breadth of coverage. We focused on two top-
ics of considerable interest, defect detection and surrogate 
models, one topic of increasing interest, generative design, 
and one topic that is just starting to receive attention, design 
for manufacturing.

The review methodology to identify relevant litera-
ture will be described. We conducted the search primarily 
using Google Scholar, covering publications from 2015 to 
2025. Search queries combined terms related to metal AM 
processes, AI/ML approaches, defect detection, surrogate 
modeling, generative design, and design for manufactur-
ing. Terms related to metal AM included “additive manu-
facturing,” “laser powder bed fusion,” and “directed energy 
deposition.” AI and ML terms included “machine learning,” 
“deep learning,” “convolutional neural network,” “recurrent 
neural network,” “long short-term memory,” “Gaussian pro-
cess regression,” “surrogate model,” and “physics informed 
neural network.”

To more specifically capture defect detection literature, 
we used terms such as “in-situ monitoring,” “melt pool,” 
“melt pool imaging,” “porosity detection,” “lack of fusion 
detection,” “keyhole detection,” “spatter detection,” “opti-
cal tomography,” “pyrometry,” and “acoustic emission.” For 
capturing the surrogate modeling literature, we used terms 
such as “thermal history prediction,” “melt pool prediction,” 
“residual stress prediction,” “3D CNN surrogate model,” 
“BiConvLSTM surrogate model,” “operator learning AM,” 
“neural ordinary differential equation,” and “digital twin.” 
Generative design searches included “generative design,” 
“topology optimization,” “generative adversarial network,” 
“variational autoencoder,” “diffusion model,” and “rein-
forcement learning topology optimization.” To identify 

design for manufacturing work, we used terms such as 
“design for manufacturing,” “design for additive manufac-
turing,” “manufacturable design,” and “geometry modifica-
tion.” We also used abbreviations and keyword variants in 
our searches. Articles were included if they applied AI or 
ML to metal AM processes (PBF and DED), provided vali-
dated results (experimental, sensing-based and simulation-
based), and represented influential and emerging research 
directions within one of the four focus areas of this paper. 
Our goal was not to conduct an exhaustive systematic search, 
but to curate high quality and illustrative examples that dem-
onstrate current capabilities and trends in AI/ML for metal 
AM across defect detection, surrogate modeling, generative 
design, and design for manufacturing.

2 � Defect detection

2.1 � Metal AM processes

Powder Bed Fusion (PBF) and Directed Energy Deposition 
(DED) are the most common metal AM processes and will 
be the focus of this paper. In PBF, a high-energy laser or 
electron beam selectively fuses powder particles by melting 
part cross-sections layer by layer in a powder bed to fabricate 
a part. PBF is characterized by high resolution, good shape 
detail capability, but limited part size due to the size limita-
tion of the powder bed. In contrast, DED involves blowing 
metallic powder (called powder-blown DED) or feeding 
wire (wire-fed DED) into a melt pool generated by a focused 
energy source. Since DED processes do not require a powder 
bed, much larger parts can be fabricated, although typically 
feature solution is limited; as a consequence, parts tend to 
be of limited complexity compared to PBF. Both processes 
offer the capability to fabricate complex, near-net-shape 
parts with tailored material properties. However, defects 
often occur, such as porosity, lack of fusion, cracking, and 
keyholing, as well as rough surfaces. Various in situ sensors 
and post-fabrication inspection techniques are used to iden-
tify these defects and to characterize their potential severity.

2.2 � Defect detection technologies

Defect detection in PBF and DED processes is compli-
cated by the stochastic nature of powder spreading, melt 
pool dynamics, rapid solidification, and thermal gradients. 
Although X-ray computed tomography (CT) and ultrasonic 
testing are effective in inspecting parts, they are costly and 
time-intensive, making them difficult to use for 100% inspec-
tion. Instead, in-situ monitoring during part fabrication is 
a promising approach for defect detection. Typical sen-
sors in commercial machines include optical and infrared 
imaging using high-speed cameras or optical tomography, 
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photodiodes and pyrometers for point-wise, high-speed 
monitoring, acoustic emission monitoring using micro-
phones or piezoelectric sensors to “listen” to the process, 
particularly for DED, and layer-wise height mapping using 
structured light or optical profilometry [8]. Table 1 sum-
marizes the common sensors and the potential defects that 
they can detect, along with some representative references.

In PBF, scan speeds can be up to meters per second. 
For the best porosity detection capability, it is necessary to 
monitor the melt pool, which must be accomplished very 
quickly. For this, pyrometers that are coaxial with the laser 
are typically employed. Their limited field of view is accept-
able since melt pools are small, on the order of tenths of mil-
limeters in size [9, 10]. An approach using two pyrometers 
that sense at different wavelengths, known as dual wave-
length pyrometry, can be used to estimate temperatures, as 
well as melt pool size and shape, since the use of multiple 
wavelengths corrects for uncertain emissivity of the melt 
pool region. Huge datasets are typically generated since melt 
pool monitoring requires millisecond time resolution and 
parts typically have many kilometers of scan vectors. By 
monitoring the melt pool, estimates of keyhole and lack of 
fusion porosity can be made [11, 12].

High-speed visible imaging is utilized to capture spatter 
rates, ejection direction, and plume unsteadiness, which are 
signatures of melt pool instability and powder denudation 
related to porosity risk [13]. When combined with schlieren 
and synchrotron X-ray imaging, the transition from a steady 
to a chaotic plume aligns with deeper, oscillatory keyholes 
and marks conditions that are prone to keyhole-driven poros-
ity [14]. Optical tomography provides layer-wise intensity 
maps across the full build area, and persistent bright and 
dim bands together with simple geometric indices illustrate 
lack of fusion bands, short tracks, surface roughness, and 
dimensional deviations [15–17]. Layer-wise height mapping, 
for example, fringe projection profilometry, reconstructs a 
three-dimensional surface and height in each layer to show 
warpage, edge lift, and spatter deposits that drive lack of 
fusion and dimensional errors [18–20]. Acoustic emission is 
most sensitive to discrete release events such as crack initia-
tion and powder and laser interactions. Regime classification 
comes from spectral features like band energy ratios and 
centroid frequency. Static pores are mostly quiet, but transi-
tions into keyhole mode and pore formation or healing can 
generate bursts [21].

For DED, scan speeds are much slower and melt pools 
are typically larger, making real-time defect detection easier. 
Coaxial and dual wavelength pyrometry are often employed, 
as well as IR and visual wavelength cameras. Infrared cam-
eras are utilized to track melt pool geometry and vertical 
displacement because drifts in pool area or centroid and 
layer height deviations at thin walls and turnarounds indi-
cate porosity is likely, that is often corroborated by micro CT Ta
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[22]. High-speed visible imaging of the powder stream and 
plume can capture laser beam shadowing and attenuation 
by the powder jet, glowing or partially vaporized particles, 
and impact cratering. All of them indicate nonuniform melt-
ing and weak bonding [23]. Acoustic emission monitoring 
using an airborne microphone or contact sensor records 
time lagged high frequency bursts from crack initiation and 
growth behind the laser path, enabling layer by layer crack 
detection [24, 25].

In-situ monitoring of metal AM has developed signifi-
cantly in recent years, but several limitations persist. These 
include line-of-sight constraints, uncertainties in emissivity 
and calibration, sensitivity to noise and equipment setup, 
and the fact that sensor data only correlate indirectly with 
the actual defects. Large amounts of data generated also cre-
ate challenges for real-time processing and analysis. Cur-
rent research efforts focus on spatiotemporally coordinated 
multi-sensor fusion, the integration of physics-based and AI 
models for defect detection, online algorithms for emissivity 
and temperature calibration, and improved denoising and 
feature extraction techniques.

2.3 � Machine learning techniques

The ML techniques used for defect detection include both 
conventional and deep learning approaches and depend to 
some extent on the AM process. ML algorithms can lev-
erage multimodal process data, including optical imaging, 
thermal signals, and acoustic emissions, to automatically 
identify defects during or immediately after the build. This 
data-driven approach can lead to predictive quality assur-
ance and lay the foundation for closed-loop control systems 
in AM. Reference [4] is a good review article focused on 
defect detection in metal AM processes, while articles [5–7] 
provide good introductions to the ML techniques often used 
in defect detection and other AM processes.

In PBF processes, defect formation is strongly tied to melt 
pool instabilities and powder distribution. In the continuous 
material deposition regime of DED, melt pool fluctuations 
caused by complex interactions between blown powder and 
the melt pool in powder blown DED and arc instabilities in 
wire-arc DED can cause defects.

ML techniques can be classified broadly into four cat-
egories for PBF and DED. In the first, supervised learning 
refers to conventional ML techniques that are trained using 
input-output pairs. Support Vector Machines (SVMs) and 
Random Forest classifiers have been used to detect lack-
of-fusion porosity by analyzing thermal and optical sensor 
data [28]. These models use engineered features such as 
melt pool area, aspect ratio, intensity variance, and spatter 
counts. The identification of suitable features remains a criti-
cal aspect to the success of these ML techniques. Although 
these models are computationally efficient and interpretable, 

their accuracy is limited by training data quality and how 
well they represent the breadth of processing conditions.

The second category, deep learning, uses neural networks 
to enable more sophisticated reasoning from sensor data. 
Specifically, convolutional neural networks (CNNs) have 
shown great promise in detecting various forms of porosity 
and other defects by processing high resolution images. A 
major advantage of CNNs over conventional ML methods 
is that CNNs can learn discriminative spatial features from 
melt pool or powder bed images without manual feature 
design. Specific studies have demonstrated CNN-based 
identification of keyhole and lack of fusion porosity, ball-
ing, and recoater streaks with accuracies exceeding 90% [29, 
30]. Reinforcement learning (RL) approaches have achieved 
success in adaptive deposition path control in DED, enabling 
correction when ML models predict bead height inconsisten-
cies [31]. They have also been proposed for multi-parameter 
control that adjusts process variables such as laser power, 
laser spot diameter, scan speed, and powder flow rate in 
both PBF and DED. In this framework, anomaly detec-
tion automates the reward signal, enabling the controller to 
dynamically respond to process variations and prevent defect 
propagation [32].

Another class of deep learning techniques is temporal 
models such as recurrent neural networks (RNN) long short-
term memory (LSTM) networks. These models operate by 
processing time series data to capture sequential dependen-
cies. For AM processes, this means that the periodic sensor 
readings are analyzed to capture melt pool dynamics and, in 
many cases, can predict the onset of pores and other defects. 
Hybrid CNN-LSTM models have been applied successfully 
as well. For example, Cannizzaro et al. [33] used an LSTM 
autoencoder for real-time anomaly detection in PBF, while 
Pandiyan et al. [34] developed a hybrid CNN-LSTM frame-
work for PBF regime classification (lack of fusion, conduc-
tion, keyhole) and validated with operando X-ray imaging.

Used primarily with DED, acoustic and vibration-based 
detection approaches construct distinct acoustic signa-
tures correlated with defects such as porosity and lack of 
fusion. Supervised learning methods such as decision trees 
and SVMs have been trained to classify acoustic emission 
signals, achieving reliable defect detection without visual 
monitoring [35, 36]. To enable classification, wavelet trans-
formations and spectrogram-based features are commonly 
extracted [35, 37].

Finally, multi-sensor data fusion approaches combine sev-
eral sensor readings to reach a more comprehensive under-
standing of melt pool dynamics, process conditions, and 
part characteristics [38]. DED defect detection benefits from 
multi-sensor fusion frameworks where thermal, acoustic, 
and optical data are jointly analyzed [39]. Ensemble learning 
and probabilistic models integrate heterogeneous features to 
improve detection reliability. This is particularly valuable 
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in industrial settings where sensor noise or occlusion can 
reduce the accuracy of single-sensor methods. Besides that, 
a broader shift has occurred from CNN-only pipelines to 
graph-based, attention, and transformer architectures for 
multi-sensor fusion in PBF. Transformers are recognized 
as enabling latent-space alignment of heterogeneous data 
streams, making them strong candidates for future closed-
loop control [40].

Significant challenges remain, including training data 
scarcity and labeling, generalization across machines and 
materials, real-time deployment, and interpretability. Some 
emerging solutions have been investigated, such as trans-
fer learning to adapt models across different machines and 
vendors [41], unsupervised approaches to avoid the need 
for extensive labeled training datasets [42], and physics-
informed machine learning to integrate physics models [43] 
and overcome limitations in purely data-driven approaches. 
Diffusion probabilistic models are also emerging as powerful 
tools for AM defect detection and quality assurance. They 
have been used to augment limited datasets with realistic 
synthetic defects, enhance sensor resolution and improve the 
detection of subtle anomalies [44, 45] (Table 2).

2.4 � Examples

One example of defect detection in PBF is an unsupervised 
defect detection framework for identifying overheated 
regions and mechanical distortions. The approach integrates 
time-series analysis with image-based analytics from coaxial 
dual-wavelength pyrometers [47]. A CNN-based architecture 
converts sparse pyrometer data into feature-rich images for 
detecting overheated regions and part quality issues without 
relying on labeled training data.

Two examples were investigated to validate the frame-
work: an overhanging cantilever and a bridge with an arch. 
Results demonstrated the method’s capability to identify 
both global and localized defects, including cracks and 
overheating regions, which traditional time-series analysis 
may overlook. Additionally, the approach provides human-
interpretable visual outputs, enabling operators to monitor 

the build in real-time, gain insights into the PBF process 
for a specific part, and explain findings to others. Some 
representative results are shown in Fig. 1, which shows the 
overhang cantilever part and processed layer images that 
indicate clear temperature differences between the column 
and overhang regions in the first cantilever layer.

A second example focuses on anomaly detection using a 
supervised learning approach, with an emphasis on poros-
ity, in the DED of metal matrix composites (nickel-tungsten 
carbide (Ni-WC)) [46]. Dual infrared cameras provided the 
sensor data for deep learning feature extraction and process-
ing. The approach taken is illustrated in Fig. 2. A dataset 
containing 80 videos of melt pools and laser-powder inter-
actions in single-track deposition was prepared for training 
purposes. In stage 2, a CNN and transformer-based architec-
ture was applied to learn features that indicate one of three 
states: normal, defective, and failure process states. Subse-
quently, the separate video feeds are processed to classify 
the extents of each anomaly type into three levels of absent, 
low, or high. Each class is then further processed to better 
detect the extent of each anomaly using cross-validation and 
hyperparameter search methods. In stage 5, the models from 
each camera type are fused in three different manners: direct 
feature fusion, decision-level fusion, and confidence-based 
fusion techniques. This multi-stage approach successfully 
recognized and classified six types of anomalies, including 
porosities, excessive dilution of the base, excessive dissolved 
carbide, non-uniform carbide distribution, and re-precipita-
tion of hard phases. Additionally, the exploration of different 
camera types, ML techniques, and data fusion methods ena-
bled identification of more effective approaches in each case. 
An important conclusion was that the dual-camera and data 
fusion approaches worked well since the strengths of one 
technique could provide a counterbalance for its weaknesses.

2.5 � Discussion

Challenges associated with defect detection will be sum-
marized, followed by a proposal for research directions. A 
wide range of ML techniques has been applied successfully 

Table 2   Types of ML techniques for defect detection

ML type ML techniques Defect detection applications References

Supervised learning 
with conventional ML

Support vector machines, Random forest Lack-of-fusion porosity [28]

Deep learning Convolutional neural networks, Reinforcement 
learning

keyhole and lack-of-fusion porosity, balling, 
recoater streaks; bead height inconsistencies, 
process control

[29–32]

Temporal models Recurrent neural networks, Long short-term 
memory

melt pool dynamics, porosity, spatter [33–37]

Multi-sensor data fusion CNN, Graph NN, Attention mechanisms, Trans-
formers

melt pool dynamics, porosity, nonuniform precipi-
tate distributions

[38–40, 46]
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to the defect detection problem, from conventional ML to 
advanced deep learning methods. In one sense, a main chal-
lenge is to identify appropriate sensors and ML techniques 
for the specific type of defect to be detected. Many research 
works investigate a large number of ML techniques, then 
compare and contrast their capabilities, with many of the 
results showing that several techniques can work equally 
well. Perhaps the larger challenge is to develop defect detec-
tion techniques that work for all expected defect types in 
a given process, given that different defects are caused by 
different physics and appear at different size scales. This can 
necessitate the use of multiple sensors that, hopefully, work 
synergistically to efficiently detect a wide range of defects. 
A second challenge relates to the lack of generality of devel-
oped ML models. A defect detection tool that works for one 
material in one specific AM machine may not work well for 
a different machine, or machine vendor, and may fail badly 
for another material, particularly if the material has very 
different processing characteristics, such as stainless steel 
vs. copper. A third challenge arises due to the relative infre-
quency of defect occurrence. Data scarcity and imbalance 
are challenges that cause issues in developing high-quality 
training datasets. Taken together, the second and third chal-
lenges can lead to long defect detection system development 
efforts for a system that has only narrow uses.

Given these challenges (and many more), promising 
research directions can include methods that enable broader 
generalization and domain adaptation. Hybrid data-driven 
and physics-informed approaches may be successful here if 
the dominant physics of each defect type can be modeled and 

then tuned to the specific material, process, and machine of 
interest. Transfer learning approaches could help make mod-
els of the underlying physics generally applicable. Sensor 
fusion with uncertainty quantification methods could assist 
with the development of systems to detect a wide range of 
defects that achieves synergy, improves predictions, and 
estimates detection confidence. Finally, shared datasets and 
standardized metrics and benchmarks could help to allevi-
ate challenges with scarce and imbalanced datasets while 
promoting research progress in the field. Different detec-
tion methods can be tested and compared consistently across 
defect types, materials, and processes.

3 � Surrogate models and optimization of AM 
processes

In recent years, significant advances have been made in AM 
process simulation, particularly for metal AM processes. 
Powder-scale simulations are typically based on high-fidel-
ity models that capture the relevant physical phenomena 
of laser-powder interactions, powder melting, melt-pool 
dynamics, and cooling and solidification processes. Phase-
field models can be integrated to predict microstructures 
and, ultimately, mechanical properties. Part-scale simula-
tions simulate the layer-by-layer fabrication process for an 
entire part using lower-fidelity models. Temperature distri-
butions, thermal histories, residual stresses, and deforma-
tions are typical outputs of these models, which can be used 
to predict overheated locations, locations where cracks may 

Fig. 1   Defect detection results from unsupervised learning of poten-
tial defect location due to overheating. a Part with crack initiated at 
start of cantilever section, with the first cantilever layer indicated. 
b CNN-based visualization of the last layer before the cantilever 

(labeled “before indicated layer”) and the first cantilever layer show-
ing temperature differences between the layer regions and the location 
of the potential crack defect
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Fig. 2   Framework for multi-camera defect detection in DED of Ni-WC [46]
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occur, and overall part accuracy. Some commercially avail-
able simulation software systems include ANSYS Additive, 
Simufact, and offerings integrated into mechanical CAD 
systems such as Siemens NX and CATIA from Dassault 
Systems.

A main challenge with process simulation is the com-
putational complexity of the process models. Simulation 
times, whether for part-scale or sub-millimeter powder-scale 
simulations, often run for many hours (sometimes longer 
than a day) on standard computer workstations. Although 
such simulations can provide useful insights into part char-
acteristics, computation times are far too long for process 
planning or part optimization purposes. Hence, research-
ers have investigated the use of surrogate models to replace 
simulations for these applications. An important application 
of these models is to optimize the AM process, which would 
be prohibitive if only high fidelity simulations were used.

3.1 � Surrogate models

Data-driven methods and artificial intelligence have been 
used to build surrogate models to predict thermal fields, 
microstructures, material properties, etc. [48]. A Gaussian 
process regression (GPR)-based surrogate model quanti-
fied the grain size distribution of the microstructure which 
replaced an expensive FEA model [49]. GPR approaches 
have also been used to build surrogate models for process 
planning, such as predicting melt pool depth [50] or the 
temperature history [51] as a function of process variables. 
However, these studies were limited to single-track experi-
ments, not to part-scale builds. Li et al. [52] proposed a 
physically based and data-driven approach to predict the 
thermal history of the PBF process using the GPR method 
with Bayesian calibration. Results showed that the thermal 
field can be determined quickly for different process param-
eters and geometry designs. Deep learning approaches have 
also been investigated, for example, an artificial neural net-
work (ANN)-based surrogate model predicted thermal histo-
ries of the PBF process [53]. They directly translated a part’s 
manufacturing G-code into a set of features instead of using 
the part geometry. Prediction errors were reported to be 
below 5%. Pham et al. [54] demonstrated an ANN surrogate 
model to predict temperatures and quantify uncertainties in 
DED, which accelerated Monte Carlo simulations by over 
100-fold while maintaining accuracy. Except for Ref. [50], 
most existing research has focused on simple geometries.

To enable fast, accurate part-scale predictions, more 
sophisticated ML approaches are needed. Surrogate models 
for metal AM processes have evolved to capture multiple 
physics and scales, demonstrated the ability to generalize 
across diverse geometries and process conditions, and to 
increasingly incorporate physics-based constraints and 
uncertainty quantification in the past 3 years. Hemmasian 

et al. [55] developed a 3D CNN surrogate model with an 
enhanced auxiliary masking network to predict full melt 
pool temperature distributions in PBF. The model achieved 
a root mean square error below 5% and an intersection-over-
union (IoU) score of 80–90%. Wu et al. [56] applied RNN 
surrogates, specifically LSTM, bidirectional long short-term 
memory (Bi-LSTM), and gated recurrent unit (GRU) models 
to DED. The Bi-LSTM achieved a coefficient of determina-
tion (R2) of 0.983 for peak temperature prediction, while the 
GRU reduced computational cost by about 30%. Lestandi 
et al. [57] introduced and compared interpolation, multi-
layer perceptrons (MLPs), and a U-Net CNN for residual 
stress prediction in PBF, all of which were thousands of 
times faster than the reference full-order model. The U-Net 
CNN provided the best generalization across geometries.

In addition, physics-informed neural networks (PINNs) 
[58] and hybrid operator-learning models [59] embedded 
the governing partial differential equations (PDEs) directly 
into surrogate training, enabling data-efficient, parametric 
solutions for single and multi-track processes. Parallel pro-
gress in DED includes multimodal CNN surrogates [60] 
that fuse scan path images with various process parame-
ters, which achieve substantial accuracy and provide direct 
uncertainty quantification. Kannapinn et al. [61] developed 
autoencoder-based surrogate models combined with neural 
ordinary differential equations (NODEs) for integration into 
digital twins, enabling accurate real-time prediction of tem-
perature and residual stress fields to support process control 
in DED. Peng et al. [62] introduced an eXtended Physics-
Informed Neural Network (XPINN) framework to predict 
DED thermal histories by decomposing the domain spatially 
and temporally with a trained subnet per sub-domain, tar-
geting realistic scenarios such as interpass time, voids, and 
scan interruptions. Overall, these works illustrate clearly that 
surrogate models in metal AM have become faster, more 
accurate, and more generalizable, enabling real-time predic-
tion, uncertainty quantification, and integration into digital 
twins and process control for both PBF and DED.

Research on ML techniques used for surrogate modeling 
is summarized in Table 3, which covers the contents of 
Sect. 3.

3.2 � Examples of surrogate models

Two examples of CNN-based surrogate models will be pre-
sented to illustrate the potential of deep learning approaches. 
The first example used a feature-based approach in that a 
dataset consisting of part features of various shapes, sizes, 
and combinations was used for training [69]. The idea is 
that if parts are encountered with similar features, the sur-
rogate model will successfully predict their characteristics. 
In this case, basic features such as struts and walls were 
used to generate a large set of training geometries. Each 
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was simulated using a high-fidelity PBF process simula-
tor to generate the training data [71]. The surrogate model 
architecture was a 3D U-Net CNN, since this has a good 
capability to learn abstract features directly from voxelized 
geometries without requiring explicit parameterization. With 
the U-Net architecture design, our model produces output 
values for each input voxel, allowing it to predict part prop-
erties throughout the part.

The 3D U-Net CNN was trained with about 900 distinct 
models consisting of combinations of flat and cylindrical 
walls and round and square struts of various sizes, positions, 
and orientations. Data augmentation, copying the inputs and 
outputs for different orientations and positions, so that the 
training data set consisted of about 3600 input-output pairs.

Results demonstrate that the CNN model can accurately 
predict residual stresses and deformations in PBF fabri-
cated parts. The CNN model has good shift and rotational 
invariance properties as a result of the augmented training 
data approach. Four benchmark parts tested the residual 
stress and deformation prediction capabilities of the CNN 
model, which are shown in Fig. 3a. These parts consisted 
of features similar to those in the training dataset, but with 
more features and more complex feature interactions. With 

the increase of part complexity, prediction accuracy on the 
benchmarks was lower than for the testing data as shown in 
Fig. 3b. However, the overall stress distributions and loca-
tions of stress concentrations were predicted accurately.

The second example utilized a more sophisticated type of 
ML architecture for PBF surrogate modeling. A bidirectional 
convolutional long short-term memory (BiConvLSTM) 
approach was used to enable predictions of residual stresses 
[70]. LSTM models are used typically for series data, such 
as streaming sensor data, audio, or video. The key insight 
was that the series data that justified the use of an LSTM 
approach was the layer-by-layer fabrication process of PBF. 
That is, the sequence of layers formed the series data that the 
BiConvLSTM processed. The model architecture is shown 
in Fig. 4, where the inputs were voxel models of the part and 
the base (build platform). The outputs were the predicted 
residual stresses and variances for each voxel in the part 
and the base.

Results are shown in Fig. 5 for four parts, two cantilevers 
and two sizes of a jet engine bracket. Each column in the fig-
ure represents a source of the residual stress predictions. The 
left column shows the ground truth from the finite element 
analysis (FEA)-based PBF simulator. The second column 

Table 3   ML research on surrogate modeling and usage in process optimization

ML type ML techniques Surrogate modeling applications References

Supervised 
learning with 
conventional 
ML

Gaussian process regression (GPR) Microstructure grain size distribution [49]

GPR Predict melt pool depth, temperature history, thermal his-
tory (PBF)

[50–52]

Support vector regression (SVR) Thermal histories to optimize PBF processes [63]
GPR Melt pool temperatures to optimize PBF processes [64]
K-means clustering, SVR, GPR, Random Forest Optimize PBF processes to maximize strength and ductil-

ity
[65]

SVM, Decision Tree (DT), KNN, GPR, ANN Mechanical properties [66]
Artificial neural network (ANN) Thermal history (PBF) [53]
ANN Temperature distributions and variations (DED) [54]
ANN and PSO Minimize energy consumption (PBF) [67]
RSM, ANN, and evolutionary optimization Optimize PBF process to maximize density [68]

Deep learning 3D CNN Melt pool temperature distributions (PBF) [55]
3D CNN, MLP Residual stresses in PBF [57]
3D U-net CNN Deformations and residual stresses in PBF [69]

Temporal models RNN, Bi-LSTM Peak temperatures in DED [56]
Bi-LSTM w/CNN Residual stresses in PBF [70]

Physics embed-
ded in neural 
networks

PINN Temperature distributions (single or multiple track PBF) [58, 59]

PINN Temperature distributions (DED) [60]
Autoencoder + neural ordinary differential equations Temperature and residual stress fields (DED) [61]
Extended PINN (XPINN) Thermal histories (DED) [62]



	 Welding in the World

Fig. 3   Benchmark parts and the results of applying the 3D U-Net CNN for the prediction of residual stresses [69]
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shows stress prediction results from the U-Net-based pre-
dictions from [69], while the 2 right-hand columns show 
results from the BiConvLSTM model. Although all predic-
tions exhibit the residual stress trends shown in the FEA 
ground truth results, the BiConvLSTM predictions appear 
to more closely match the ground truth than the U-Net-
based predictions. The superior prediction capabilities of 
the BiConvLSTM approach are most clearly visible in the 
jet engine examples.

Surrogate model prediction capabilities are dependent on 
many factors, but principally they relate to the training data-
set and the inherent capabilities of the ML architecture. The 
capability of the BiConvLSTM technique to learn from the 
layer-by-layer fabrication process seems to be an advantage 
of that approach. Also, the dataset used to train the U-Net 
model consisted of thin walls and struts, which is not well 
matched to the jet engine model that was used for testing.

3.3 � Process optimization

A common application of surrogate models is to improve 
or optimize the AM process. A good review article on AM 
process optimization for papers published to 2023 is pro-
vided in [72]. In each case, they identify process-signature-
structure-property relationships captured by the surrogate 
models, and then categorize the ML models used into three 
classes: interpretable ML, conventional ML, and deep ML, 
which are given in order of increased accuracy and complex-
ity. Interpretable ML techniques are the simplest to apply 

and understand; they include linear and logistic regression, 
as well as decision trees and other regression and rule-based 
techniques. Conventional ML techniques include support 
vector machines, artificial neural networks, random forest, 
Gaussian process, and K-means clustering, while deep ML 
encompasses deep neural network techniques such as CNNs, 
RNNs, deep forest, and autoencoders.

Most of the work related to this topic involved the authors 
applying ML techniques to model relationships among pro-
cess settings, process signatures (e.g., melt pool characteris-
tics), material microstructure, and physical properties (e.g., 
density, strength) with the objective of maximizing model 
accuracy. Some researchers used the methods to identify 
preferred process settings, while a small number applied 
optimization algorithms, using the model instead of high-
fidelity simulation, to determine the best process settings.

An interesting usage of a process signature was the work 
of [63] who used support vector regression to relate process 
parameter settings to local thermal histories for different 
local part geometries. They used principal component analy-
sis and partitioning to perform dimensionality reduction to 
form a reference parameter-thermal history map. This map 
can be used for the multiobjective optimization (objectives 
were to match local thermal histories and minimize scan 
time) of the PBF process for a given part geometry. The 
authors demonstrated the method with Ti6Al4V material on 
several simple part geometries with success.

An example usage of surrogate models for process opti-
mization was reported by [64] who modeled melt-pool 

Fig. 4   Architecture of the BiConvLSTM surrogate model [70]
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dynamics in PBF. They used GPR to relate process settings 
to melt pool temperatures. Then they used the GPR model 
in a projected gradient descent algorithm to determine laser 
powers for multiple tracks to regulate the melt pool size in 
an off-line manner.

A research group employed deep learning techniques for 
surrogate modeling and particle swarm optimization (PSO) 
to minimize energy consumption during the fabrication pro-
cess [67] for polymer PBF. Input data for their deep ANN 
included part measures (part size, % of powder bed filled 

by parts, etc.) and process settings and was obtained from 
2 years of usage involving more than a hundred builds and 
thousands of parts. They investigated three different problem 
settings that emphasized designer objectives, manufacturer 
objectives, and a balance of all objectives.

Another research group investigated response surface 
methodology (RSM) and ANNs to model the relation-
ship between PBF process variables and part density [68]. 
Then, they employed three evolutionary optimization meth-
ods (self-adaptive harmony search, genetic algorithm, and 

Fig. 5   Results showing a comparison of the U-Net-based [69] and BiConvLSTM-based [70] surrogate models with the ground truth (FEA col-
umn)
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particle swarm optimization) to identify the best process 
settings. Results showed that all three optimization algo-
rithms were effective, although the authors preferred the 
self-adaptive harmony search. Additionally, the ANN model 
was superior and predicted smaller laser power and scan 
pattern angle values and higher hatching values than the 
RSM model.

Some researchers have used surrogate models and opti-
mization to obtain superior mechanical properties. One 
example was to simultaneously enhance the strength and 
ductility of Ti6Al4V fabricated using PBF through pro-
cess-structure-property relationships [65]. The researchers 
applied K-means clustering on data on yield strength, ulti-
mate tensile strength, and elongation at break from the litera-
ture to group process-property relationships into 3 clusters 
for each property. Then they tested three ML models on each 
cluster to determine which model was best for each cluster 
for each property. The best models were combined using 
a technique called the cluster-integrated regression model 
(CIRM) to predict the properties. A genetic algorithm was 
used to search the models to identify process settings that 
yield the desired combinations of strength and ductility. Of 
interest, the authors identified that adjusting the grain size 
of martensite through process parameters can enhance both 
properties. A similar study tested several conventional ML 
models (SVM, DT, KNN, GPR, etc.) with ANNs to predict 
mechanical properties as a function of process variables 
[66]. The authors found that the ANN was superior in cap-
turing the complex process-property relationships.

3.4 � Discussion

Similar to the discussion on defect detection, challenges 
related to surrogate modeling are related to the complex 
physics of metal AM processes and limitations of training 
datasets. Again, a wide range of ML techniques has been 
applied successfully for surrogate modeling. But they tend 
to be expensive and time-consuming to build using either (or 
both) experimental or synthetic (modeling) datasets. Rela-
tionships between process variables and responses, such as 
residual stress, thermal history, and deformations, tend to 
be specific to the process and material being modeled and, 
to some extent, machine-specific as well. Furthermore, the 
relationships can be highly related to part or feature geom-
etry as well. Taken together, surrogate models tend to be of 
limited applicability. Furthermore, many surrogate models 
capture input-output relationships without consideration of 
the underlying physics or path dependence and cannot adapt 
when process conditions cause unmodeled physical phenom-
ena to become prominent. Stated differently, most surrogate 
models can interpolate well in well-modeled regions, but 
degrade quickly when extrapolating. Particularly when opti-
mizing a process, it is important to utilize only those regions 

of the process modeling space where the surrogate model is 
known to give accurate results.

Given that surrogate models tend to suffer from a lack 
of physics understanding, weak extrapolation ability, and 
limited interpretability, future research directions should 
address these shortcomings. Hybrid data-driven and physics-
informed approaches should be pursued that can enhance 
the applicability and generalizability of surrogate models. 
A multi-scale approach should be investigated that captures 
and integrates process behaviors across size scales. Bayesian 
and related sampling methods could be investigated to iden-
tify regions of the process modeling space that are under-
represented or require additional model accuracy. Based on 
the comparison of example methods in Sect. 3.2, the issue 
of temporal process modeling should be investigated; that is, 
does modeling the layer-by-layer nature of the AM process 
yield a more accurate process model? Or is it sufficient to 
model only the final physical state of the fabricated part? 
This question raises related issues regarding the compu-
tational and experimental expense of developing training 
datasets, as well as their fidelity.

4 � Generative design

The term “generative design” (GD) has several meanings 
that depend on the context. Most generally, GD refers to 
a methodology where the designer defines a problem and 
establishes the design space, rules, and constraints for the 
problem, then an automated or semi-automated system gen-
erates designs accordingly. In engineering design, GD tech-
nologies are typically used for early-stage conceptual design 
and can be classified into two approaches, one based on 
commercial computer-aided design (CAD) tools and math-
ematical problem formulations, and one that is based more 
on AI that is not based solely on mathematical optimization 
problems. These two techniques will be explored further in 
the next two subsections. The relationship to AM is that the 
designs produced are often geometrically complex, neces-
sitating the use of AM processes for their fabrication.

4.1 � Commercial tools

At present, generative design tools in commercial CAD 
tools define design problems mathematically as optimiza-
tion problems and solve them using a combination of ML 
and optimization methods. For example, a structural design 
problem would be formulated by setting up a structural FEA 
model with a simple shape for which the final design is 
desired, then specifying objectives and constraints. That is, 
the designer specifies a geometric design domain and applies 
loading and boundary conditions that represent the structural 
problem. Depending on the tool, the design objective may 
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be specified as minimum weight, maximum stiffness, uni-
form stress, or even cost. Most commercial tools allow the 
designer to select a material and a manufacturing process 
such as 3-axis machining, casting, or additive manufactur-
ing. They also support the formulation and solution of ther-
mal, fluid flow, or multi-physics problems.

Using a combination of topology optimization (TO), 
evolutionary search algorithms, and ML techniques, the 
GD tools can generate a wide range of designs which the 
designer can then explore and identify those that appear 
promising for further development. If AM or no manufac-
turing process was specified, then resulting designs tend to 
resemble those from topology optimization, with complex, 
curved organic shapes. If, for example, 3-axis machining was 
selected, resulting designs will tend to consist of block-like 
features that are oriented relative to one another to minimize 
the number of machining set-ups.

Autodesk was the first CAD vendor to develop GD tools, 
which are now offered through their Fusion 360 platform. 
They offer a wide range of multiphysics problem formu-
lations and have particularly strong capabilities for design 
for manufacturing processes. The other major CAD ven-
dors, Dassault Systemes, PTC, and Siemens offer GD tools 
through their CATIA, Creo, and NX systems, respectively. 
All tools utilize cloud computing to off-load the high com-
putational demands of GD from the designer’s workstation. 
nTopology is another CAD vendor that offers GD capabili-
ties, albeit using a different approach and different technolo-
gies. Their software enables reusable workflows to encode 
user-defined optimization logic with integrated lattice struc-
ture or minimal surface constructs and field-driven topology 
approaches.

4.2 � Research frontier

Engineering design researchers have explored the appli-
cation of emerging AI/ML technologies to develop GD 
capabilities that go beyond what is available commercially. 
For our purposes, we will view GD research as based on 
topology optimization. [73] classified research on ML in 
TO into 7 main purposes. From a coarser perspective, how-
ever, two primary directions can be considered. In the first, 
the objective is to improve the computational efficiency of 
TO methods. The second is to generate a very wide range 
of designs using ML techniques, coupled with engineering 
analysis or optimization tools to ensure that designs satisfy 
engineering requirements. Several deep learning techniques 
have been applied to GD, including generative adversarial 
networks (GANs), variational autoencoders (VAEs), rein-
forcement learning (RL), and diffusion models (DM). Some 
representative works will be summarized in each of the GD 
directions indicated here.

Research to improve the efficiency of TO generally seeks 
to avoid the iterations that require time consuming finite 
element analyses of intermediate solutions. Perhaps the sim-
plest approach is to use training data sets consisting of initial 
problem descriptions paired with final TO solutions, ena-
bling the ML model to learn how to avoid the TO iterations. 
That is, the initial problems consisted of the initial geometric 
domain with loading and boundary conditions applied and 
the target volume fraction specified. Abueidda et al. [74] 
used this approach for 2D problems using a CNN to predict 
optimized shapes. They trained models for three types of 
material characteristics, including linear elasticity, material 
nonlinearities (hyperelastic response), and geometric non-
linearity. Sharpe and Seepersad [75] utilized a conditional 
GAN (cGAN), instead of a CNN, to solve similar problems. 
Rawat and Shen [76–78] published a series of papers apply-
ing the Wasserstein GAN for 2D and 3D problems to predict 
both the optimal shape but also the optimization conditions 
(volume fraction, penalty, smoothing filter radius). Zheng 
et al. [79] demonstrated a 3D CNN that predicts TO results 
and employed a novel adaptive sizing model to accommo-
date problems with variable geometric domain sizes.

To achieve better results, other researchers introduced 
physical fields into the input models of their training data-
sets. For example, Zhang et al. [80] first performed an FEA 
to find the strain field in the starting geometric domain and 
included it in their training data for their CNN model. Simi-
larly, Nie et al. [81] used strain energy density and von Mises 
stress distributions obtained from FEA as inputs to their 
cGAN system. Deng et al. [82] took a different approach 
in that they used a CNN to predict objective function val-
ues, rather than relying on FEA for these predictions. In 
this manner, they did not avoid TO iterations, but they were 
very fast. Chen et al. [83] trained a neural TO model but 
injected the initial strain-energy field from an FEA model 
of the unoptimized domain as an extra input, which sped 
up convergence and improved quality versus ML without 
physics conditioning. Seo and Kapania [84] developed a 
U-Net surrogate model that used results from an initial static 
analysis (mapped physics fields) as inputs and predicted the 
optimal layout in one forward pass, avoiding iterative solves. 
Yan et al. [85] used the initial principal-stress field from a 
quick FEA model into a U-Net model so it could directly 
predict the optimal topology (near real-time) without itera-
tive solves.

Another approach to improve designs was to use a mul-
tistage approach, that is, to use sequential models, one for 
estimating an intermediate design from the initial conditions 
and the second for predicting the final optimized shapes 
from the intermediate design. Yu et al. [86] utilized a CNN-
based model to generate low-resolution models as a first 
step. Then a GAN converted the low-resolution models into 
high-resolution solutions. In the thermal domain, Li et al. 
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[87] applied a similar two-step approach using two GANs 
to predict high-resolution solutions.

To generate a wide variety of designs, most approaches 
utilize an ML model for generation, then TO to modify 
the generated designs to ensure that they meet engineering 
requirements. Typically, this is an iterative process where 
the results of TO are fed back into the ML model to gener-
ate more design variants. An early example of this approach 
was by Oh et al. [88] who solved a 2D wheel design problem 
using a GAN to generate designs and TO to ensure struc-
tural requirements were met. Wang et al. [89] proposed a 
novel approach that embedded TO into the GAN model by 
adding terms to the GAN’s loss function that represented 
compliance minimization (the TO objective function) and 
the volume fraction constraint. They demonstrated that their 
approach could generate at least as many designs as the Oh 
et al. model [88] for the same wheel design problem, but 
with far fewer iterations. Other work utilized RL to maxi-
mize diversity and aesthetics. Jang et al. [90] utilized two 
neural networks, one that replaced TO and the other to find 
design parameter combinations that maximized diversity. 
Yet others explored the use of VAEs. For example, Yama-
saki et al. [91] implemented a multiobjective structural TO 
method pairing a VAE with conventional TO to generate 
new material distributions. Extensions to 3D have been dem-
onstrated for GD as well. Shu et al. [92] presented a GAN 
model that generated aircraft models and evaluated them 
using complex computational fluid dynamics simulations. 
Mazé and Ahmed [93] introduced TopoDiff, a conditional 
diffusion approach guided toward low-compliance and fea-
sible structures. This model outperformed a cGAN baseline 
and reduced unmanufacturable outputs. Chen et al. [94] pre-
sented a neural framework that co-optimized topology, build 
orientation, and support part segmentation to minimize sup-
ports for additive manufacturing, incorporating print-setup 
decisions inside the design loop. Kumar et al. [95] used an 
RL (PPO) agent that interacted with an FEA loop to add or 
remove material under stress (≤ 300 MPa) and displacement 
limits. After optimization, Signed Distance Function (SDF) 
smoothing was applied to the resulting design and an STL 
could be output for printing.

5 � Design for manufacturing

Design for manufacturing (DFM) refers to the modification 
of part geometry to avoid manufacturing problems (e.g., 
eliminate an undercut in injection molding) or to facili-
tate an aspect of a manufacturing process (e.g., change 
feature orientations to reduce the number of set-ups in 
machining). Relatively little research has applied AI/ML 
techniques to DFM compared with many other engineer-
ing topics. In this section, three approaches to DFM will 

be offered. The first is to combine an ML technique with 
an optimization model, such as TO, while the second uses 
neural networks to model scalar fields that model struc-
tural and manufacturing design spaces in a co-optimization 
framework. The third illustrates how GANs can be used to 
directly modify part representations in the form of pixel 
images and voxel models.

5.1 � Combination of ML and optimization

Building on the multi-scale gradient structure GAN 
(MSG-GAN) [96], Greminger et al. [97] generated,3D 
manufacturable designs from a TO problem formulation 
for the 3-axis machining process. The trained MSG-GAN 
was embedded in the TO algorithm by using the latent 
feature vector (input to the GAN) as the design variable, 
rather than element densities. Element densities were pre-
dicted by the GAN. The GAN model was trained using 
only manufacturable designs. A scripting approach was 
used to generate the synthetic training dataset that was rep-
resented as voxel models. In their approach, however, four 
voxel models were required per part since four voxel scales 
were used for training (4, 8, 16, and 32 voxels per coordi-
nate direction). Another consequence of the approach was 
that a volume fraction constraint could not be specified. 
Due to the training set size, training took considerable 
time (over 3 weeks with 20,000 part models). Additionally, 
they could not modify existing designs to improve their 
manufacturability.

A different approach was taken by Mohseni and 
Khodaygan [98]. They used a combination of techniques 
to apply DFM rules to AM parts, including a convolutional 
residual autoencoder for rounding and filleting sharp cor-
ners, transfer learning for reshaping circular holes into dia-
mond shapes and increasing thickness of thin walls, a GAN 
for generating training datasets, and ResNet-18 for classi-
fication of build orientations to reduce support structures.

Several recent works proposed ML methods for generat-
ing lattice and triply periodic minimal surface (TPMS) unit 
cells. For example, Jadhav et al. [99] developed a 3D diffu-
sion model to generate a variety of architected metamate-
rial unit cells for target stiffness properties. Figure 6 shows 
the workflow of their approach. Their equation generator 
generates equations of single and hybrid TPMS structures 
where sigmoid and various trigonometric equations are used 
to combine two or three TPMS structures. They utilized an 
implicit representation to perform reasoning. The training 
process covers steps a–g, while steps h–j represent the infer-
ence where new TPMS structures are generated. From their 
implicit representation, they can generate voxel models for 
structural analysis (steps b and c) and mesh models for visu-
alization and fabrication (step j).
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5.2 � NN‑based co‑optimization

A neural network-based computational framework was 
developed for the simultaneous optimization of the shape, 
layers, and fiber paths of fiber-reinforced composites [100]. 
Both anisotropic strength and manufacturability were opti-
mization objectives. The framework employs three neural 
networks that model implicit neural fields to represent the 
part shape, layer sequence, and fiber orientation. A solid 
isotropic material penalization (SIMP)-based topology opti-
mization framework was adapted for this co-optimization 
problem. More specifically, the three neural fields include a 
density field for material distribution, a field for the order of 
material deposition, indicating layers, and a fiber orientation 
field. The authors show that their approach enables an inte-
grated, differentiable process that optimizes both structural 
performance and the manufacturing process, in this case, 
FFF of both polymer and reinforcing fibers. With differenti-
able objective and constraint functions, gradient-based opti-
mization algorithms can be used to solve the co-optimization 
problem, which is important from a computational efficiency 
perspective. Physical experiments demonstrated the effec-
tiveness of the method.

5.3 � DFM via image modification

To overcome the limitations of other ML approaches 
to DFM, a new approach was proposed that identified 

manufacturing features in the part, then modified their shape 
according to manufacturability rules for a given process.

Wang et al. proposed the Manufacturable conditional 
GAN (McGAN) as an implementation of that approach 
for parts to be injection molded [101]. The framework for 
McGAN is shown in Fig. 7. Given a 2D part representation 
(image), instance segmentation was performed using Mask 
R-CNN to segment the part into multiple simple features 
[102]. Each manufacturability rule was embodied in a condi-
tional GAN, based on the Pix2Pix GAN [103], that modified 
a feature shape based on the rule. As a result, each shape 
should now be manufacturable [103]. After shape modifica-
tions, the part features are assembled into a complete part 
representation (modified image) as shown on the right side 
of Fig. 7. In this work, three manufacturability rules were 
implemented using Pix2Pix: rounding sharp corners, add-
ing draft angles, and reducing feature height/width aspect 
ratios according to typical molding limitations. The results 
of McGAN were promising as modified designs were of high 
quality from the viewpoint of manufacturability [101].

Although McGAN worked well at modifying 2D part 
representations for molding considerations, the approach 
is insufficient for DFM for two primary reasons. First, of 
course, DFM needs to be applied in 3D. Second, modified 
designs must also meet functional requirements. In prelimi-
nary work, McGAN was extended to 3D and integrated with 
a VAE that implemented shape optimization in a manner 
analogous to the TO approach from Wang et al. [89]. Mask 

Fig. 6   Workflow of the cellular structure unit cell generation system. Steps a–g represent the training workflow, while steps h–j represent infer-
ence where a new structure is generated [99]
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R-CNN was extended to segment 3D voxel models, instead 
of 2D images, and Pix2Pix was extended to 3D Vox2Vox 
to implement the three manufacturability rules of rounding 
corners, adding draft, and reducing aspect ratios.

For functional design, the VAE architecture utilized the 
typical encoder-decoder approach, with five 3D convolution 
layers, resulting in a 1 × 1 × 256 output vector that repre-
sented 128 mean values and 128 standard deviations, while 
the decoder had 6 transpose convolution layers. The VAE 
was trained on 10,000 rectangular parts representing product 
housings with various internal features.

Manual iterations were used to integrate the functional 
design VAE with the McGAN DFM capability. In experi-
ments, only 2–3 iterations were necessary between func-
tional design and DFM. After each design generation step 
with the VAE, the designs were evaluated using 3D struc-
tural FEA to determine their compliance (optimization 

objective) and volume fraction. After evaluating all designs, 
the Pareto front was identified, and the top set of designs 
was selected for subsequent DFM. Each selected design was 
then modified using the 3D version of McGAN. This set 
of modified designs was then sent back to the VAE which 
generated a new batch of designs. This VAE-DFM iteration 
continued until the DFM module made minimal changes to 
the designs from the VAE (minimal was approximately 2% 
of voxels changed).

The design problem that illustrates the use of the VAE-
DFM system is shown in Fig. 8. This is a rectangular 
product housing component with two internal ribs and a 
hole surrounded by an internal wall. The objective is to 
maximize stiffness under a distributed load on the bot-
tom surface, with a fixed boundary condition around the 
open perimeter. A volume fraction constraint was speci-
fied as well. The part design domain was discretized into 

Fig. 7   The framework of McGAN for injection molding as presented in [101]

Fig. 8   The 3D housing part design problem: a composition and b load and boundary conditions [104]
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a 128 × 128 × 32 voxel space that resulted in a total of 
107,000,000 possible designs [104].

Four generated part designs are shown in Fig. 9, one 
design per row. The left column represents inputs to the 
DFM cGAN, while the middle and right columns show 
top and bottom views of the resulting part designs. As 
expected, all part designs have rounded corners and draft 
angles on the vertical walls and rib features. Aspect ratio 
limits were achieved for the internal features as well. Note 
the slots that were added to the undersides of the thick rib 
features in Designs 1 and 4 (visible in the right column). 
Such slots are often added under thick features to achieve 

uniform wall thickness throughout a part, and examples 
were included in the 3D McGAN training dataset.

McGAN works well on a wide range of part designs con-
sisting of 3 or 5 vertical walls in 2D and rectangular hous-
ings with internal features in 3D, but it has some limitations. 
The image modification approach is performed on a feature-
by-feature basis after segmentation. The Mask R-CNN GAN 
needs to be trained to recognize each feature type of interest; 
however, if a shape feature or feature combination is not 
recognized, segmentation will likely fail. Currently, the only 
feature interactions considered are vertical-to-horizontal 
wall interactions. Then, Pix2Pix or Vox2Vox GANs, trained 
for each type of feature, are applied to modify the feature 

Fig. 9   Four designs produced in the iterative functional design and DFM process for the design problem shown in Fig. 8 [104]



Welding in the World	

shape. Significant efforts are needed to generate training 
datasets for both segmentation and modification. Generality 
and scalability to additional design rules and manufacturing 
processes remain limited, and further research is needed.

More generally, the issue of which part representation to 
use for design modifications requires future investigation. 
Take the problem of learning how to modify part geometry 
to change the draft angle. A user of a CAD system can add 
draft to a part model with one command. Behind the scenes, 
the CAD system changes the orientation of each vertical 
surface by the specified draft angle; that is, one parameter is 
changed for each affected surface, which, for most parts, is 
on the order of tens of operations. In contrast, changing the 
draft angle for a 2D image or a 3D voxel model can involve 
moving hundreds or thousands of elements. It may be much 
easier to train ML models to operate on BRep models, where 
surfaces are modeled explicitly, than to operate on image and 
voxel models. Graph-based neural networks that operate on 
face-adjacency graphs, or other BRep-based representations, 
may become easier to train and more generalizable than the 
well-known image-based network technologies for design 
applications.

6 � Conclusions

AI and ML technologies have matured to the point where 
they are impacting the AM field significantly. This paper 
provides a targeted review of AI/ML applications in AM, 
specifically in defect detection, surrogate modeling of AM 
processes, generative design, and design for manufacturing. 
Specific examples in each area are provided, along with 
broad introductions, instead of providing a fine-grained, 
comprehensive survey.

In the defect detection area, a wide range of sensors is 
available in commercial PFB and DED machines that pro-
vide rich data streams for ML models to analyze. Excellent 
results have been achieved for porosity, lack of fusion, and 
crack prediction, poor bonding identification, and warpage, 
distortion, and other dimensional accuracy estimation. Early 
applications used conventional ML techniques and CNNs 
to analyze images to identify likely defects. More recently, 
more sophisticated techniques have been tested, including 
LSTM methods for analyzing time-series data streams, 
transformer-based models for multi-sensor fusion, and dif-
fusion probabilistic models, particularly when datasets are 
limited. Challenges, limitations, and promising research 
directions were identified; they were related to difficulties in 
detecting multiple defect types, ML model generalizability, 
and training data scarcity and imbalance.

Surrogate models have demonstrated very good capa-
bilities in predicting residual stresses and warpage in PBF-
fabricated parts, replacing high fidelity and computationally 

expensive process simulations. 3D CNNs successfully 
learned from simulations of training models to predict the 
results of unseen test models. Increasingly, physics-informed 
neural networks (PINN) are being applied to embed some 
of the physics of powder melting, heat transfer, and solidi-
fication into the NN. Additionally, a method for processing 
time-series data, the bi-directional LSTM, demonstrated 
excellent performance in predicting residual stresses. The 
LSTM-based approach was explored because the layer-by-
layer nature of AM fabrication could be interpreted as time-
series data. The model was compared with the results from a 
3D CNN model and showed better performance. Additional 
investigations into emerging AI techniques and combina-
tions of AI techniques are likely to yield even better predic-
tion results in the future. Challenges and research directions 
were similar to those in the defect detection area: narrow-
ness of model applicability, lack of generalizability, and the 
expense of training dataset development.

Generative design has been available commercially for 
over a decade as an ML-augmented TO technology for 
structural design generation at first, and has been extended 
to thermal, fluid, and other physical principle-based design 
problems. In the research realm, a variety of approaches have 
been investigated, combining ML and TO methods, includ-
ing ML and TO iteratively improving on design results, ML 
embedded in TO, and TO embedded in ML. With the rapid 
maturation of large language models and foundation mod-
els, the possibilities for generative design are enormous. 
However, it is necessary for the AI-generated models to 
be grounded in correct physics and to be based on the rich 
and varied information models used in engineering. These 
advances will require significant effort.

Design for additive manufacturing is relatively less 
explored compared to other topics covered in this paper. 
Some examples include DFM for conventional manufactur-
ing processes, but these approaches have potential appli-
cations to AM. Several very different approaches were 
presented. The first embedded a GAN model into the TO 
formulation to optimize manufacturable designs for the 
3-axis machining process, while the second proposed a co-
optimization framework that used neural networks to model 
scalar fields, representing structural and manufacturing 
design spaces. The third demonstrated how DFM rules can 
be embodied as cGANs and how molded parts can be modi-
fied according to those rules. AI-based DFM and DFAM 
remain nascent. From the literature, research directions 
remain uncertain. However, the potential for combining 
generative design and DFM seems very promising.
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