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in the design of metamaterials that to be fabricated using AM. Meta
materials are with extremely complex geometries to achieve desired 
performances that may not be obtained from natural materials, such as 
negative Poisson ratio [19]. The benefit of AI is more profound when 
such complex geometries are designed. For example, Tang et al. [20] 
used an experiment-obtained meta-model with the artificial neural 
network approach to identify the manufacturing constraints, which 
were further considered to redesign the arm of quadcopter in the lattice 
structure to improve the stiffness. Despres et al. [21] proposed a graph 
autoencoder for the geometric optimization of microlattice architec
tures. With a large training data set generated using the genetic algo
rithm, the graph autoencoder was used to identify optimal lattice 
structure to achieve the desired mechanical property, i.e., 
force-displacement characteristics. In [22], the authors explored both 
the solid and lattice spaces to optimize the geometry of solid lattice 
hybrid structures. A bidirectional evolutionary structural optimization 
model was used to optimize the strut thickness in the structure. Wang 
et al. [23] leveraged Laplace-Beltrami spectrum to describe the geom
etry of unit cells of metamaterials and established an indexed library, 
coined as “metamaterial genome”. Such a library facilitated efficient 
design and evaluation of unit cells, which could be further assembled 
into the full structure. In [24], a variational autoencoder and a 
graph-based optimization approach were integrated to generate micro
structures with desired properties and ensure the compatibility between 
adjacent microstructures in the assembly process to achieve the final 
multiscale metamaterial. 

Notably, how to establish the process-structure-property (P-S-P) re
lationships is a major concern in geometry optimization and material 
development. In the literature, AI has been leveraged to establish such 
highly-nonlinear relationships. For example, Jung et al. [25] employed a 
Gaussian process regression model with limited full-field simulation 
results to develop the S-P relationship for various microstructures. Jiang 
et al. [12] constructed DNN models to build bi-directional links between 
the three components, i.e., process, structure, and property. Yan et al. 
[26] used a data-driven approach for comprehensive multi-scale, mul
ti-physics modeling of the P-S-P relationships and established a design 
loop for AM processing and materials. In [27], the authors managed to 
visualize the P-S-P data with a self-organizing map for data-driven 
microstructure design. 

2.2. AI-driven AM process optimization 

2.2.1. AM process selection 
AM process selection has been extensively investigated in the liter

ature. Mançanares et al. [28] introduced various AM technologies and 
presented an Analytic Hierarchy Process (AHP) based method to rank 
the most appropriate AM technologies and machines based on key 
relevant machine parameters. Wang et al. [29] reviewed decision 
theory-based methods for AM process selection published by 2017. 
Furthermore, they reviewed the limitations of the shared sequential 
decision process and proposed a new iterative design approach for the “a 
posteriori” articulation instead of the “a priori” articulation of those 
existing methods. Furthermore, the inherent nature of AM makes it 
necessary to integrate product design, material selection, and process 
selection of AM in a holistic manner. Therefore, most recent AM process 
selection methods jointly considered process selection with product 
design [30,31] and material selection [32–34]. Similarly, the AM pro
cess selection is often integrated with DfAM [35–37]. For example, 
Vaneker et al. [36] presented a holistic framework for DfAM that in
volves three stages of product development, i.e., AM process selection, 
product redesign, and product optimization. 

Due to the high complexity of the problem, various multi-criteria 
decision-making schemes have been extensively used. A few typical 
examples include AHP [28,30,32,33,35], Technique for Order Prefer
ence by Similarity to an Ideal Solution (TOPSIS) [38], fuzzy logic based 
operators [39], and hybrid schemes that integrate multiple methods 

[40]. Among all those schemes, two categories of selection criteria have 
been primarily considered, which are, (1) technical and economic 
viability include manufacturability analysis, cost, build time, accuracy, 
part weight and buy-to-fly ratio [30,33,35], and (2) sustainability 
include energy demand and CO2 emissions for the entire product life
cycle [41]. 

2.2.2. AM parameter optimization 
There are multiple review papers that are dedicated to the process 

optimization of various AM processes [42–44]. Similar to the generic 
optimization framework, the AM parameter optimization problem can 
be formulated using three critical components: (1) decision variables, 
(2) constraints, and (3) objective function. In this section, the relevant 
literature is summarized for each component, respectively. The decision 
variables involved in AM process optimization may include the slicing 
parameters (such as build orientation [45], layer thickness [46,47], and 
printing paths [44]) which are universal for different AM processes, and 
all the adjustable process parameters which vary with the specific AM 
process (such as laser power, laser scanning speed, and hatch spacing for 
laser-based AM [42,48]). The constraints usually enforce the feasible 
region of the decision variables [49]. For example, to make sure the 
fabricated parts satisfy the quality requirements, Tian et al. [47] 
modeled the geometric accuracy as a function of the AM process pa
rameters and set the accuracy to remain within the upper and lower 
bound while minimizing the part-level energy consumption. Further
more, the constraints need to be specified based on the machine capa
bilities. Regarding the objective functions (i.e., goals), there are 
single-objective and multi-objective AM parameter optimization 
methods. Single-objective problems usually only have one specific 
objective, such as optimizing the manufacturing costs [50], part quality 
(such as density, microstructure, geometric accuracy, and surface 
quality) [44,48,51–53], energy and material consumption [47,54], and 
mechanical properties [55]. On the other hand, multi-objective prob
lems aim to jointly optimize two or more objectives. For example, Ali
zadeh et al. [46] proposed a data-driven method to jointly optimize the 
energy consumption and final part geometric accuracy. Furthermore, 
there are multiple studies that aimed to simultaneously optimize mul
tiple geometric accuracy features or multiple mechanical properties 
[56–58]. 

With respect to modeling the objective functions, two categories of 
methods have been proposed to describe the effect of process parameters 
on the final outcomes. Data-driven approaches usually leverage exper
imental data generated from systematic Design of Experiments (DoE). 
Furthermore, accelerated optimization methods were proposed to 
reduce the sample size while achieving comparable optimized results 
[56,59]. Subsequently, supervised machine learning techniques (both 
regression and classification) have been extensively used [46–48,58, 
60]. For example, artificial neural networks are leveraged to establish 
the relationship between process parameters and density, dimensions 
and surface quality [61]. Alternatively, computation-based approaches 
developed physics-based models to characterize the relationship be
tween AM parameters and the outcomes [43,62,63]. To alleviate the 
computational intensity of those high-fidelity physics-based models, 
surrogate modeling techniques have been extensively used [64–66]. 
After the relationship between process parameters and the outcome of 
interests are established, the AM process optimization can be achieved 
by using the desired outcome to solve for the process parameters. 

Therefore, it may be noted that AI and machine learning play a 
critical role in the AM process optimization. This observation aligns with 
the discussions in multiple review papers [42–44]. For example, Jiang 
and Ma [44] has envisioned that machine learning methods can be a 
powerful tool for AM process optimization. Furthermore, Shamsaei et al. 
[42] introduced a few recent studies on using AI in AM process opti
mization while pointing out a few challenges in adopting AI in AM 
optimization. More detailed discussions about the challenges will be 
summarized in Section 3. 
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4. Conclusions 

This paper aims to review the most recent research in the AI-enabled 
human-centered AM products development, and identify the trend and 
future research opportunities in this area. In this work, the existing 
studies are categorized into three aspects based on the sequential stages 
in AM, namely, design, fabrication, and assessment. Enabling AI in the 
product design stage provides a promising solution to account for a 
variety of design variables and their complicated interactions in design 
and thereby achieve desired performance in production. Moreover, with 
the integration of AI in the AM fabrication and assessment stages, the 
fabrication process for the customized human-centered products can be 
optimized, and the quality performance can be assessed thoroughly as 
well in an efficient manner. 

The three steps in the human-centered AM products development 
summarized above also indicated the remaining challenges and future 
research opportunities, as identified in three directions: (1) develop 
advanced AM-oriented AI techniques to handle the data with high het
erogeneity, high dimensionality, but low availability in the highly 
customized scenarios; (2) make full use of physics knowledge in the AI 
methods for customized AM applications while assuring process security 
and data privacy; and (3) integrate humans into the design, fabrication, 
and quality inspection processes, through interpretable AI, IoT- 
enhanced human-machine corporation, AR/VR, etc. 
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