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Abstract: Multi-performance collaborative optimization
is a trend for improving the properties of additive
manufacturing products and expanding their applications.
A fusion of data-driven and theory approach is proposed
for multi-performance objective optimization of selective
laser melting. Firstly, a global, stepwise, centrally dense
hexagonal design of experiments is applied to the additive
manufacturing of 65 GH4169 nickel superalloy materials
each employing different laser processing conditions.
Secondly, 4 multiple stepwise regression models are
established to quantify the complex relationship between
laser process parameters and relative density, yield
strength, tensile strength, and elongation. Thirdly, a
stepwise regression non-dominated sorting genetic
algorithm with relative density energy criterion
constraints is developed to achieve multi-performance
objective process parameters collaborative optimization.
Finally, a high strength, ductility, and low porosity
component is manufactured by this approach. Compared
to traditional optimization approaches, this approach can
more accurately and efficiently achieve multiple process
parameters collaborative recommendations.
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1 Introduction
Additive manufacturing (AM) is one of the fundamental
technologies for rapidly moving towards intelligent
manufacturing. Selective laser melting (SLM), as a
typical metal AM technology, has dozens of parameters[1-
2] as well as complex heat and mass transfer phenomena
in molten pools [3] which lead to collaborative
optimization being extremely difficult[4].
In the paper, a fusion of data-driven and theory

approach is proposed for multi-performance objective
optimization of selective laser melting GH4169
superalloy. 4 key process parameters, laser power(P),
scanning speed(v), hatch space(h), and layer thickness(t),
were tuned by the intelligent recommendation systems

and the locally conflicting properties, relative density,
yield strength, tensile strength, and elongation were
optimized.

2 Experimental Procedure
Bone shape GH4169 samples (FIGURE 6FIGURE 6) were
fabricated by SLM with a global, stepwise, centrally
dense hexagonal design (Table 1).

Table 1 Design of Experiments

No. P (W) v (mm/s) h (μm) d (μm)
Group1

1 260 700 90 20
2 290 900 100 20
3 320 1100 110 20
4 350 1300 120 20

Group2
1 100 300 60 20
2 150 600 75 30
3 200 900 90 40
4 250 1200 105 50
5 300 1500 120 60
6 350 1800 135 70
7 400 2100 150 80

Figure 6 SLM samples with engineering drawing
3 Result and discussion
3.1 Model construction and evaluating
The four properties prediction models for relative density,
tensile strength, yield strength, and tensile strain were
constructed by stepwise regression modelling (Figure 7).
The process parameters recommendation system

mailto:jixiaoyuan@hust.edu.cn
mailto:zhoujianxin@hust.edu.cn


The 75th World Foundry Congress
October 25-30, 2024, Deyang, Sichuan, China Part 13: Additive Manufacturing

- 714 -

assembly the prediction model and multi-objective
optimization algorithm Non-dominated Sorting Genetic
Algorithm (NSGA-Ⅱ) (Figure 8, Figure 9, Figure 10).

Figure 7 Stepwise regression model construction procedure
The evaluating metrics of predictive models, ����,

�2, �2
���, �2

���, are the following formula:
���� = 1

� �=1
� (�� − �� �)2� , i=1, 2, …, n (1)

�2 = 1 −
�(�� − ŷ)2

�(�� − �)2 (2)

�2
��� = 1 −

�(�� − ŷ)2

�(�� − �)2 (
� − 1

� − � − 1
) (3)

�2
��� = 1 −

1
� ��

1 − ℎ�

2
�

1
� (�� − �)� 2

(4)

3.2 COLLABORATIVE OPTIMIZATION

Figure 8 The Pareto front of 3

properties

Figure 9 The recommendation points with 3 properties

Figure 10 NSGA-Ⅱ algorithm procedure illustration
Conclusions
(1) 4 key properties predictive models were established

by stepwise regression model.
(2) 4 key properties were collaboratively optimized as

well as process parameters intelligently recommended by
NSGA-Ⅱalgorithm.

Acknowledgements
The authors acknowledge financial support from the
KGW Program (grant No. 2019XXX.XX4007Tm), the
National Key Research and Development Program of
China (grant No. 2020YFB1710100), and the National
Natural Science Foundation of China (grant No.
52275337, grant No. 52090042, grant No. 51905188).

References
[1] X. Tu, J. Chen, X. Ji, H. Yang, D. Peng, J. Zhou, Y. Yin, X.

Shen, Process parameters optimization of selective laser
melting SUS316L components based on response surface
methodology, the 74th world foundry congress, BEXCO,
BUSAN, Republic of Korea, 2022.

[2] Z. J. Zhang, Y. J. Wu, Z. M. Wang, X. Y. Ji, W. Guo, D. J.
Peng, X. M. Tu, S. Z. Zhou, H. Q. Yang, J. X. Zhou.
Recommendation of SLM Process Parameters Based on
Analytic Hierarchy Process and Weighted Particle Swarm
Optimization for High-Temperature Alloys, Materials. 16
(2023). https://doi.org/10.3390/ma16165656.

[3] T. DebRoy, T. Mukherjee, H.L. Wei, J.W. Elmer, J.O.
Milewski, Metallurgy, mechanistic models and machine
learning in metal printing, Nat. Rev. Mater. 6 (2021) 48–68.
https://doi.org/10.1038/s41578-020-00236-1.

[4] K. Shi, D. Gu, H. Liu, Y. Chen, K. Lin, Process-structure
multi-objective inverse optimisation for additive
manufacturing of lattice structures using a physics-enhanced
data-driven method, Virtual Phys. Prototyp. 18 (2023)1–20.
https://doi.org/10.1080/17452759.2023.2266641.


	1. State Key Laboratory of Materials Processing an
	2. Xi’an Space Engine Co., Ltd., Xi’an, 710100, Ch
	*Corresponding address: e-mail: 
	Abstract: Multi-performance collaborative optimiza
	Keywords: Additive manufacturing (AM), Selective l
	The four properties prediction models for relative

