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ABSTRACT 
In the current study, a framework for the multi-objective 
materials design, based on Bayesian approaches has been 
developed. The framework has been applied for the design 
of the microstructure of precipitation hardened NiTi SMAs. 
To this end a Bayesian global optimization framework has 
been utilized to perform Bayesian Optimal Experimental 
Design (BOED). The framework operates in a closed loop 
that uses a Gaussian Process Regression (GPR) model to 
emulate the materials response (and its uncertainty) 
provided the available physical/computational experimental 
data. The Expected Hyper-Volume Improvement (EHVI) 
acquisition function has been used to carry out the optimal 
sequential exploration of the materials space and to 
determine the microstructure of the next material to test in 
the aforementioned iterative process. A validated SMA 
micromechanical model that predicts the materials response 
as a function of microstructure has been used to perform the 
computational experiments. Finally the results demonstrate 
that a protocol for computational experiments, guided by 
the BOED process, provides an optimal policy for the 
exploration of the NiTi SMA design space.  
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INTRODUCTION 

The development of advanced materials with targeted 
behaviour is crucial for the advancement of applications 
pertaining to aerospace, automotive and biomedical fields 
among others. However materials discovery/design is a 
significantly time- and resource-intensive process. In the 
current work, a framework for multi-objective materials 
design based on Bayesian approaches is developed to 
accelerate the materials discovery/design process, and its 
capabilities are demonstrated on the design of precipitation 
hardened NiTi SMAs with targeted properties. 
 
Experimental studies has demonstrated that the heat 
treatment of NiTi SMAs [Gall, 1999] significantly alters 
their phase transformation behaviour and properties, such as 
the transformation temperatures and transformation strains. 
Furthermore, experimental evidences [Calhoun, 2015] has 
indicated that the materials thermal processing, affects the 
stability of the materials response as well as its fatigue life.  
However, the extreme sensitivity of the materials response 
to the compositional variations and microstructural 
heterogeneities induced by the heat treatment, often has 

been a limiting factor for the utilization of SMAs on various 
applications.  
 
The current work uses a BOED framework to design NiTi 
SMAs with desired properties. The developed scheme is 
based on the EHVI [Emmerich, 2011] acquisition function 
to perform multi-objective materials design. The EHVI 
acquisition function balances the trade-off between 
exploration and exploitation in the multi-objective BOED 
problems and sequentially selects the next best experiment 
to carry out considering the current knowledge. The results 
has indicated that a protocol for computational experiments, 
guided by the BOED process, can minimize the required 
number of experiments in order to identify NiTi SMAs with 
desired properties.  

BAYESIAN OPTIMAL 
EXPERIMENTAL DESIGN 

The developed BOED framework operates in an iterative 
loop as shown in Figure 1.  The objective of the current 
work has been the identification of a NiTi SMA with 

30ofA C=  (objective 1) and thermal hysteresis defined as 

40of sA M C- = (objetive 2).  

 
Figure 1. Multi-objective Bayesian material design 
framework 

The control variables of the problem have been the Ni 
composition (c) of the NiTi SMA and the volume fraction 



of precipitates ( fv ) associated to the applied heat treatment. 
The SMA material has been queried in the discrete domain 
of the materials space defined by the used variables c and 
fv  as follows: c  ranges from 50.2 to 51.2 % at. with the 

increment of 0.1 % at.  and fv  ranges from 0 to 10% with 
increment 0.5%. During the initialization of the framework, 
‘ni’ NiTi SMAs with randomly selected combinations of 
input variables have been computationally tested using the 
SMA micromechanical model [Cox, 2017]. Therefore the 
properties of those materials have been estimated and the 
values of the set objective functions have been calculated. 
These data has been used to develop an initial database of 
the values of degrees of freedom and corresponding 
objectives functions (i.e. database of input-output variables) 
of the system under study. During the next step a GPR 
model [Edward, 2006] has been trained using the developed 
input-output database to model the functional relationships 
between the inputs and outputs of the system, considering 
for the uncertainty in the response. In the selector step of the 
framework, the EHVI acquisition function has been used to 
measure the utility of each material belonging to the 
unexplored material space using the predictions of the GPR 
model and to determine the values of the , fc v  variables of 

the next material to test. Once the values of the , fc v  
variables have been determined a new material has been 
conducted in order to acquire the values of the objective 
functions. At that point, the collected data have been used 
to update the input-output data, to calculate the Pareto front 
of the objective space of the explored material space and the 
first iteration of the process has been completed. This 
iterative process continued until all the Pareto front points 
have been identified.  

RESULTS 

The results shown in Figure 2 indicate that the developed 
BOED framework required approximately 65 material tests 
to identify the majority of the Pareto front points of the 
objective space in the case where 1In =  material tests has 
been performed during the initialization of the BOED 
process. Therefore as compared against the High 
Throughput (HT) approach, which requires the exploration 
of the entire material space to identify the Pareto front of the 
objective space (i.e. black line in Figure 2), the BOED 
framework required nearly 65% less material tests in order 
to achieve the same result.  
 
 

 

Figure 2. Fraction of detected Pareto front points using 
the BOED framework and the HT approach during the 
nth material test. The results are shown for different 
configurations of the BOED framework where different 
numbers of ‘ In ’ initial material tests are used.  

CONCLUSION 
A multi-objective BOED framework has been developed 
and implemented for the design of precipitation hardened 
NiTi SMAs with targeted properties. The results has 
demonstrated that the method can successfully approach the 
true Pareto front of the objective space while as compared 
against the HT approach, it exhibits an improvement on the 
efficiency of nearly 65%. Furthermore the results has 
demonstrated that when the design task is subjected to 
resource constraints, an efficient strategy is to minimize the 
number of the performed experiments during the 
initialization of the BOED process. 
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