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Abstract. AlNiCo magnets are permanent magnetic alloys based on the Al-Ni-Co-Fe system. In the present work, 

Sobol’s algorithm was used to randomly generate alloy compositions so that they are properly distributed in the 

variable space. The final 80 candidate alloys were selected after examining the phase equilibria and magnetic property 

predicted by thermodynamic database Factsage
TM

 in the desired temperature of exposure. The magnets were 

synthesized and tested for desired properties of interest. The various properties were fitted by response surfaces 

generated by Radial Basis Function module available in commercial optimizer,”modeFRONTIER”. It was followed by 

optimization for predicting alloy composition for improved properties. This task was simultaneously performed by 

another commercial optimizer, IOSO. The 5 Pareto optimized candidate alloys were synthesized and tested. One of the 

optimized candidate alloys dominated the initial 80 candidate alloys in most of the properties. This proves the efficacy 

of response surface methodology in optimizing the desired properties while minimizing the time and cost in 

synthesizing the alloys by random experimentation 
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1. INTRODUCTION  

 
Rare earth element magnets are quite popular ingredients in alloys used for high strength magnets at high 

temperature applications. Due to depleting resources and stringent trade rules from the suppliers, it is important to look 
at other options to synthesize these magnets. Alnico magnets, (Culity and Graham, 2008) are permanent magnetic alloys 
based on the Fe-Co-Ni-Al system. Magnetic property is mainly attributed to the presence of BCC iron and cobalt and it 
decreases with increasing temperature. In addition to limited literature available on these systems, one of the major 
challenges in designing such alloys is maintaining the BCC phase during synthesis and to ensure that this phase will be 
retained at working or elevated temperatures.  

Most of the engineering design problems are real world problems and hence depend heavily on experimental and / 
or simulation to evaluate various design objectives and constraint functions and accordingly predict the behavior when 
the variables are altered. On one hand, collecting sufficient amount of experimental data is quite time consuming and 
expensive. On the other hand, simulations are computationally expensive and in some cases even a single simulation 
may take not several minutes, hours hours or even days. These limitations will prohibit even routine tasks like design 
optimization, sensitivity analysis, etc. as it may require tens of thousands or even millions of simulations to come at a 
meaningful conclusion. In addition, currently only alloys with a maximum of three alloying elements can be purely 
computationally analysed and their macroscopic properties predicted, because of the exorbitant amount of computing 
resources and time that would be required to use these non-equilibrium thermodynamics of solids and ab initio methods 
on alloys with more than three alloying elements.  
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Hence, there is a need to construct an approximate model that will emulate the behavior (or try to capture the basic 
trends) of the multi-component alloy system, while being computationally affordable. Surrogate models are widely used 
to mimic the behaviour of complex systems. It reduces our dependence on expensive experiments and time consuming 
simulations used to gain knowledge of the behavior of the system. This is achieved by approximately fitting the limited 
data obtained from the experiments and/or simulation and expressing the response of the system in terms of 
mathematical and/or statistical functions of system variables. Such models provide fast and useful information 
regarding the factors responsible for a particular behavior and will be helpful in the design optimization process. 
Various surrogate generation algorithms are used for various problems mostly depending upon their complexity. 
Meta-modeling combined with thermodynamic validation can prove to be a good alternative to significantly reduce a 
large number of experiments needed in designing these alloy systems thus making the design process economical. 

In our present work, Sobol’s quasi-random sequence generation algorithm (Sobol 1976) was used to distribute 
chemical concentrations of each of the alloying elements in the candidate alloys as uniformly as possible while 
maintaining the prescribed bounds on the minimum and maximum allowable values for the concentration of each of the 
alloying elements. The generated candidate alloy compositions were examined for phase equilibria and associated 
magnetic properties using a thermodynamic database, FactsageTM  (Factsage) in the desired temperature of exposure.  

These initial candidate alloys were manufactured, synthesized and tested for desired properties. Then the 
experimentally obtained values of properties were fitted by a radial basis function module available in modeFRONTIER 
software (Esteco). The desired properties were treated as objectives and were extremized simultaneously using 
modeFRONTIER software by optimizing the concentrations of each of the alloying elements. This task was also 
performed by Indirect Optimization based upon Self-Organization algorithm (IOSO), (Egorov, 1998, Dulikravich et el, 
2003, 2004, 2005, 2006, 2008). 

A few of the best predicted Pareto optimal alloy compositions were then manufactured, synthesized and tested to 
evaluate their macroscopic properties. One of the Pareto optimized predicted alloys outperformed most of the alloys on 
most of the objectives, while the remaining Pareto optimized new alloys were only marginally better than the original 
data set of alloys. This proves the efficacy of the combined metamodelling and experimental approach in design 
optimization of the alloys.  

 
2. SELECTION OF CANDIDATE ALLOY COMPOSITIONS 

 
Based on the data available in the open literature, we have determined reasonable minimum and maximum values 

for concentrations (by weight) for each of the eight alloying elements in AlNiCo type alloys that were used in this study 
(Table 1).   

 
Table 1. Alloying elements with user-specified bounds on their concentrations in AlNiCo type alloys 

 

 Alloying elements Lower bound (%) Upper bound (%) 
1 Cobalt (Co) 24 40 
2 Nickel (Ni) 13 15 
3 Aluminum (Al) 7 9 
4 Titanium (Ti) 0.1 8 
5 Halfnium (Hf) 0.1 8 
6 Copper (Cu) 0 6 
7 Niobium (Nb) 0 2 
8 Iron (Fe) Balance to 100 % 

 
The following steps were followed in order to generate the alloy compositions in the prescribed bounds.  
1. “SOBOLSET” command in MatlabTM software was used to generate random numbers in 7 dimensions. The 

first 1,000,000 solutions were used for our present work. 
2. Random data was scaled in the above prescribed ranges for all elements except iron. 
3. Data in the rows 1 through 7 were added and the result was subtracted from 100, thus creating the 

concentration for iron. 
4. A large number of candidate solutions obeyed the prescribed bounds. 

A preliminary thermodynamic validation of this alloy system (actually, only the Fe-Co part of the overa Fe-Co-Ni-
Al based alloy) was performed by FactSage software, in order to examine the magnetic property and stability of the 
phases responsible for the magnetic properties as well as the effect of temperature variation on this system.  

1. In order to solve the problem to get a diverse set of candidate solutions, we focused on the hard magnetic 
properties. Body centered cubic (BCC) phase of iron and cobalt being the major contributor, we ranked the 
whole dataset in order to maximize both iron and cobalt binary. Figure 1 shows a typical (Fe-Co) plot for the 
BCC phases, thus, confirming its stability for alloys with higher iron content. It should be reiterated that this 
type of a plot cannot be created for the actual alloys considered which have eight alloying elements, but are 
useful in gaining an insight at the influence of the leading alloying elements on the desired properties. 

2. About 200 sets of different alloy compositions were selected for the present case. 
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3. Magnetic property of the obtained dataset was examined by a thermodynamic database, ”Factsage”. A few 
candidate solutions were discarded for which we could not find any solution in the temperature range of 
interest.  

4. The calculations were done in the temperature region of +25 to +1200 degrees Celsius.  
5. The phase distribution plots versus temperature were plotted in order to aid us in manufacture of the alloys.  
6. The scatter plots of the chemical concentrations of the alloying elements in the finally selected 80 candidate 
alloys had been merged with the predicted improved multiple properties plots. 
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Figure 1. Fe-Co phase diagram showing BCC and FCC phases in case of only two alloying elements. 

 
These calculations and the graphical representation can provide critical information regarding the phase 

transformations that needs to be avoided or rapidly crossed by fast solidification in order to achieve the desired 
properties. Table 2 shows concentrations of alloying elements in one of the initial 80 candidate alloys. 

 

Table 2. Concentrations of alloying elements in the candidate alloy # 1 (out of 80) 

 

Fe Co Ni Al Ti Hf Cu Nb 

48.7324 27.7207 14.0393 8.1984 0.2552 0.3941 0.04028 0.6193 

 

 

Table 3: Objectives that were simultaneously extremized in this research using multi-objective optimization 
 

 Properties Units Notation Objective 

1 Magnetic energy density ((BH)max) kg m-1 s-2 P1 Maximize 

2 Magnetic coercivity (Hc) Oersted P2 Maximize 

3 Magnetic remanence (Br) Tesla P3 Maximize 

4 Saturation magnetization (Ms) Emu/g P4 Maximize 

5 Remanence magnetization (Mr) Emu/g P5 Maximize 

6 (BH)max/mass m-1 s-2 P6 Maximize 

7 Magnetic permeability (µ) kg m A-2 s-2 P7 Maximize 

8 Cost of raw material (cost) $/kg P8 Minimize 

9 Intrinsic coercive field (jHc) A m-1 P9 Maximize 

10 Density(ρ) kg m-3 P10 Minimize 

 
Table 3 lists the large number of macroscopic properties of the alloy system, along with their units and the 

objectives during this alloy design procedure. 
Response surfaces were developed for the objectives mentioned above. The following section describes the 

methodology followed in development of response surfaces and subsequent optimization. Figure 2 shows the 
correlation matrix (Pearson’s correlation coefficient) between the objectives. This information helps in development of 
response surfaces and further optimization. 
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Figure 2: Correlation matrix of the properties  

 
 

3   DEVELOPMENT OF RESPONSE SURFACES AUGMENTED OPTIMIZATION 
 

The following steps were followed in order to develop the response surfaces for the properties listed in Table 3.  

 

3.1. Scaling of the Dataset 
It was observed from the dataset that there was a large variation between the upper and lower bounds of the design 

variables and the objectives. Hence, there is a possibility that a certain design variable will dominate the other design 
variables and it may lead to inaccurate response surface (Mazzatorta and Benfenati, 2002). In order to minimize this 
inaccuracy, the design variables and the design objectives were scaled in the range of 0 to 1.  

Thereafter, we proceeded towards development of response surfaces. In this work, a commercial package, 
modeFRONTIER was used for this purpose. 

 

3.2. Training and Testing Sets 
In order to obtain the best possible response surface, the training and the testing sets were varied as described in the 

following text. This was done for selecting the best possible training set and testing set to develop the most accurate 
response surface. The dataset was divided as follows: 

1. TR1- Training set and testing set were 50 % of the dataset (40 candidate alloys each) and it was divided as 
follows. Training set included alloys number 1-10, 31-40, 51-60 and 71-80, while the testing set included the 
remaining candidate alloys, that is, alloys 11-30, 41-50, 61-70. 

2. TR2- Training set included alloys number 31-80 (50 alloys, that is 62.5% of the dataset), while the testing set 
included the remaining, that is, candidate alloys number 1-30 (that is, 37.5% of the dataset). 

3. TR3- The dataset was divided into training (60 alloys, that is, 75 %  of the data set) and testing set (2o alloys, 
that is, 25 % of the initial data set), where every fourth initial candidate alloy was included in the testing set, 
while the remaining alloys were in the training set. 

4. TR4- The dataset was divided into training (60 alloys, that is, 75 % of the data set) and testing set (20 alloys, 
that is, 25 % of the data set), where training set included candidate alloy number 1-60, while the testing set 
included candidate alloys number 61-80. 

The following radial basis function modules were used in modeFRONTIER software for development of response 
surfaces: 

a. Hardy’s Multiquadrics (HM) 
b. Inverse Multiquadrics (IM) 
c. Gaussians 
d. Duchon’s Polyharmonic Splines 

From thorough accuracy evaluations against a suite of analytical multi-variable functions it was found that training 
set TR3 performed the best in combination with the Inverse Multiquadrics module. Hence, these were used for creation 
of a response surface for each of the objectives (see Table 3) and utilized in multi-objective optimization.  

 
 

4   OPTIMIZATION 
 
The properties (objectives) given in Table 3 were optimized simultaneously for improved results. This multi-

objective optimization was performed separately using modeFRONTIER optimizer and IOSO optimizer.  
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Due to certain software limitations, the properties (objectives) mentioned in Tab 3 could be optimized only two at a 
time. It should be noted that the number of objectives optimized could not exceed three at a time. 

 

4.1. Optimization Using modeFRONTIER 
Response surfaces for various objectives developed by IM modules available in modeFRONTIER were optimized 

for improved properties. A number of optimization techniques were used to solve the multi-objective problem 
formulation discussed before. 

The optimization algorithms used in modeFRONTIER software were: 
a) Non-dominated Sorting Genetic Algorithm II (NSGA2) 

a. Original NSGA2 
b. Controlled Ellitism 
c. Variable Population size 
d. Steady State Evolution 

b) Multi-Objective Particle Swarm Optimization (MOPSO) 
c) Multi Objective Simulated Annealing (MOSA) 
d) FAST optimizer uses response surface models (meta-models) to speed up the optimization process. The search 

algorithms used here were: 
a. NSGA2 
b. MOSA 
c. MOPSO 
d. Multi Objective Genetic Algorithm (MOGA II) 

It was observed that most of the optimization tasks yielded one single point for a set of objectives. Hence, several 
optimization runs were performed to get a diverse pool of results. 

 

4.2. Optimization Using IOSO 
IOSO is a semi-stochastic, multi-objective optimization algorithm incorporating certain aspects of a selective search 

on a continuously updated multi-dimensional response surface. The main benefits of this algorithm are its outstanding 

reliability in avoiding local minima, its computational speed, and a significantly reduced number of required 
experimentally evaluated candidate alloys as compared to more traditional semi-stochastic optimizers such as genetic 
algorithms. Furthermore, the self-organizing response surface formulation used in IOSO allows for incorporation of 
realistic non-smooth variations of experimentally obtained data and provides for accurate interpolation of such data. 
One of the advantages of this approach is the possibility of ensuring good approximating capabilities using minimum 
amount of available information.  

So, independently of modeFRONTIER optimization with its choices of response surface generation modules and 
optimization modules, the initial 80 experimentally evaluated candidate alloys were also used by IOSO optimizer and 
its own self-organizing graph theory based meta-model. The objective was to create two sets of Pareto optimized 
chemical compositions of new candidate alloys and then to experimentally verify their properties. 

Thus, Table 4 consists of the Pareto optimized candidate alloys’ chemistries and their multiple properties. These 
five new alloys (one resulting from modeFRONTIER and four from IOSO) were then manufactured and tested thus 
completing the first cycle of the iterative optimization process of magnetic alloys. 

 

Table 4: Pareto optimized first generation of five candidate alloys 
 

Alloy no. 81 82 83 84 85 

Fe 29.744 39.667 42.112 32.441 47.094 

Co 39.763 35.085 30.998 35.716 29.433 

Ni 14.460 13.026 13.704 13.813 13.896 

Al 8.999 8.133 8.462 8.742 7.133 

Ti 0.571 0.877 1.971 4.617 0.490 

Hf 2.8016 0.6107 0.4794 2.6559 0.49761 

Cu 2.3394 2.5888 1.5261 1.3867 0.5248 

Nb 1.3221 0.0131 0.7473 0.6286 0.9328 

P1 13 45 237 8601 139 

P2 30 50 270 750 80 

P3 0.022 0.045 0.044 0.576 0.087 

P4 120 165 131 130 180 

P5 2.5 5 5 66 9.6 
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P6 57711 717662 1061975 95989715 4327738 

P7 9.3E-06 1.1E-05 8.5E-06 0.00033 1.2E-05 

P8 3,488 2,019 2,397 3,051 2,374 

P9 2387 3979 21486 59683 6366 

P10 7163 7146 7020 6954 7239 
  
 

5.   RESULTS AND DISCUSSION 

 
A total of five Pareto optimized alloys were prepared and tested. The experimentally verified results are listed in 

Table 4. Figures 3 -6 shows the distribution of alloying elements in the design space. Concentrations of the initial 80 
candidate alloys are marked with + symbols, while concentrations of the five best Pareto optimized alloys are marked 
with diamond symbols and numbered 81 through 85.  

 
Figure 3: Distribution of aluminum and cobalt in 

variable space 
Figure 4: Distribution of aluminum and iron in 

variable space 
 
 

 

Figure 5: Distribution of iron and cobalt in 

variable space 
Figure 6: Distribution of iron and nickel in variable 

space 
 
Figures 7 – 13 show the distribution of various experimentally obtained objectives in the objective space. The ten 

properties considered are labeled P1 through P10 and explained in Table 3. Experimentally obtained multiple properties 
of the initial 80 candidate alloys are marked with + symbols, while experimentally obtained multiple properties for five 
Pareto optimized alloys are marked in these figures with diamond symbols and numbers 81 through 85. 
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Figure 7: Distribution of P1 and P2 in objective 

space (alloy #84 is the best) 
Figure 8: Distribution of P1 and P3 in objective 

space (alloy #84 is the best) 
 

 

Figure 9: Distribution of P1 and P5 in objective 

space (#84 is the best) 
Figure 10: Distribution of P2 and P4 in objective  

space (alloy #84 is the best) 
 

 

 
Figure 11: Distribution of P2 and P7 in objective 

space (alloy #84 is the best) 
Figure 12: Distribution of P4 and P8 in objective space 

(alloy #85 is the best) 
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Figure 13: Distribution of P8 and P9 in objective space 

(alloy #84 is the best) 

 

 
The advantages and drawbacks of the present approach to design of alloys have been listed in the following section. 

 

5.1. Advantages 
The findings are listed below: 

1. Thermodynamic examination was useful in determining the phases responsible for the magnetic 
properties. It also helped in discarding the alloys which could not find a solution in the desired 
temperature of exposure. 

2. Response surface methodology was helpful in fitting the objectives data and can thus save significant 
amount of time and expense in predicting the properties when performing chemical compositional 
variations. 

3. Experimental validation of optimized prediction (#84) outperformed the initial set of data in almost all the 
objectives. Only optimized alloy #85 dominated the P4 versus P8 objective space. 

4. The improved predictions (experimentally validated) proved the efficacy of the current approach in 
developing new alloys.  

 

5.2. Drawbacks 
The present approach needs to be modified in order to address the shortcomings listed below. 

1. In order to make the alloy predominantly iron-cobalt based, the distribution of concentrations of alloying 
elements in the variable space was not uniform in some of the candidate alloys. 

2. The thermodynamic examination can be checked with a few other databases for confirmation. 
3. There is a need for improvement of the accuracy of the response surfaces.  

 

6   FUTURE WORK 
 
The above discussed shortcomings must be addressed in the future work. These can be implemented as follows: 

1. Generate new chemical compositions in the variable space not covered by the previous alloys. 
2. In thermodynamic validation, attempts must be made to search for databases that may be beneficial in 

estimating the desired properties in addition to the discovered phases. 
3. Improve the accuracy of the multi-dimensional response surface generation algorithms. 
4. Attempts must be made in order to develop response surfaces that can predict fitted values accurately 

outside the initial variable space. 
5. Implement an in-house developed version of response surface methodology and hybrid multi-objective 

hybrid optimizer, in order to explore the search space for further improvements (Colaco and Dulikravich, 
2008, Moral and Dulikravich 2008) 
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