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ABSTRACT
Design optimization techniques are widely used to drive designs toward a global or a near global optimal solution.
However, the achieved optimal solution often appears to be the only choice that an engineer/designer can select as the final
design. This is caused by either problem topology or by the nature of optimization algorithms to converge quickly in local/
global optimal or both. Problem topology can be unimodal or multimodal with many local and/or global optimal solutions.
For multimodal problems, most global algorithms tend to exploit the global optimal solution quickly but at the same time
leaving the engineer with only one choice of design. The paper explores the application of genetic algorithms (GA),
simulated annealing (SA), and mixed integer problem sequential quadratic programming (MIPSQP) to find multiple local
and global solutions using single objective optimization formulation. The techniques are applied to a couple of
mathematical problems as well as a restraint system design problem. Results are compared thoroughly in terms of the
quality of local convergence, convergence speed, and most importantly the ability to explore multiple local and global
solutions.
CITATION: Xue, Z., Parashar, S., Li, G. and Fu, Y., "Optimization Strategies to Explore Multiple Optimal Solutions and Its
Application to Restraint System Design," SAE Int. J. Passeng. Cars - Mech. Syst. 5(1):2012, doi:10.4271/2012-01-0578.
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INTRODUCTION

optimization procedure to find the good design solutions.
Optimization algorithms tend to converge to a global or a
local optimal solution. However, this often leads the analyst
with only one optimal design instead of many design
alternatives which may be different in configuration yet
equally good in performance. In the event where the
prescribed optimal solution cannot be produced either
because of supplier shortage, or production delays, or
management decision to reduce complexity, etc; another
optimization run may be needed to find new optimal solution.
Without alternative optimal designs, the product development
time could be increased at the late design phase. Using a
multi-objective optimization formulation can address this
issue to certain degree by providing a Pareto frontier of
optimal designs. However, such a formulation would require
the analyst to articulate the additional and often competitive
objectives a priori which may not be obvious or easy to
formulate in advance.
In this paper, single objective optimization formulation is
used to explore the application of several design optimization
algorithms such as: genetic algorithms (GA)2, simulated

During the product design phase a designer is required to
design a product that achieves high performance, high
reliability, along with less complexity at a low cost, and
deliver them within a tight time constraint. Design
optimization technology, with its capability of driving
multiple design variables simultaneously toward the optimal
solution systematically and automatically, can greatly reduce
the development time and improve the overall product
competitiveness. In the automotive industry, occupant
restraint system design is often relied on the design
optimization approach to get the final design which will
comply to the highest standards of vehicle safety
requirements, such as National Highway Traffic Safety
Administration (NHTSA)'s New Car Assessment Program
(NCAP) 5-Star safety ratings. Without design optimization it
would be very time-consuming and difficult to find designs
with low complexity and robust 5-Star safety ratings.
Design optimization software tools, such as
modeFRONTIER1, are often used to model and automate the
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annealing (SA)3,4, and sequential quadratic programming
(SQP)5,6 to find multiple local and global optimal solutions.
First, a mathematical problem is used to judge their ability to
explore the multiple local and global optimal solutions. Later,
the same algorithms are applied to a real-world occupant
restraint system design problem. The results from different
optimization algorithms are then compared in terms of the
quality of local/global convergence, convergence speed, and
particularly the ability to explore multiple local and global
optimal solutions to achieve the desired objective.

DESIGN OPTIMIZATION AND
OPTIMIZATION ALGORITHMS
One of the most important aspects of design optimization
is the problem formulation itself. This includes selection of
design variable, setting objectives and constraints. Based on
the formulation, the second most critical element is the
selection of optimization algorithm. This paper will focus on
algorithm selection for single objective formulation in order
to find multiple equally good solutions. A commercial
process integration and design optimization tool called
modeFRONTIER1 is used to evaluate the capability of
achieving multiple optimal solutions of the selected
optimization algorithms. Optimization algorithms include
various genetic algorithms7, 8, 9, simulated annealing10,11,
integer
programming
sequential
quadratic
12
13
,
programming , particle swarm optimization 14, and
various gradient-based algorithms among others. Out of these
algorithms, four algorithms are selected to identify the
multiple optimal solutions based on single objective
formulation, and they are Multi-Objective Genetic
Algorithms II (MOGA-II), Non-dominated Sorting Genetic
Algorithm II (NSGA-II), Multi-Objective Simulated
Annealing (MOSA), and Mixed Integer Programming
Sequential Quadratic Programming (MIPSQP). MOGA-II is
a global search algorithm and it uses a smart multi-search
elitism operator to preserve certain outstanding solutions
without prematurely converging into local Pareto frontier.
NSGA-II is also a global search algorithm. It has a
mechanism to guarantee the diversity and spread of solutions
in addition to the similar elitism operator as in MOGA-II.
MOSA is a special global search algorithm because it has two
phases of optimization processes: 1) the “hot” phase
encourages global search behavior and can control how
widely the search can explore; 2) the “cold” phase
encourages local convergence around the “good” points
obtained by the initial global search. MIPSQP is a gradientbased algorithm. It has fast local convergence speed while the
capability of achieving global optima is highly dependent on
the number and location of initial starting points. All of these
algorithms can handle unordered discrete variables, which are
involved in this study.
mixed

CASE STUDY: A MATHEMATICAL
TEST PROBLEM
PART1: SIX HUMP CAMEL BACK
FUNCTION WITH CONTINUOUS
VARIABLES
A

multimodal

mathematical

problem,

called

two

dimensional six hump camel back function15, is selected to
test different algorithms' capability to find multiple optimal
solutions. The optimization problem formulation is described
in Equation (1).

(1)
There are six local minima in total existing within the
design space, and two of them are global minima. Figure 1
illustrates this two dimensional test function, and the two
global minima and four local minima are all marked in the
2D contour plot. The aforementioned algorithms: MOGA-II,
NSGA-II, MOSA, and MIPSQP are tested using the six hump
camel function.

Results of MOGA-II
Table 1 shows the parameter settings for MOGA-II and
Figure 2 shows the convergence history of the optimization
runs using MOGA-II. The x and y axes represent the two
variables x1 and x2. Designs are converged to one global
minima

,

at

,

. Figure 2 also shows that MOGA-II
explores near the other global optimal region, but not
converge to the exact global minima point at
,

,
.

Results of NSGA-II
Table 2 shows the parameter settings for NSGA-II and
Figure 3 shows the convergence history of the optimization
runs using NSGA-II. For this test function, NSGA-II
converged to one of the two global minima at either
,

,
or

,

,
when different
combinations of parameter settings are tested.
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Figure 1. Six hump camel back function with continuous variables.
Table 1. Summary of parameter settings for MOGA-II - continuous six hump camel back function.

Table 2. Summary of parameter settings for NSGA-II - continuous six hump camel back function.

Results of MOSA
Table 3 shows the parameter settings for MOSA and
Figure 4 shows the convergence history of the optimization
runs using MOSA. The results of MOSA are very different
from the previous results of MOGA-II and NSGA-II. All of
the six minima are explored, and this is largely due to the two
phase optimization in MOSA. The “hot” phase enables
MOSA to explore the design space to a certain extent which
largely depends on the value of “Fraction of ‘Hot’ iterations”
and “initial temperature”, the “cold” phase let MOSA

converge to the detected local minima, the number of the
local minima that MOSA can converge to is highly related to
the value of “Minimum Perturbation Length”. The smaller of
this value the greater of the local convergence.

Results of MIPSQP
Table 4 shows the parameter settings for MIPSQP and
Figure 5 shows the convergence history of the optimization
runs using MIPSQP. The results show that two global minima
and two out of four local minima are found by MIPSQP.
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Table 3. Summary of parameter settings for MOSA - continuous six hump camel back function.

Table 4. Summary of parameter settings for MIPSQP - continuous six hump camel back function.

Since MIPSQP is a gradient-based algorithm, the number of
optimal solutions that it can find depends on where the initial
starting points are located. Increasing the number of initial
starting points will increase the likelihood of finding more
local optimal solutions.

Figure 3. NSGA-II Convergence plot for six hump camel
back function.

Figure 2. MOGA-II Convergence plot for six hump
camel back function.

Downloaded from SAE International by Brought To You By Monash University, Sunday, December 07, 2014
544

Xue et al / SAE Int. J. Passeng. Cars - Mech. Syst. / Volume 5, Issue 1(May 2012)

Table 5. Parameter settings fine-tuned for the six hump function with discrete variables.

PART 2: SIX HUMP CAMEL BACK
FUNCTION WITH DISCRETE
(ORDERED AND UNORDERED)
VARIABLES

Figure 4. MOSA Convergence plot for six hump camel
back function.

Since the restraint design system design often involves
discrete variables, both ordered and unordered, it is then
useful to investigate optimization strategy with the presence
of discrete variables to determine the appropriate parameter
settings. Hence for the six hump camel back function, the
originally continuous variable x1 is changed to an ordered
discrete variable with a step size of 0.01 between the bounds
[−3, 3] and variable x2 is changed to an unordered discrete
variable with a step size 0.5 between the bounds [−2, 2].
Because of the discretization, potentially many “false” local
minima will be added into the same problem. Thus targeting
to check whether algorithms can find all of the local minima
is not valid. Therefore, the goal is to find the two global
minima for this discretized problem at
,

and

,
,

,
and identify the
appropriate parameter settings for each optimization
algorithm.
Table 5 indicates the changes made for the parameter
settings for each algorithm. Figure 6, 7, 8, 9 shows the
optimization history and global minima found by all four
algorithms. In these bubble charts, the color of bubbles
represents the design ID for each design in the optimization
history. The warmer the color is, the bigger the design ID is,
or the later iteration the design belongs to. The results show
that MOGA-II, NSGA-II, and MOSA all find the two global
minima. The MIPSQP can find solutions that are very near
the two global minima, but not converge to the exact global
minima. This is because the MIPSQP spend large effort on
the relaxation processes and eventually the MIPSQP
converges to a local minimum that is near the global minima.
Figure 5. Local and global minima found by MIPSQP.
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Figure 6. MOGA-II bubble chart (found global minima
in brown circles).

545

Figure 9. Global minima found by MIPSQP.

PART 3: DISCUSSION OF THE
RESULTS OF THE MATHEMATICAL
PROBLEM

Figure 7. NSGA-II bubble chart (found global minima
in brown circles).

Figure 8. MOSA bubble chart (found global minima in
brown circles).

The study on the optimization behavior for the
mathematical problem serves a prescreening and validity
process of the algorithms. It provides valuable hints on how
to fine-tune the parameter settings for the restraint system
design problem. For the original six hump camel back
function with continuous variables, MOSA found all of the
global and local minima, MIPSQP found four out of six
global/local minima. MOGA-II found one of the global
minima with slight exploration of some local minima.
NSGA-II quickly converges to one of the global minima
without any exploration of rest of the global minima.
For the discretized six hump camel back function, the two
global minima are found by MOGA-II, NSGA-II, and MOSA
after modifying the parameter settings for each algorithm.
MIPSQP is not able to converge to the global minima
because of the relatively large number of combinations of the
unordered discrete variable, but it finds a local optimal
solution near the global optimal region.
The different convergence behaviors indicate that the
optimization problem formulation, continuity of the input
variables, and parameter settings of the optimization
algorithms, all have significant impact on the global
convergence behavior. However, some valuable lessons
learned from the study of mathematical problems are as
follows: 1) For problems with only continuous variables,
gradient-based algorithm starting with multiple uniform
initial points, such as MIPSQP, can have fast convergence to
the multiple global optimal solutions. 2) For problems with
discrete variables, gradient-based algorithms, including
MIPSQP, usually has difficulties to perform well because
derivative information is much less helpful when the design
space is discrete; Heuristic algorithms such as GAs and SA
are recommended for such problems; 3) For problems with
highly non-linear functions, if finding multiple local and
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Figure 10. MADYMO Driver Side Occupant Restraint System Models.
global optima is of primary interest, then MOSA is suggested
to use due to its unique two-phase optimization process; If
finding global optimal is more important, then MOGA-II and
NSGA-II are the better choices.

CASE STUDY: A VEHICLE
RESTRAINT SYSTEM DESIGN
PROBLEM
In this paper, a driver side frontal impact application is
used as a benchmark example to test the accuracy and
efficiency of multiple optimization algorithms. Multiple
MADYMO models are developed to simulate the full frontal
90-degree rigid barrier vehicle crash scenarios at different
impact speeds with a belted or an unbelted occupant. The
vehicle interior environment includes seat, floor pan, toe pan,
dash, roof, knee bolster etc. Four critical crash modes are
chosen for the study and they are: (1) at the speed of 35 mph
with a 50th percentile belted Hybrid III dummy (Figure 10
(a)); (2) at the speed of 35 mph with a 5th percentile belted
Hybrid III dummy (Figure 10 (b)); (3) at the speed of 25 mph
with a 50th percentile unbelted Hybrid III dummy (Figure 10
(c)); and (4) at the speed of 25 mph with a 5th percentile
unbelted Hybrid III dummy (Figure 10 (d)). In this study, all
simulations are performed on a DELL Precision T7500
workstation, and it takes about 30 minutes to complete all
four MADYMO model simulations for every restraint system
design change using 1 CPU.
A design optimization problem of an occupant restraint
system is formulated in Equations (2).

(2)
The objective is to minimize Relative Risk Score (RRS)
in the front impact mode defined by the National Highway
Traffic Safety Administration (NTHSA)'s New Car
Assessment Program (NCAP). When the RRS is lower than
0.67, the vehicle is rated 5-Star safety rating for the front
driver side. The constraints include eight occupant injury
criteria for each of the four crash modes as shown in Table 6,
which ensure the vehicle meeting or exceeding all Federal
Motor Vehicle Safety Standard (FMVSS) No. 208
requirements. For easy comparison purpose, all injury
responses are normalized so that all 32 constraints need to be
less than 1 simultaneously.
There are two categories of the restraint system design
variables. The first category is restraint feature option
variable, which defines whether a restraint feature is selected
or not as shown in Table 7. When its value is equal to “1”, it
means that restraint feature is selected. Otherwise, when its
value is equal to “0”, it means that restraint feature is not
selected. The second category is tunable restraint design
variables, such as driver airbag firing time, airbag vent size,
inflator power level, load limiter force levels etc. There are 8
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Table 6. Design Constraints.

Table 7. Restraint Feature Option Design Variables.

Figure 11. restraint system design optimization work flow.
feature option and 22 tunable design variables in this case
study.

the DOE methods and optimization algorithms to be used in
optimization runs.

PROCESS INTEGRATION

OPTIMIZATION RESULTS

The optimization work flow for the restraint system is
shown in Figure 11. There are 30 input variables in light
green color. There are five output variables in light blue
color. One of them is the optimization objective RRS, and
rest of them are different injury criteria including outputs and
constraints. Pre-calculations could be done in the calculator
node. Four Madymo subsystems are colored differently and
connected sequentially. The subsystems are used to
consolidate constraints, output variables, dependent variables,
and etc to make the work flow concise. The DOE and
Schedule/Optimization nodes are the engines which define

Results of MOGA-II
There are 30 design variables in total; a uniform Latin
hypercube (ULH) design of experiments (DOE) matrix of
150 is generated so that MOGA can explore the design space
as thoroughly as possible. The “Number of Generations” is
raised to 1000 but any earlier termination of the optimization
process is allowed once satisfying results are found. The
optimization process is terminated at iteration 15 out of 1000
at the maximum when the user feels the optimization has
converged. In total there are 2124 designs available. Figure

Downloaded from SAE International by Brought To You By Monash University, Sunday, December 07, 2014
548

Xue et al / SAE Int. J. Passeng. Cars - Mech. Syst. / Volume 5, Issue 1(May 2012)

Table 8. Optimal Combination of features (1 = “feature turned on”, 0 =“feature turned off”).

Table 9. Five identified optimal designs for five star rating by MOGA-II.

12 shows the history chart of the entire optimization process
of MOGA-II.

Figure 12. Optimization history of MOGA-II for
restraint system design.

The design points marked in green color near the end of
the history chart in Figure 12 are optimal solutions for the
RRS. They are identical since the MOGA-II has hit the same
optimal RRS multiple times for this single objective
formulation. The RRS global optimum is 0.555. The
corresponding optimal combination of the available features
is indicated by the values of feature option variables shown in
Table 8:
To find the multiple optimal designs which satisfying the
five star rating. Parallel Coordinates Chart as in Figure 13 is
used. By using the filter on the objective “Obj_RRS_db50”
with upper bound set as 0.67, five different optimal designs
are identified as Table 9 shows. It is possible that MOGA-II
would find more solutions of optimal RRS if the optimization
runs further. One of the biggest differences between this
problem and the mathematical problem discussed above is
that the existence of equal global minima for this restraint
problem is unknown, or could probably never be known.
Hence it is not possible to directly compare the effectiveness
and efficiency of finding all of the global minima of each
algorithm. Thus, a logic approach is to compare the number
of optimal solutions that algorithms can find instead of
checking their capability of converging to exact global
minima.

Results of NSGA-II

Figure 13. Five multiple optimal designs from MOGA-II.

Same as the parameter setting for the MOGA-II, the
population size is 150 ULH DOE and the maximum allowed
“Number of Generations” is 1000. All the other parameters
are kept as default. The optimization process is terminated at
iteration 35 out of 1000 at the maximum when the user feels
the algorithm is converging. Figure 14 shows the history
chart of the entire optimization process and Figure 15 shows
the parallel coordinates chart after filtering the designs by
restricting the upper bound of RRS_db50 to 0.67. Ten
identified optimal designs are summarized in Table 10.
Comparing Table 9 and 10 for the optimal designs that have
the same combination, the solutions from NSGA-II have
lower RRS, which suggests the local convergence of RRS is
highly depended on the other tunable design variables too.
Because NSGA-II runs more iterations than MOGA-II does,
lower RRS solutions obtained from NSGA-II are reasonable.
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Table 10. Ten identified optimal designs for five star rating by NSGA-II.

Table 11. Summary of parameter settings for MOSA - restraint system design.

Results of MOSA

Figure 14. NSGA-II optimization history - restraint
system design.

Figure 15. Ten multiple optimal designs from NSGA-II.

Based on the experience of parameter fine-tuning with the
mathematical problem, a new set of optimization parameters
are used for MOSA in this case study. The population size is
set to 150 ULH DOE as in MOGA-II. The “Number of
Iterations” is set to 1000. The “Initial temperature” is set to
0.05. The “Fraction of ‘Hot’ Iterations” is set to 0.015 which
accommodates the high number of iterations of 1000, and the
total number of hot iterations is 15. The “Minimum
Perturbation Length” is set to 0.05 as the default value since
the number of “0.01” implies relatively strong local
convergence which works for mathematical problem but not
for this noisy restraint design problem. The “Steady
Evolution” option is not enabled. Table 11 summaries all the
parameters as below.
The optimization process was stopped at the 26th iteration
with a total of 3861 designs completed. Figure 16 shows the
optimization history of the RRS. The process was stopped at
iteration #26 because there is only one solution satisfying the
five star rating even when the iterations have significantly
passed the “Hot” phase, while the NSGA-II has found eight
multiple optimal solutions at the expense of same number of
design evaluations. Table 12 shows the only minimum found.
More iteration could provide better solutions of 5-Star rating,
however this is not practical since each design requires
significant amount of time to finish and the total
computational time is not practical for this industrial
application.
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Table 12. One identified optimal designs for five star rating by MOSA.

Table 13. The optimal design identified by MIPSQP.

The best design found so far is shown in Table 13. This is a
local minimum and not within the five star rating. If the
MIPSQP can run more individual optimization by using all of
the 30 initial starting points, better solution might be found.
However, it is not practical to run too many design
evaluations because of the computational time constraint.
Figure 17 shows the optimization history of initial 14
independent optimization processes.

DISCUSSION OF THE RESULTS

Figure 16. MOSA optimization history - restraint design.

Figure 17. MIPSQP Optimization history - restraint
design.

Results of MIPSQP
In total 30 initial starting points are populated from ULH
DOE. For each initial starting point, the maximum number of
design evaluations is 1000 by factoring in the existence of
unordered discrete variables. The “Finite difference Relative
Perturbation” and “Constant Minimum Perturbation” are both
set to 0.001. The optimization was stopped at its 14th
independent optimization process (i.e., start from the 14th
initial starting point) with 3205 designs completed in total.

By comparing the optimization results from the above
four algorithms, it is clear that NSGA-II has the best
performance and MOGA-II is the second best in terms of the
solution quality and number of multiple solutions found
within the range of 5-Star rating. The lessons learned from
the optimization study of the restraint system design
problems are: 1) Real-world applications are usually much
more complex than mathematical examples because there are
large-number of both continuous and discrete design
variables, large number of constraints, noisy, nonlinear, and
non-convex nature of the problem. As a result, the
convergences to multiple optimal solutions are more difficult
for restraint system design than the mathematical problem. 2)
The performance of the optimization algorithm is dependent
on the combination of parameter settings to achieve an
optimal performance. A proper combination of parameter
settings for the mathematical problem does not necessarily
mean a proper combination of parameter settings for the
restraint system design problem. 3) For industrial
applications, it is not practical to identify the parameter
settings of the algorithms without consideration of the
computational time that the analyst could afford. Hence
MOSA is not recommended for this type of problem due to
its slow convergence rate. 4) MIPSQP is trapped to local
minima easily because its nature, a gradient-based
optimization algorithm. Because the increased nonlinearity of
the restraint system design problem and the discretization of
its design space, finding multiple global optimal or near
global optimal solutions is very challenging to MIPSQP. 5)
The history chart of MOGA-II indicates that the MOGA-II
finds its global minimum at Design #1866 while NSGA-II
hits the global minimum at Design #4388. A side-by-side
convergence history comparison of first 2000 designs of each
reveals that the MOGA-II converges faster than NSGA-II as
shown in Figure 18. This behavior is expected because
MOGA-II only has the elitism operator while NSGA-II has
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the operator to guarantee the spread of optimal solutions
addition to the elitism operator, therefore NSGA-II would
spend more iterations of finding alternative optimal solutions
which slows down the convergence.
Some recommendations for solving restraint system
design problem with similar design space and nonlinearity are
given as follows: 1) NSGA-II is recommended to use in order
to find multiple optimal solutions; 2) gradient-based
algorithms, e.g. MIPSQP, is not recommended; 3) MOSA is
not recommended either because it requires large amount of
design iterations to converge which is not practical in this
case; 4) MOGA-II is recommended if relatively large number
of iterations cannot be afforded due to stringent time
constraint.

design problems, especially with presence of large number of
ordered and unordered discrete variables, using NSGA-II or
MOGA-II is highly recommended.

REFERENCES
1.
2.
3.
4.
5.

6.
7.
8.

9.

10.
11.
12.

Figure 18. Convergence speed comparison between
MOGA-II and NSGA-II.

13.

CONCLUSION

15.

In this paper, four optimization algorithms: MOGA-II,
NSGA-II, MOSA, and MIPSQP are investigated thoroughly
regarding their capabilities of finding multiple global or near
global optimal solutions using both a mathematical problem
and a real-world restraint system design problem. It is
worthwhile to point out that while the global optimal
solutions for the mathematical problem may be known ahead,
whether the global optimal solutions exist for the latter
problem is never known. Therefore, a pre-defined objective
function that represents 5-Star rating is used as the filtering
criteria to locate possible multiple solutions. Also, the term
“global minima” is changed to “multiple optimal solutions”
for the latter problem. Based on the study in this paper, the
general rules of when to use certain algorithm is described as
follows: 1) Heuristic algorithms or global search algorithms
are advised to use when design space is discrete; 2) For
problems similar to the six hump camel back function in
terms of nonlinearity, MOSA is highly recommended if
multiple optimal solutions are desired. If the design space is
continuous or near continuous (i.e., with relatively small
number of discrete variables), MIPSQP can be used with
multiple initial starting points; 3) For vehicle restraint system

551

14.

modeFRONTIER® is a product of ESTECO srl (www.esteco.com)
Goldberg, D.E., “Genetic Algorithms in Search Optimization and
Machine Learning,” Addison Wesley, ISBN 0201157675:41, 1989.
Kirkpatrick, S., Gelatt, C.D., Vecchi, M.P., “Optimization by Simulated
Annealing,” Science 220 (4598): 671-680, 1983, doi: 10.1126/science.
220.4598.671.
Granville, V., Krivanek, M., Rasson, J.P., “Simulated Annealing: A
Proof of Convergence,” IEEE Transactions on Pattern Analysis and
Machine Intelligence 16 (6): 652-656, 1994, doi: 10.1109/34.295910.
Stoer, J., “Foundations of Recursive Quadratic Programming Methods
for Solving Nonlinear Programs,” Computational Mathematic
Programming, Schittkowski, K., ed., NATO ASI Series, Series F:
Computer and Systems Sciences, 15: 165-208, Springer-Verlag, Berlin,
1985.
Powell, M.J.D., “A Fast Algorithm for Nonlinearly Constraint
Optimization Calculations,” Numerical Analysis, Watson, G.A. ed.,
Lecture Notes in Mathematics, Springer, Vol. 630, 1978.
Deb, K., “Multi-Objective Genetic Algorithms: Problem Difficulties and
Construction of Test Problems,” Evolutionary Computation 7(3):
205-230, 1999, doi: 10.1162/evco.1999.7.3.205.
Poles, S., Fu, Y., Rigoni, E., “The Effect of Initial Population Sampling
on the Convergence of Multi-Objective Genetic Algorithms,”
MOPGP'06: 7th Int. Conf. on Multi-Objective Programming and Goal
Programming, 2006, doi:10.1007/978-3-540-85646-7_12.
Deb, K., Pratap, A., Agarwal, S., and Meyarivan, T., “A Fast and Elitist
Multi-objective Genetic Algorithm: NSGA-II,” IEEE Transaction on
Evolutionary
Computation
6(2):181-197,
2002,
doi:
10.1109/4235.996017.
Rigoni, E., “MOSA-Multi-Objective Simulated Annealing,” Technical
Report 003, ESTECO srl, 2003.
Rigoni, E., “Bench-marking MOSA,” Technical Report 004, ESTECO
srl, 2003.
Leyffer, S., “Integrating SQP and Branch-and-Bound for Mixed Integer
Programming,”
Computational
Optimization
and
Nonlinear
Applications 18(3):295-309, doi: 10.1023/A:1011241421041.
Reyes-Sierra, M., Coello Coello, C.A., “Multi-objective Particle Swarm
Optimizers: A Survey of the State-of-the-Art,” International Journal of
Computational Intelligence Research 2(3):287-308, 2006.
Kennedy, J., Eberhart, R., “Particle Swarm Optimization,” Proceedings
of the IEEE International Conference On Neural Networks,
4:1942-1945, 1995, doi: 10.1109/ICNN.1995.488968.
Wang, X., Lin, Y., Huang, D., “Solving Six-Hump Camel Back
Function Optimization Problem by Using Thermodynamics
Evolutionary Algorithm,” 2010 Second International Conference on
Networks Security Wireless Communications and Trusted Computing
(NSWCTC), 2:381-384, 2010, doi: 10.1109/NSWCTC.2010.223.

