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Abstract. Novelty search is used in this study to reduce the half of selection space in
U-NSGA-III algorithm. We modify the selection mechanism to consider the novelty of
solutions during selection. And in this way, we reduce time and lose important unique
solutions because their uniqueness is only exhibited in the changing space (not the objec-
tive space) which is not taken into consideration by any of these earlier algorithms. We
use U-NSGA-III to implement our algorithm after some modifications to it. The most
important modification is introducing additional constraints restricting the feasible region
of the problem. The new constraints deem half the originally feasible objective space in-
feasible, except for a narrow region that – due to the new setup – has become separated
from the rest of the feasible space.
Keywords: Novelty search, Unique solution, Evolutionary multi-objective optimization,
Evolutionary algorithm, NSGA-III

1. Introduction. Finding a unique solution is quite challenging using standard methods
of optimization, for example, EAs (evolutionary algorithms) are algorithms that have
been created to tackle single-objective problems, more than 3 objectives, and more than
15 objectives optimization problems. Thus, over the last years, some efforts in using many
objectives evolutionary algorithms are done. However, we use U-NSGA-III in this study
to improve our search about novelty and add novelty algorithm in the selection step in
EvoLib library [12,15-21].

In the last twenty years, evolutionary multi-objective optimization (EMO) algorithms
have shown that they can be used to solve multi-objective issues with optimization so we
use U-NSGA-III made by Seada and Deb and add novelty search as the third constraint
and see how the algorithm goes better or not and after having bad result, we add novelty
in selection step in Seada and Deb’s U-NSAG-III and we find better result [15,22-25].
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We will implement our use of U-NSGA-III in this paper in part three and how we
change in EvoLib implementation of Seada and Deb by adding the novelty search code to
the selection step and every step we do.
We add novelty search as the third constraint in ZDT problems and we make many

runs to see if we improve our problems’ time and how much time it takes finding a rare
solution but we did not find a rare solution in our test space. The new constraints deem
half the originally feasible objective space infeasible, with the exception of a narrow region
that – due to the new setup – has become separated from the rest of the feasible space.
Equation (3) shows the definition of the modified ZDT-1 (ZDT-1-restricted).

0 ≤ x1 ≤ 0.5

0.9 ≤ x1 ≤ 0.901

Finally, in Section 4.2 we report our result table and explain how and how many
populations and runs we use and how much better the new algorithm is working well, and
find our rare solution.

A. This section is useful for comparing several rare solutions finding in algorithms with
and without novelty search.

B. We calculate the mean of generation in the algorithm before and after adding novelty
search and how much it gets better.

C. We can find mean IGD gets better before and after adding novelty search in our
algorithm.

The remainder of the paper is organized as follows. In Section 2, we will introduce
background about evolutionary algorithms and their use in our research. Section 3 exposes
the proposed method. The empirical results and discussion are introduced in Section 4.
Finally, the paper is concluded in Section 5.

2. Background. Evolutionary algorithm (EA) is an expression used to refer to popula-
tion-based stochastic direct search algorithms that resemble natural evolution in some
ways. Prominent representatives of such algorithms are genetic algorithms, evolution
strategies, evolutionary programming, and genetic programming. Using the evolution-
ary cycle as a guide, EA has been used in ways. Reproduction, mutation, recombination,
and selection are all examples of biological evolution. Individuals in a population are
represented as candidate solutions to the optimization problem, and the fitness function
determines the solution’s uniqueness. Meta-heuristic methods are applied successfully in
several applications such as virtual machine placement [34,35].
In traditional GAs, cross-pollination and mutation are the primary mechanisms for

producing progeny. These two operators have a direct effect on specific solutions (parents).
To make children, the crossover operator did a pair of parents and swapped portions of
these two parents. To produce offspring, the mutation operator alters a portion of a
parent solution at random. Scatter search generates new solutions by combining selected
solutions in linear combinations, with heuristic improvement and a rounding process.
The NSGA-II does not rise to the occasion effectively solving two objective optimiza-

tion problems, and they have been discovered to be effective at solving single-objective
optimization issues. According to the NSGA-II framework, to solve single- and multi-
objective optimization issues, a single-optimizer algorithm was proposed. This is because
the NSGA-II technique of selection’s domination operator is turned into an ordinal com-
parison operator, this is a necessary step in arriving at the best single-objective opti-
mization issue solution. As a result, these multi-objective optimization methods can be
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regarded as a collection of unified ways to handle single- and multi-objective optimiza-
tion problems. However, for many objective difficulties, a single-optimizer was plainly
insufficient.

NSGA-III is in charge of a large, random population S as well as a series of widely
dispersed predetermined Q-dimensional reference points H on a unit hyperplane with a
one-dimensional normal vector covering the entire RM+ area. The hyper-plane is posi-
tioned so that it crosses each objective axis at the same point. The approach of Das and
Dennis [37] is used to place objects

H =

(

Q + p− 1
p

)

On the hyperplane, reference points with (p+1) points along each border. S is chosen as
higher than the lowest multiple of four H for the population size, with the premise that
for each point of reference, one member of the population is expected to be discovered.

The following operations are performed at any generation. To begin, the entire popu-
lation is separated into non-domination levels, it is done the same manner in NSGA-II,
following the non-dominated sorting principle. Using standard recombination and mu-
tation operators, an offspring population is formed. Because only one member of the
population is anticipated to be located for each and every reference point. In NSGA-III,
there will be no selecting operation that is required.

Like any other selection operator, it is possible that there will be competition that
can be arranged between different reference points. After that, a composite population is
established. Thereafter, starting with the first non-dominated front, points are chosen one
by one until no more solutions from that front may be included. This procedure is also the
same as the NSGA-II procedure. Let us draw a line through the final front that could not
be totally chosen. In most cases, only a few options must be chosen in order to use. Next,
we will talk about a niche-preserving operator. First, the current population spread is used
to normalize each individual in the population so that all objective vectors and reference
points have similar values. To associate each member with a given reference point, the
shortest perpendicular distance between each population member and a reference line
constructed by joining the origin with a selected reference point is employed. The members
connected with the least represented reference locations are then chosen using a rigorous
niching method. The niching strategy focuses on choosing a population member for as
many provided reference points as possible.

If the genetic variation operators (recombination and mutation) are capable of produc-
ing respective solutions, the entire process should find one population member correspond-
ing to each supplied reference point close to the Pareto-optimal front, with continuous
stress for highlighting non-dominated individuals. The use of a widely spread reference
point assures that the end result is a well-distributed set of trade-off points.

The initial NSGA-III studies have been proved to be effective with problems ranging
from three to fifteen objectives. The fact that NSGA-III does not require any additional
settings is a major feature. Without adding any new parameters, the function was also
enhanced to handle restrictions. The reference point set is adaptively updated on the
fly depending on the association status of each reference point throughout numerous
generations, according to the findings of that study.

The nondominated sorting genetic algorithm II is abbreviated as NSGA-II. A selection
operator is described that generates a combination between the collecting parent and
offspring populations and pick the best, which alleviates the issues of (MOEA) (with
respect to fitness and spread).
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In the NSGA-II, we apply a crowded-comparison technique in the stade of sharing
function approach, which eliminates the issues of another way. To discuss this approach,
we establish a density-estimation metric and then offer the crowded-comparison opera-
tor, which does not require any user-defined parameters for maintaining variety among
population members.

• Density Estimation: We calculate the average distance of two points on either side
of this point along each of the objectives to get a rating of the density of solu-
tions surrounding a specific solution in the population. This number is a rating of
the cuboid’s perimeter when the nearest neighbors are used as vertices (call this
the crowding distance). The average side length of the cuboid is the crowding dis-
tance of the solution at its front (shown with solid circles). The crowding-distance
calculation necessitates sorting the population in ascending order of magnitude ac-
cording to each objective function value. The boundary solutions (solutions with
the smallest and biggest function values) are then given an infinite distance value
for each objective function. The absolute standardized difference in the function
values of two close solutions is used to assign a distance value to all other medium
solutions. Other objective functions are added to the equation. The total of individ-
ual distance values corresponding to each objective is used to calculate the overall
crowding-distance value. Before computing the crowding distance, each objective
function is straightened, the process for computing the crowding-distance of all so-
lutions in a nondominated set β. The parameters are related to the maximum and
minimum values of the objective function, as well as the objective function value
of the person in the set. The sorting algorithm determines the degree of difficulty
of this procedure. The aforementioned approach has O(MNLogN) computational
complexity since it involves independent sortings of N at most solutions (where all
population members are in the same front). We can compare two solutions for their
extent of proximity with other solutions after all population members in the set have
been assigned a distance measure. In some ways, a solution with a less value of this
distance measure is crowded by other answers. This is precisely what the suggest-
ed crowded-comparison operator (detailed below) compares. Although this example
shows how to compute the crowding-distance for two objectives, the approach may
be applied to any number of objectives.

• Crowded-Comparison Operator: The crowded-comparison operator directs the al-
gorithm’s selection process toward a uniformly spread-out Pareto optimum front at
various phases. Assume that each person in the population has two characteristics:
1) nondomination rank
2) crowding distance
A partial order is currently defined as if or and. That is, we choose the solution

with the lower (better) nondomination rank for two solutions with different nondom-
ination ranks. If both solutions are located on the same front, we favour the one that
is located in a less congested area. The paper is with these three innovations – a fast
nondominated sorting procedure, a fast crowded distance estimation procedure, and
a simple crowded comparison operator.

Some work was made in the last few years using NSGA-III and we will explain five
ways of use:

• In water distribution systems (WDS), a number of issues have arisen, resulting in
significant harm, financial loss, and long-term societal consequences. As a result,
the most effective technique is to use a water quality sensor to monitor WDS in
real time. The location of such a sensor in a water distribution network (WDN)
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has become critical all over the world. The purpose of this system is to install a
water quality sensor and monitor probable pollution incidents to reduce the danger
of contamination [26].

• The main idea of this is to minimize the emission of fossil fuel-fired in power plants.
This way is called the many objectives combined economic emission dispatch (MO-
CEED) problem. The main benefit of fossil fuel-fired in power plant management
is optimal arranging of active power to committed units so as to achieve the least
possible generation fuel cost as well as emission value. The main goal of electricity
generation utilities is with huge consciousness toward environmental protection and
the clean air [27].

• Software engineering problems dealing with many objectives improvements are re-
quired. One of these issues is software restructuring, which necessitates a restructur-
ing sequence in order to optimize multiple software standards. A set of 15 quality
standards is used to evaluate automated refactoring solutions [28].

• Nowadays the effective allocation of shipments is very important for many companies
which deliver goods around the world. The most important thing is a multi-objective
optimization of an optimal shipment allocation. In the field of scheduling, there are
limiting the number of vehicles employed, maximizing vehicle usage, and maximiz-
ing operator route familiarity, as well as minimizing cost and time. Human resource
management manufacturing and scheduling in the logistic sector is how to develop
ways to distribute goads to clients, which has turned into a multi-objective optimiza-
tion problem since numerous elements must be taken into account, and companies
must create solutions that benefit from all angles [29].

• Wireless sensor networks (WSN) are important for now and tomorrow, so some re-
searchers developed and adopted the most important approaches for wireless sensor
networks deployment (WSND) optimization. Depending on guiding searching it is
NSGA-III under the connectivity limitation, the best strategy to provide maximum
coverage while consuming the least amount of energy is to have the longest network
lifetime possible. WSNs are classified into monitoring and tracking. Monitoring uses
in the defense, agriculture, health care, and intelligent home. Pursuit in some indus-
tries and armed in this search the authors used deployment to find the best place
the sensor can give him the best result. MOASA (Multi-objective optimization ap-
proach for sensor arrangement) algorithm is developed in this paper to (i) maximize
the binary coverage, (ii) minimize the redundancy of coverage, and (iii) minimize
the deployed sensors number, and developed multi-objective GA (FD-MOGA) to
solve three-dimensional deployment problems where the objectives are maximizing
detection level, and minimizing energy consumption [30].

3. Proposed Approach. NSGA-III uses conventional tournament selection to pick the
parents that will undergo genetic operations. As shown in Algorithm 1, conventional
tournament selection picks solutions based on the following criteria in order:

1) Feasibility
2) Constraint violation
If these three criteria are not enough to differentiate solutions (e.g., two feasible solu-

tions on the same front), one solution is picked randomly. Since ranking is not among the
used selection criteria in NSGA-III, the algorithm applies notably less selection pressure
compared to its predecessor, NSGA-II. This intentional mild selection pressure allows
NSGA-III the opportunity to explore the exponentially increasing search space as the di-
mensionality of the problem (the number of objectives) increases. On the single-objective
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Algorithm 1: conventionalTournamentSelection (s1, s2)
Inputs: Two randomly picked solutions s1 and s2
Output: either s1 or s2
If is Feasible(s1) AND ∼is Feasible(s2)

return s1
Else If ∼is Feasible(s1) AND is Feasible(s2)

return s2
Else If ∼is Feasible(s1) AND ∼is Feasible(s2)

If constraint Violation(s1) > constraint Violation(s2)
return s1

Else
return s2

End
Else If

return random Pick (s1, s2)
End

Algorithm 2: nichingBasedTournamentSelection (s1, s2)
Inputs: Two randomly picked solutions s1 and s2
Output: either s1 or s2
If dir(s1) = dir(s2)

If rank(s1) < rank(s2)
return s1

Else If rank(s2) < rank(s1)
return s2

Else If perpendicularDist(s1) < perpendicularDist(s2)
return s1

Else
return s2

End
Else

random Pick (s1, s2)
End

level, this mild-pressure selection mechanism was shown to degrade the performance of
the algorithm [5].
In 2015, Seada and Deb proposed U-NSGA-III (Unified NSGA-III) which resolved the

single-objective issues faced by NSGA-III while maintaining the same outstanding per-
formance in problems of multi-objective optimization [15]. U-NSGA-III adopts a slightly
different section approach where only solutions within the same niche (attached to the
same reference direction) are compared to each other, hence prioritizing niching over
domination (ranking) as shown in Algorithm 2.
Neither NSGA-II nor NSGA-III nor U-NSGA-III pays any attention to the superiority

of a solution in the design (variable) space. They focus solely on the objective space. In
our proposed algorithm, we modify the selection mechanism to consider the novelty of
solutions during selection. As outlined in Algorithm 3, 50% of the selections are made
based on novelty while the other half use the same selection mechanism of U-NSGA-III.
Consequently, the more unique the solution is from a design (variable) point of view, the
higher the probability of it being selected as a parent solution. Earlier algorithms tend
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Algorithm 3: noveltyTournamentSelection (s1, s2)
Inputs: Two randomly picked solutions s1 and s2
Output: either s1 or s2
If random () < 0.5

If novelty(s1) > novelty(s2)
return s1

Else
return s2

End
Else

return nichingBasedTournamentSelection (s1, s2)
End

to lose these unique solutions because their uniqueness is only exhibited in the variable
space (not the objective space) which is not taken into consideration by any of these
earlier algorithms.

In this study, we use Euclidean distance (Equation (1)) as our base proximity metric
for measuring the novelty of a solution:

dist(p, q) =

√

√

√

√

n
∑

i=0

(pi − qi)
2 (1)

Hence, novelty can be defined as the sparseness of the area surrounding the solution as
shown in Equation (2).

novelty(x) = 1

/

k

k
∑

i=0

dist(x, ui) (2)

where ui is the j-the-nearest neighbor of i within the population and in the archive of
novel individuals. Distance dist(x, ui) is a domain-dependent metric that evaluates the
“difference” between individuals x and i. Equation (1) is the standard Euclidean distance
equation, while Equation (2) calculates the mean distance of the solution under consid-
eration to its K-nearest neighbors. The main contribution of this study is encapsulated
in Algorithm 3 which shows how any distance-based novelty metric can be used within
the framework of an evolutionary multiobjective optimization algorithm, to emphasize
unique solutions. This notion can be generalized over other distance formulas based on
the domain of the study.

4. Results.

4.1. Experimental setup. Our implementation is a modification of EvoLib (an open-
source implementation of NSGA-II, NSGA-III, and Unified NSGA-III (U-NSGA-III)) [5].
NSGA-II is a well-known evolutionary multiobjective optimization (EMO) algorithm that
can handle up to two objectives efficiently. NSGA-III is a widely used algorithm for han-
dling multi (2, 3) and many (3 to 20) objectives. However, NSGA-III was shown to be less
efficient with single objective optimization problems. U-NSGA-III is an improved version
of NSGA-III that enhances the performance of the original algorithm in one objective
optimization problem while maintaining its high performance in more than one objective
(from 3 to 15) optimization problems [15]. Most existing test problems [6,7,14] are not
designed to examine the capability of the algorithm to attain rare solutions. In this study,
we modified some of the problems of the well-known ZDT test suite to serve as testbeds
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for the proposed approach (with the exception of ZDT-5 whose peculiar nature excludes
it from the scope of this study). The original problems have a continuous objective space.
In ZDT-1, ZDT-2, ZDT-3 and ZDT-4, f1(x) = x1. This implies that the difficulty to reach
a Pareto point does not change from one point to another in these problems. In other
words, these problems do not need novelty search to attain particularly difficult sections
of the Pareto front. Even ZDT-6, where the objective space becomes less dense towards
the lower end of f1(x), still has a continuous objective space. This continuity allows tra-
ditional evolutionary algorithms to reach less dense regions gradually as optimization
proceeds.
In our version of the problems, we introduced additional constraints restricting the fea-

sible region of the problem. The new constraints deem half the originally feasible objective
space infeasible, with the exception of a narrow region that – due to the new setup – has
become separated from the rest of the feasible space. Equation (3) shows the definition
of the modified ZDT-1 (ZDT-1-restricted).

g(x) = 1 +
9 (

∑

n

i=2
xi)

n− 1
f1(x) = x1 (3)

f2(x) = g(x)

[

1−

√

x1

g(x)

]

, x ∈ [0, 1]

where
0 ≤ x1 ≤ 0.5

0.9 ≤ x1 ≤ 0.901

Figure 1. ZDT-1 before adding novelty constraints
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Figure 2. ZDT-1 after adding novelty constraints

4.2. Table of results. We find in our lab test that is in ZDT-1 problem rare solution
before and after adding novelty search that the number of rare solutions is different and is
better and after calculating statistical significance “the p-value” we prove that is better.

Success count Gen index (mean) IGD
novelty standard novelty standard p-value novelty standard p-value

ZDT-1 12 4 35.9 31 0.9681 0.0424 0.0430 1.1747e-04
ZDT-2 12 7 51.75 38.571429 0.5217 0.0011 0.0045 0.1958
ZDT-3 3 1 1 1 1 0.0265 8.0672e-04 3.0199e-11
ZDT-4 5 0 1 0 0.3333 4.4621 10.7861 1.1674e-05

If we look at that table, we will find that all results before we add our algorithm to
EvoLib and make new generation we will take a long time to find rare solutions in ZDT-1
and the number of rare solutions will increase with novelty and will be more than standard
run so it looks so good to adding novelty search algorithm to our EvoLib to make better.

After all of that we believe that in our future work in OSY and BNH problems we will
find a good rare solution “OSY is function used as a multi-objectives test function for the
purpose of estimating the performance of optimization algorithms”.

In Figures 3 and 4, we use 100 generations and 100 populations and 99 steps to solve
this test problem and without adding our constraint and novelty algorithm and after
adding our constraint.

In Figures 5 and 6, we use 100 generations and 100 populations and 99 steps to find
rare solutions to test the problems.

5. Conclusion and Future Work. This paper develops a new algorithm adding to
EvoLib (an open-source implementation of NSGA-II, NSGA-III and Unified NSGA-III (U-
NSGA-III)) to find a rare solution in continuous problem ZDT-1 ZDT-2, ZDT-3, ZDT-4,



1098 M. M. NABIL, H. SEADA, M. Z. RASHAD AND A. A. EL LATIF

Figure 3. ZDT-2 before adding novelty and constraint

Figure 4. ZDT-2 after adding novelty and constraint

ZDT-6 by adding novelty search in the selection step of NSGA-III and then, we try to find
if NS provide a statistically significant improvement on top of the base level performance
of already existing EMO techniques but finally we do it and make it better and find
many solutions and apply our algorithm. In ZDT-1 problem rare solution before and
after adding novelty search that number of rare solutions is different and be better after
calculating statistical significance.
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Figure 5. ZDT-3 before adding novelty and constraint

Figure 6. ZDT-3 after adding novelty and constraint

We found that in all problems in our bed test more rare solutions are found. For in-
stance, in ZDT-1 the new mechanism performance is better by 33% and in ZDT2 the
performance is better by 58%, and in ZDT-3 performance is better by 33%. We can
improve our performance by increasing the generation count by 20% every time making
a run to our search. We proposed using U-NSGA-III implementation to degenerate to
an equal and work well for each class in a population-based optimization approach, sim-
ply relying on the number of problem objectives that have been defined. The algorithm
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uses the standard evolutionary algorithm settings as well as some new ones. Extensive
simulations on both unrestricted and restricted tests issues with single, two, more than
three, more than 15 objectives, as well as two other engineering optimization problems,
are undertaken to illustrate the functionality of U-NSGA-III.
Our work will be applying to other problems such as OSY, and BNH, and find it work

the same as it does in constraints problems and improve more power in NS to work in
more small time.
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