
Received October 27, 2019, accepted November 18, 2019, date of publication November 25, 2019,
date of current version December 23, 2019.

Digital Object Identifier 10.1109/ACCESS.2019.2955482

Constrained Multi-Objective Weapon Target
Assignment for Area Targets by Efficient
Evolutionary Algorithm
KAI ZHANG , DEYUN ZHOU , ZHEN YANG , QIAN PAN , AND WEIREN KONG
School of Electronics and Information, Northwestern Polytechnical University, Xi’an 710072, China

Corresponding author: Kai Zhang (zhangkainwpu@mail.nwpu.edu.cn)

This work was supported in part by the National Natural Science Foundation of China under Grant 61603299 and Grant 61612385, and in
part by the Fundamental Research Funds for the Central Universities under Grant 3102019ZX016.

ABSTRACT The weapon target assignment (WTA) problem is the crucial decision support in Command &
Control (C2). In the classic WTA model, the point-to-point saturation salvo has a low efficiency-cost ratio
when the swarming targets, which have the advantage of low casualty, low cost and recyclable, become the
major operational units. The constraint is less studied for the operational intention of the decision-maker.
In this paper, a constrained multi-objective weapon target assignment (CMWTA) model is formulated for
area targets. The optimization objectives are minimizing collateral damage and resource consumption. The
multi-constraint is derived from the actual operational requirements of security evasion, damage threshold,
and preference assignment. To solve CMWTA efficiently, a novel multi-objective optimization evolutionary
algorithm (MOEA) is proposed to obtain the non-dominated solutions as the alternative plans for the
decision-maker. A self-adaptive sorting algorithm is proposed to guarantee the completeness of the Pareto-
optimal set, and a cooperative evolutionary mechanism is adopted to strengthen the convergence. For
handling multi-constraint, a repair mechanism is proposed to improve the quality of infeasible solutions,
and the measurement of constraint violation is designed to evaluate the infeasible solutions. A variant
of the convergence metric is introduced to evaluate the algorithms solving multi-objective weapon target
assignment (MWTA) problem. The experimental results show the effectiveness and superiority of the
proposed approaches.

INDEX TERMS Constrained weapon target assignment, collateral damage, multi-objective optimization
algorithm, decision support system.

I. INTRODUCTION
The weapon target assignment (WTA), which is also known
as Weapon Allocation or Weapon Assignment (WA), refers
to the reactive assignment of defensive weapons to counter
identified threats. With the development of intelligent over-
the-horizon weapons, the WTA process is the critical deci-
sion support in Command & Control (C2). The optimality
and real-time of WTA are consistent with the related own
force mission objectives and compliant with the rules of
engagement, weapon system characteristics and environment
constraints [1].

The WTA problem can be divided into two categories by
decision process: the static WTA (SWTA) and the dynamic
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WTA (DWTA). The difference between SWTA and DWTA
is whether the time is considered as a dimension. In SWTA,
weapons are launched in a salvo to maximize operational
effectiveness. The DWTA assigns the sequence of weapons
for the equilibrium plan during multi-stage. Manne intro-
duced the WTA problem originally in 1959 [2]. In the fol-
lowing decades, the SWTA problem is investigated much
more than the DWTA problem. This paper focuses on the
SWTA problem, and the review of the DWTA problem can
refer to [3], [4].

In view of the popular objectives, the classic SWTA
model is to maximize the expected damage effect of
weapons or minimize the expected survival probability of
targets, which is known as the target-based SWTAmodel [5].
The asset-based SWTA model is to maximize the expected
value of surviving own-force assets by assigning the weapons
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to the offensive targets [6]–[8]. Bogdanowicz [9] established
the sensor-based SWTA model considering the benefit of
assigning sensors to targets and weapons to targets. The
subsequent research refined the utility function of sensors on
weapons/targets [10], [11]. Besides, other operational effects
are incorporated to formulate the multi-objective WTA. For
example, Zeng et al. [12] presented a problem of cooperative
salvo attack of multiple cruise missiles against targets in a
group, which focus on the synchronization of the arrival time
of missiles, minimization of time-consuming and maximiza-
tion of expected damage. Li et al. [13] presented an MWTA
problem considering the expected damage effect and ammu-
nition consumption. Li et al. [14] designed the objectives
maximizing the total effectiveness of attack and minimize the
cost of missiles. In [15], Li, You, et al. added the residual
weapons into previous work [14] to establish an MWTA
formulation with three objectives. Volle and Rogers [16]
presented the MWTA problem optimizing the operational
effectiveness and the relative timing of agents’ arrival.

The fundamental constraints of the SWTAmodel are math-
ematical constraints, namely integer constraint and quan-
tity constraint. With the development of combat complexity,
the more model constraints are constructed in WTA. For
example, Lee [17] presented a constrained WTA (CWTA)
model in which the number of interceptors assigned to each
target has an upper bound. Li et al. [18] established amodel of
assigning interceptors to multiple waves of incoming ballistic
missiles with shoot time constraints. Guo et al. [19] presented
a multi-to-multi interception problem based on cooperative
guidance in which the damage probability function is con-
structed by the miss-distance under heading error, the time-
to-go, and the line-of-sight rate.

Although the objectives and constraints are various,
the point-to-point SWTA model is essentially a combina-
torial optimization problem. The exact algorithms, such as
implicit enumeration algorithm [20], the branch-and-bound
algorithm [17] and dynamic programming [21], [22], are
investigated in early research and suffering from exponential
complexity because the SWTA problem has been proven
to be NP-Complete [23]. Johansson and Falkman [24] pre-
sented an exhaustive search to solve the SWTA problem with
seven weapons and six targets. Kline et al. [25] developed
a branch and bound algorithm to find optimal solutions for
up to ten weapons and ten targets. To improve the real-
time of larger-scale problems, two techniques are presented:
1. Reformulate the SWTA model for reducing computa-
tional complexity; 2. Apply the swarm intelligent algorithm
to obtain the approximate optimal solution. For example,
Kwon et al. [26] formulated the SWTA as a nonlinear inte-
ger programming model which is solved by a branch and
bound algorithm. Ahuja et al. [20] transformed SWTA into
a linear integer programming model by logarithmic trans-
formation. The swarm intelligent algorithms are extensively
adopted to solve SWTA problem, such as genetic algorithm
(GA) [27], [28], ant/bee colony algorithm [29]–[32], particle
swarm optimization (PSO) [18], [33] and other swarming

intelligence algorithms [34]. For balancing the optimality
and real-time, some hybrid algorithms, which take advantage
of exact and heuristic algorithms, are proposed [35], [36].
Because of the insensitivity of model scale and constraints,
the evolutionary algorithm performs excellently on solving
theWTA problem. Especially forMWTA, themulti-objective
evolutionary algorithm (MOEA) has become themajor solver
due to the success in solving multi-objective optimization
problems (MOPs). Zhou et al. [37] presented a PSO algo-
rithm based on a two-stage evolutionary strategy to solve
MWTA. Li et al. [7] proposed a novel MOEA based on
decomposition (MOEA/D), which reformulates the mating
restriction and selection operation, to solve the asset-based
MWTA. In [15], an improved non-dominated sorting genetic
algorithm (NSGA), which incorporates an online operator
selection mechanism, is presented for MWTA.

In the research discussed thus far, the attack mode of
SWTA is the point-to-point saturation salvo in which one
weapon can only attack one target, and the number of
weapons is more than the number of targets. As TSP and
VPR, the SWTA model of this attack mode is also a com-
binatorial optimization problem (COP) and has been studied
by the corresponding algorithms. Nevertheless, these SWTA
models have two limitations: (1) The efficiency-cost ratio of
this attack mode is unsatisfied when facing swarming agents
which have the advantage of small size, low cost, and zero
casualties. (2) As the decision support of C2, the constraints
of the major models reflect the less intention of the decision-
maker. For these requirements, an alternative strategy is
employing weapons with lethal radius to attack the targets,
which are viewed as area targets in Threat Evaluation (TE),
by collateral damage. Bogdanowicz and Patel [38] designed
a quick collateral damage estimate (QCDE) algorithm to sup-
port WTA capabilities with collateral damage consideration.
Ma [39] established the principle of Constrained Target Clus-
tering (CTC), but the number of clusters is set artificially and
there is no overlap. Inspired by the above analysis, we formu-
late a constrained multi-objective weapon target assignment
model.

The constraint handling method of the WTA problem is
less studied since the mathematical constraint can be elimi-
nated by encoding, and certain model constraints can be tack-
led by special representation schemes. However, only these
two methods cannot satisfy CMWTA with different types of
constraints. Deb et al. [40] and Peng [41] suggested a set
of tunable test problems for constrained multi-objective opti-
mization problems (CMOPs), and show the increasing diffi-
culties in searching the Pareto-optimal sets. Coello [42], [43]
gave a review of the constraint handling for COPs. The main
constraint handling techniques ofMOEAs can be divided into
1) penalty function; 2) repair algorithm; 3) dominance rule;
4) selection strategy. The penalty function is the most pop-
ular approach because of the simplicity and less restriction
for constraint type. However, tuning penalty parameters is a
difficult optimization problem itself. Hence the self-adaptive
mechanism is proposed to improve the dynamic performance
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TABLE 1. Notation declaration.

of penalty item [44]. The repair algorithm improves the
percentage of feasible solutions by enforcing the infeasible
solutions within or near the feasible space [45]. The drawback
is that the repair algorithm needs to be designed according
to the application, and a rigid algorithm maybe threat the
diversity of the population. For CMOPs, the modified domi-
nance rule is proposed in the non-dominated sorting process
ofMOEAs. In the representationmethods, Deb [46] proposed
the constrained-dominated principle (CDP) in which the con-
straint violation takes priority over the fitness to tournament
selection. Ray et al. [47] performed three non-dominated
rankings of population, which is constructed by the values
of constraint violation and objective fitness, on the evolu-
tionary process. Cai and Wang [48] presented a dominated
and replaced algorithm between the parent population and the
offspring population, which is robust for types of constraints.
A similar principle is also adopted in [49]–[52]. However,
CDP is unsatisfied with solving the MOPs with the narrow
feasible region in which the infeasible solutions play a crucial
role in finding the global optimum. Hence technique 4) is
increasingly applied in the tournament selection of MOEAs
to shape search space by describing a relaxation on the
constraint. The advantage is that this mechanism performs
well on solving the COPs with narrow feasible regions.
Takahama et al. [53] proposed the ε-constrained (EC)method
to preserve diversity by an ε level. Runarsson and Yao [54]
introduced a stochastic ranking (SR) approach to balance
objective and penalty functions stochastically, which does
not require a priori knowledge about the problem. The pri-
mary constraint handling methods are generic for solving
constrained numerical optimization problems and not always
efficient for MOPs with an application background. The
proposed CMWTA problem is a CMOP deriving from the
real-world, and the non-dominated solutions have a specific
distribution. Hence it is necessary to investigate the constraint
handling approach in solving the CMWTA according to the
problem characteristics.

Based on the above research, we formulate a CMWTA
problem and proposes an MOEA to obtain non-dominated
solutions as alternative plans for the decision-maker. The
contributions of this paper are described as follows:
• A constrained multi-objective WTA model, which
is based on collateral damage, is established for

area targets. The objectives are minimizing the expected
survival probability of targets and weapon consumption.
The constraints are derived from the operational require-
ments of security evasion, survival threshold of targets
and preference assignment.

• For the challenges of solving CMWTA, a novel multi-
objective evolutionary algorithm is proposed to obtain
the Pareto-optimal set excellently.

• Avariant of convergencemetric is introduced to evaluate
the performance of algorithms on solvingMWTAwhich
takes the operational effect and resource consumption
as optimization objectives. Comparing several state-
of-the-art MOEAs and constraint handling methods,
the extensive experiments demonstrate that the proposed
approaches are effective and promising.

The rest of this paper is organized as follows. Section II
gives our motivations and formulates the CMWTA prob-
lem. Section III present the proposed MOEA for CMWTA.
Section IV compare the proposed MOEA with several
state-of-the-art MOEAs and constraint handling methods by
experimental studies. The conclusion is finally summarized
in Section V.

II. PROBLEM FORMULATION
With the development of military techniques, swarm agents,
such as unmanned vehicles and intelligent robots, tend to be
the central combat units having the advantage of low cost
and recycling. The approved strategy is employing weapons
with lethal radii, such as directed energy, electronic jamming,
fragmentation warhead and continuous rod warhead. These
weapons can damage the target within the lethal radius effec-
tively and are useless to outside targets because of the sharp
attenuation. Therefore this section formulates a constrained
multi-objective weapon target assignmentmodel tomaximize
the efficiency-cost ratio by optimizing the number and aiming
point of weapons.

The notation employed in the context is listed in Table 1.

A. BASIC DEFINITIONS OF MOP
The multi-objective optimization problem, which has sev-
eral objectives to be optimized simultaneously, can be stated
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as follows:

minimize F (x) = (f1 (x) , f2 (x) , . . . , fm (x))T (1)

subject to x ∈ � (2)

where x is the decision vector, � is the decision space, F :
�→ Rm consists of m objective functions.
In a minimization MOP, it is said that a decision vector

xA ∈ � dominates another vector xB ∈ �, which is written as
xA ≺ xB, if and only if fi (xA) ≤ fi (xB) ,∀i = 1, 2, . . . ,m and
fi (xA) < fi (xB) , ∃i = 1, 2, . . . ,m. So x∗ ∈ � is defined
as a Pareto-optimal solution or non-dominated solution if
there is no solution x ∈ � satisfying x ≺ x∗, and F (x∗)
is called Pareto-optimal vector. The set of all Pareto-optimal
solutions is called the Pareto-optimal set (PS), and the set of
all Pareto-optimal vectors is called Pareto-optimal front (PF).
The algorithm of MOP is to obtain a set of Pareto-optimal
solutions approximating the true Pareto-optimal front.

B. OBJECTIVES OF CMWTA
As a minimization MOP, the survival probability of targets
and weapon consumption, which conflict with each other, are
employed to be objectives of CMWTA.

minF (X ,A) = (f1, f2)

=

 n∑
j=1

vj
m∏
i=1

(
1− D

(∥∥pj − ai∥∥)) · xi, m∑
i=1

xi

 (3)

s.t xi ∈ {0, 1}, for i = 1, 2, . . . ,m (4)

where f1 is the objective that denotes the expected kill proba-
bility of the targets; f2 is the objective that denotes the weapon
consumption;m is the number of weapons and n is the number
of targets; vj is the survival value of target jwhich is evaluated
by threat evaluation; {p1, p2, · · · , pn} is the position set of
detected hostile targets; A = {a1, a2, · · · , am} is the position
set of aiming points of weapons; X = (x1, x2, · · · , xm) is the
decision vector; D(·) is the function of damage effect by the
distance between blast points and targets. Based on research
involving collateral damage estimate [38], [39], [55]–[58],
we assume no firing error and approximate the conditional
damage law of target coordinate as

D (r) = 1− exp
(
−
δ2

r2

)
(5)

where δ is a parameter of damage law in target condition,
which is related to environmental resistance. For example,
in low altitude dense atmosphere, G0(r) has a sharp atten-
uation owing to the rapid decrease of the explosive fragment
speed. r is the projection of miss distance on dispersion plane.

Constraint (4) is the binary constraint and can be elimi-
nated by the encoding method. Considering the actual opera-
tional requirement, we present the constraint set as follows.

C. CONSTRAINTS OF CMWTA
In CMWTA, the following constraints, which deriving from
actual operational requirements, are considered:

1) SECURITY EVASION
The no-damage objects, such as friendly units and civil-
ians, should be outside of the lethal radius of weapons.
The safe distance should be apart from aiming points to
friendly or neutral targets. The constraint of security evasion
is denoted as

C1 : ‖sk − ai‖ > Ri, for k = 1, 2, . . . , l; i=1, 2, . . . ,m

(6)

where S = {s1, s2 · · · , sl} is the set of no-damage targets;
Ri is the lethal radius of weapon i.

2) SURVIVAL THRESHOLD
In the intention of the decision-maker, the key nodes of hostile
architecture are expected to be a lower survival probability.
The constraint of survival threshold is constructed as

C2 :

m∏
i=1

(
1− D

(∥∥pj − ai∥∥)) · xi ≤ ρj, for j=1, 2, . . . , n

(7)

where ρ = (ρ1, ρ2, · · · , ρn) is the predetermined threshold
vector, namely ρj is the expected maximum survival proba-
bility of target j. The components are set to 1 for the targets
which have no requirement of damage threshold.

3) PREFERENCE ASSIGNMENT
There is the requirement of weapon-target pair in the fol-
lowing situations: a) situation assessment based on domain
knowledge; b) type matching of weapon to target; c) the
preference of decision-maker. The preference matrix E =[
eij
]
m×n is introduced, and the element eij is represented by

eij =

{
1, prior weapon i to target j
0, otherwise

(8)

The constraint of preference assignment is denoted as

C3 : eij/
∥∥pj − ai∥∥ > 1/Ri, for i = 1, 2, . . . ,m;

j = 1, 2, . . . , n (9)

The CMWTA model is written as

min


f1 =

n∑
j=1

vj
m∏
i=1

(
1− D

(∥∥pj − ai∥∥)) · xi
f2 =

m∑
i=1

xi

(10)

s.t.



‖sk − ai‖ > Ri
m∏
i=1

(
1− D

(∥∥pj − ai∥∥)) · xi ≤ ρj
eij/

∥∥pj − ai∥∥ > 1/Ri
xi ∈ {0, 1}
m∑
i=1

xi ≤ m

(11)
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The CMWTA model has the following difference with
the point-to-point WTA model: (1) In the CMWTA model,
the decision variableX is a binary vector andA is a continuous
matrix.f1 and f2 not only are piecewise continuous and integer
variables respectively but also have the gradients in different
orders of magnitudes. In the point-to-point WTA, the input is
only a decision vector X . Besides the identical objective of
weapon consumption, the objective of the fitness is a discrete
variable. (2) The true Pareto-optimal set of CMWTA is almost
impossible to get, while the optimal solution of classic WTA
is only restricted to the enumeration scale.

III. MOEA-CMWTA
Themulti-objective evolutionary algorithms, which are based
on the natural evolution mechanism, have shown an increas-
ing application inMOPs owing to the less restriction for prob-
lem scale and constraints. For the characteristics analyzed so
far, the framework of MOEA is proposed to solve CMWTA.

FIGURE 1. Distribution diagram of solutions of MOEA solving CMWTA.

The distribution of solutions, which are generated in the
evolutionary iterations of MOEA, is shown in Figure 1.
In Figure 1, the X-axis shows the excepted survival proba-
bility of targets; the Y-axis shows the weapon consumption.
One solution represents one decision plan which can be
identified by weapon consumption. Therefore the solutions
can be divided into several layers by weapon consumption.
The Pareto-optimal set of MWTA is consist of the leftmost
solution of each layer and has the following characteristics:
• The size of the Pareto-optimal set is no more than the
number of weapons.

• The non-dominated solutions of neighboring layers
show the high similarity empirically.

• As shown in Figure 1, let
(
f ∗1 (i), i

)
denotes the fitness of

non-dominated solutions where i = k, k + 1, . . . , k + n.
The difference f ∗1 (i)−f

∗

1 (i+1) decreaseswith i increases.
There are two major challenges in solving CMWTA:

(1) The completeness of Pareto-optimal set is unable to be
guaranteed by a rigorous selection method, which is verified

in the experimental section. (2) Owing to multi-constraint,
the high percentage of infeasible solutions reduces search
efficiency. For the above obstacles, a novel multi-objective
evolutionary algorithm for CMWTA (MOEA-CMWTA) is
proposed with the following contributions:
• For the completeness of the Pareto-optimal set, a self-
adaptive sorting algorithm, which has low computa-
tional complexity and does not require any parameter,
is proposed to preserving the diversity of the population.

• A cooperative evolutionary strategy, which utilizes the
similarity of the neighboring non-dominated solutions
and contributes to the good information transferring in
neighboring subpopulations, is presented to strengthen
the convergence performance.

• For handling multi-constraint, a detection and repair
mechanism is introduced to improve the infeasible solu-
tions. A measurement of constraint violation is designed
to evaluate the infeasible solutions.

The main loop of MOEA-CMWTA is outlined in
Algorithm 1.

Algorithm 1Main Loop of MOEA-CMWTA
1: Initialization: Generate an initial population P0 which

consists of m subpopulations.
2: Termination: If t ≤ T or another stopping criterion is

satified then obtain the non-dominated solutions of Pt as
output. Stop.

3: Environmental selection: Perform the self-adaptive sort-
ing algorithm on Pt to create the effective population P̄t .

4: Variation: Implement the cooperative evolutionary pro-
cedure on P̄t to create a new population Qt .

5: Fitness assignment: Calculate the fitness and constraint
violation of individuals in Qt . Set Pt+1 = P̄t ∪ Qt and
t = t + 1. Go to Step 2.

A. SOLUTION BUILDING
1) SOLUTION ENCODING
To indicate the weapon usage and aiming points, we encode
the solution of CMWTA by the real-value set A =

{a1, a2, · · · , am} where the component ai shows the aim-
ing point of weapon i in the scenario. ai = ∅ when the
weapon i is not used and ai represents the aiming point of
weapon i otherwise. In initialization, solution A is generated
by the corresponding decision vector X = (x1, x2, . . . , xm)
where xi = 1 represents the weapon i is employed and
xi = 0 conversely. Hence the solutions can be divided into
m subpopulations by |X |which is corresponding to the layers
in Fig. 1. The algorithm of population initialization is shown
in Algorithm 2.

In line 5 of Algorithm 2, the random integer u is the number
of the employed weapons. In line 6, L is the index list of
employed weapons. Line 11 gives the detection and repair
algorithm which is described as follows.
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Algorithm 2 Population Initialization
Input: pop: the size of the population; m: the number of

weapons; n: the number of targets; B: the battlefield
domain.

Output: P = {SP1, SP2, . . . , SPm}: the initial population
where SPi is the ith subpopulation.

1: P = {SP1, SP2, . . . , SPm}, SPi = ∅
2: for k = 1 to pop do
3: X = [xi]1×m, xi = 0
4: A = {a1, a2, . . . , am}, qai = ∅
5: u = drand (0, 1)× me
6: Generate a vector L = (l1, l2, . . . lu) containing u

unique integers selected randomly from [0,m];
7: for i = 1 to u do
8: xli = 1
9: aii = B · rand
10: end for
11: Detect and repair (X ,A);
12: Add solution (X ,A) to subpopulation SP|X |;
13: end for

2) EVOLUTIONARY OPERATOR
To avoid the accuracy decline and the Hamming Cliff prob-
lem [59], [60], the Simulated Binary Crossover named SBX,
and Polynomial Mutation is adopted on the real-valued solu-
tions without coding and decoding. Apply the evolutionary
operators on the equal genes of solutions by the strategy:

1 Execute the SBX operation when two parent genes are the
nonempty set.

2 Exchange two parent genes when only one parent gene is
the nonempty set.

3 Randomly select a nonempty gene in the parent as the
mutation gene.

The advantage of this strategy is that the solutions are still
in the neighboring subpopulations after the evolutionary
operators.

B. CONSTRAINT HANDLING
1) REPAIR OPERATOR
For the diversity of the population, the repair operator has a
level of relaxation on constraints. The repair operator con-
sists of three detection and repair procedures of consistency,
survival threshold, and preference assignment.

(1) Consistency. Calculating (f1, f2) by raw (X ,A) may
lead to the inconsistency of f1 and f2 which causes the redun-
dancy ofmapping from search space to the objective function.
Hence the decision matrix is proposed to update (X ,A). The
detection and repair algorithm of consistency is presented in
Algorithm 3.

In Algorithm 3, lines 1-10 show the initialization of deci-
sion matrix D. Lines 11-16 show the redundant weapon is
pruned by the decision matrix.

(2) Survival threshold. To prevent local optimum, elastic
detection is adopted on the constraint of damage threshold,

Algorithm 3Detection and Repair Algorithm of Consistency
Input: (X ,A): the raw solution; m: the number of weapons;

n: the number of targets; {p1, p2, . . . , pn}: the location of
targets in the scenario.

Output: (X ,A): the repaired solution.
1: D =

[
dij
]
m×n, dij = 0

2: for i = 1 to m do
3: if xi = 1 then
4: for j = 1 to n do
5: if

∥∥pj − ai∥∥ < Ri then
6: dij = 1
7: end if
8: end for
9: end if

10: end for
11: for i = 1 to m do
12: if xi +

n∑
j=1

dij = 1 then

13: xi = 0
14: ai = ∅
15: end if
16: end for

Algorithm 4 Detection and Repair Algorithm of Survival
Threshold
Input: (X ,A): the raw solution; m: the number of weapons;

n: the number of targets; ρ: the damage threshold vector;
E : the preference matrix; D: the decision matrix.

Output: A: the repaired solution.
1: Generate the set of weapon index U ={

i

∣∣∣∣∣xi = 1 and
n∑
j=1

eij = 0

}
;

2: for j = 1 to n do

3: if ρj +
m∑
i=1

dij < 1 then

4: if U 6= ∅ then
5: Randomly select an index k from U and delete k

from U ;
6: Randomly generate ak by

∥∥pj − ak∥∥ < Rk ;
7: else
8: return A
9: end if
10: end if
11: end for

namely have the target, which has the requirement of damage
threshold, within the lethal radius of any weapon. The detec-
tion and repair algorithm of the survival threshold is presented
in Algorithm 4.

Line 1 of Algorithm 4 obtains the employed weapons
which are out of preference assignment and available to be
reassigned. Line 3 obtains the target which has the require-
ment of damage threshold but is not within the lethal radius
of any weapon. Line 4-9 shows an available weapon is
selected randomly to the target which is unsatisfied with the
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survival threshold. As shown in line 8, the algorithm stops
when all unsatisfied targets are repaired, or no available
weapon can be reassigned.

(3) Preference Assignment. For the diversity of the popu-
lation, the following strategy is adopted in the case of prefer-
ence assignment of weapon-target pair i− j.

1 If weapon i is not available, no operator is performed to the
solution.

2 If weapon i is available and target j is not within the lethal
radius of weapon i, randomly generate the aiming point of
weapon i within a certain range centered on target j.

The detection and repair algorithm of preference assign-
ment is presented inAlgorithm 5. Line 3-5 show theweapon i,
which is available but not for the prior target j, is reassigned
to threaten target j.

Algorithm 5 Detection and Repair Algorithm of Preference
Assignment
Input: (X ,A): the raw solution; D: the decision matrix; E :

the preference matrix; m: the number of weapons; n: the
number of targets.

Output: A: the repaired solution.
1: for j = 1 to n do
2: for i = 1 to m do
3: if eij = 1 and xi + dij = 1 then
4: Randomly generate ai by

∥∥pj − ai∥∥ < Ri;
5: break
6: end if
7: end for
8: end for

Considering the mutual interaction, the sequence of three
algorithms is preference assignment, damage threshold, and
consistency. The procedure of repair operator is described as
follows.

Step 1 Generate the raw solution (X ,A) then calculate the
decision matrix D;

Step 2 Implement the preference assignment algorithm on
(X ,A) then update the decision matrix D;

Step 3 Implement the damage threshold algorithm on (X ,A)
then update the decision matrix D;

Step 4 Implement the consistency algorithm on (X ,A).

2) MEASUREMENT OF CONSTRAINT VIOLATION
Because the relaxation of the repair operator, the most
repaired solutions also violate the constraints. Preparing for
the selection algorithm, ameasurement of constraint violation
is designed to evaluate the infeasible solutions.

The constraint violation of a solution is defined as

φ(X ,A) =
|C|∑
i=1

si · gi(X ,A) (12)

where C is the set of constraints; si is the constant coeffi-
cient of the ith constraint; gi(X ,A) represents the constraint

violation of solution (X ,A) on the ith constraint and is
designed by the following principles.

• gi(X ,C) reflects the deviation of the infeasible solution
X to the feasible region on Ci.

• gi(X ,C) is proportional to the distance from the infeasi-
ble solution X to the nearest feasible solution on Ci and
is normalized.

In this paper, C = {C1,C2,C3} represents the constraint
of security evasion, survival threshold, and preference assign-
ment respectively; si is set to 1 since gi(X ,C) is normalized.
The constraint violation of security evasion is designed as

g1 =
1
|S|

l∑
k=1

m∑
i=1

max
(
0, 1−

‖sk − ai‖
Ri

)
(13)

g1 = 0 when the friendly/neutral targets are not within
the lethal radius of any weapon. Conversely, g1 is inverse
proportional to the distance from friendly/neutral targets to
the aiming points of weapons violating C1.

The constraint violation of the survival threshold is
designed as

g2 =
n∑
j=1

max
(
0,

n∏
i=1

(
1− D

(∥∥pj − ai∥∥)) · xij − ρj)(
1− ρj

) n∑
j=1

⌈
1− ρj

⌉ (14)

g2 = 0 when survival probability vector P and survival
threshold vector satisfy Pi ≤ ρi, i = 1, 2, · · · , n; otherwise
g2 is proportional to the deviation |P− ρ|.
The constraint violation of preference assignment is

designed

g3 =
1
‖E‖1

m∑
i=1

n∑
j=1

max(0,

∥∥pj − ai∥∥ · eij − Ri
B− Ri

) (15)

where ‖E‖1 is the l1-norm of the preference matrix E , which
denotes the number of preferred weapon-target pairs. g3 = 0
when the preference pair i − j is satisfied; otherwise g3 is
proportional to the distance from target j to the aiming point
of weapon i.

C. ENVIRONMENT SELECTION
One challenge of solving CMWTA is obtaining the non-
dominated solutions of fewer weapons. The reason is that
fewer weapons are difficult to satisfy the constraints, and
more weapons are easy to violate constraints. The situation
of more weapons is better than fewer weapons in the evolu-
tionary process because adding one weapon to the feasible
plan of the middle subpopulation is more likely to approach
a feasible plan than removing one weapon from the feasible
plan of the middle subpopulation. Hence the diversity of the
subpopulation of small f2 is more important than the other
subpopulations. Hence this paper presents a self-adaptive
selection algorithm that gives more relaxation on the subpop-
ulations of smaller f2.
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First, we defines the solution of CMWTA, which has a
low constraint violation and acceptable fitness, as an effec-
tive solution. The self-adaptive selection algorithm selects
the effective solutions to an elitist environment called effec-
tive population. According to the characteristic of the WTA
problem, the survival probability of target declines obviously
when one more weapon is used, especially the one more
weapon violates more constraints. If a solution uses more
weapons and violates more constraints, but leads to less dam-
age effect, we consider this solution contributes less effec-
tive information. Inspired by this principle, the procedure of
the self-adaptive sorting algorithm is as follows: Pick the
first front consisting of the non-dominated solution of each
subpopulation. In this front, if a solution is dominated by
any solution with smaller f2 on (f1, φ), then this solution
is removed from the current front and is left to the next
front. When this detection of each solution of the current
front completes, copy the existing solutions to the effective
population. Pick the next front and repeat the above steps
until the effective population is filled. Besides the low com-
putational complexity and no parameter tuning, this sorting
method has a self-adaptive mechanism making the solutions
with smaller f2 be more likely to be selected to the effective
population. The self-adaptive selection algorithm is detailed
in Algorithm 6.

Algorithm 6 Selection Algorithm of the Effective Population
Input: P = {SP1, SP2, . . . , SPm}: the population; sep:

the size of the effective population; m: the number of
weapons.

Output: EP: the effective population.
1: EP = ∅, k = 1;
2: if k < sep then
3: S = (sp1∗, sp2∗, . . . , spm∗) where spi∗ is the non-

dominated solution of SPi on (f1, φ).
4: for i = m to 2 do
5: if spi∗ = ∅ then
6: continue;
7: end if
8: for j = i− 1 to 1 do
9: if spj∗ 6= ∅ and spj ∗ .f1 < spi ∗ .f1 and spj ∗ .φ <

spi ∗ .φ then
10: Delete spi∗ from S;
11: break;
12: end if
13: end for
14: Copy S to EP and delete S from P;
15: k = k + |S|;
16: end for
17: end if

As shown in line 3 of Algorithm 6, S is the front pre-
pared for the effective population in which s(pi)∗ is the non-
dominated solution on (f1, φ) of SPi rather than the entire
population. Line 4-9 gives the filter procedure of effective
solutions. The solutions of S is checked from SPm to SP1,

and one solution is only compared with the solutions with
smaller f2. For example, solution spi and spj of the front
S come from the subpopulation SPi and SPj (i < j) respec-
tively. If solution i dominates solution j on (f1, φ), namely
spi.f1 < spj.f1 and spi.φ < spj.φ, we believe the solution j
provides the less effective information than solution i in the
evolutionary process and give priority to copying solution i
to EP. In line 10-14, the ineffective solutions of current S are
deleted and left to the front S of the next iteration.

The relaxation of constraint generally impacts the conver-
gence speed. A cooperative evolutionary mechanism, which
utilizes the similarity of neighboring non-dominated solu-
tions and contributes to the quality information transferring
in neighboring subpopulations, is adopted to strengthen the
convergence speed. For the ith subpopulation, we define the
nearest T subpopulations as the neighborhood B (i,T ) which
can be calculated by Equation 16.

B (i,T )

=


{sp (1) , . . . , sp (T + 1)} , if i− dT/2e ≤ 0
{sp (m− T ) , . . . , sp (m)} , if i+ bT/2c > m
{sp (i− dT/2e) , . . . , sp (i+ bT/2c)} , otherwise

(16)

The evolutionary operators are implemented on the neighbor-
ing solutions, and the procedure is outlined in Algorithm 7.

Algorithm 7 Evolutionary Procedures of MOEA-CMWTA
Input: EP = {SEP1, SEP2, . . . , SEPm}: the effective popu-

lationwhere SEPi is the ith subpopulation;m: the number
of weapons.

Output: Q: the offspring population.
1: for i = 1 to m do
2: if |SEPi| > 0 then
3: Randomly select the individual x1 and x2 from SEPi

and B (i,T ) respectively;
4: Generate solutions y1 and y2 from x1 and x2 by

evolutionary operators;
5: Detect and repair y1 and y2.
6: Copy y1 and y2 to corresponding subpopulations of

Q.
7: end if
8: end for

D. COMPUTATIONAL COMPLEXITY
Let P denotes the size of the population; M denotes the
number of weapons; N denotes the number of targets. The
worst time complexity of one generation of proposed MOEA
can be calculated according to the process: (1) The time
complexity of population initialization is O (MP). (2) The
worst time complexity of the selection algorithm is O (MP).
(3) In the effective population, the time complexity of the
evolutionary process is also O (MP). (4) In the detection
and repair algorithm applied on population, the worst time
complexity of consistency repair isO (MNP). The worst time
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complexity of damage threshold repair is O (NP). The worst
time complexity of preference assignment repair isO (MNP).
According to the operational rules of the symbolO, the worst
time complexity of one generation in MOEA-CMWTA is
O (MNP).

E. PERFORMANCE METRICS
In MOPs, the major performance metrics are to measure the
convergence and spacing. The former evaluates the proximity
of obtained Pareto-optimal set to the true Pareto-optimal set,
and the latter evaluates the uniformity of the non-dominated
solutions. In CMWTA, since the non-dominated solutions
follow the specific non-uniform distribution, the spacingmet-
ric is not employed to reflect the quality of the Pareto-optimal
set. Generally, the calculation of convergence metric needs
the true Pareto-optimal set which is hardly obtained in the
CMWTA problem. Thus a variant of convergence metric is
proposed to compare the algorithms solving MWTA. Let
P =

{
p1, p2, · · · , p|P|

}
be the approximate Pareto-optimal

set coming from the historical non-dominated solutions of
the comparison algorithms; A =

{
a1, a2, · · · , a|A|

}
is the

Pareto-optimal set found by a comparison algorithm. The
convergence metric C (A) is the normalized proximity of A
to P.

di =


f1(ak )− f1(pi)

f max
1 − f min

1

, ∃f2(ak ) = f2(pi)

1, otherwise
(17)

C (A)
1
=

|P|∑
i=1

di

|P|
(18)

Besides the quantitative evaluation of the convergencemet-
ric, the coverage metric[20] is employed for the qualitative
evaluation.

IC (A,B)
1
=
|{b ∈ B; ∃a ∈ A : a � b}|

|B|
(19)

where � means weakly dominate; A, B are two approximate
Pareto-optimal sets and the function IC maps the ordered pair
(A,B) to the interval [0, 1]. It shows that A is better than B
when IC (A,B) > IC (B,A).

IV. EXPERIMENT STUDIES
In this section, we compare MOEA-CMWTA with sev-
eral state-of-the-art MOEAs, an MOEA/D for WTA, and
approved constraint handling methods. All experiments were
carried out in MATLAB R2016b environment on a PC with
i7-2.5GHz CPU and 8GB memory.

A. COMPARISON ALGORITHMS AND
CONSTRAINT HANDLINGS
To verify the performance of MOEA-CMWTA, we compare
our algorithmswith severalMOEA frameworks and approved
constraint handling approaches. The comparison frameworks
are:

1) NSGA-II [61]. Alleviating the difficulties of NSGA,
NSGA-II has better convergence and lower computa-
tional complexity by using a fast non-dominated sorting
approach and an elitist selection operator. The reason why
being a comparison algorithm is that NSGA-II performs
rather good diversity in bio-objective instances.

2) SPEA2 [62]. As an improved version of SPEA,
SPEA2 incorporates a revised fitness assignment strategy,
a nearest neighbor density estimation technique and an
enhanced archive truncation method. SPEA2 has a great
advantage in distribution.

3) MOEA/D [63]. MOEA/D has achieved great success in
the field of evolutionary MOPs based on decomposing
a MOP into some scalar optimization subproblems and
optimizes them simultaneously. MOEA/D performs well
on multi-objective 0-1 knapsack problems, continuous
multi-objective optimization problems and disparately-
scaled objectives by using objective normalization.

4) MOEA/D-WTA [7]. For solving the classic MWTA,
MOEA/D-WTA integrate a population initialization based
on prior knowledge, a problem-specific selection, and a
mating restriction. The experimental results show that
MOEA/D-WTA outperforms several MOEA/D frame-
works in terms of solving the point-to-point MWTA
problem.

The comparison constraint handling approaches are:

1) Self-adaptive penalty (SP) function [44]. This method
modified the objective function by an adaptive penalty
function and a distance measure. Besides the superior
performance, the advantage is simple to implement and
does not need any parameter tuning.

2) Constrained-dominated principle (CDP) [46]. As the
representative method of the modified dominance rule,
the CDP compares the objectives and constraints sep-
arately. The infeasible solutions are guided toward the
feasible region. This method performs well on real-code
GAs and does not require any parameter setting.

3) ε-constraint handling (EC) method [53]. EC designs a
dynamic relaxation on the constraints, which is in favor
of maintaining diversity.

4) Stochastic ranking (SR) method [54]. SR adopts a prob-
ability parameter pf to decide if the comparison is to be
based on objectives or constraints, which contributes to
solving the COPs with the narrow feasible region.

In the practical composition of the frameworks and con-
straint handling approaches, the repair operator is also imple-
mented on each algorithm. The parameters are set as follows:

1) Global settings: the population size pop = 1200; the
max generation maxgen = 100; the crossover proba-
bility pc = 0.8; the mutation probability pm = 0.2;
the crossover distribution index ηc = 5; the mutation
distribution index ηm = 5;

2) Parameter setting in MOEA-CMWTA: the size of effec-
tive population ep = 0.5pop; the number of neighboring
subpopulations T = 2;
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TABLE 2. Parameters of the comparison algorithms.

3) Parameter setting in NSGA-II: the size of the mating
pool is set to 0.5pop;

4) Parameter setting in SPEA2: the size of the archive
pop = 1200; the nearest neighbor index k is set to 49 by
k =
√
pop+ pop.

5) Parameter setting in MOEA/D-WTA:
6) Parameter setting in MOEA/D: the number of the neigh-

bor weight vectors is set to 10; the decomposition strat-
egy is the Tchebycheff approach.

7) Parameter setting in EC: Tc = 80; cp = 2; theta =
0.05pop;

8) Parameter setting in SR: Pf = 0.45.

The detailed setting of the comparison algorithms are listed
in Table 2.

B. OPERATIONAL SCENARIO
First, the scenario 1 of limited weapons, namely m < n,
is defined and omitting the units for simplicity. As shown
in Fig 2, the scenario scale is 20 × 20. There are six
available weapons and 20 hostile targets displayed by red
diamonds and marked by Arabic numerals. The inequali-
ties after target 6 and 13 indicate the requirement of survival
threshold. The Roman numeral III, after target 14, indicates
the preference assignment of weapon 3. There are also two
friendly/neural targets displayed by blue dots. Let the lethal
radius of available weapons be [2.5:0.5:5]. Then the sce-
nario 2, which involves 30 weapons and 30 hostile targets,
is designed to investigate the performance facing the satu-
rated weapon resource and a more complex environment. The
lethal radius of available weapons is [2.1:0.1:5]. The specific
parameters of the two scenarios are shown in Table 3.

C. EXPERIMENTS ON MOEAS
In this section, we perform 13 compositions of the MOEA
frameworks and constraint handlings on scenario 1. Then five
algorithms, which preserve the convergence metric less than
0.1 and have better distribution, are compared on scenario 2.

1) PERFORMANCE ON SCENARIO 1
We run each algorithm on scenario 1 over 30 independent
runs. The statistics of the Pareto-optimal sets are shown
in Table 4. In Table 4, column 1 lists the comparison
algorithms. Columns 2 to 6 show the size of the obtained

FIGURE 2. Diagram of two operational scenarios.

Pareto-optimal sets. Column 7 gives the percentage of infeasi-
ble solutions in non-dominated solutions, and column 8 gives
the mean value of constraint violation. Column 9 gives the
mean value of the convergence metric of the Pareto-optimal
set. Column 10 to 14 show the mean value of fitness of the
optimal solution in each subpopulation, namely the oper-
ational effect of the optimal plan under different weapon
consumption.
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TABLE 3. Numerical values of two operational scenarios.

According to the prior information and simulation results,
the size of the true Pareto-optimal set is 5, and the f2 of
the optimal non-dominated solutions is 2 to 6. As shown
in Table 4, Only MOEA-CMWTA can guarantee the com-
pleteness in each run. NSGA-II-SP, SPEA2-CDP, SPEA2-SP,
and MOEA/D-WTA-SP obtain the size of 4 in two, three,
one, and one run respectively. The other algorithms perform
worse on the distribution of PS size. In column 7 and 8,
the drawbacks are concentrate on the algorithms with the
EC method, and NSGA-II-SP also obtains one infeasible
solution. MOEA-CMWTA and SPEA2-SP outperform on the
convergence metric, which can guarantee the value of less
than 0.05. MOEA/D-WTA-SP, NSGA-II-SP, and SPEA-CDP
follow by 0.0570, 0.0636, and 0.0652 respectively. In mean
values of fitness, SPEA2-SP performs better on the weapon
consumption of 2, 5 and 6. NSGA-II-SP and SPEA2-CDP
obtain optimal fitness as the weapon consumption is 3 and 4
respectively.

Based on the results of Table 4, the convergence metric is
mainly related to the completeness of the Pareto-optimal set.
The elaborate self-adaptive penalty function performs rather
well in the frameworks of NSGA-II, SPEA2, and MOEA/
D-WTA-SP, although it also can not guarantee the complete-
ness of the Pareto-optimal set. MOEA-CMWTA is the only
algorithm that can guarantee completeness in each run. Hence
MOEA-CMWTA achieves 0.0379 on convergence metric,
although it has no optimal values of fitness.

In terms of the complete Pareto-optimal set, the rigid
search space may lead to the local optimum and incom-
plete Pareto-optimal set of CMWTA, such as NSGA-II-CDP,
SPEA2-CDP, MOEA/D-CDP, MOEA/D-SR, and MOEA/
D-WTA-SP. The frameworks of NSGA-II and SPEA2 uti-
lize the non-dominated sorting algorithm with a strict

FIGURE 3. Convergence metric and coverage of the Pareto-optimal sets
obtained by the comparison algorithms solving scenario 1 over 30
independent runs.

selection principle. MOEA/D-WTA-SP selects the non-
dominated solution of each weapon consumption forcibly.
CDP implements a rigorous selection criterion which gives
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TABLE 4. Statistics of the Pareto-optimal sets obtained by the comparison algorithms solving scenario 1 over 30 independent runs.

FIGURE 4. Solving scenario 1 and sorted by weapon consumption, the number of the feasible non-dominated solutions obtained by comparison
algorithms over 30 independent runs; mean values of the fitness and constraint violation obtained by comparison algorithms over
3FourFitnessConstraint0 independent runs in 1 to 100 generations.

the non-dominated solutions with 0 constraint violation.
Consequently, the composition of NSGA-II/SPEA2/MOEA/
D-WTA and CDP has a forced ability to cleaning the infea-
sible solutions out and against the diversity of the popula-
tion. MOEA/D transforms a piecewise continuous objective
and an integer objective into a scalar optimization, and the
search capability is further restricted by CDP. As shown
in Table 4, NSGA-II-CDP and SPEA2-CDP concentrate on
the size 5 and 4, and MOEA/D-CDP concentrates on the size
5 to 3. SR adopts a stochastic selection mechanism to decide
the selection is based on objectives or constraints. In the
latter case, SR equates to CDP. Therefore, MOEAD/D-SR

performs better thanMOEA/D-CDP on solving CMWTA. SR
can ensure the feasibility of obtained sets but is not ideal for
the completeness. The reason is that SR has no information
to guide the search space such as SP.

The permissive search space causes the infeasibility
and incomplete Pareto-optimal set of CMWTA, such as
NSGA-II-EC, SPEA2-EC, MOEA/D-EC, and MOEA/
D-WTA-EC. EC performs worst on not only convergence
but also spacing. Four frameworks with EC can not solve the
complete sets in more than half runs, and can not guarantee
the feasible of non-dominated solutions. MOEA/D-WTA-EC
even obtains one non-dominated solution in 21 runs and
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FIGURE 5. The display of the optimal non-dominated solutions obtained by MOEA-CMWTA, NSGA-II-SP, SPEA2-CDP, SPEA2-SP, and MOEA/D-WTA-SP
solving scenario 1 over 30 independent runs.
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TABLE 5. Statistics of the Pareto-optimal sets obtained by MOEA-CMWTA, NSGA-II-SP, SPEA2-CD, SPEA2-SP, and MOEA/D-WTA-SP solving scenario 2 over
30 independent runs.

FIGURE 6. Convergence metric and coverage of the Pareto-optimal sets
obtained by the comparison algorithms solving scenario 2 over
30 independent runs.

contains 40.38% infeasible solutions. The reason is that EC
loses control of the constraint violations of CMWTA.

The convergence metric and coverage of the obtained
sets are presented in Figure 3. Let M denotes the Pareto-
optimal sets obtained byMOEA-CMWTA,N denotes the sets
obtained by NSGA-II, S denotes the sets obtained by SPEA2,
D denotes the sets obtained by MOEA/D, and W denotes
the sets obtained by MOEA/D-WTA. Figure 3(a) gives the
dynamic performance of the mean values of the convergence
metric in evolutionary generations. Figure 3(b) gives the box
plots to illustrate the distribution of the convergence metric
of the Pareto-optimal sets. The notches represent a robust
estimate of the uncertainty about the medians for box-to-box
comparison, and symbol + denotes outliers. To verify the

proposed MOEA, Figure 3(c) exhibits the box plots of the
coverage of the two sets obtained by MOEA-CMWTA and
a comparison algorithm. In each plot, the left box represents
the distribution of IC (M , ∗), and the right box represents the
distribution of IC (∗,M ).
As shown in Figure 3(a) and 3(b), the comparison algo-

rithms are located in several tiers. In the first tier, there are
MOEA-CMWTA, NSGA-II-CDP/SP, SPEA2-CDP/SP, and
MOEA/D-WTA-SP which can obtain the complete feasible
non-dominated solutions in themost runs. In Figure 3(c), only
SPEA2-SP is slightly better thanMOEA-CMWTA.However,
this gap may result from the repair operator used in all algo-
rithms. The influence of the repair operator is investigated in
the following experiment.

In view of the decision plan of C2, Figure 4 shows the
results identified by different weapon consumption. The first
row of the figures gives the number of feasible plans obtained
in 30 runs. To evaluate the dynamic performance of algo-
rithms, the latter two rows present the mean values of the
fitness and constraint of the optimal plans in the evolutionary
generations respectively.

As shown in Figure 4(a)-4(e), the challenge is to obtain the
optimal planwith two or six weapons. OnlyMOEA-CMWTA
can solve the optimal plans under all weapon consumption
in 30 runs. SPEA2-SP andMOEA/D-WTA-SP solve the opti-
mal plan of two weapons and six weapons in 29 runs respec-
tively. Considering Figure 4(f)-4(o), the most plots of the
comparison algorithms have the shocks since the algorithms
can not maintain the non-dominated solution in every genera-
tion of each run. By contrast, MOEA-CMWTA is robust and
has a stable decrease trend. The fitness of MOEA-CMWTA
increases slightly in the early generations, and the constraint
violation is suppressed to 0. In this process, the individuals
are converted from infeasible solutions to feasible solutions.
However, NSGA-II-SP, SPEA2-SP, and MOEA/D-WTA-SP
perform opposite. The fitness drops down to a low level
rapidly and the constraint violation has a sharp increase, then
fitness is increasing with the decrease of constraint violation.
The reason is that MOEA-CMWTA and SPEA2-CDP give
priority to decreasing the constraint violation. Hence the
fitness of MOEA-CMWTA and SPEA2-CDP has a tempo-
rary increase in early generations. The algorithms with SP
optimize the modified objectives, which optimize the objec-
tive and constraints simultaneously. Hence MOEA-CMWTA
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FIGURE 7. Mean values of the fitness and number of feasible non-dominated solutions obtained by MOEA-CMWTA, NSGA-II-SP, SPEA2-CD, SPEA2-SP,
and MOEA/D-WTA-SP under different weapon consumption over 30 independent runs.

outperforms on convergence speed, which is a crucial advan-
tage of real-time decision support in C2. As shown in
Figure 4(k)-4(o), the constraint violation ofMOEA-CMWTA
can converge to 0 within 5 generations, and the others of
the first tier eliminate the constraint violation at about 18th
generation.

So far the proposed MOEA, NSGA-II-SP, SPEA2-CDP,
SPEA2-SP, and MOEA/D-WTA-SP are qualified solver for
CMWTA. The sketch maps of the optimal plans, which are
obtained by three algorithms over 30 runs, are displayed
in Figure 5. In Figure 5, the roman number I to VI represent
the aiming points of available weapon resources of which the
lethal radii are displayed by specified colors. The targets with
damage requirements are indicated by arrow wherein the first
number represents the expected survival, and the number in
parentheses represents the survival threshold. The weapon-
target pair i − j with preference assignment, that is aij = 1,
is linked by the dotted line.

As shown in Figure 5, the solved plans can satisfy
the operational requirements. The survival thresholds of
target 6 and 13 are 0.2 and 0.1. However, the no-damage
targets 1 and 2 are close to the hostile targets 6 and 13
respectively, and the target 14 with the preference assignment
of weapon III is close to no-damage target 1. Constrained by
this situation, when the weapon consumption is less than 6,
the optimal plans obtained by three algorithms have high sim-
ilarity. In the case of two weapons, the weapon V and VI can-
not deal with the above constraints and only the weapon III
meets both the preference assignment for target 14, the sur-
vival threshold of target 6 and the security evasion of target 1.
Only the weapon IV or V can satisfy the maximum fitness
based on the survival threshold of target 13 and the security
evasion of target 2. The distinct difference emerges as the
weapon consumption is six, and the optimal plan obtained by
SPEA2-SP is more rational according to the fitness and the
distribution of the aiming points.

In addition, MOEA-CMWTA has low computational com-
plexity. As described in Section 3, the repair algorithm,
which is adopted in all comparison algorithms, has the worst

computational complexity of O (MNP) where M is the num-
ber of weapons, N is the number of targets, and P is the
population size. Regardless of the complexity of the repair
algorithm, the worst computational complexity of MOEA-
CMWTA is O (MP). The worst computational complexity of
NSGA-II and SPEA2 are O

(
KP2

)
and O

(
P3
)
respectively

where K is the number of objectives. The worst compu-
tational complexity of MOEA/D and MOEA/D-WTA are
O (KPT ) where T is the number of the weight vectors in
the neighborhood of each weight vector. The number of
objectives is 2 in the proposed CMWTA model.

Based on the above analysis, we conclude SPEA2-SP out-
performs on the values of convergence in the comparison
algorithms. MOEA-CMWTA approaches to SPEA2-SP on
convergence and has advantages in spacing, robust, real-time
and computational complexity.

2) PERFORMANCE ON SCENARIO 2
As shown in the above experiments, MOEA-CMWTA,
NSGA-II-SP, SPEA2-CD, SPEA2-SP, and MOEA/
D-WTA-SP have the convergence metric less than 0.1 and
approximate complete Pareto set. These algorithms are run
on scenario 2 over 30 independent runs.

The statistics of the obtained Pareto-optimal sets are shown
in Table 5. Owing to the max weapon consumption is
30, we do not give the mean values of the fitness under
each weapon consumption like Table 4. Instead, the mean
values of the fitness are plotted in Figure 7. As shown
in Table 5, MOEA/D-WTA-SP outperforms on completeness
of the Pareto-optimal set but contains 8.03% infeasible non-
dominated solutions and the mean value is 1.5387. MOEA-
CMWTA gives better completeness of the Pareto-optimal set
than three other algorithms and preserves the feasibility of the
non-dominated solutions.

Figure 6 shows the convergence metric and coverage of
the Pareto-optimal sets obtained by five algorithms. Con-
sidering Table 5 and Figure 6(a), only MOEA-CMWTA
and MOEA/D-WTA-SP get the convergence metric less
than 0.5. MOEA-CMWTA has a better convergence metric,
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FIGURE 8. The display of the optimal non-dominated solutions obtained by MOEA-CMWTA, NSGA-II-SP, SPEA2-CDP, SPEA2-SP, and MOEA/D-WTA-SP
solving scenario 2 over 30 independent runs.
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TABLE 6. Statistics of the Pareto-optimal sets obtained by the repair and non-repair versions of MOEA-CMWTA, NSGA-II-SP, SPEA2-CDP, and SPEA2-SP
in 30 independent runs.

FIGURE 9. Convergence metric and coverage obtained by the repair and
non-repair version of MOEA-CMWTA, NSGA-II-SP, SPEA2-CDP and
SPEA2-SP in 30 independent runs.

and MOEA/D-WTA-SP has a smaller overshoot. As shown
in Figure 6(b), the convergence metric of MOEA-CMWTA
and MOEA/D-WTA-SP also have better distribution than the
others. Figure 6(c) illustrates that MOEA-CMWTA outper-
forms than four other algorithms on coverage.

In Figure 7, the upper figure shows the mean values
of the Pareto-optimal fronts obtained by MOEA-CMWTA,
NSGA-II-SP, SPEA2-CD, SPEA2-SP, and MOEA/
D-WTA-SP. The lower figure gives the number of the non-
dominated solutions obtained by five algorithms and sorted
by weapon consumption.

The mean values of the Pareto-optimal fronts are close
in the upper figure. It is noteworthy that the more weapon
consumption, the less benefit obtained. Integrating the lower
figure, MOEA-CMWTA outperforms when weapon con-
sumption is less than 25, andMOEA/D-WTA-SP is outstand-
ing when weapon consumption is more than 24. However,
as shown in the upper figure, fitness has little benefit when
weapon consumption is more than 15. Besides, MOEA/
D-WTA-SP gets no infeasible non-dominated solutions in
scenario 1 possessing six weapons but obtains 8.03% infea-
sible solutions in scenario 2 possessing 30 weapons. Hence
we deduce that the infeasible non-dominated solutions of
MOEA/D-WTA-SP are concentrated in the solutions of mid-
dle or high weapon consumption. All the above, we conclude:
(1) The rational number of max weapon resource is about
16 for scenario 2. (2) CMWTA-MOEA has more superiority
in solving CMWTA.

Figure 8 shows the sketchmaps of the optimal plans, which
are obtained by five algorithms over 30 runs. As illustrated
in Figure 8, the valuable targets can be covered by the optimal
assignment when weapon consumption achieves 10.

D. EXPERIMENTS ON REPAIR OPERATOR
To verify the performance of the repair operator, we com-
pare the repair and non-repair two versions of four
MOEAs, namely MOEA-CMWTA, NSGA-II-SP, SPEA2-
CDP, SPEA2-SP and MOEA/D-WTA-SP which are verified
in the previous experiment. We perform 30 independent runs
on each algorithm, and the statistics of obtained Pareto-
optimal sets are shown in Table 6.

As shown in Table 6, only two versions of MOEA-
CMWTA and non-repair MOEA/D-WTA-SP can guarantee
the completeness and feasibility of the Pareto-optimal sets.
However, the percentage of the infeasible solutions is 2%
and the mean values is 0.0568. The repair operator has a
slight improvement on the completeness and feasibility of
NSGA-II-SP. The repair operator has a great improvement
on the completeness of SPEA2-CDP but has no influence
on the completeness of SPEA2-SP. Comparing the conver-
gence metric, the repair version of each algorithm performs
better than the non-repair version. In terms of the fitness,
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FIGURE 10. Mean values of the fitness and constraint violation obtained by the repair and non-repair version of MOEA-CMWTA, NSGA-II-SP, SPEA2-CDP
and SPEA2-SP over 30 independent runs in 1 to 100 generations.

MOEA-CMWTA almost obtains the suboptimal fitness of
each subpopulation. SPEA2-CDP obtains the optimal mean
values of SP4 to SP6 but it has an indifferent convergence
metric owing to the incompleteness. SPEA2-SP performs
better in solving the non-dominated solutions of SP3 and
SP6. MOEA/D-WTA-SP has the optimal fitness of SP2 but
is related to the infeasible solutions. Besides, the most absent
solutions are in SP2.
The convergence metric and coverage of the obtained sets

are shown in Figure 9. Figure 9(a) shows the distribution
of the convergence metric obtained in 30 independent runs.
Figure 9(b) shows the mean values of the convergence metric
over 30 independent runs in 1 to 100 generations. Figure 9(c)
exhibits the box plots of the coverage metric obtained by two
versions of each algorithm. The left plot shows the distribu-
tion of the repair version dominating the non-repair version.
The right plot shows the distribution of the non-repair version
dominating the repair version. For each algorithm in Figure 9,
the repair version has a significant improvement compared to
the non-repair version.

In Figure 10, the figures of the first row plot the mean
values of fitness of optimal plans during the iteration pro-
cess, which are identified by weapon consumption. Similarly,
the figures of second-row give the mean values of constraint
violation. As shown in Figure 10, the repair version performs
better than the non-repair version on not only fitness but also
convergence speed. Owing to the narrower feasible region of
SP2, this difference is distinct in Figure 10(a). In view of the
feasible decision of C2, MOEA-CMWTA and SPEA2-CDP
have an advantage in real-time.

E. SENSITIVITY ANALYSIS
The parameters of MOEA-CMWTA can be divided into two
categories. One is the parameters of the evolutionary frame-
work, such as pc, pm, ηc and ηm. Another is the unique
parameters embedded in MOEA-CMWTA, such as the size

FIGURE 11. Convergence metric and coverage obtained by MOEA-CMWTA
of different ep in 30 independent runs.

of the effective population ep and the number of neighboring
subpopulation T . In this paper, the former parameters adopt
the proposed settings in extensive research. The sensitiv-
ity of the unique parameters is analyzed by the following
experiments.
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FIGURE 12. Mean values of the fitness and constraint violation obtained by MOEA-CMWTA with different ep over 30 independent runs
in 1 to 100 generations.

1) SIZE OF THE EFFECTIVE POPULATION
In the above experiments, the size of the effective population
is set to pop/2 empirically. In order to investigate the influ-
ence of ep, we set ep = K · pop where K = [0.1 : 0.1 : 1]
is to control the ratio of ep to pop. For each ep, we perform
30 independent runs on MOEA-CMWTA solving scenario 1,
and the results are shown in Table 7, Figure 11 and 12.

As shown in Table 7, the different ep do not destroy
the completeness and feasibility of the Pareto-optimal sets.
According to the convergence metric, the cases of more than
50% perform better than the others. In the column of fitness,
the optimal mean values are concentrated in the cases of
more than 50%. The case of 60% outperforms on the mean
values of the convergence metric and the fitness of SP4
and SP5.
As shown in Figure 11(a), the cases of less than 60% show

the faster convergence speed and the worse convergence met-
ric. According to the drawing of partial enlargement, the case
of 60% has a better convergence metric and the medium
convergence speed. The cases of 70%, 80%, and 100% show
a similar performance. In Figure 11(b), the cases of no more
than 50% have a wide distribution. The convergence metric
can be stabilized less than 0.2 when ep is more than 0.5pop.
It is worth noting that the case of K = 0.6 is also outstanding
in not only value but also distribution. To verify the supe-
riority of the case of 60%, Figure 11(c) gives the box plots
of the coverage of the two sets obtained by the case of 60%
and the others in 30 independent runs. The case of 60%
outperforms the others except the case of 80%. Considering
the convergence metric and fitness, the case of 60% performs
better than the case of 80%.

In Figure 12, the algorithms of different ep have close fit-
ness in subpopulations except for SP3, and the constraint vio-
lation can converge to 0 within 10 generations. According to
the drawing of partial enlargement, the algorithms of smaller

FIGURE 13. Convergence metric and coverage obtained by MOEA-CMWTA
of different T in 30 independent runs.

ep have the faster convergence speed but no advantage of the
fitness.

Based on the above results, we conclude that MOEA-
CMWTA is easy to trap in local optimum when ep is
less than 0.5pop, and the performance of MOEA-CMWTA
has a stable improvement when ep is no less than 0.6pop.
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TABLE 7. Statistics of the Pareto-optimal sets obtained by MOEA-CMWTA of different ep.

FIGURE 14. Mean values of the fitness and constraint violation obtained by MOEA-CMWTA of different T over 30 independent runs in 1 to 100 runs.

TABLE 8. Statistics of the Pareto-optimal sets obtained by MOEA-CMWTA of different T .

However, a larger ep has an impact on convergence speed.
Hence we suggest ep be set to 0.6pop.

2) THE NUMBER OF NEIGHBORING SUBPOPULATIONS
In MOEA-CMWTA of the previous experiments, the number
of neighboring subpopulations is set to 2 tentatively. We set
T = 1, 2, . . . , 5 to investigate the sensitivity of T on MOEA-
CMWTA. The neighboring subpopulations are calculated
by Eq. 16. For each T , we perform 30 independent runs
on MOEA-CMWTA solving scenario 1, and the results are
shown in Table 8, Figure 13 and 14.

As shown in Table 8, the different T have no influence on
completeness and constraint violation of the Pareto-optimal
sets. The cases of 1 and 2 perform better than the others

on convergence metric. The optimal mean values of fitness
are also concentrated in the cases of 1 and 2. The case of 1
performs better in SP4 and SP5, and the case of 2 has an
advantage in SP2 and SP6.
As shown in Fig. 13(a), the case of 2 outperforms on the

convergence metric and has a medium convergence speed.
As shown in Fig. 13(b), the case of 2 outperforms and the case
of 5 performs worst. The other cases are relatively close to the
median. To verify the outstanding of the case of 2, Fig. 13(c)
shows the box plots of the coverage of two sets obtained by
the case of 2 and the others in 30 independent runs. The non-
dominated solutions obtained by the case of 2 has a high ratio
of dominating the non-dominated solutions obtained by the
other cases. As shown in the box plots of the case 2 and case 4,

176358 VOLUME 7, 2019



K. Zhang et al.: CMWTA for Area Targets by Efficient Evolutionary Algorithm

the case of 2 has more advantage than the other box plots,
which demonstrates the validity of the neighbor evolutionary
strategy on solving CMWTA.

In Fig. 14(a)-14(j), the number of neighboring subpopu-
lations has a slighter influence than ep on the dynamic per-
formance. In Fig. 14(f)-14(j), the constraint violation of each
subpopulation can converge to 0 in the first ten generations,
and the convergence speeds are close.

Based on the above results, we conclude that the small size
of neighboring subpopulations improves MOEA-CMWTA
slightly, and the number of neighboring subpopulations is set
to 2 reasonably. The possible reason is that the case of 1 and 2
take advantage of the local information. The case of 1 per-
forms worse than the case of 2 on diversity because the case
of 1 only operates with the pre-subpopulation.When the num-
ber of neighboring subpopulations increases, the evolutionary
process is reducing to be operated in the entire population and
can not utilize the similar information of neighboring non-
dominated solutions.

V. CONCLUSIONS AND FUTURE WORK
The WTA problem is less studied based on a specific oper-
ational environment. For the low efficiency-cost ratio of
the point-to-point WTA model facing swarming targets, this
paper formulates a constrained multi-objective weapon target
assignment problem. The CMWTA model can be viewed
as an attack pattern based on overlapping target clusters
if the threat assessment can cluster the targets by physical
position. The objective of the CMWTA model is minimiz-
ing the expected survival probability of targets and weapon
consumption by considering unit type, lethal radius, damage
effect and so forth. The constraints are derived from the
actual operational requirements of security evasion, survival
threshold, and preference assignment. The non-dominated
solutions of CMWTA are solved to be the candidates for the
decision-maker.

Owing to the characteristics of the CMWTA model,
the major MOEAs solving CMWTA have two challenges:
(1) Handling the multi-constraint. (2) Obtaining the complete
Pareto-optimal set. Therefore we present a novel multi-
objective evolutionary algorithm. An elitist selection algo-
rithm and a neighbor evolutionary strategy are proposed to
guarantee the completeness and convergence of the Pareto-
optimal set. A repair mechanism is proposed to improve the
quality of infeasible solutions. A measurement of constraint
violation is designed to evaluate the infeasible solutions.

In the experimental section, we compared our approaches
with several state-of-the-art MOEAs and approved constraint
handling methods. A variant of the convergence metric is
introduced to evaluate the algorithm solving MWTA. From
the experimental results, we conclude that MOEA-CMWTA
outperforms on convergence and spacing by preserving
the diversity of the population. The repair operator further
strengthens the searchability of the algorithms. In the sen-
sitivity analysis of parameters of MOEA-CMWTA, the size
of the effective population, which is suggested 60% of pop,

has a moderate improvement on the Pareto-optimal set. The
number of neighboring subpopulations has a slight advantage
and is suggested to 2.

We noticed that MOEA/D solves the classic WTA problem
efficiently and has low computational complexity. MOEA/D
also has the advantage of using information among neigh-
boring subproblems. Hence we think that MOEA/D has the
potentiality of solving CMWTA. How to design an appro-
priate decomposition strategy, which is based on constraints
handling, is the future challenge for us.
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