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Abstract: In modern warfare, the variety of electronic countermeasure (ECM) equipment and the complexity of
combat task organization poses a great challenge to commanders. To address this challenge, we first present a new
electronic jamming task allocation model that takes multiple groups, multiple equipment types and multiple targets
into account. The resulting model is essentially a large-scale multi-objective combinatorial optimization problem,
intractably complicated to solve optimally. We next propose a multi-objective improved bat algorithm based on
angle decomposition (MOIBA/AD) to quickly identify high-quality solutions to the model. Our proposed algorithm
improves the decomposition strategy by replacing the planar space with the angle space, which helps greatly reduce
the difficulty of processing evolutionary individuals and hence the time complexity of the multi-objective evolutionary
algorithm based on decomposition(MOEA/D). Moreover, the population replacement strategy is enhanced utilizing
the improved bat algorithm (BA), which helps evolutionary individuals avoid getting trapped in local optima.
Computational experiments on EJTA problems of different scales demonstrate the superiority of our proposed
method over three state-of-the-art multi-objective evolutionary algorithms (MOEAs), including the non-dominated
sorting genetic algorithm-II (NSGA-II), MOEA/D, and multi-objective particle swarm optimization (MOPSO). Our
proposed method performs better in terms of three performance criteria, and produces solutions of higher quality
while maintaining a better distribution of the Pareto solution set.
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1 Introduction
Electronic countermeasures (ECMs), also
known as electronic warfare, has become an integral part of modern warfare. According to footage
produced by the Azerbaijan Ministry of Defence on
October 9 2020, the Azerbaijani drone destroyed the
electronic warfare complex of the Armenian armed
forces. This is a direct reflection of the intense in‡
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visible battle over the electromagnetic spectrum between the two countries. ECM operational planning is the core of ECM operational command flow.
In the operational planning process, the ECM commander is mainly concerned with analyzing a battle situation and operational decision-making. In
ECM, a core problem faced by commanders is the
allocation of electronic jamming tasks (EJTA). In
this paper, the task assignment problem of ECMs
is studied. We established the mathematical model
of the EJTA problem, which is a complex problem
that combines multi-objective 0-1 programming with
multi-objective weapon target assignment (MWTA),
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and solved it using a multi-objective evolutionary algorithm (MOEA). Previous studies have established
that the MWTA problem is NP-hard(Jahanshahloo
et al., 2005; XIA et al., 2016).
There is a large body of literature about the
above two complicated problems, and many researchers have carried out extensive and in-depth
research. The solution approaches to multi-objective
0-1 programming can be categorized into mathematical programming methods and heuristic algorithms.
Bazgan et al. (2009) used dynamic programming
techniques to dynamically sort the Pareto solution
set of each objective of the multi-objective 0-1 programming model, and obtains a good Pareto front
(PF). Cococcioni et al. (2020, 2018) combined the
maximum and minimum Grossone method with the
branch and bound method to solve multi-objective
integer programming problems, and the authors reported success in addressing problems with up to
200 objectives. Ren et al. (2019) uses the random programming theory and the analytic hierarchy process (AHP) together, and determines the goal
weight of the fuzzy programming by the fuzzy AHP
method. Combined with random programming, it
effectively solves the multi-target 0-1 programming
problem, applies this method to the practical application of agricultural irrigation and achieves good results. Based on intuitive fuzzy set theory, Rani et al.
(2016) establishes the membership corresponding to
the optimization objective of the multi-objective integer programming model. In the case of conflict
between different objectives, game theory is used to
solve the nash equilibrium point, and the problem is
finally converted into a parabolic nonlinear objective
programming model. Through the above mathematical programming methods, the multi-objective 0-1
programming problem is solved well, but these methods are quite demanding in the application of mathematical tools and generally have high time complexity. In recent years, MOEAs based on heuristic
algorithms have been paid more and more attention.
AO and CHI (2006) applies the non-dominated sorting genetic algorithm-II (NSGA-II) MOEA to the
solution of the 0-1 multi-objective knapsack problem, which has a certain increase in computational
complexity compared with the traditional method.
Liu and Chen (2019) further optimized the NSGA-II
algorithm by adding congestion sparse sorting and
random disturbance on the basis of traditional ge-
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netic crossover and mutation, so that it can maintain the distribution and diversity of each generation of population selection. Multi-objective particle swarm optimization (MOPSO) is also widely
used to solve the integer multi-objective programming problem (Garg and Sharma, 2013; Sun et al.,
2019). This heuristic algorithm uses the particle in
the global and local flight speed and position update strategy to maintain the distribution of the solution uniformity. Zhang et al. (2017); Yin et al.
(2007) use the multi-objective artificial fish school algorithm (MOAFSA) to solve the 0-1 multi-objective
programming problem, which greatly improves the
convergence rate. Wu et al. (2020) use an improved
binary wolf pack algorithm (IBWPA) to solve the uncertainbi level knapsack problem and obtain a good
solution efficiency and PF. In recent years, more
and more scholars have applied the bat algorithm
(BA) to multi-objective multi-population problems
(Su et al., 2019; Tariq et al., 2017), which further
improves the optimization ability in solving the 0-1
multi-objective programming problem. The abovementioned MOEAs can solve the multi-objective 0-1
programming problem well. However, due to the use
of different algorithm types and operators, there is
still much room for improvement in performance.
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As a challenging multi-objective optimization
problem, MWTA has also been extensively studied.
Most models for MWTA in the literature have two
objectives: one is to minimize the weapon investment
and the other is to maximize the warfare benefits.
With the increasing number of research objects (military forces), the number of targets has also increased,
which leads to the changes in the complexity of the
model. Li et al. (2015) made a comparison between
NSGA-II and MOEA/D in solving weapon target assignment (WTA) and multi-target dynamic weapon
target assignment (MDWTA) problems. The computational results showed that NSGA-II was superior
in terms of the distribution and diversity of the solution set, whereas MOEA/D was more efficient. The
introduction of time makes it more difficult to solve
the MDWTA problem than the WTA problem. By
using the improved MOEA/D and multi-objective
game theory, Li et al. (2016); Leboucher et al. (2014)
have solved these problems well on the basis of time
changes.
In this paper, we establish the EJTA model and
design an effective MOEA to solve this model. In
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general, the main contributions of this paper are
twofold.
• We present a new EJTA model. Our proposed
model improves existing models in two ways:
(1) A jamming-to-signal power ratio (JSR) is
proposed to measure the degree of interference
(WANG et al., 2007). The addition of the JSR
enables the model to represent more aspects
of actual combat, making the resulting model
more applicable to real combat. (2) Compared
to existing models, which allow only the same
type of equipment or a small number of troops
(Kline et al., 2019), our proposed model also
takes troop composition into consideration, and
thus can be used in warfare on different scales.
• We present a multi-objective evolutionary computation method (MOIBA/AD) to solve the
proposed EJTA model, which is a discretechoice decision problem with a large number of
objectives and constraints. Our proposed algorithm improves the traditional MOEA/D by
adopting new decomposition rules and population replacement strategy. In addition, the BA
algorithm is incorporated into our proposed algorithm to improve the search of the solution
space. Computational results demonstrate the
effectiveness of our proposed method in addressing the EJTA model.
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2004). The implementation process and analysis are
shown in Fig. 1. At the core of combat planning is
operational decision making, which includs the combat purpose of the ECM, main interference direction
and key target areas, a force composition and deployment plan, combat phase division and main combat
actions, specifying the combat coordination method
and determining the command relationship, the time
limit, and the commander’s agent.
The whole implementation process needs a combination of qualitative and quantitative analyses,
which are marked in Fig. 1. We mainly studied
the assignment of ECM interference tasks, which is
shown in yellow. In the actual analysis process, it depends on the jamming value of the enemy’s electronic
target and the constraint of the number of troops in
each combat stage. When the model is established,
the jamming value of the enemy’s electronic target
and the number of troops in each combat stage are
given directly; the solving method is briefly introduced in the Appendix.
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The rest of the paper is structured as follows. In Section 2, we established the EJTA model.
In Section 3, we established a new multi-objective
optimization method (MOIBA/AD) to solve the
MOEAs, followed by an application of this method
to the EJTA model. Section 4 employs two combat
scenarios with different scales to verify the performance of the MOIBA/AD method compared with
the NSGA-II, MOEA/D, and MOPSO methods.
Section 5 summarizes the research and discusses the
prospects for follow-up research work.

2 Problem Formulations
2.1 Problem background
Combat planning in electronic warfare generally consists of four stages: understanding combat
missions, analyzing battle situations, operational decision making, and formulating battle plans (Vego,

3

2.2 EJTA model

2.2.1 Decision variables

As mentioned above, the quantitative analysis in operational decision-making can be divided
into four stages. We denote a certain stage by k
and k ∈ {1, 2, 3, 4}. The total number of countermeasure groups is denoted by I and hence a
certain group i satisfies i ∈ {1, 2, · · · , I}. Let
J represent the total number of targets and j
(j ∈ {1, 2, · · · , J}) denote a certain target. We
use p, q, r, s to represent radar, communication, infrared and laser countermeasure devices, respectively. The total numbers of radar, communication, infrared and laser countermeasure devices in
an ECM group i are denoted by Li , Mi , Ni and
Oi , respectively. We use pli , qim , rin , soi to represent
a certain radar, communication, infrared and laser
countermeasure devices in an ECM group i, respectively and l ∈ {1, 2, · · · , Li }, m ∈ {1, 2, · · · , Mi },
n ∈ {1, 2, · · · , Ni }, o ∈ {1, 2, · · · , Oi }.
Electronic jamming task allocation entails deciding on the assignment of targets to ECM devices
to maximize the jamming effects. An illustration of
electronic jamming task allocation is shown in Fig.
2.
Because there are four different types of counter-
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Fig. 1 A flow chart for combat operational decision making in electronic warfare the combat planning.

  


 
 
 










  


 
 
 

































 


 
 
 














jammed by a certain type of countermeasure device.
max Z11 =
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Fig. 2 An illustration of electronic jamming task allocation.

where akj is the jamming value sorting matrix and
an element akj of this matrix represents the jamming
value of target j in stage k.

measure devices, we define four variables to represent
these decisions.

akj = (ak1 , ak2 , · · · , akJ ) , k = 1, 2, 3, 4

Let ypli j be a binary variable that indicates
whether (ypli j = 1) or not (ypli j = 0) the radar
countermeasure device pli interferes with target j.
In a similar vein, we define yqim j , yrin j and ysoi j for
communication, infrared and laser countermeasure
equipment, respectively.
2.2.2 Objective functions
In this paper, we are concerned with three issues, i.e., the value of a target being jammed by a certain type of countermeasure device, the electronic interference effect, and the number of deployed troops,
resulting in a total of nine objective functions. In
the following, we describe these objective functions
by category.
(1) Maximizing the value of a target being

(5)

Because akj is not our concern, we assume its
values are given in this paper. Interested readers are
referred to the Appendix for the calculation procedure.
(2) Maximizing the jamming effects of each type
of ECM device.
"
#
Li 
J

X
Y
1
max Z2 =
1−
1 − ypli j JSRpli j
(6)
j=1

max Z22

=

J
X
j=1

max Z23

=

"

=

1−

"

J
X

"

j=1

Mi
Y

#


(7)

#


(8)

#


(9)

1 − yqim j JSRqim j

m=1

J
X
j=1

max Z24

l=1

1−

Ni
Y

1 − yrin j JSRrin j

n=1

1−

Oi
Y

o=1

1 − ysoi j JSRsoi j
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where JSRpli j , JSRqim j , JSRrin j and JSRsoi j are the
jamming effect (or measured by JSR) matrices of
radar, communication, infrared and laser countermeasures, respectively. Take the jamming effect
of radar countermeasure devices as an example.
JSRpli j represent the JSR (jamming-to-signal power
ratio) of the radar device pli to the target j, which is
given by
JSRpli j =

JSRp1i 1

..

.

JSRpLi 1

···
···

JSRp1i J
..
.
JSRpLi J



(10)





Because JSR is not our concern, we shall assume
its values are given in this paper. Interested readers
are referred to the Appendix for the calculation of
JSR.
(3) Minimizing the total cost of using radar,
communication, infrared, and laser countermeasure
devices.
min Z3 =

Li
I X
J
X
X
i=1 j=1

l=1

Ni
X

n=1

Mi
X

yqim j uq +

m=1

yrin j ur +

Oi
X
o=1

ysoi j us

!

(11)

where up , uq , ur and us stand for the cost incurred
by using the four types of ECM devices.
2.2.3 Constraints

ypl j ≤ 2 (∀i, l, i ∈ {1, 2, · · · , I} , l ∈ {1, 2, · · · , Li })
i

j=1

(12)
J
X

(14)
J
X

ysoi j ≤ 1 (∀i, l, i ∈ {1, 2, · · · , I} , o ∈ {1, 2, · · · , Oi })

j=1

(15)

where pli , qim , rin , soi respectively represent the identifiers of radar, communication, infrared and laser
countermeasure equipment in the ith ECM group.
(2) The number of equipment items performing
the task cannot exceed the number of devices at each
stage calculated in the combat planning.
Li
I X
J X
X

ypli j ≤ dkp (∀k, k ∈ {1, 2, 3, 4})

(16)

i=1 j=1 l=1

Mi
I X
J X
X

yqim j ≤ dkq (∀k, k ∈ {1, 2, 3, 4})

(17)

Ni
I X
J X
X

yrin j ≤ dkr (∀k, k ∈ {1, 2, 3, 4})

(18)

Oi
I X
J X
X

ysoi j ≤ dks (∀k, k ∈ {1, 2, 3, 4})

(19)

i=1 j=1 m=1

i=1 j=1 n=1

i=1 j=1 o=1

In addition to the binary constraints discussed
above, the decision variables must satisfy nine constraints, which can be partitioned into three classes.
In the following, we shall describe these constraints
by class.
(1) Given a countermeasure device, there is a
limit on the number of targets that it can jam simultaneously. For radar, communication, infrared and
laser countermeasure devices, the limits are 2, 3, 1
and 1, respectively. The associated constraints are
given below.
J
X

yrin j ≤ 1 (∀i, l, i ∈ {1, 2, · · · , I} , n ∈ {1, 2, · · · , Ni })

j=1
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ypli j up +

J
X
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yqim j ≤ 3 (∀i, l, i ∈ {1, 2, · · · , I} , m ∈ {1, 2, · · · , Mi })

j=1

(13)

where dkp , dkq , dkr and dks stand for the total
number of radar, communication, infrared and laser
countermeasure devices prescribed in each stage of
combat planning, respectively.
(3) To prevent the waste of jamming resources,
the number of countermeasure devices jamming target j cannot exceed the number prescribed in combat
planning.
Li
I P
P

i=1 l=1
Oi
I P
P

i=1 o=1

ypli j +

I M
P
Pi

i=1 m=1

ysoi j ≤ Nj

yqim j +

Ni
I P
P

i=1 n=1

yrin j +
(20)

Putting the objective functions together with
the constraints, we obtain the overall model for elec-
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tronic jamming task allocation, which is given by


max Z11 , Z12 , Z13 , Z14 , Z21 , Z22 , Z23 , Z24 , −Z3





s.t.


 P
J



ypli j ≤ 2, ∀i, l



j=1

 J

P



yqim j ≤ 3, ∀i, l



j=1


J

P



yrin j ≤ 1, ∀i, l


j=1



J

P


ysoi j ≤ 1, ∀i, l



j=1


 P
Li
J P

 I P
ypli j ≤ dkp , ∀k
j=1 l=1
 i=1

I P
J M

P
Pi


yqim j ≤ dkq , ∀k



i=1 j=1 m=1



Ni
I P
J P
P



yrin j ≤ dkr , ∀k



i=1 j=1 n=1



Oi
I P
J P
P



ysoi j ≤ dks , ∀k



i=1 j=1 o=1


I P
Li
I M
 P
Pi
P



ypli j +
yqim j +


i=1 l=1
i=1 m=1


 P
Ni
Oi
I P
I P

P


yrin j +
ysoi j ≤ Nj



i=1 n=1
i=1 o=1


ypli j , yqim j , yrin j , ysoi j ∈ {0, 1} , ∀i, j, p, q, i, l
(21)
The resulting model is obviously a highdimensional multi-objective optimization problem,
with as many as nine objective functions. This model
is computationally demanding and generally cannot
be solved to optimality by exact methods within acceptable run-time.
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vergence enhancement mechanisms; see, for example, (Wang et al., 2012, 2015; Yang et al., 2013; Liu
et al., 2020). (2) Decomposition: This type of algorithms works by decomposing the multi-objective
problem into several single-objective problems. Typical examples of such algorithms include weight setting (Li et al., 2014), decomposition mechanisms
(Cheng et al., 2016; Deb and Jain, 2013; Wang et al.,
2016), and generation of offspring and environment
selection (Liu et al., 2017b,a). (3) Evaluation criteria: This type of algorithm improves the convergence
and diversity of Pareto solutions by developing appropriate performance criteria (Bader and Zitzler,
2011).
In this section, inspired by the MOEA based
on decomposition, we improved the decomposition
mechanism of the algorithm and the population updating strategy, and proposed a multi-objective improved bat algorithm based on angle decomposition
(MOIBA/AD).
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3 A multi-objective improved bat algorithm based on angle decomposition
As shown above, the EJTA model is in fact
a many-objective optimization problem (MaOP).
In the literature, evolutionary multi-objective optimization algorithms (EMOAs), such as NSGA-II and
MOEA/D, are reportedly effective in solving problems with two or three objective functions, but poor
performance is observed when they are used to address MaOPs. Algorithmic improvements to EMOAs
are therefore needed for MaOPs. To date, the algorithmic improvements have been made from three aspects: (1) Convergence acceleration: Usually, a new
dominance theory or modified Pareto dominance relationship is developed in this type of algorithms,
and can be significantly enhanced by different con-

3.1 Main motivation and innovation
(1) In the literature, MOEA/D is one of the
most widely used algorithm for solving MaOPs. The
main idea is to combine multiple objectives into one
single objective and solve this proxy objective to
obtain the PF. The three commonly used aggregation methods are the weight sum approach (Miettinen, 2012), the Tchebycheff approach (Jaszkiewicz,
2002) and the penalty-based boundary intersection
approach (Zhang and Li, 2007). One major limitation of the three methods is that the time complexity
of problem solving increases linearly (for the former
method) or non-linearly (for the latter two methods)
with the number of objective functions, thereby limiting the size of problems that can be solved.
(2) For MaOP, the widely used methods for
individual selection include entropy-based methods
(ZHU et al., 2001; CUI et al., 2001), grid-based methods (Zheng et al., 2012) and cluster-based methods
(Onan et al., 2017), among others. Although these
methods can produce desirable population distributions on some specific multi-objective problems, they
generally do not produce an uniform distribution of
the PF on a general MaOP.
(3) In almost all existing MOEA/D algorithms,
the simulated binary crossover operator (SBX) is
used for population update. However, this method
has two limitations: 1) SBX reduces population di-

Zhao et al. / Front Inform Technol Electron Eng

versity. In the early stage of the search, the search
space is usually small. For multi-objective problems
with complex Pareto sets, SBX would probably eliminate population diversity. 2) SBX often leads to
inferior solutions to MOEAs.
Our proposed algorithm differs from existing algorithms in three ways.
• First, we decompose the target space based on
angle decomposition. Based on uniformly distributed unit vectors, the target space is divided into multiple sub-regions, and only the
non-dominated individuals having the smallest
angle with the weight vector will be retained.
Through this update strategy, the PF is decomposed into several fronts, and the PF of each
subregion is linearly approximated without any
aggregation function. This is different from the
aggregation strategy of multiple strategies in
traditional MOEA/D and helps speed up the
calculation.
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3.2 Introduction of the MOIBA/AD strategy
3.2.1 Method of target space decomposition and
population classification
Given a set of uniformly distributed direction vectors λ1 , λ2 , · · · , λN , the optimization target dimension is M , the objective space Y of the
multi-objective optimization problem can be decomposed into Y1 , Y2 , · · · , YN according to formulae (22)
and (23), and the population P op is divided into
P 1 , P 2 , · · · , P N by Eq. (24).


Yi = {F (x) |x ∈ P op, cos F (x) − Z, λf > cos (F (x) −
f 6=g

g

Z, λ )} , f = 1, 2, · · · , N, g = 1, 2, · · · , M
(22)

 λf · (F (x) − Z)T
, ∀f (23)
cos F (x) − Z, λf =
|λf | |F (x) − Z|
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• Second, we developed a strategy to improve
the distribution of the population. We combine the individual dominance relationship with
our proposed population selection and replacement strategy to obtain offspring individuals
with greater diversity.
• Finally, we improve the traditional MOEA/D by
taking advantage of the IBA, which combines
local search with global search. Moreover, we
apply random perturbations to the speed and
position updating in BA, so as to prevent the
search from getting trapped in local optima.
In summary, the MOIBA/D continues the
framework of the traditional MOEA/D algorithm,
that is, the solution space is decomposed by an appropriate decomposition strategy, and the required
PF solution set is finally obtained by constantly updating the initial population (selection and replacement strategies) in the solution space. On the basis
of this framework, to reduce the time complexity of
the algorithm, we adopt the strategy of angle decomposition to the solution space, and on this basis,
we put forward the strategy of population selection
and updating of the solution space based on angle
decomposition. The IBA proposed in this paper is
used in the specific implementation of the population
individual optimization process.

P f = {x|x ∈ P op, cos (F (x) − Z, λf ) >
cosf 6=g (F (x) − Z, λg )} , ∀f, g

(24)

where F (x) represent fitness functions, Z =
(Z1 , Z2 , · · · , ZM ) represent reference points, Zj =
min {fj (x) |x ∈ P op}, and fj (x) is the j th optimization objective function.
In this way, the target space was divided by
angle decomposition and the populations were classified, which was ready for the next update and screening. Taking the two-dimensional target space as an
example, the spatial decomposition diagram is shown
in Fig. 3.
3.2.2 Population selection and replacement strategy
P f (f = 1, 2, · · · , N ) is updated after the population classification is completed to keep only one
individual in each P f that is well divided.
If the sub-region Yf contains an individual in
P f , (1) if only one individual is contained, the individual is retained; (2) if there were more than
one individual, all the individuals were subjected to
non-dominated sorting (Li et al., 2015). The nondominated individual was preferably selected, and
then the individual with the smallest angle with the
non-dominated individual was selected according to
Eq. (25).

P f = x|x ∈ P f , cos (F (x) − Z, λf ) >
cosf 6=g (F (x) − Z, λj )} , ∀f, g

(25)
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If the sub-region Yf did not contain the individuals in P f , the individual corresponding to the target
vector with the smallest angle with λi was selected
from the current population and retained as the representative individual in P f , while the individuals in
the remaining region Yf were discarded. The population update diagram is shown in Fig. 3. In the
subspaces P 1 , P 2 , P 3 , there are multiple individuals
in P 1 and P 3 , but no individual in P 2 . In this case,
P 1 and P 3 make individual selections through nondominated sorting, and the individuals are reserved
as s1 and s2 marked in red. In P 2 , the individual
corresponding to the target vector with the smallest
angle of λ2 is reserved, and the reserved individual
is the s2 marked in red in P 1 .
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for bats is:
ff = fmin + (fmax − fmin )β

(26)

where f = 1, 2, · · · , N , represents an individual in a
bat population.
(1) Improvement of global optimization for bats.
The improved speed update formula is:



 ωv t + ff xt − v ∗ , xt ≻ x̄t , ∀f
f
f
f
f


vft+1 =
(27)
 v t + ff xt − v ∗ , xt ≺ x̄t , ∀f
f
f
f
f

In the algorithm’s iterative process, whether the
position of the current individual is better than the
average value is judged according to the average
value x̄t of all individual positions in the current
bat population; if the position of the current individual is better than the average value, the updating
speed of the first formula in formula (27) is adopted.
Otherwise, the updating speed of the second formula
is adopted. In the first formula, the flying speed
of the bat is added with a disturbance coefficient
ω, ω = ωmax − (ωmax − ωmin ) · iter/itermax , where
ωmax and ωmin represent the maximum and minimum values of the disturbance coefficient, and iter
and itermax represent the current number of iterations and the maximum number of iterations of the
bat population. The velocity variable of the previous generation is multiplied by the velocity coefficient ω to disturb the individual velocity, prevent it
from flying to the local optimum, and keep the algorithm from falling into the local optimum. When
the individual position of the bat is worse than the
population average, the original formula is still used
to update the speed to accelerate the convergence of
the algorithm, which can help the individual in the
disadvantaged position to fly to the optimal position
quickly.
The improved location update formula is:
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Fig. 3 An illustration of the 2-dimensional target
space decomposition. The solution space is decomposed into N regions by N direction vectors, and the
individuals in the solution space are also classified
into N parts, only the first three parts of individuals
are marked and divided, the best individuals in the
first three parts are s1 , s2 , and s3 respectively after
updating.

3.2.3 Optimization method of IBA
The traditional BA is inspired by the echolocation principle of bats looking for targets (Yang,
2011). It controls the bat position and flight speed
by controlling the frequency, loudness and rate of
the transmitted pulses of the bats, which combines
global and local optimization well. To further improve the optimization ability of the algorithm and
maintain the population distribution, the following
improvements are made on the basis of the traditional BA.
In the BA, the frequency adjustment formula

xt+1
= xtf + [Am cos (2πff t)] · vft+1 , ∀f
f

(28)

Compared with the traditional position update
formula of the BA algorithm, the periodic function
is introduced to replace the fixed coefficient value,
which is the amplitude of the trigonometric function, to spread the fluctuations of the bat’s acoustic
frequency to the changes of the bat’s position, so the
bat’s position can be continuously updated, and the
diversity and distribution of the population can be
maintained.

Zhao et al. / Front Inform Technol Electron Eng

(2) Improvement of local optimization for bats.
X t+1 = X t + Āt ⊕ ε

(29)

In the local optimization method, the random
Gaussian disturbance is added, where ε is of the
same order as the current population matrix X t ,
εi ∼ N (0, 1). To avoid excessive fluctuation, Āt represents the average loudness currently emitted by all
bat individuals, and Āt is used to adjust the search
range of εf .
Local optimization and global optimization are
linked by pulse transmit loudness and rate:
At+1
= αAtf , ∀f
f

(30)

rft+1 = rf0 [1 − exp (−γt)] , ∀f

(31)
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3.2.4 Population selection strategy

For individual selection of the updated population of each generation, in addition to the updating
of the individual position and speed according to the
updating strategy in Section 3.2.3, it is necessary to
select and trim individuals according to the size of
the updated population.
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To better explore the sparse region, the individual congestion generated by the local optimization
method according to Eq. (28) is sorted, and then the
individual selection is made. In the global optimization process, the initial selection is first performed
according to Eq. (25)–(28). Next, for the preservation of population distribution, the following selection method based on the unit neighborhood vector
is proposed:
Let λcentre = (λcentre
, λcentre
, · · · , λcentre
),
1
2
M
centre
where λg
is calculated as:
λcentre
=
g


1
λfg1 + λfg2 + · · · + λfgT
T

(32)

where λcentre
(g = 1, 2, · · · , M ) is the g-dimensional
g
component of λcentre , and λf1 , λf2 , · · · , λfT (f =
1, 2, · · · , N ) is the T unit neighborhood vectors of
unit vector λf . In this way, the individual with the
smallest angle with λcentre is selected by Eq. (32),
which greatly improves the population distribution.
A five-dimensional target was taken as an example,
and the selection diagram of the population is shown
in Fig. 4.
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where α, γ represent that rate of change of loudness
and the rate of change of pulse emission, both of
which are constant. Obviously, ∀0 < α < 1, γ > 0,
t → ∞, Atf → 0, rft → rf0 .
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Fig. 4 An illustration of individual selection. We first
select s1 , s2 , s3 and s5 for the regions P 1 , P 2 , P 3 and
P 5 according to Eqs (25)–(28). In region P 4 , there
are no candidate individuals available for selection.
In this case, we used the proposed method based on a
unit neighborhood vector to select s4 as the retained
individual for regions P 1 .

3.3 MOIBA/AD framework for EJTA
The main ideas of the MOIBA/AD algorithm
for solving the EJTA problem are as follows: first, to
realize the population transformation between real
coding and binary coding, that is, the transformation between discrete space and continuous space,
the spatial transformation strategy is adopted, and
the corresponding selection and mutation operators
are designed using the selection and mutation mechanism of the BA. Then, the constraint handling strategy is used to correct the illegal solutions that do not
satisfy the constraints. Finally, by combining these
two operations, the proposed MOIBA/AD algorithm
can be used to solve discrete optimization problems.
3.3.1 Spatial transformation strategy for solving
EJTA
Regarding population initialization in Algorithm 1, we propose a strategy to transform discrete
space into continuous space, rather than apply random initialization, which is the most commonly used
method for creating the initial population. The basic idea of our strategy is to transform the binary
values in discrete space into some intermediate variables, which will then be converted into real values

10
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in continuous space. At the heart of our strategy
is determining an appropriate function for spatial
transformation. Our strategy consists of three steps,
which are shown below.
Step 1: After population initialization, we
choose the sigmoid function as the function for spatial transformation and calculate a value for each
individual by applying this function. The sigmoid
function is given by
1
sig (x) =
1 + e−x

(33)

Step 2: Save all populations in the intermediate
variable P opmid .
Step 3: Transform the intermediate variables into binary values according to xf =

1, sig (xf ) > 0.5
, f = 1, 2, · · · , N .
0, otherwise
With this procedure, the continuous space is
transformed into discrete space.
3.3.2 Constraint handling strategy

φ (X, C) =

X

e
n
u

d=1

sd · gd (X, C)

• Individuals d and e are both infeasible solutions,
and individual d has a lower degree of constraint
violation.
• Individuals d and e are both infeasible solutions
with an equal degree of constraint violation, and
individual d dominates e in the objective function.
3.3.3 Algorithm step
Under the above strategy, the steps of the
MOIBA/AD algorithm proposed in this paper are
as in Algorithm 1.
Algorithm 1

MOIBA/AD


MOP,set of direction vectors λ1 , λ2 , · · · , λN ,
population size N , neighborhood vector λcentre ,
the reference point Z, the maximum number of
iterations itermax , initial loudness of pulse A0 ,
initial pulse emission rate r 0 ,change of pulse
loudness rate α, change of pulse transmission
frequency γ,initial pulse frequency f0 ,maximum
pulse frequency fmax ,minimum pulse frequency
fmin ,individual initial velocity v0 , maximum
and minimum values of disturbance coeﬃcient
of individual velocity ωmax ,ωmin , amplitude of
position disturbance function Am .
Output EP.

Input
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Although the Lagrange multiplier method is
widely used for constraint handling, it is not suitable for the MWTA model(Eichfelder, 2009). In this
paper, the degree of constraint violation is defined as
|s|

in press

(34)

where sd is a coefficient. In this paper, the degrees
of constraint violation are normalized and we have
sd = 1; gd (X, C) denotes the degree to which constraint d is violated by individuals and must satisfy
the following two requirements.
• The degree of constraint violation reflects the
degree to which an infeasible solution deviates
from a feasible solution.
• The degree of constraint violation is linearly
proportional to the distance between an infeasible solution and its nearest feasible solution.
The individual d dominates the individual e
whichever of the four conditions is satisfied.
• Both individuals d and e are feasible solutions,
and individual d dominates e.
• Individual d is a feasible solution, and individual
e is an infeasible solution.

Step1 initializing
Step1.1 set an external noninferior solution EP = ∅
Step1.2 generating N uniformly distributed direction
vectors λ1 , λ2 , · · · , λN , according to the
population size N , number of iterations iter = 0
Step1.3 generate initial population P op (0), initial speed
v0
Step1.4 calculating the Euclidean distance between λi
and λj , i, j = 1, 2, · · · , N , determining T unit
neighbor vectors λi1 , λi2 , · · · , λiT
0
Step1.5 determine an initial
 reference point Z =
0 ,where Z 0 =
Z10 , Z20 , · · · , ZM
j
min {fj (x) |x ∈ P op (0)}, j = 1, 2, · · · , M
Step2 population update
Step2.1 update the individuals in P op (iter) according
to the update strategy of 3.2.2,so that only
one individual is reserved in each divided P i ,
and ﬁnally N individuals are selected
Step2.2 updating the progeny population according
to the formulae (26)–(29), storing the updated N
individuals in EP ,P op (iter) = P op (iter) ∪ EP ,
and updating the reference point
Step2.3 select N individuals from P op (iter) as
P op (iter + 1) according to the selection strategy
in 3.2.4,iter = iter + 1,and update EP
Step3 judge whether iter = itermax is satisfactory, if so,
terminating the algorithm and outputting EP ;
if not, return to Step2

Zhao et al. / Front Inform Technol Electron Eng

3.3.4 Computational complexity of the MOIBA/AD
To further illustrate the efficiency of the algorithm, the analysis of the MOIBA/AD steps show
that its time complexity depends on the construction and generation method of the Pareto optimal
solution set, which mainly comes from updating individuals and reference points in Step 2. In Step
1.4, the Euclidean distance between direction vectors λ1 , λ2 , · · · , λN is calculated, the complexity of

O N 2 , and the complexity in the initialization pro
cess of Step 1 is kO (N · M )+O N 2 . In the process
of population updating, the complexity of updating
individuals and reference points is O (D · N · M · T )
by using the improved BA , where D is the dimension in IBA, T is the number of unit neighbor
vectors, as T ≤ N, M ≤ N , the time complexity
of MOIBA/AD is O (D · N · M · T ), which indicates
that MOIBA/AD is computationally efficient.

4 Experimental Analysis

11

in press

equipment are as follows: up = 0.09, uq = 0.07, ur =
0.07, us = 0.08. In this combat stage, the enemy
electronic target interference value sorting matrix
is a3j (j = 1, 2, · · · , 36). The JSR matrix of different equipment jams enemy electronic targets is
JSRpli j , JSRqim j , JSRrinj , JSRsoi j , (i = 1, 2, 3; j =
1, 2, · · · , 36), the quantity constraints of different
types of ECM equipment are d3p = 10, d3q = 8, d3r =
4, d3s = 5, we will explain the solutions of the above
three parameters in the Appendices.
The following assumptions are stipulated: our
ECMs equipment has enough ability to suppress the
interference of enemy electronic targets in the combat area, different types of ECMs equipment can
only interfere with corresponding types of electronic
targets, and it is invalid to interfere with non-same
types of electronic targets.
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4.1 Test Instance Generation and Parameter
Setting

In this part, the test case construction and parameter setting of the model proposed in this paper are performed. The simulation environment included an i7-8850H CPU processor, 16.0 GB RAM,
Windows 10 operating system, and the MATLABr
R2018a simulation experimental tool.
The parameters envisioned in the test example
are set as follows: The current combat is proceeding to the third stage (k = 3). We have three ECM
groups, and the enemy has a total of 36 electronic
targets of various types. The radar, communication,
infrared, and laser countermeasure equipment sets in
each ECM group are as follows: radar countermea
sure equipment in the 1st group: p11 , p21 , p31 , p41 , p51 ,

in the 2nd group: p12 , p22 , p32 , p42 , p52 , p62 ,in the 3rd

group: p13 , p23 , p33 , p43 ; communication countermea
sure equipment in the 1st group: q11 , q12 , q13 , q14 , in

the 2nd group: q21 , q22 , q23 , q24 , in the 3rd group:
 1 2 3 4 5
q3 , q3 , q3 , q3 , q3 , infrared countermeasure equip
ment in the 1st group: r11 , r12 , in the 2nd group:
 1 2 3

r2 , r2 , r2 , in the 3rd group: r21 , and laser coun
termeasure equipment in the 1st group: s11 , s21 ,

in the 2nd group: s12 , s22 , s32 , in the 3rd group:
 1
s3 . The combat costs of the corresponding electronic targets interfered by different types of ECM

4.2 Constraint handling of EJTA model
Consider radar countermeasure, for example.
The degree of constraint violation for constraints Eq.
(16) is defined by

g1 =

4
X

k=1

max 0,

Li
I P
J P
P

i=1 j=1 l=1

ypli j − dkp

e−1 − dkp

!

(35)

As can be seen from Eq. (35), when the number of countermeasure devices is less than the number prescribed in combat planning, g1 = 0. Otherwise, g1 is directly proportional to the difference
between the number of actual devices and the number of planned devices.
The degree of constraint violation for constraint
Eq. (20) is defined by
 I L
I M
P Pi
P
Pi
g2 =
max 0,
ypli j +
yqim j +
j=1
i=1 l=1
i=1 m=1

Oi
Ni
I P
I P
P
P
ysoi j +
yrin j − Nj
e−1 −Nj
J
P

i=1 o=1

i=1 n=1

(36)

From Eq. (36), we see that, when the number of
countermeasure devices is less than the number prescribed in combat planning, g2 = 0. Otherwise, g2
is directly proportional to the difference between the
number of actual devices and the number of planned
devices.
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4.3 Solution of test examples

4.4 Further Performance Comparison

The following uses MOIBA/AD to solve the
EJTA model. The MOIBA/AD input parameters
are: population size N = 1000, maximum iteration number itermax = 5000, initial pulse loudness
A0 = 0, initial pulse emission rate r0 = 0, pulse
loudness change rate and pulse emission change rate
α = 0.9 and γ = 0.05, pulse initial frequency f0 = 0,
maximum and minimum pulse frequency fmax = 10
and fmin = 0, individual initial velocity v0 = 0, maximum and minimum individual velocity disturbance
coefficient ωmax = 1.2 and ωmin = 0.1, amplitude of
individual position disturbance function Am = 2.

To further analyze the rationality and effectiveness of the algorithm proposed in this paper, the
performance of MOIBA/AD is compared with the
three most popular MOEAs: NSGA-II (AO and
CHI, 2006), MOEA/D (Li et al., 2015) and MOPSO
(Sun et al., 2019). The parameters of MOIBA/AD
are consistent with those in Section 5.2, and the parameters of the three algorithms compared are shown
in Table 1.

After simulation and calculation, the jamming
task allocation of ECM equipment in this combat
mission is shown in Fig. 5. In the figure, the abscissa from left to right indicates the serial number of
enemy electronic targets, and the ordinate from top
to bottom indicates the serial number of our ECMs
equipment (generally arranged in groups, each group
is arranged in the order of radar, communication, infrared and laser countermeasures equipment). The
white and black pigment blocks respectively represent "0" and "1" in the distribution matrix, meaning that the corresponding ECMs equipment "does
not interfere" or "interferes" with the corresponding
electronic targets. Therefore, the EJTA model established in this paper can effectively assign electronic
targets to ECMs equipment, while MOIBA/AD can
successfully solve the model.

Table 1
rithms

Parameter settings for 3 comparison algo-

Algorithm

Parameter setting

NSGA-II

Population size: N = 1000,
Mating pool size: M P = 600,
Termination algebra: itermax = 5000,
Crossover probability: P c = 0.8,
Variation probability: P m = 0.2,
Crossover distribution index: ηc = 1,
Variation distribution index: ηm = 1

MOEA/D

Weight vector number : N = 1000,
Neighbor vector number: T = 20,
Termination algebra: itermax = 5000 ,
Crossover distribution index: ηc = 1,
Variation distribution index: ηm = 1

MOPSO

Weight vector number: N = 1000,
Neighbor vector number: T = 20,
Termination algebra: itermax = 5000 ,
Crossover distribution index: ηc = 1,
Variation distribution index: ηm = 1
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4.4.1 Performance Metrics
Serial number of our electronic countermeasures equipment

Enemy electronic target serial number
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Due to the complexity of the model and the unknown results, this paper selects the following three
indicators as the performance evaluation indicators
of the algorithm.
(1) Hypervolume (HV) (Jiang et al., 2014). The
calculation formula is as follows:
[

|S|
HV = λ
vi
(37)

2

3

q4
5

q
r1
s1

Fig. 5 Interference task assignment matrix of ECM
equipment.

where λ is the Lebesgue measure, vi is the HV
composed of the reference point Z and the nondominated individual P opi (itermax ), and S is the
non-dominated solution set. The calculation process
does not need to know the Pareto optimal frontier,
so it is very practical. Among many evaluation indicators, its monotonicity is good, and the larger the
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Table 2 The corresponding HV, IGD, and MSS values of each comparison algorithm in solving EJTA problems
of two different sizes
Parameter

Scale

MOIBA/AD

MOPSO

MOEA/D

NSGA-II

HV

I = 3, J = 36
I = 6, J = 160

0.5112 +(0.3823 +)
0.5613 +(0.4624 +)

0.4892 +(0.3793 +)
0.5392 +(0.4491 +)

0.1528 -(0.1134 +)
0.4966 -(0.4135 -)

0.1662 (0.1091 )
0.5026 (0.4756 )

IGD

I = 3, J = 36
I = 6, J = 160

0.037 +(0.025 +)
0.054 =(0.013 =)

1.256 -(1.002 -)
0.107 -(0.044 -)

0.088 +(0.061 +)
0.116 -(0.192 -)

0.553 (0.144 )
0.053 (0.008 )

MSS

I = 3, J = 36
I = 6, J = 160

-6.661 +
-11.781 +

-1.761 +
-18.231 +

1.433 +
6.963 +

23.899
24.691

5/0/1(5/0/1)ãĂĂ

4/2/0(4/2/0)ãĂĂ

3/3/0(3/3/0)

ãĂĂ

+/ − / =
∗

"+/ − / ="represents that the test algorithm is superior, equivalent and inferior to the comparison algorithm, respectively;The optimal value of each index data is expressed in bold, with the data outside brackets as the optimal value of the
index and the data in brackets as the average value of the index

value, the better the convergence and distribution of
the algorithm.
(2) Inverted generational distance (IGD) (Sun
et al., 2018). The calculation formula is as follows:
,
X
′
IGD =
d j̄ n
(38)
j̄∈P F ∗
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where d′j̄ = minī∈P op(itermax ) |j̄ − ī|, represents the
minimum Euclidean distance from a point on the
optimal PF to an individual in the final solution
set. IGD can not only reflect the convergence of
the MOEA, but also reflect the distribution and universality of the solution set. The smaller the value
is, the better the convergence, distribution and universality of the algorithm.
(3) Comprehensive performance evaluation index (MSS). This indicator is a further expansion of
the statistical distribution of IGD indicators, and the
calculation formula as:
M SS =

M
1 X Im − µm
M m=1
δm

parameters was added in the index analysis process
to solve the index, and the number of iterations was
expanded to 10000. The parameters are as follows:
number of ECM groups I = 6, number of enemy electronic targets of each type J = 160, and the number of equipment items in the six ECM groups is
set as {6, 5, 4, 4} , {5, 3, 1, 2} , {8, 6, 0, 3} , {2, 8, 1, 4},
{6, 0, 2, 3} , {3, 5, 2, 2} (in order of radar, communication, infrared and laser countermeasure equipment).

(39)

where M is the number of optimization objectives,
representing the IGD value of the evaluation algorithm on the mth optimization objective, and µm
and δm is the mean and variance of the IGD value
of the evaluation algorithm on the mth optimization
objective. Its value can not only reflect the convergence, distribution and universality of the algorithm
reflected by the IGD, but also reflect the statistical
law of the final solution set.
4.4.2 Comparison results and analysis
To make further analysis more convincing and
enrich the experimental results, a model with larger

The comparison results of HV, IGD, and MSS
indexes obtained by simulation are shown in Table
2. It can be concluded that, on the whole, the
performance of MOIBA/AD is superior to that of
the comparison algorithm, and the advantages of
MOIBA/AD are more obvious when the scale of
the EJTA model is expanded.Specifically, on the
HV index and the MSS index , the performance
of MOIBA/AD is better than that of the comparison algorithm, and the effect of the algorithm is
still excellent after the model scale is expanded. On
the IGD indicator, the algorithm still maintains a
good effect on the whole, except that the performance of the algorithm is similar to that of NSGAII after the scale is enlarged. It can also be concluded that when NSGA-II solves large-scale multiobjective problems with a sufficient number of iterations, the algorithm has excellent performance. In
summary, MOIBA/AD achieves five optimal values
in six groups of data under three indicators, which is
very effective in solving the EJTA model.
The average convergence curves of indicators
HV and IGD on two different scale models are shown
in Fig. 6. It can be seen that when solving the
EJTA model with a small scale, the performance of
the three comparison algorithms is unstable. The
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Fig. 6 Average convergence curves of the HV and IGD indexes on two models of different scales, obtained by
a small-scale model with 5000 iterations (a), a large-scale model with 10000 iterations (b), a small-scale model
with 5000 iterations (c), and a large-scale model with 10000 iterations (d).
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Fig. 7 The PF of the optimization objective and illustration of parallel coordinates of the non-dominated
fronts on two different scale ECMJTA models, obtained by a small-scale model with 5000 iterations (a)–(h)
and a large-scale model with 10,000 iterations (i)–(p).
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convergence rates of NSGA-II and MOEA/D in the
HV index are too slow, and the index still fails to
converge when the maximum number of iterations
is reached. The convergence rates of NSGA-II and
MOPSO in the IGD index are too slow, and are more
than 2000 generations later than the comparison algorithm. However, MOIBA/AD shows good index
convergence when solving the EJTA model, regardless of the large or small scale.
In the simulation process, when the four algorithms solve the EJTA models of two different sizes,
the PF of the optimization objective and illustration
of parallel coordinates of the non-dominated fronts
on two different scale EJTA models are shown in Fig.
7. It can be seen that the diversity and convergence
of MOIBA/AD are better than those of NSGA-II,
MOEA/D and MOPSO when solving the small-scale
EJTA model. NSGA-II has poor diversity and convergence, MOEA/D has good diversity and poor convergence, and MOPSO has poor diversity but poor
convergence. When solving large-scale EJTA models, the diversity and convergence of MOIBA/AD
are better than those of NSGA-II, MOEA/D, and
MOPSO. However, the diversity and convergence of
the remaining comparison algorithms are greatly improved.
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mum, the population renewal effect of the algorithm
is effectively improved. Finally, MOIBA/AD is compared with three MOEAs, NSGA-II, MOEA/D, and
MOPSO to solve two EJTA models with different
scales. The comparison of performance indexes indicates that MOIBA/AD has good population convergence and distribution.
In conclusion, MOIBA/AD can effectively and
efficiently solve EJTA models of different sizes, and
provide decision recommendations for the ECM commander in the combat process.
The EJTA problem proposed in this paper is
actually an extension of the Static Weapon Target
Allocation (SWTA) problem, that is, the influence
of combat time on allocation results is not considered. However, we did not consider the case of uncertainty in the real dynamic environment. We will
learn from modeling and solving method of Dynamic
Weapon Target Allocation (DWTA) problem, and
further expand the EJTA problem, so the research on
this problem will be closer to actual combat in the future. We will also research the effect of MOIBA/AD
in solving other combination optimization problems,
and apply it to more fields and problems.
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5 Conclusion and future work

In modern war, ECM is no longer just a single
piece of equipment or a single group participating.
It is closely matched with the synthetic team and divided into different groups, which has brought great
challenges to the commander’s ability and quality. In
this study, to solve this problem, we established the
electronic jamming task assignment (EJTA) model.
This problem is a complex multi-objective combinatorial optimization problem with the characteristics
of multi-decision variables and multi-objective functions.In this paper, we propose a multi-object improved bat algorithm optimization based on angle
decomposition (MOIBA/AD) to solve this problem.
This algorithm improves the MOEA/D by changing
the aggregate function strategy used by MOEA/D
to the strategy using angle space decomposition,
thus greatly reducing the computational complexity. Moreover, the population renewal strategy is improved through the optimization of the IBA, considering that the IBA cannot easily enter the local opti-
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Fig. A1 Set the process and content of the ECMs
operations concept.

A dynamic Bayesian network was established
for the enemy electronic target, and the interference
value evaluation index of the electronic target was
represented under each time node. The interference
value evaluation index system is shown in Fig. 9.
Using the conditional probability of connection between nodes (not listed again), the interference value
of each enemy electronic target in different combat
stages (akj ) can be obtained by Bayesian formulas
(A1) and (A2).
The joint probability distribution of k is:
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Fig. A2 Set the process and content of the ECMs
operations concept.

P (1, 2, 3, 4) =

4
Y

k=1

P (k|ptj (k))

(A1)
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P tj (k) represents the probability values of all
parent node sets of i.The edge probability of each
node i is expressed as:
X
P (k|ptj (k))P (ptj (k))
(A2)
P (k) =
j=2,··· ,2J

B. Jamming effect (jamming to signal ratio)
matrices JSRpli j , JSRqim j , JSRrinj , JSRsoi j
The jamming effect of ECM is calculated based
on the JSR. With the anti-jamming effect matrix
of a radar pair as an example, JSRpli j represents
the "jamming-to-signal ratio of the i group pli radar
jammer vehicle jamming the j th enemy target." The
calculation formula is:

(JSR)pl j =
i

where

Pprjl j
i

Pprjl j
i
Pjrs

Pj,pl Gj,pl Gt,jpl (θ)λ2j γj
i

i

i

(4π)2 R2

=

j,pl j
i
Pt,j G2t,j σj λ2j
(4π)3 R4t

· Bprjl j
i

antenna main lobe direction gain, σj is the effective
reflection area of the j th enemy target when detecting our targets, and Rj,pl j is the distance between
i

radar jamming equipment pli and the j th enemy target.
After obtaining the battlefield data above, the
JSR values of the four types of ECM equipment
against different targets can be obtained.
C. Quantitative requirements for radar, communication, infrared and laser countermeasure equipment: dkp , dkq , dkr , dks
According to the four combat stages, a fourlayer planning model of the ECMs equipment requirements was established.
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(A4)
The description of the constraint condition
(k) (k)
(k)
g1 , g2 , · · · , gm ≤ 0 is omitted here. After the
model is solved, the quantity requirements of different types of ECM equipment at different stages can
be obtained.
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(A3)
is the jamming power received by the tar-

get receiver when the radar jammer pli jams the j th
enemy target, Pjrs is the signal power received by the
j enemy target, Pj,pli is the transmit power of the pli
radar jammer, Gj,pli is the main lobe direction gain
of the antenna of radar jammer pli , Gt,jpli (θ) is the
gain of the j enemy target in the jamming direction
of radar jammer pli , θ is the angle between the line
connecting the enemy detection target and the j th
enemy target and the line connecting our radar jamming equipment pli , Rt,j is the distance between the
j th enemy target and its target, Bprjl j is the band-
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width alignment of both sides, Pt,j is the j th enemy
target transmit power, Gt,j is the j th enemy target

