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Abstract
There are massive data and rapidly changing battle�eld situations in modern electronic warfare, which is
a challenge to jamming resource allocation. It is di�cult for the existing optimization algorithms to
balance optimization capability and calculation speed at the same time. To solve this problem, this study
proposes an improved genetic selection electronic warfare operator hyperheuristic (GAEWHH) algorithm.
As an emergent optimization algorithm, the hyperheuristic (HH) framework has not previously been
applied to the problem of jamming resource allocation. This is a two-level algorithm framework that can
isolate problem domains. The high level uses an improved genetic algorithm to search the heuristic
space, and four electronic warfare operators (EWOs) based on the problem domain are designed for the
low level to search the solution space. Combining different EWOs can change the population diversity,
evolution direction and algorithm complexity of the GAEWHH algorithm, which improves the algorithm
performance to meet battle�eld situation requirements. The experiment shows that for large-scale
problems, the GAEWHH algorithm is better than the mainstream evolutionary algorithm in terms of
optimization capability and better than Google OR-Tools in terms of calculation speed. In this way, the
GAEWHH algorithm achieves a balance between optimization capability and calculation speed.

1 Introduction
Jamming is an important part of electronic warfare, and the allocation of jamming resources directly
affects the overall jamming effect, which has always been a key research topic in the �eld of electronic
warfare1. With the development of weapons and equipment, there are more types of electronic warfare
equipment, larger data scales, and higher real-time requirements, imparting higher requirements for the
allocation of jamming resources2, 3.

Solving the jamming resource allocation problem generally includes two aspects. First, the actual
jamming resource allocation task is reasonably simpli�ed and transformed into a combinatorial
optimization problem. Second, the combinatorial optimization problem is solved by an optimization
algorithm, which is equivalent to solving the jamming resource allocation problem. An optimization
algorithm applied to this problem needs to balance the optimization capability and calculation speed
because combat involves both aspects. Better allocation of jamming resources than the enemy brings
better electronic optimization results, and faster calculation speed accelerates the combat OODA loop,
which gains battle�eld advantages4, 5. Therefore, it is not necessary to obtain the global optimum for the
optimization algorithm. An optimization algorithm that balances the calculation speed and optimization
results is su�cient to adapt to the battle�eld environment.

There are different ways to transform the jamming resource allocation problem into a combinatorial
optimization problem (COP)6, which is related to equipment properties and tactics. The radar network
system, which is widely used instead of single radar, connects the sensors in the battle�eld to each other,
making the topology structure more complex7. The corresponding combat model exhibits multilevel and
distributed characteristics8, 9. The concept and technology of cognitive radar are developing rapidly.
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Compared with traditional radar, cognitive radar has faster and more changeable signal patterns and
stronger capabilities and can adaptively manage combat resources, thereby making operations
intelligent, which also changes the equivalent combat model10–12.

COPs include vehicle routing problems13, job shop scheduling problems14, packing problems15 and
problems in other application �elds. The COP of jamming resource allocation is a kind of packing
problem and is also an NP-hard problem. Traditional algorithms such as the Hungarian algorithm16, zero-
one programming17, fuzzy multiattribute dynamic programming18 and close degree19 are suitable for
solving small-scale jamming resource allocation problems. Along with the fast development of cognitive
electronic warfare20, mosaic warfare21, multidomain warfare22 and other tactics, jamming resource
allocation faces the search space explosion problem. Traditional optimization algorithms cannot meet
the calculation speed requirement of the battle�eld. Therefore, researchers have turned to various
intelligent optimization algorithms. In a study conducted by Jiang et al.23, a hybrid quantum-behaved
particle swarm optimization and self-adjustable genetic algorithm (HQPSOGA) was employed to solve
jamming resource allocation, which effectively generated a better overall jamming capacity. Zhang et
al.24 used particle swarm optimization (PSO) to solve the optimization problem transformed by joint
jamming beam selection and power allocation (JJBSPA), which veri�ed the JJBSPA strategy.

However, these traditional heuristics are usually de�ned for a particular problem domain. If the model,
scene or problem domain changes, the heuristic may perform poorly. Hence, these traditional heuristics
are problem speci�c. A hyperheuristic (HH) framework working in the heuristic space rather than the
solution space can provide more generalized solutions to the COP. The HH framework is a two-level
framework corresponding to two search spaces, of which the high level (HL) is the heuristic space and
the low level (LL) is the solution space25–27. Thereby, this framework isolates the problem domain. The
HL of the HH framework directly employs proposed heuristics in other applications, and LL heuristics that
are problem dependent are designed by �eld experts. The HH framework performs well and has been
widely used in various optimization �elds for nearly 20 years28. In a study by Zhang et al.29, a new
genetic-based HH algorithm was employed to solve the optimization problem in cloud manufacturing.
Vela et al.30 used squared hyperheuristics to solve the job shop scheduling problem and demonstrated
the �exibility of this algorithm.

At present, few studies have been performed on the use of the HH framework in the jamming resource
allocation problem. This paper proposes a genetic selection electronic warfare operator hyperheuristic
(GAEWHH) algorithm based on the HH framework to solve jamming resource allocation, which aims to
balance optimization capability and calculation speed. The following section presents the jamming
resource allocation model. The HH framework and the GAEWHH algorithm designed based on this
framework are introduced in Section 3. Section 4 describes a contrast experiment and performance
analysis based on the GAEWHH algorithm. Section 5 summarizes the �ndings and further possible
extensions of this study.
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2 Jamming Resource Allocation Problem

2.1 Problem Description
The task of jamming resource allocation is to formulate a strategy that determines the correspondence
between jammers and radars. The goal of jamming is to maximize the whole effect. The working modes
of electronic warfare equipment can be divided into three types according to the number of relevant
participants, namely, one-to-one, many-to-one and one-to-many, which are analyzed separately below31.

Assume that there are m jammers and n radars in the battle�eld. A one-to-one model means that there
exists a one-to-one correspondence relationship between jammers and radars, namely, one jammer can
interfere with only one radar, and one radar is interfered with by only one jammer. Therefore, m = n.

A many-to-one model means that one radar is jammed by many jammers at the same time. Blinking
jamming generally involves two jammers working together to jam a radar. Distributed noise jamming
generally occurs when more than two jammers cooperate to jam a radar.

In the one-to-many model, one jammer jams multiple radars at the same time. Distant support jamming in
air-to-ground warfare uses noise jamming, which has high power and a wide range to jam multiple radars
on the ground. Another example is the jammer using phased array technology, which jams many radar
targets by multiple beams.

The one-to-one model is the general model. The one-to-many or many-to-one working mode can be
transformed into an equivalent one-to-one model according to combat scenarios, spatial position
relationships, equipment types and other speci�c situations. Therefore, this paper considers a one-to-one
equivalent model.

2.2 Model Assumptions
Electronic warfare is complex and has changed rapidly. To build mathematical models and analyze the
problem, the following three reasonable assumptions are proposed.

First, we assume that the information on all jammers and radars in the battle�eld is known. This is
di�cult to do in a real war because both sides of the war are trying their best to hide their information.
Although battle�eld information is asymmetric, in speci�c local scenarios, more comprehensive
information can be obtained through reconnaissance activities.

Second, the analyzed equipment parameters are unchanged in a time window. The battle�eld information
changes rapidly over time. For the convenience of analysis, we assume that the parameters remain
unchanged in a small space range and over a short period of time.

Third, we establish a one-to-one model; that is, the number of equivalent jammers and equivalent radars
are equal. According to the previous analysis, both the one-to-many model and the many-to-one model
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can be transformed into a one-to-one model.

2.3 Mathematical Model
Assume that the jamming bene�t matrix E consists of m jammers and n radars.

1
where eij represents the jamming effectiveness between the i-th equivalent jammer and the j-th equivalent
radar.

The objective function is de�ned as follows:

2
The purpose is to �nd the maximum value of the objective function, where xij is the weight between the i-
th equivalent jammer and the j-th equivalent radar.

The constraint conditions are the following formulas:

  (3)

In this way, the problem of jamming resource allocation is transformed into the COP. The decision
variable is xij, a value of 0 indicates that the i-th equivalent jammer does not jam the j-th equivalent radar,
and a value of 1 indicates that jamming is implemented.

3 Hh Framework
The HH framework is categorized into four classi�cations, namely, selection perturbative, selection
constructive, generation perturbative, and generation constructive27. The GAWEHH algorithm in this study
is a type of selection constructive algorithm.
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Pillay et al.27 introduce a general mathematical framework for describing the HH framework. Therefore,
the GAEWHH algorithm in this paper is described by this mathematical model, and the two-level
framework is presented in Fig. 1.

The HH framework includes HL con�gurations and LL con�gurations.

HL con�gurations:

P - The optimization problem domain of the HL, which is problem independent.

h – The HL heuristic con�guration and solution of P. Here, h* is the best of h, and H is the search
space of h.

L - A set of LL heuristics.

HLH - The HL heuristic algorithm that creates h on L.

F(h)->R The objective function of the HL used to evaluate the corresponding performance.

LL con�gurations:

p - An optimization problem for a particular problem domain.

s - The solution of p. Here, s* is the optimal solution, and S is the solution search space.

f(s)->R - An objective function used to evaluate the performance.

M: f(s)->F(h) - A mapping function from f to F.

Figure 1 shows the working process of the HH framework. In the LL, s is a solution of p and belongs to
the set S. The optimal solution is s*. The function f maps s to a value that is used to evaluate the quality
of s and takes an extreme value at s*. In the HL, h is a solution of P and belongs to the set H. The optimal
solution is h*. The function F maps the solution h of the HL to a value F(h) used to evaluate the quality of
h and takes an extreme value at h*. The set of LL heuristic operators L can map h to s. The algorithm
HLH in the HL constructs h from the set L by executing a series of operations. All h constitute the
heuristic search space H. In this way, each h can obtain the corresponding s. The function of mapping M
is to map the LL f(s) to the HL F(h), that is, F(h) = M(f(s)) or M: f(s)->F(h). Thus, the HL and LL are
connected. In fact, the distinction between M, F, and f is convenient only to formally describe the HH
framework. In practical applications, M and F can be omitted, and f is used instead.

In the HH framework, the HL plays a leading role. Therefore, the change in F(h) re�ects the optimization
direction of the HH framework. When h* is found by HLH in H, s* is obtained in the corresponding
solution space S.

4 Gaewhh Algorithm Based On The Hh Framework
Based on the general HH framework in the previous section, the GAEWHH algorithm is innovatively
designed for the jamming resource allocation problem. The HL uses an improved genetic algorithm to
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search the heuristic space by genetic operations. EWOs are heuristics that are problem domain
dependent. The main work of this research is to design four EWOs related to the electronic warfare �eld,
which constitute the LL algorithm framework. In addition, the HL part is improved to suit the EWOs. The
pseudocode of the GAEWHH algorithm is provided in Fig. 2.

4.1 HL Con�gurations in the GAEWHH algorithm
Figure 3 shows the pseudocode of the HL. An improved genetic algorithm (GA) is used as the HLH in the
HL. There are two main differences between the improved GA and the traditional GA. First, the
chromosome of the traditional GA is a �xed length, while the chromosome length of the improved GA in
this study can be changed. Second, the traditional GA is problem dependent, directly searching the
solution space, and the chromosome itself is the solution of the problem. The improved GA searching the
heuristic space is problem independent, and the chromosome is not the solution. Then, the replication,
mutation and crossover operations of the improved GA are introduced in detail.

Replication

Roulette wheel selection is used to choose a parent chromosome from the population and then copy it.
This is the same as the traditional GA replication operation.

Mutation

A chromosome is selected in the population by roulette wheel selection. We randomly select a gene on
this chromosome as the mutated gene and then change it. This process is different from traditional
genetic algorithm mutation, which acts on the problem domain. Chromosomal encoding is determined by
the problem, and genes in the chromosome are thus the variables of question. In the HH framework, the
chromosome of the improved GA is a combination of LL heuristic operators. Genes are heuristics that act
on the problem domain.

Crossover

Tournament selection is used to choose two chromosomes as parents. One gene is randomly selected as
the crossover point in each parent, and two offspring are generated. To ensure that all chromosomes are
the same length, the two crossover points of the traditional GA are in the same position. However, the two
crossover points of the improved GA are generally not the same, which results in different lengths of the
two offspring. The improved GA is more �exible than the traditional GA.

4.2 LL Con�gurations in the GAEWHH algorithm
This section describes the key work of this study. The heuristic space is searched with the improved GA in
the HL, and the heuristic combination h is obtained. In the LL, h needs to be decoded by the set of
heuristic operators L to obtain the solution s of the problem domain p. Field experts need to design a
heuristic operator for the set L according to the characteristics of the problem, which is related to the
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optimization ability of the HH algorithm. In this study, four heuristic EWOs are designed for set L
according to the characteristics of jamming resource allocation. Then, the �tness function f(s) of the
solution s is designed on Formula (2), which is also the evaluation function in the HL. The algorithm
process is presented in Fig. 4.

The heuristic operators in set L ensure not only optimality and the selection of better individuals in the
population but also diversity of individuals so that the algorithm does not fall into a local optimum. Four
EWOs were designed in this study, as described in detail below.

Best operator (B) - A global optimization operator that selects the best jammer–radar combination from
all the available radars and jammers. The algorithm complexity of this operator is O(n^2).

First operator (F) - A local optimum operator that selects a jammer from the available jammers to jam the
current radar so that the jamming effect for the current radar is the best. The algorithm complexity of this
operator is O(n).

Suboptimal operator (S) - A local search operator. For the currently jammed radar, we select a jammer
with the suboptimal jamming effect from the available jammers to jam it. The algorithm complexity of
this operator is O(2n).

Random operator (R) - A jammer is randomly assigned to jam the current radar. This operator introduces
random selection, thus guaranteeing diversity. The algorithm complexity of this operator is O(n).

The design idea of these operators is analyzed below. The B and F operators search the solution space
from the global and local perspectives, respectively, which can search for excellent individuals from the
population. The S and R operators are also necessary. Although they cannot search for the optimal
individual, they can increase the diversity of the population. If only the B and F operators are used, the
population loses diversity, which causes the algorithm to fall into a local optimum. If only the S and R
operators are used, the population can maintain diversity, but there is a lack of excellent individuals in the
group, which causes the algorithm to converge slowly or fail to converge. The following experiments
verify that this idea is reasonable.

4.3 Move Acceptance Techniques
The hill climbing algorithm used in this study to accept offspring is an effective acceptance technique.
The offspring produced in each iteration may be better or worse than the parent. To improve the
evolutionary direction, the hill-climbing algorithm is used to accept the offspring. If the offspring is better
than its parent, the offspring is returned; otherwise, the operation is repeated. If the speci�ed iteration limit
is exceeded, the last offspring is returned.

5 Experiment And Analysis

5.1 Experimental Environment and Con�guration
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Hardware con�guration: 4.0 GHz, 4-core CPU, 8 GB memory.

The parameters of the GAEWHH algorithm are listed in Table 1.

Table 1
Parameters of the GAEWHH

algorithm
Parameter Value

Population Size 150

Tournament Size 5

No. of Generations 50

Mutation Rate 0.75

Crossover Rate 0.25

Initial Max. Length 10

Offspring Max. Length 20

Mutation Length 5

Iteration Limit 30

5.2 Methodology
Due to the different results of the evolutionary algorithm each time, the GAEWHH algorithm is evaluated
by the Monte Carlo method, which is a type of statistical method.

In the experiment, 8 algorithms are compared to analyze their performance. There have been many
studies on large-scale combinatorial optimization problems, from which we select two representative
algorithms. First, OR-Tools developed by Google is a stable and effective optimization algorithm, which
has been veri�ed by a large number of experiments. Second, PSO is a typical evolutionary algorithm that
is a hotspot of current research. Finally, based on the four EWOs, six operator combinations are designed
for the LL, and the performance of these combinations is analyzed.

5.3 Data Sets
This study conducts experiments on data sets of different scales to examine the computational speed
and optimality of the algorithm. To illustrate the experimental results, three groups of typical experimental
data are displayed, namely, Data Set 1 (5×5), Data Set 2 (10×10), and Data Set 3 (400×400). Data Set 1
and Data Set 2 are reserved for comparison with the existing literature, and Data Set 3 is the maximum
data scale allowed by the experimental equipment of this study.

5.4 Results and Analysis
The results of the comparative experiment are presented in Fig. 2.
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Figure 5 consists of 9 subgraphs in 3 rows and 3 columns. Each column presents the results of the
different data sets. The �rst row of subgraphs presents the convergence rate of the different algorithms
to solve the problem. The second row shows the optimization capability of the algorithms. The third row
presents the running time of the algorithms, which is used to analyze the complexity. Therefore, the
experiments are analyzed from three aspects, namely, the convergence rate, optimization capability and
algorithm complexity.

5.4.1 Convergence Rate
Convergence speed is one of the indicators for evaluating evolutionary algorithms; here, OR-Tools is not
considered. The �rst row of subgraphs shows that when the data scale is relatively small, all algorithms
can converge quickly. As the data scale grows, evolutionary algorithms require more iterations to
converge. The average number of iterations of the GAEWHH algorithm, which includes FBSR, FSR, F, B, S
and R, is less than 50, and the average number of iterations of the PSO algorithm is more than 150.
Therefore, the convergence speed of the GAEWHH algorithm is generally better than that of PSO.

The main reason for this phenomenon is that operators in the HH framework can be �exibly designed for
the LL according to the problem domain without compromising for the HL. Thus, the HH framework can
better search the problem space. In the design of traditional heuristics, it is necessary to consider both the
search behavior characteristics and the coding method of the problem domain. Therefore, the
convergence ability of the HH framework is not worse than that of traditional heuristic methods.

5.4.2 Optimization Capability
The optimization capability is the most important index to evaluate the optimization algorithm. The
results of each running of the evolutionary algorithm are generally different. Experiments were repeated
and analyzed by statistical methods. Table 2 shows the results of 100 repeated experiments.

In the table below, a represents the mean, B represents the maximum value, and C represents the standard
deviation.
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Table 2
Optimization Capability

  Data Set 1 Data Set 2 Data Set 3

  VA VM Vs VA VM Vs VA VM Vs

PSO 3.65 3.65 0.00 7.05 7.26 0.10 7063.46 7360.14 91.23

OR-Tools 3.65 3.65 0.00 7.26 7.26 0.00 11947.90 11947.90 0.00

FBSR 3.65 3.65 0.00 7.26 7.26 0.00 11876.86 11884.15 2.41

FSR 3.65 3.65 0.00 7.15 7.26 0.08 11846.20 11854.49 4.06

F 3.65 3.65 0.00 6.71 6.71 0.00 11812.36 11812.36 0.00

B 3.51 3.51 0.00 6.95 6.95 0.00 11851.68 11851.68 0.00

S 2.75 2.75 0.00 5.62 5.62 0.00 11650.63 11650.63 0.00

R 3.65 3.65 0.00 7.03 7.26 0.10 6704.33 6840.56 47.52

Here, VA is the mean value, VM is the maximum value, and Vs is the standard deviation.

As illustrated in Table 2, the best solution is found each time on Data Set 1 by the six algorithms, namely,
PSO, OR-Tools, FBSR, FSR, F, and R. Because of the problem of falling into the local optimum, the
GAEWHH algorithm with the B or S operator does not obtain the best solution. In the test of Data Set 2,
only the OR-Tools and FBSR algorithms can obtain the global optimal solution every time they run. The
PSO, FSR, and R algorithms can �nd the optimal solution in multiple runs, and the results �uctuate. The
mean value of the FSR algorithm is better than that of PSO and more stable. In the third group of large-
scale test data, only OR-Tools can obtain the global optimal solution, the optimization performance of
FBSR and FSR is slightly weaker, and the mean and stability of FBSR are better than those of FSR. The
mean value of PSO is small, and the results are unstable. In the third group of large-scale test data, only
OR-Tools can obtain the global optimal solution, the optimization performance of FBSR and FSR is
slightly weaker, and the mean and stability of FBSR are better than those of FSR. The mean value of PSO
is small, only slightly better than that of the R algorithm, and the solution of each run is not stable.

Three sets of experiments show that evolutionary algorithms can �nd optimal solutions in small-scale
problems but generally cannot �nd optimal solutions in large-scale problems and use feasible solutions
instead. In large-scale problem solving, the optimization ability of the GAEWHH algorithm is
approximately 1.6 times that of PSO and can reach 99.4% that of OR-Tools. The repeatability of the
GAEWHH algorithm is also much better than that of PSO.

Table 2 also shows that the design of LL heuristic operators has a great in�uence on the optimization
capability. The optimization capability of combining the four EWOs is always better than that of using
one EWO alone, which proves that the design of the EWO is reasonable. The B and F operators search the
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solution space from the global and local perspectives, respectively, which can search for excellent
individuals from the population. The S and R operators can increase the diversity of the population.

5.4.3 Algorithm Complexity
The algorithm complexity is analyzed by counting the running time of different algorithms to repeatedly
solve the optimization problem. The statistical results are presented in Table 3.

Table 3
Time consumption statistics

  Data Set 1 Data Set 2 Data Set 3

  VA VM Vs VA VM Vs VA VM Vs

PSO 0.464 0.636 0.019 0.468 0.717 0.026 8.250 8.400 0.047

OR-Tools 0.001 0.003 0.000 0.003 0.008 0.001 130.050 139.392 1.032

FBSR 0.055 0.157 0.016 0.101 0.234 0.019 1076.481 1096.387 8.277

FSR 0.052 0.140 0.014 0.086 0.181 0.015 47.146 48.468 0.563

F 0.047 0.145 0.014 0.073 0.156 0.014 43.669 46.486 0.317

B 0.052 0.133 0.014 0.098 0.186 0.015 1460.057 1463.537 1.810

S 0.052 0.220 0.021 0.080 0.171 0.016 58.394 58.927 0.175

R 0.058 0.125 0.012 0.100 0.192 0.016 45.297 46.266 0.308

Table 3 and the third row in Fig. 2 show that the GAEWHH algorithm and PSO as evolutionary algorithms
need population iteration operations, and the computation time is longer than that of OR-Tools in the
small-scale data set. However, the speed advantage of the evolutionary algorithm emerges in the large-
scale Data Set 3. Then, the difference in the time consumption between the GAEWHH algorithm and PSO
is explained. The GAEWHH algorithm is associated with the HH framework and is problem independent.
The PSO algorithm is dependent on the problem, and it uses decimal encoding speci�cally for the
problem domain to adapt it to the PSO search mode. Therefore, in large-scale data sets, PSO takes less
time than the GAEWHH algorithm with the same iterations. However, in small-scale data sets, the
calculation work is low, and PSO mainly spends time in the data preparation stage, which takes longer
than the GAEWHH algorithm.

The LL of the GAEWHH algorithm includes six EWO combinations, namely, FBSR, FSR, F, B, S and R. The
time consumption of different operator combinations in the three experiments is consistent with the
theoretical analysis of the EWO complexity. Taking the experiment of Data Set 3 as an example, the
algorithm complexity of the B operator is the highest, which is O(n^2), and takes the longest time with a
mean time of 1460.057 s. The algorithm complexity of the S operator is O(2n), which is much less time
consuming at 58.394 s than the B operator. The algorithmic complexity of the F and R operators is O(n),
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and the corresponding running time is also smaller than (but similar to) that of the S operator but. FSR is
a mixture of three operators, whose algorithm complexity is greater than O(n) but less than O(2n). The
running time of FSR should also be shorter than that of the S operator and longer than that of the F or R
operator. The experimental results support this conclusion. Similarly, the algorithm complexity of FBSR is
greater than O(2n) but less than O(n^2), and the time consumption should be slightly less than that of the
individual B operator. Because of the characteristics of the evolutionary algorithm, the solutions of each
run are different; that is, the heuristic combinations are different. The algorithmic complexity of the B
operator is much larger than that of other operators, which causes great �uctuations in the running time
with a standard deviation of 8.277 s. The experiment also re�ects this feature. Therefore, the
experimental results are consistent with the algorithmic complexity of the theoretical analysis.

5.5 Experimental Summary
The GAEWHH algorithm can effectively solve the jamming resource allocation problem. The convergence
rate of this algorithm is not worse than that of the common heuristic algorithms.

In this study, four LL heuristic EWOs, namely, F, B, S, and R, are �rst proposed for jamming resource
allocation. The EWOs can e�ciently search the problem domain, and the optimization capability of
combined operators is better than that of the individual operators.

The running time of the GAEWHH algorithm is related to the algorithmic complexity of the LL operator
combination. The complexity of the LL operator combination is between that of the minimum-complexity
operator and the maximum-complexity operator. The appropriate operator combination is selected
according to the problem demand. For example, in the large-scale Data Set 3, choosing a combination of
FSR operators can well balance optimization capability and calculation speed.

6 Conclusion
This study is the �rst to extend the HH framework to jamming resource allocation for electronic warfare.
No relevant previous studies have been found thus far. The proposed GAEWHH algorithm can effectively
solve the jamming resource allocation problem. Four problem-dependent EWOs are designed for the LL,
namely, B, F, S and R. Among them, the B and F operators improve the evolutionary direction, and the S
and R operators increase the diversity of the population.

The GAEWHH algorithm uses a two-level framework, which allows domain experts to focus on LL
heuristic operator design for the problem domain and select the mature and proven HLH algorithms for
the HH framework. This feature facilitates the rapid development of the optimization algorithm.

The GAEWHH algorithm can effectively balance the optimization capability and calculation speed of the
optimization algorithm when solving large-scale problems. However, once the traditional optimization
algorithm is developed for a speci�c problem, its optimization capability and calculation speed are �xed
and cannot be changed �exibly. The jamming resource allocation problem always needs to �exibly adjust
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the performance of these two aspects according to the battle�eld information. Therefore, the GAEWHH
algorithm is suitable for the problem.

The HH framework enables a novel and rapidly developing algorithm, but its application in electronic
warfare is still lacking. The GAEWHH algorithm is a type of selection constructive algorithm of the HH
framework. Future work is planned that will involve other applications of the HH framework in this �eld
and improve the mathematical model of jamming resource allocation to make it more suitable for the
actual battle�eld.

Declarations
Data availability

All data generated or analyzed during this study are included in this published article and its
supplementary information �les.
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Figures

Figure 1

Two-level framework of the HH framework
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Figure 2

Pseudocode of the overall algorithm

Figure 3

Pseudocode of the HL algorithm framework
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Figure 4

LL algorithm framework

Figure 5

Comparative experiment of the 8 algorithms
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