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ABSTRACT: In this paper, the Hybrid Grey Wolf and Improved Bat Optimization Algorithm (HWIBO) is proposed to reduce the peak
sidelobe level (PSLL) of linear symmetric array synthesis with aperture and element spacing constraints. The HWIBO utilizes both the
Grey Wolf Optimization (GWO) and Improved Bat Algorithms (IBA) simultaneously to optimize PSLL. Each iteration generates two
sets of results, and the optimal result is chosen for the next loop. Compared to other algorithms used in simulation of antenna sidelobe
suppression, the HWIBO not only inherits the fast convergence advantage of the IBA which enhances population diversity but also
possesses the strong global search capability of the GWO. This helps the IBA escape local optima and strengthens the global search
capability during the later stages of algorithm iterations. Finally, the simulation results demonstrate the successful reduction of PSLL
under various constraints, confirming the effectiveness of the hybrid algorithm.

1. INTRODUCTION

The research on linear array antennas with randomly dis-
tributed elements started in the 1960s. They have demon-

strated their significance in various engineering applications,
particularly in ground radar and satellite communications [1].
A nonuniform linear array is generally divided into two types:
thinned arrays and sparse arrays. Comparedwith thinned arrays
that achieve thinned layout by zeroing or not using part of the
array elements, sparse arrays have higher degrees of freedom
and can more effectively reduce the PSLL, so it has attracted
wide attention [2]. Optimizing the positions of complex array
elements in a random distributed array has always been a chal-
lenge. In the past decades, researchers have put forth various
algorithms to achieve a smaller PSLL, such as differential evo-
lution algorithm and its improvement [2, 9], dynamic program-
ming [3], ant colony optimization [4], binary particle swarm
algorithm [5], genetic algorithm and its improvement [6–8].
The Bat Algorithm (BA) is a heuristic search algorithm pro-

posed in 2010, which is based on swarm intelligence [10]. BA
can rapidly discover the optimal solution and enhance local
search by generating novel solutions through random flights
around the optimal solution. However, it also has some de-
fects, such as excessively rapid convergence and a tendency to
get trapped in local minima. To overcome these shortcomings,
[11] uses interval type-2 fuzzy logic to change the parameters
of BA and help the algorithm to jump out of local minimum cy-
cles. Ref. [12] improved the bat algorithm by incorporating a
dynamic local search strategy, which enhanced the population
diversity of BA and effectively reduced the PSLL.

* Corresponding author: Jiao Zhang (zhangjiao@sxu.edu.cn).

TheGWOwas first proposed in 2014 [13]. The algorithm ex-
hibits remarkable proficiency in global optimization and rapid
convergence, but it also has weak local search ability and poor
algorithm stability.
Each algorithm comes with its own set of pros and cons. Hy-

brid algorithm can combine the advantages of algorithms and
compensate for the shortcomings. In this paper, we combine
GWO [13] and IBA [12] to optimize the element spacing of
linear sparse arrays. The hybrid algorithm is based on the co-
evolution behavior of IBA andGWO [14]. GWO is used to help
IBA escape local minimum and enhance global search capabil-
ity, while IBA is employed to improve the GWO’s capability
in conducting local searches, and the two algorithms cooperate
to find the optimal result.
The specific arrangement is as follows. Section 2 briefly

introduces the synthesis formula of symmetric linear arrays.
Section 3 describes the HWIBO and the specific details of the
HWIBO hybrid process. In Section 4, simulation experiments
are conducted to analyze the data. In Section 5, the simulation
results are summarized.

2. LINER ARRAYS SYNTHESIS
The odd-numbered symmetric linear array antenna structure is
shown in Figure 1. We can see that the array of 2N + 1 el-
ements is placed symmetrically on both sides of the X-axis,
and its x-half axis array length is L/2. The origin serves as
the position for the 0th element, while the remaining elements
exhibit symmetry with respect to the origin. Each element sat-
isfies the isotropic condition, and the array elements are ran-
domly spaced. The following equation represents the array pat-
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FIGURE 1. (2N + 1)-element linear symmetric array structure.

tern function.

AF(u) =

N∑
−N

Ane
jkuxn+φn

= A0 + 2

N∑
n=1

An cos(kuxn + φn) (1)

here An, φn, and xn represent the amplitude, phase, and posi-
tion of the nth element in the half axis, respectively. k = 2π/λ,
λ is the wavelength, and u = sinϕ, ϕ ∈ [−90◦, 90◦]. In this pa-
per, we assume that all elements have identical amplitude and
phase, then we set An = A0 = 1, φn = 0, n = 0, 1, 2...N .
The AF(u) can be simplified as

AF(u) = 2

N∑
n=1

cos(kuxn) + 1 (2)

To achieve a lower PSLL for the symmetric linear array, the
fitness function is expressed by the following formula.

F (A) = PSLLmin = max
∣∣∣∣AF(us)

AFmax

∣∣∣∣ (3)

The main lobe reaches its maximum value at AFmax, while
AF(us) indicates the presence of side lobe regions.
The optimization conditions mainly include the constraint of

the spacing between adjacent elements and limitations on the
aperture. The specific constraints are as follows


minPSLL(d1, d2, ..., dn)
s.t dmin ≤ di − dj ≤ dmax

1 ≤ j ≤ i ≤ N

d1 = 0; dN = L

(4)

where dmin represents the minimum value of the range of adja-
cent element spacing, and dmax represents the maximum value
and dmin = 0.5λ.
The purpose of the optimization is to reduce the PSLL. In the

case of satisfying the constraints, the distance ∆xn between
two adjacent elements is optimized to achieve the purpose of
reducing PSLL.

3. HYBRID GREY WOLF AND IMPROVED BAT OPTI-
MIZATION ALGORITHM
Currently, there are two common mixing methods of hybrid al-
gorithms. One approach is to use the output of an algorithm as
the input for another algorithm to optimize the objective, which
is called serial hybridization. Another approach is to simulta-
neously iterate two algorithms, comparing the results outputted
by each iteration and selecting the optimal value as the initial
value for the next iteration loop, which is called parallel hy-
bridization.

3.1. Parallel Hybridization
Given the same initial values, each of IBA and GWO generates
a current best solution in each iteration. Then, these two solu-
tions are compared, and the optimal one is retained and carried
into the next iteration loop. This process is repeated until all
loops are iterated. The algorithm can be divided into several
stages as follows.
In the first phase, the parameters are initialized, and both al-

gorithms set the same initial population size, maximum num-
ber of iterations iterMAX, and initial positions. iterMAX = 3000,
and population size is 200. The initial position is obtained from
formula (5), where xi represents the position of the ith array el-
ement along theX-axis. The variables xmin and xmax represent
the upper and lower limits, respectively, of the search space,
and rand(0, 1) represents generate a random number from 0 and
1.

xi = xmin + (xmax − xmin) · rand(0, 1) (5)
The positions of elements are judged and adjusted to ensure

that they satisfy the constraints (subsequent changes in element
position must also adjust the spacing to within the constraint
conditions). Then the adjusted array element positions into for-
mula (3); take the optimal value as the initial optimal solution
of GWO and IBA; and enter the iterative loop.
In the second stage, the iteration begins, and two solutions

are generated after each iteration.
The IBA process is as follows.
Step 1: Update the velocity and position of all bats, using

formulas (6)–(9).

fi = rand (0, 1) · (fmax − fmin) + fmin (6)

f ′
i =

c+ vti
c+ vtg

fi

(
1 + Ci

gt − xt
i

|gt − xt
i|+ ε

)
(7)

vt+1
i = wvti +

(
xt
i − gt

)
f ′
i (8)

xt+1
i = xt

i + vt+1
i (9)

If the current best location g is found by a bat, other bats will
move closer to this location to find the best foraging location,
where the minimum frequency fmin = 0 and maximum fre-
quency fmax = 1. C ∈ [0, 1] represents the compensation rate
for the Doppler effect. c, v, and w respectively represent the
speed of sound, the flight speed of bats, and the coefficient of
inertia weight, where v ∈ (0, 1) and w ∈ [0.5, 1].
Step 2: Search for a better solution near the optimal solution.

If rand(0, 1) > ri, a local search is performed according to for-
mula (10) [17]. Here, ri = 0.9 represents the pulse emissivity,
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and At represents the average loudness of all bats. Otherwise,
proceed to Step 3.

xnew = At ·N [0, 1] + xold (10)

Step 3: If rand(0, 1) < Ai and F (xi) < F (gt), the optimal
solution is updated to the new solution. According to formu-
las (11) and (12), we can increase the loudness value and reduce
the pulse emission frequency.

At+1
i = αAt

i (11)

rt+1
i = roi [1− exp(−γt)] (12)

here, α = 0.9 and γ = 0.9. At
i ∈ (1, 2) and roi ∈ (0, 1).

At
i → 0, rti → roi , as t → ∞∀0 < α, γ < 1 (13)

Step 4: Update the current best solution.
The GWO process is given by following steps.
Step 1: The fitness function is calculated according to the

initial position of the grey Wolf, and the wolves are ranked ac-
cording to their fitness values. We define the top three optimal
solutions as alpha (α), beta (β), and delta (δ) in turn. The other
remaining wolves are defined as omega (ω). The optimization
process is dominated by α, β and δ, and the ω wolves follow
the hunting path.
Step 2: Update the positions of the gray wolves.
The process of encircling prey can be represented by formu-

las (14) to (17) [18].

D = |−X (t) + C · XP (t)| (14)

X(t+ 1) = −A · D+ XP (t) (15)
A = −a+ 2r1 · a (16)

C = 2 · r2 (17)

a = 2 ·
(
1− t

iterMAX

)
(18)

where t denotes the current number of iterations, and XP , X,
and D denote the position of the prey, position of the Wolf, and
distance of the Wolf from the prey, respectively. A and C are
coefficient vectors, and a is a convergence factor that linearly
decreases from 2 to 0. r1, r2 are randomly generated within [0,
1].
The hunting process can be represented by the following for-

mula [18]

Dα = |−X+ C1 · Xα|
Dβ = |−X+ C2 · Xβ |
Dδ = |−X+ C3 · Xδ|

(19)

X1 = −A1 · Dα + Xα

X2 = −A2 · Dβ + Xβ

X3 = −A3 · Dδ + Xδ

(20)

X (t+ 1) = (X1 + X2 + X3) /3 (21)
α leads β and δ surrounding the prey. In the tth iteration, the
positions of the α, β, and δ wolves are represented by Xα, Xβ ,
and Xδ . Under the guidance of α, β, and δ, the new positions

resulting from the (t + 1)th iteration are calculated using for-
mula (21).
With a decrease from 2 to 0, A decreases accordingly. When

|A| < 1, the wolves move closer to the prey in a converging
manner, and when |A| > 1, the gray wolves spread apart to
search for better prey. The value of C is a random number
from 0 to 2. When C > 1, ω wolves will move quickly to-
wards the prey, and when C < 1, it will discourage wolves
from approaching their prey.
Step 3: Evaluate the fitness function for all gray wolves and

update the values and positions of α, β, and δ. More detailed
information about GWO can be found in [16].
In the third stage, the best solutions from each iteration of

IBA (IBAbest
i ) and GWO (GWObest

i ) are compared. If all the
loops are iterated, the optimal solution and its element positions
are output. Otherwise, use the best solution and its element

FIGURE 2. Flowchart of the hybrid grey wolf and improved bat opti-
mization algorithm.
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(a) (b)

FIGURE 3. (a) Array synthesis diagram of 17-element, (b) array synthesis diagram of 37-elements.

positions from both methods as the initial values for the next
iteration. Apply step 1 of IBA and step 2 of GWO in a loop
until all the loops have completed iteration.
Figure 2 shows the combination process of the hybrid algo-

rithm.
When the IBA becomes stuck in a local optimum, the GWO

can help it escape the local optimum, and when the GWO gets
stuck, the IBA will push it towards the global optimum. This
algorithm takes the optimal value between the two as the result
to help a single algorithm break out of the local infinite loop in
the loop process. HWIBO can further improve the global and
local search ability to enhance the accuracy. The two comple-
ment each other to achieve overall balance.

3.2. Serial Hybridization
First, initialize the population parameters of GWO, and the ini-
tial grey wolf position is obtained from formula (5). Then, the
results are brought into step 1–step 3 of the GWO to generate
preliminary solutions. Use the preliminary solutions as the ini-
tial values for IBA and input them into formula (8) of IBA. Start
the iterative process of step 1–step 4 of IBA. Finally, when all
loops have been iterated, the optimal value and corresponding
position of IBA are output. Otherwise, return to step 1 of GWO
and continue the iteration.
The simulation results show that under the same conditions,

the parallel mixing method is preferable. Therefore, the serial
hybrid algorithm will not be introduced in detail here.

4. ANALYSIS OF SIMULATION RESULTS
In this paper, we simulate an array with a symmetric linear
structure consisting of an odd number of elements. Because
of the symmetry of the array, we only need to show the data for
half of the X-axis. Due to the different constraints in previous
literature, this paper conducts a comparative analysis from the
following two different constraints. In case A, the array aper-
ture size is specified, and the minimum spacing between the
elements is limited, that is ∆x ≥ 0.5λ. In case B, the array
element spacing is limited within 0.5λ ≤ d ≤ λ, and the array

aperture size is also limited. We verify the effectiveness and
robustness of the proposed method by optimizing the PSLL of
the array antenna under two distinct conditions.

4.1. Symmetric Linear Array Synthesis under Array Aperture
and Minimum Element Spacing Constraints

Considering the characteristics of the symmetrical array, the
number of elements distributed on the X-half axis is 8 for an
array of 17-elements and 18 for an array of 37-elements. The
aperture sizes of the arrays are 9.744λ and 21.996λ, respec-
tively. The range of the array element spacing is ∆x ≥ 0.5λ.
The HWIBO was applied to synthesize arrays of 17 and 37 el-
ements for case A, and Figures 3(a) and 3(b) show the compar-
ison between the results of HWIBO and [8].
From Figure 3(a), we can see that among the 17 elements,

the PSLL of HWIBO decreases to −19.899 dB. In Figure 3(b),
among the 37 elements, HWIBO can reach 21.090 dB. In both
cases, the optimal PSLL obtained by our proposed HWIBO is
lower than [8].
In Table 1(a), under the same parameter configurations,

the PSLL obtained by HWIBO is compared with the data
in [8, 2, 15]. The boundary arrays are fixed at xn = 4.872λ
and 10.998λ, with units dB.
To validate the effectiveness of HWIBO, we compare its con-

vergence with the BA and GWO under 17-elements, as illus-
trated in Figure 4(a).
Figure 4(b) shows the variation of the independent and ran-

dom simulated 17-elements best and worst convergence curves
for HWIBO.

4.2. Symmetric Linear Array Synthesis under Array Aperture
and Minimum and Maximum Element Spacing Constraints

The size of the array aperture is set to 9.744λ for 17-elements
and 21.996λ for 37-elements under the condition that the ele-
ment spacing is limited to 0.5λ ≤ d ≤ λ. The HWIBO is used
to optimize the array synthesis of 17 and 37 elements. The ob-
tained optimal array model is shown in Figure 5(a).
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TABLE 1. (a) Comparison of array PSLL for different algorithms in case A, (b) the element spacing for the 17-element and 37- element arrays
obtained by HWIBO in case A and case B.

(a)

(b)

(a) (b)

FIGURE 4. (a) Convergence curves comparisons of different algorithms, (b) convergence trend curve of the 17-element array.

(a) (b)

FIGURE 5. (a) Array synthesis diagram of 17-element and 37-element, (b) radiation patterns of a 17-element array under different hybrid configura-
tions.
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From Figure 5(a), we can see that among the 17-elements,
the PSLL for the best solutions of HWIBO decreases to
−19.899 dB, and among the 37-elements, the PSLL of
HWIBO decreases to −20.900 dB.
The optimal element spacings obtained using HWIBO are

shown in Table 1(b), Case B.

4.3. Comparison of Results between Serial and Parallel Hybrid
Algorithms Considering the Limitations of Minimum Spacing
and Array Aperture
Under the conditions of 4.1 invariance, the array synthesis of
a 17-elements array is optimized using both serial hybrid algo-
rithm and parallel hybrid algorithm. The array factors under the
same conditions are shown in Figure 5(b).
From Figure 5(b), the PSLL of Parallel-HWIBO is reduced

to −19.899 dB, whereas the Serial-HWIBO only reaches
−18.334 dB. The results show that the parallel hybrid ap-
proach adopted in this paper is superior to the serial hybrid
approach.

5. CONCLUSION
In this paper, we present a novel approach for nonuniform sym-
metric linear array synthesis based on HWIBO to effectively
address the problem of optimizing element spacing in multi-
constrained array synthesis. The proposed hybrid algorithm is
more efficient in finding linear arrays with low PSLL. By op-
timizing the element positions with the hybrid algorithm, the
better peak sidelobe levels are achieved. In future work, we
will utilize the algorithm to optimize planar array antennas to
validate its effectiveness in higher dimensions.
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