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Abstract

Addressing the high-dimensional, strongly constrained multi-objective optimization prob-
lem of air–ground collaborative jamming scheduling in complex terrain, existing methods
are often limited by incomplete modeling and low optimization efficiency in discrete
feasible regions. This paper proposes a Terrain-Aware Multi-Scale Discrete Operator (TA-
MSDO). A joint optimization model integrating discrete terrain characteristics and practical
combat constraints is first constructed. Then, by leveraging the topological adjacency
of terrain units, TA-MSDO employs a block-level crossover and a multi-scale mutation
mechanism, replacing traditional continuous genetic operations to enable efficient and
directional exploration of the discrete feasible region. Integrating TA-MSDO into the
NSGA-III framework yields the enhanced ENSGA3 algorithm. Experimental results in a
typical hilly terrain scenario demonstrate that ENSGA3 achieves a statistically significant
performance improvement over the decomposition-based MOEA/D algorithm in terms of
maximum achievable suppression effectiveness and hypervolume. As a comprehensive
metric integrating convergence and Pareto frontier coverage, hypervolume further verifies
the superior comprehensive optimization capability of the proposed algorithm. Mean-
while, compared with other classic mainstream multi-objective optimization algorithms
including NSGA-II, standard NSGA-III and SPEA2, the proposed algorithm exhibits clear
positive advantages in the upper bound of suppression effectiveness for elite solutions and
operational stability across random initializations, with a favorable trend in Pareto frontier
coverage for multi-objective collaborative optimization. This work provides an effective
solution for jamming resource scheduling in complex battlefield environments.

Keywords: air–ground cooperative distributed jamming resource scheduling; complex
terrain environment; multi-objective optimization; NSGA-III; suppression effectiveness

1. Introduction
Currently, high-power jamming remains the primary method for interfering with

inter-user communications at the physical layer [1]. While this approach exhibits certain
effectiveness, it fails to meet the requirement for precise jamming in future operational
scenarios. In the complex electromagnetic environment of informationized battlefields,
multi-jammer systems based on cooperative control have been widely adopted [2]. In
line with the development trend of cooperative systems, research on jamming resource
scheduling has made progress. However, relevant studies still focus primarily on the field
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of radar countermeasures. Key decision variables in these optimization models typically
center on power allocation [3–7], jamming waveforms [8], and frequency bands [9,10].
In contrast, research on resource scheduling specifically for communication jamming is
extremely scarce.

The miniaturization of electronic devices is the core factor driving this evolution, en-
abling the deployment of compact, multi-functional jamming platforms. This technological
advancement has laid the foundation for the development of air–ground cooperative inte-
grated systems. Against this backdrop, air–ground cooperative distributed communication
jamming resource scheduling has emerged as a transformative technical approach. Its core
concept is to integrate scattered, miniaturized ground and airborne jamming platforms into
a unified distributed system. By cooperatively scheduling multi-dimensional resources
including the type of air–ground jamming platform [11], jamming mode [12], spatial de-
ployment [13], and power [14], the system can effectively suppress various communication
targets while significantly enhancing the concealment, robustness, and resource utilization
efficiency of the entire jamming system.

Mechanistically, compared with traditional single-platform independent jamming, dis-
tributed jamming resource scheduling technology coordinates multiple spatially dispersed
jammers to more efficiently integrate multi-dimensional resources, e.g., space, frequency,
and power of jamming devices, with different locations and characteristics. This substan-
tially increases the system’s flexibility in dynamic jamming parameter configuration and
cooperative strategy selection. However, while this multi-platform, multi-dimensional re-
source scheduling mode offers significant advantages, it also introduces multiple technical
challenges. First, due to the need to coordinate the synergy of multi-platform space, time,
and frequency resources, the system’s decision space has expanded from the traditional
low-dimensional convex solution space to a high-dimensional non-convex complex solu-
tion space, greatly increasing the solution complexity of scheduling strategies [15]. On one
hand, the heterogeneous characteristics of fixed ground jamming equipment and airborne
jamming equipment further exacerbate scheduling difficulties; on the other hand, the strong
coupling between multi-platform resources means that adjustments to any dimension of
resources require linkage with other dimensions, and isolated modeling cannot accurately
characterize their inherent correlation laws.

Current research methods for resource scheduling mainly include game theory [16,17],
swarm intelligence algorithms [18–20], and deep reinforcement learning (DRL) [21–25]. Al-
though DRL shows potential in solving resource scheduling problems in specific dimensions
such as resource allocation, it has certain limitations in model design and methodology when
addressing the highly complex scenario of air–ground cooperative distributed communication
jamming resource scheduling mentioned above.

For the highly complex scenario of the aforementioned distributed jamming resource
scheduling, existing research is mostly concentrated in the radar countermeasure domain,
while dedicated scheduling studies targeting wireless communication jamming remain
relatively scarce. Existing methods often directly borrow models and frameworks (e.g.,
deep reinforcement learning) from the radar domain, yet they have significant limitations in
model design and methodology: first, they generally rely on idealized assumptions, ignor-
ing platform heterogeneity [26] and the physical coupling between jamming deployment
and electromagnetic propagation [27]; second, they insufficiently model complex terrain
occlusion and geographic constraints [28], resulting in poor generalization capability of
strategies in real-world environments; third, facing the high-dimensional, non-convex, and
strongly coupled decision space, DRL encounters challenges in exploration efficiency and
reward design, making it difficult to stably converge to executable strategies.
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In addition, the objective functions of existing models are relatively simplistic, often
reduced to a trade-off between jamming effectiveness and energy consumption. Insuffi-
cient attention is paid to multi-dimensional operational metrics such as concealment and
survivability, which makes it hard to reflect the advantages of distributed cooperative
scheduling. Meanwhile, when traditional multi-objective evolutionary algorithms are
applied to such discrete terrain-constrained problems, there is a mismatch between their
standard continuous genetic operators and the structure of the discrete feasible domain,
leading to low search efficiency.

To address the aforementioned issues, this study constructs a joint scheduling and
deployment model for heterogeneous air–ground platforms, in which the hexagonal cel-
lular grid is adopted to discretize complex terrain and the occlusion effect of terrain on
electromagnetic propagation is characterized; this model further incorporates practical engi-
neering constraints, including terrain masking, platform heterogeneity, multi-dimensional
resource coupling, co-frequency spacing, and exposure risk, thereby transforming the
communication interference scheduling problem into a high-dimensional, discrete, and
highly constrained multi-objective optimization task, which typically exhibits the core
characteristics of “strong multi-objective conflicts, discrete combinatorial decision-making,
and complex constraint coupling”: indicators such as suppression effect, deployment
cost, resource consumption, and concealment are mutually restrictive, making it diffi-
cult to be fully represented by a single weighted objective; decision variables consist of
discrete/integer variables, including candidate grid position indices, platform types, com-
munication channels, and power levels, resulting in a complex combinatorial search space;
additionally, constrained by forbidden grids, occupancy conflicts, minimum co-frequency
spacing and other constraints, the feasible region is often fragmented and strongly coupled;
furthermore, metrics such as suppression rate are typically formed through threshold
judgment and counting ratio, leading to an objective landscape with non-smoothness and
“step effect”, where performance improvement relies on structural restructuring rather than
continuous micro-perturbations.

Given this problem structure, this study selects the Non-dominated Sorting Genetic
Algorithm III (NSGA-III) as the solution framework, primarily due to its suitability for
many-objective optimization scenarios. NSGA-III extends the classic framework of NSGA-
II, driving the population toward the Pareto front through mechanisms of non-dominated
sorting and elitist preservation. In contrast, the crowding distance metric used in NSGA-
II tends to lose its discriminatory power as the number of objectives increases, often
resulting in solutions that cluster in specific regions or exhibit insufficient coverage of the
Pareto front. NSGA-III addresses this limitation by introducing a more stable distribution
control mechanism based on a set of uniformly distributed reference points/directions.
This approach explicitly maintains the coverage and uniformity of the solution set in the
multi-objective space, making the algorithm more inclined to produce a diverse set of non-
dominated candidate solutions that cover various trade-off preferences, rather than just a
few concentrated compromise points. This characteristic aligns well with the requirements
of engineering tasks such as jammer deployment and parameter configuration, where
“a portfolio of solutions, not a single-point answer” is often needed. Furthermore, the
global environmental selection and elitist preservation mechanisms in NSGA-III help to
consistently retain candidate solutions with significantly different structures within the
discrete and fragmented feasible region. This reduces the risk of premature convergence
and homogenization while providing more substantial search support for the structural
leaps required to overcome threshold-based “step effects” in the objective landscape.

Building upon this foundation, this study proposes a Terrain-Aware Multi-Scale
Discrete Operator (TA-MSDO) to overcome the limitations of the traditional “continuous-
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generation and discrete-projection” paradigm. TA-MSDO introduces a block-level crossover
based on topological adjacency and multi-scale mutation: the block-level crossover aims
to maintain the configuration integrity of solutions across dimensions such as location,
platform type, channel, and power; the multi-scale mutation integrates local refinement
and global perturbation to fully exploit the topological structure of the discrete feasible
region, thereby enhancing search efficiency. Furthermore, we embed TA-MSDO into the
NSGA-III framework and combine it with Latin Hypercube Sampling to enhance popula-
tion initialization, constructing an Enhanced Multi-objective Algorithm (ENSGA3). This
significantly improves search efficiency and solution set quality under high-dimensional
constraints. Concurrently, this study establishes a multi-objective collaborative framework
encompassing jamming effectiveness, deployment cost, resource consumption, and stealth-
iness. Through normalization and comprehensive optimization, effective trade-offs among
these heterogeneous objectives are achieved, better aligning with practical operational
requirements. In summary, by integrating the strengths of NSGA-III in maintaining multi-
objective distribution with the structural adaptability of TA-MSDO in discrete space search,
this work provides an efficient and practical solution for air–ground cooperative jamming
scheduling in complex terrain.

2. System Model
2.1. Digital Terrain Model

This paper considers a 25 km × 25 km area based on actual terrain, which can be
regarded as a typical hilly terrain. The absolute elevation z (in meters) is used to describe
the terrain and antenna height. The elevation in the area ranges from approximately 10 m
to 280 m, covering low-altitude plains, gentle hills and plateaus, and local low mountains.
This terrain includes both near-line-of-sight flat paths and multi-scale protrusions and
depressions, making it suitable for verifying channel models that integrate the combined
effects of diffraction, shadowing, and multi-point jamming. To balance computational
complexity and physical fidelity, this paper discretizes the continuous terrain into a regular
hexagonal honeycomb grid. The entire area is divided into 16 × 16 hexagonal cells, totaling
256 cells, forming an elevation grid {Ck}256

k=1. The center-to-center distance of each cell is
approximately 1 km, whose geometric size is much larger than the operating wavelength
and also significantly larger than the typical radius of the first Fresnel zone [29]. Thus,
each honeycomb cell can be regarded as an equivalent terrain block with approximately
constant local elevation in the electromagnetic sense.

For each hexagonal cell:
Ck = {(xk, yk), hk, Ωk} (1)

Herein, (xk, yk) denotes the planar coordinates of the cell center, with the unit of km; hk

represents the representative elevation of this cell; and Ωk refers to the geometric coverage
area of the cell, i.e., the set of all points on the plane that belong to this cell.

Cells are categorized into four types based on elevation: plain, low hill, high hill, and
mountain. Meanwhile, this paper further discretizes the interior of each honeycomb cell
into six uniformly distributed candidate nodes. These candidate nodes are symmetrically
distributed within the cell plane; their planar coordinates are determined by the cell
center coordinates, and they inherit the elevation attribute of the cell they belong to.
Each candidate node remains affiliated with its host cell and shares the terrain category
and elevation value of that cell. This two-level discretization design (cell and sub-node)
maintains the constraint characteristics of terrain blocks at the macro level, while providing
a sub-kilometer adjustment space for jammer deployment at the micro level—thus better
aligning with the practical engineering requirement that equipment can flexibly select
locations within a small local range.
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For any point (x, y) on the plane, its affiliated cell is defined as

k∗ = argmin
k

√
(x − xk)

2 + (y − yk)
2 (2)

Then, the terrain elevation of this point is

hterrain(x, y) = hk∗ (3)

As shown in Figure 1 below:

Figure 1. Terrain Model Diagram.

2.2. Channel Loss Model

To accurately evaluate the communication link quality in the air–ground cooperative
network, this paper establishes a channel model that comprehensively considers free-space
propagation loss, terrain occlusion and diffraction effects, and electromagnetic environment
countermeasures. This model simulates discrete terrain data and is applicable to tactical
communication scenarios in the UHF frequency band.

The total path loss is expressed as

Ltotal = Lfree + Ldiff + Lother (4)

where Lfree denotes the free-space propagation loss, Ldiff denotes the diffraction loss, and
Lother represents the loss caused by other factors such as the electromagnetic environment
and equipment characteristics; all are in units of dB.

2.2.1. Free-Space Propagation Loss

The free-space path loss describes the attenuation of electromagnetic waves in an ideal
environment without obstacles or multipath reflection, which is mainly caused by spherical
wave spreading. According to the Friis transmission formula [30], the standard free-space
loss is calculated as

Lfree = 20 log10(d) + 20 log10( f ) + 32.45 (5)

where d is the distance between the transmitter and the receiver (in km), and f is the carrier
frequency. The coordinates of the transmitter are (xt, yt, zt), and the coordinates of the
receiver are (xr, yr, zr); the 3D Euclidean distance is expressed as
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d3D =

√
(xt − xr)

2 + (yt − yr)
2 + (zt − zr)

2 (6)

Here, z denotes the sum of the elevation height and the antenna transmission height.

2.2.2. Channel Modeling

Depending on the type of endpoints (ground nodes or aerial nodes) in the commu-
nication link, the propagation characteristics of electromagnetic waves vary significantly.
This paper classifies the links into air-to-air (A2A) links, air-to-ground (A2G) links, and
ground-to-ground (G2G) propagation links;

• A2A: A2A link refers to a communication link where both the transmitter and re-
ceiver are aerial nodes. Since both parties are located at relatively high altitudes
(typically h ≥ 2000 m), the propagation path is usually unobstructed by ground ter-
rain and can be regarded as free-space propagation. Therefore, A2A links operate
under line-of-sight (LoS) propagation, so the path loss of A2A links in this paper is
defined as

LA2A = Lfree + Lextra,AA (7)

where Lextra,AA = 21 dB; Lfree is calculated using Equation (5). It should be noted that
although A2A links are macroscopically close to free space, the received power in practical
engineering is often systematically lower than the pure (FSPL) prediction. Therefore,
introducing a fixed equivalent additional loss is more consistent with engineering reality;
this term is used to uniformly characterize various unmodeled non-ideal factors, including
but not limited to antenna pointing errors, attitude jitter, airframe occlusion, unmodeled
small-scale undulations, and spatial domain scattering.

• A2G: A2G link refers to a link where one end is an aerial device and the other is a
ground device. Although ground nodes may be affected by terrain, the following
factors support the line-of-sight (LoS) assumption for A2G links: A2G and G2A
links are still likely to be macroscopically LoS, but they differ from A2A links: the
propagation environment near the ground end is significantly more complex, leading
to a systematic reduction in the average received power compared to pure FSPL
predictions. This is mainly reflected in the fact that even if the link is geometrically LoS
overall, terrain undulations, ridges, and local protrusions at the ground-proximal end
make the direct line-of-sight more prone to obstruction near the ground; meanwhile,
surface reflection and scattering around the ground end are significantly stronger
than in high-altitude free space. Even when LoS still dominates, fluctuations and
average additional attenuation caused by spatial or surface scattering will occur. After
comprehensive consideration, the nonexplicitly modeled but prevalent non-ideal
factors are combined into Lextra,AorG = 12 dB. Given that the occlusion of A2G links is
mainly controlled by the terrain at the ground-proximal end, while the high-altitude
path segment far from the ground approximates free space, this paper only uses the
knife-edge diffraction model presented below to calculate the ground-proximal end
loss Ldi f f ,AorG for the path proportion γ = 0.3 near the ground end, where terrain
occlusion is highly uncertain. To address this uncertainty, a protective upper limit
of 14 dB is set based on the 12 dB baseline model, in order to enhance robustness in
real-world environments, thus deriving the A2G link loss model:

LAorG = Lfree + Lextra,AorG + Ldiff,AorG (8)

• G2G: G2G link refers to a transmission link where both ends are ground-based devices.
Since both parties are located on the terrain surface, the terrain occlusion effect is
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significant, and the transmission path between ground devices is fully exposed to
terrain influences. Even in relatively flat terrain, small-scale undulations may cause
issues such as partial occlusion of the Fresnel zone and terrain diffraction loss; the loss
is expressed as

LG2G = Lfree + Ldiff + Lother (9)

where Ldiff is calculated via the terrain loss diffraction model. To relatively accurately
model the terrain’s impact on electromagnetic wave propagation, this paper extracts the
terrain profile between the transmitter and receiver. The sampling path is based on the
horizontal projection line; on the horizontal plane, sampling is performed at a fixed interval
∆d = 100 m:

N =

[
d2D
∆d

]
+ 1 (10)

Herein, d2D denotes the horizontal distance (in meters), and N is the number of
sampling points. The sampling coordinates of any point are given by{

xi = xT + i
N−1 (xR − xT)

yi = yT + i
N−1 (yR − yT)

, i = 0, 1, · · · , N − 1 (11)

For each sampling point (xi, yi), the corresponding ground elevation hterrain(i) is
queried from the terrain database. The sampling interval of the terrain profile should be
moderate to balance accuracy and computational efficiency. In this paper, ∆d = 100 m
is selected, which can capture the characteristics of typical terrain undulations (the ter-
rain grid resolution in this study is 1.54 km) and is sufficient to describe the terrain
profile accurately.

Normalized Line-of-Sight Parameter:

ti =
i

N − 1
∈ [0, 1] (12)

where t = 0 corresponds to the transmitter end, and t = 1 corresponds to the receiver end.
LoS Line Height at Arbitrary Position t:

hLos(t) = zT + (zR − zT) · t (13)

For each terrain cell, determine the ray crossing range by collecting all t-values corre-
sponding to the sampling points that fall within the cell:

tk = {ti|(xi, yi) ∈ Ωk} (14)

Calculate the entry and exit positions in any honeycomb region:{
t(k)enter = min(ti|(xi, yi) ∈ Ωk)

t(k)exit = max(ti|(xi, yi) ∈ Ωk)
(15)

Calculate the LoS line height:{
henter = hLos(t

(k)
enter)

hexit = hLos(t
(k)
eXIT)

(16)

Obstacle Determination Condition:
In the simulation of terrain profile modeling, the minimum height of the LoS within

the terrain cell is used as the critical threshold for obstacle determination:
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h(k)Los,min = min(henter, hexit) (17)

Its theoretical basis is as follows: The height of the LoS along the path within the
cell varies linearly, and its minimum height hLos,min is located at the point where the LoS
is closest to the terrain. If the terrain height hterrain ≥ hLos,min, there must be occlusion
within the cell; conversely, if hterrain ≤ hLos,min, the LoS remains unobstructed throughout.
The terrain in this paper is simulated by discrete sampling, and the terrain elevation is
provided by a discrete digital elevation model with limited data point density. Using
hLos,min can avoid sampling errors and prevent misjudgments caused by single-point
terrain fluctuations.

Critical Position Selection:
The endpoint with the lower LoS height is selected as the reference position for

diffraction calculation:

t(k)critical =

t(k)enter i f henter ≤ hexit

t(k)exit otherwise
(18)

Effective Obstacle Height:

h(k)obs = hterrain − h(k)Los,min (19)

Distance from the obstacle to the transmitter and receiver: d(k)1 = d3D · t(k)critical

d(k)2 = d3D ·
(

1 − t(k)critical

) (20)

First Fresnel Radius R1:

R1 =

√
λ · d1 · d2

d1 + d2
(21)

Diffraction Loss Calculation, Fresnel–Kirchhoff Diffraction Parameter v:
Equation (22) is mainly used to calculate the Fresnel–Kirchhoff diffraction parameter

ν, while Equation (23) is a diffraction loss model established based on the ITU-R P.526
specification. It specifically presents the functional relationship between the knife-edge
diffraction loss caused by a single obstacle and the diffraction parameter ν.

v =
hobs
R1

= hobs

√
2(d1 + d2)

λ · d1 · d2
(22)

Diffraction Loss Model Based on ITU-R P.526 Specification:
The knife-edge diffraction loss for a single obstacle is

Lkni f e−edge(v) =

0 v ≤ −0.78

6.9 + 20 log10(
√
(v − 0.1)2 + 1 + v − 0.1) v > −0.78

(23)

Multi-Obstacle Coupling: v(k)1 > v(k)2 > v(k)3 > · · ·
The dominant propagation loss comes from 1–2 key obstacles. We retain the two

obstacles with the largest v values for subsequent calculations. The rationality of this
selection is supported by standards, physics and empirical evidence. It aligns with ITU-R
P.526, which indicates that multi-knife-edge diffraction loss is dominated by the most
significant obstacle; the third and subsequent obstacles contribute little and can be ignored
in the shadow fading scenario. When two obstacles are close, the diffraction field of the
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main obstacle distorts the field at the secondary one and reduces its effective occlusion.
This nonlinear superposition is considered. Based on massive electromagnetic simulations
and experimental data, the coupling coefficient is defined as

α =


0.5 ∆t ≤ 0.05
0.7 0.05 ≤ ∆t ≤ 0.1
1.0 0.1 ≤ ∆t

(24)

When ∆t ≤ 0.05, the two cells are very close: the diffraction field of the main obstacle
has diverged significantly at the secondary obstacle, so the secondary obstacle only interacts
with the attenuated diffraction field, and the effective occlusion is halved. When the
distance is relatively large, the two obstacles act independently on the direct wave, with no
significant coupling. The weighted sum of the total diffraction loss is

Ldiff = max(L1, L2) + α · min(L1, L2) (25)

Hexagonal honeycomb discretization is applied to the terrain so that the continuous
and complex surface is partitioned into uniformly sized hexagonal cells. The elevation of
each cell is defined as the maximum terrain height within its coverage area, and the cell
top is treated as an equivalent knife-edge obstacle. This discretization is a conventional
engineering approach in terrain-based wireless propagation analysis and provides more
uniform spatial distribution than square grids, leading to a path sampling error no greater
than 4% [31]. It therefore enables the continuous terrain profile to be decomposed into
discrete obstacle units that can be analyzed independently along a link. This design is
consistent with the core assumption of ITU R P.526 [30], where diffraction is modeled
by knife-edge structures and the dominant factor is the vertex height responsible for
occlusion rather than detailed slope geometry. Based on this discretized representation, the
propagation evaluation follows a simplified ITU R P.526 knife-edge diffraction formulation
with terrain profile sampling. For each transmitter receiver link, the terrain elevation is
sampled along the path at a fixed spatial interval, the nearest honeycomb cell is queried
at each sample point, and diffraction loss is computed using Fresnel parameter-based
knife-edge attenuation, including obstacle coupling for ground-to-ground links and a
reduced near-ground diffraction treatment for air-to -ground links. As a result, the cost
of a single link evaluation grows with both the number of profile samples and the terrain
query workload, and each candidate deployment evaluation requires many such link
computations, making the overall optimization runtime dominated by repeated terrain-
aware propagation calculations.

2.3. Countermeasure Scenarios and Decision Model Construction
2.3.1. Scenario Overview

In this scenario, the communicating party uses Frequency Division Multiple Access
(FDMA) to divide the communication network into three mutually orthogonal working
channels, denoted as F = { f1, f2, f3}. The set of communication nodes is N, and each
communication node n ∈ N is fixedly bound to one channel f ∈ F. Each channel contains
multiple communication nodes in this scenario: the superposition relationship between
useful signals and interference only occurs between co-frequency entities, while inter-
frequency entities have no mutual influence in the model. Time Division Multiple Access
(TDMA) is adopted within the same carrier frequency f. Let A f (t) represent the set
of directed service links in the active state on carrier frequency f at time t: A f (t) = 1,
∀ f ∈ F, ∀t. Therefore, only one service transmitter and one service receiver exist on
the same carrier frequency at any time. This concurrent structure is used to define the
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instantaneous service form at the receiving moment. Given the propagation environment
and path loss model, the path loss from any transmitter a to receiver b on carrier frequency f
is Ltotal(a, b, f ). Let the transmit power be Pt(dBm) and the antenna gains of the transmitter
and receiver be Gt and Gr, respectively. The received power is defined as

Pra→b( f ) = Pt + Gt + Gr − Ltotal(a, b, f ) (26)

The set of jammers is denoted as J = {1, 2, . . . , K}. The deployment decision for each
jammer k ∈ J is recorded as

xk = {sk, τk, fk, pk} (27)

where sk is the candidate location index; τk ∈ {G, A} is the platform type; fk is the jamming
frequency; pk is the discrete power level. The overall scheme is x = {x1, x2, . . . , xk}. Let the
set of hexagons be C and the set of candidate points be Ω. For a candidate point s ∈ Ω, its
coordinates are (xs, ys), and it belongs to the elevation region Cs. Given the set of forbidden
area grids Cban, the constraint is Cs(sk) /∈ Cban.

Mutual Exclusion Constraint
Only one jammer can be deployed in each elevation region:

Cs(sk) ̸= Cs(sm), ∀k ̸= m (28)

To avoid strongly correlated radiation, short-range mutual coupling, and coverage re-
dundancy caused by excessive spatial aggregation of co-frequency jammers while reducing
the risk of being located by the opponent, this study imposes a minimum spacing constraint
on jammers operating on the same carrier frequency, to prevent tactically unreasonable
co-frequency concentrated stacking deployment:

||(xsk, ysk)− (xsm, ysm)||≥ dmin, ∀k < m, fk = fm (29)

To exclude extreme near-field deployments that lack engineering feasibility or tactical
significance, we further set the restriction that the maximum arrival power generated
by any jammer on its operating carrier frequency to any communication node shall not
exceed a preset threshold. The purpose of this constraint is to avoid non-far-field propaga-
tion conditions caused by overly short distances that reflect concealment and risk control
requirements; excessively strong arrival power usually implies a high exposure proba-
bility and greater vulnerability to countermeasures in practice. Therefore, this threshold
constraint limits the space to a reasonable range that is modellable, implementable, and
evaluable for countermeasures, making the resulting deployment scheme more practically
solvable and reproducible in experiments:

max
n∈N

Prkn( fk) ≤ Tinv, k ∈ J (30)

For any communication node n ∈ N whose associated carrier frequency is f, define
the set of co-frequency potential transmitting nodes as N( f )\{n}. For any m ∈ N( f )\{n},
the communication received power is expressed as

Smn ≜ Prmn( f ) (31)

Define the key link signal strength of the estimated node n as

S∗
n ≜ max

N( f )\{n}
Smn (32)
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This represents the estimated useful signal strength obtained by node n at its receiving
moment.

2.3.2. Interference Superposition and Suppression Determination

For any communication node n, its co-frequency jammer set is J( f ) = {k ∈ J| fk = f },
Ltotal(a, b, f ). Let the transmit power of the jammer be Pjammer,t,τ(dBm), Pjammer,t,τ(dBm),
and the transmit-side gain be Gjammer,t,τ ; the arrival power of a single jammer (in dBm) is
defined as

Ikn ≜ Prkn( f ) (33)

Co-frequency total interference is superposed in the power domain:

In = 10 log10(In) (34)

Define the Jammer-to-Signal Ratio (JSR) at the receiving moment as

JSRn ≜ In − S∗
n (35)

Given a threshold Γ, the suppression target is defined as

δn =

{
1, JSRn ≥ Γ
0, JSRn < Γ

}
(36)

And the network-wide suppression rate is defined as

η ≜
1
N ∑

n∈N
δn (37)

2.4. Construction of Multi-Objective Optimization Model

The decision-making of jammer deployment is essentially a trade-off between ef-
fectiveness and risk: under engineering constraints, e.g., given the number of jammers,
forbidden areas, mutual exclusion, spacing, and upper limit of arrival power, the choices of
deployment location, platform type, operating frequency, and power level will simultane-
ously affect suppression coverage, platform investment, energy/resource consumption,
and the probability of being detected by the opponent. Pursuing only the single objective
of suppression rate often leads to extreme schemes, e.g., high-power, short-distance, more
aerial platforms—though suppression is strong, the cost and exposure are unacceptable.
Conversely, pursuing only concealment or energy conservation may fail to meet the sup-
pression threshold. Therefore, this paper adopts multi-objective optimization, decomposing
the key requirements of jammer deployment into the following four categories, which
are simultaneously optimized within the same framework. For any deployment scheme,
x ∈ X.

1. Suppression Effectiveness

At the task level, the primary concern is how many targets can be suppressed. This
paper uses the reception-time-oriented suppression rate η to characterize the network-wide
suppression coverage level: under a given JSR threshold, a higher proportion of suppressed
nodes indicates stronger overall suppression effectiveness of the scheme. This objective
directly corresponds to the primary effectiveness indicator of the countermeasure task.
Denote the objective as

f1(x) ≜ η(x) (38)
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2. Deployment Cost Score

Jamming platforms typically incur higher acquisition, operational, and maintenance
costs. On the premise of achievable suppression, reducing platform investment helps im-
prove the usability and implementability of the scheme. The weight of deployment cost is
set higher for ground platforms than for aerial ones—this reflects that ground platforms are
subject to stronger constraints, e.g., terrain accessibility, camouflage, fortification construc-
tion, and support deployment, leading to higher occupation and deployment costs, while
aerial platforms allow for relatively flexible mobile deployment. Therefore, a cost indicator
composed of the number of platforms and their weights is introduced to characterize the
deployment cost required to achieve the current suppression effectiveness. Let the number
of aerial and ground jammers be NA and NG, respectively; the linear deployment cost is
defined as

Ccos t(x) ≜ wANA + wG NG (39)

3. Resource Consumption

Transmit power and continuous radiation lead to issues such as energy consumption,
equipment load, and mission sustainability; meanwhile, higher power typically increases
the risk of detection. Therefore, an independent indicator is needed to characterize how
much transmit resource is consumed to achieve the current suppression effectiveness, and
to constrain schemes with excessively high power or resource occupancy. The weight of
resource consumption is set higher for ground platforms than for aerial ones—this reflects
that continuous high-power operation of ground platforms is more strongly constrained by
operating conditions, and increasing power imposes a heavier support burden and greater
sustainability penalty. Assume the power level index ranges over 10 levels. Let pmax(τ)

denote the maximum available power of platform type τ. For the power occupancy of each
jammer, the platform resource weights for aerial and ground platforms, denoted as α(τA)

and α(τG), respectively, are introduced to define resource occupancy:

U(x) =
1
K

K

∑
k=1

α(τk)
pk

pmax(τk)
(40)

4. Concealment

In a countermeasure environment, the jamming party typically needs to avoid being
localized and identified by the communication side or detection systems. The exposure
risk is related to factors such as the interference intensity reaching the opponent’s nodes
and spatial distance. The risk weight is set higher for aerial platforms than for ground
platforms—this reflects that after electromagnetic radiation exposure, aerial platforms are
more vulnerable to long-range detection and interception, have limited evasion space, and
incur higher survivability costs. This objective is used to measure whether the deployment
scheme can maintain low detectability and exposure level while achieving suppression,
thereby improving survivability and sustainable operational capability. Let Tdiet denote
the communication detectability threshold and Tload < Tdiet denote the strong exposure
threshold. Let dkn (in km) be the distance between jammer k and communication device n;
the distance weight is defined as

ω(dkn) =


1 , dkn < dnear

ω f ar , dkn > d f ar

1 − (1 − ω f ar)
dkn−dnear
d f ar−dnear

, other

(41)
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Here, dnear is the near-field distance threshold, and d f ar is the far-field distance thresh-
old; ω f ar is the far-field weight coefficient. For any jammer k, check if there is an excessively
high power condition among all communication nodes: if the predicted received power
Ikn > Tload for a certain node n, it is considered strongly exposed; otherwise, the average
risk is calculated only for other nodes:

Rk = βk,τ ·
1

Mk
∑

n:Ikn≥Tdiet

(Ikn − Tdiet)ω(dkn) (42)

Here, βk,A and βk,G are the fixed exposure factors of aerial and ground platforms,
respectively. On this basis, the overall exposure risk objective function is derived as

E(x) =
K

∑
k=1

Rk (43)

In jammer deployment optimization, in addition to suppression capability, the scheme
should also perform better in engineering attributes such as deployment cost, resource
consumption, and concealment. We construct a comprehensive effectiveness objective by
multiplying the three utilities with the suppression rate, so that each objective is comparable
in numerical scale. This indicates that it is meaningful only under the premise that the
suppression task is effective: we regard the suppression rate as the effectiveness intensity
of the scheme at the task level, while indicators such as cost, resource, and concealment
describe the condition quality when the scheme is in operation. Therefore, the complete
optimization objective is

max
x∈X

(η(x),−Ccos t(x) · η(x),−U(x) · η(x),−E(x) · η(x)) (44)

To mitigate disparities in dimensions and scales across heterogeneous optimization
objectives—as such inconsistencies can undermine the validity of subsequent optimiza-
tion procedures—this paper employs normalization techniques for both the suppression
rate and each individual term corresponding to the optimization objectives, mapping all
such metrics onto the standardized unit interval [0, 1] during the modeling phase. The
four optimization objectives are denoted as max

x∈X
((S1(x), S2(x), S3(x), S4(x)). Resource

Efficiency (resEff): A positive indicator derived from the normalization of the “resource
consumption” objective, ranging from [0, 1]. A higher resEff value indicates lower resource
(power) consumption of jammers under the same suppression effect and higher resource
utilization efficiency, which is calculated as the inverse mapping of the normalized resource
consumption objective; Deployment Efficiency (deployEff): A positive indicator converted
from the normalization of the “deployment cost” objective, ranging from [0, 1]. A higher
deployEff value means lower platform deployment cost required to achieve the current sup-
pression rate, with stronger deployment economy and implementability, obtained through
the inverse normalization of the deployment cost objective; Stealth Efficiency (stealthEff): A
normalized positive indicator corresponding to the “stealthiness” objective, ranging from
[0, 1]. A higher stealthEff value represents lower exposure risk of jammer deployment and
stronger stealth and survivability, derived from the inverse mapping of the normalized
stealthiness objective.

When the suppression rate Suppr is kept fixed in the context of our resource scheduling
optimization experiments, S2(x), S3(x), S3(x) are strictly monotonically increasing with
S1(x); as long as the suppression rates are similar, the optimization algorithm will still
prefer solutions with lower cost, less resource consumption, and better concealment, which
will naturally lead to Pareto differentiation in these dimensions. When the suppression
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rate (Suppr) is low, the scheme is not automatically eliminated. Since Si(x) i ∈ {2, 3, 4}
follows a product structure, a low suppression rate can be partially offset by sufficiently
high Si, so the scheme still remains competitive in the original dimensions and may enter
the non-dominated set.

When constructing a multi-objective optimization model, it is crucial to accurately
define the relevant symbols and their meanings. As shown in Table 1 “Multi-Objective
Optimization Model: Symbols and Definitions”, this table comprehensively lists various
symbols involved in the model along with their precise definitions. By referring to this
table, we can clearly understand the physical or mathematical concepts represented by
each symbol in the model, thus laying a solid foundation for the subsequent analysis and
solution of the model. If a scheme produces almost no suppression effect, its engineering
attributes—even if it is highly resource-efficient or extremely concealed—can hardly be
converted into usable operational value. The multiplicative structure causes engineering
benefits to naturally attenuate when the task is invalid, thereby preventing invalid solutions
with high engineering scores from occupying a large number of non-dominated positions
in the multi-objective sense and contaminating the Pareto front. The multi-objective opti-
mization of jammer deployment faces two key challenges: the decision variables involve
a four-dimensional discrete configuration of location, type, frequency, and power, and
are subject to multiple spatial-spectrum coupling constraints, resulting in a highly frag-
mented feasible region; the objective function and constraint evaluation have characteristics
such as piecewise thresholds and nonlinear superposition, showing discontinuous, non-
differentiable, and multi-modal features, which leads to high computational overhead.
Thus, this problem is NP-hard. This paper adopts a multi-objective evolutionary search
framework based on the Pareto dominance relationship to obtain a high-quality trade-off
solution set at an acceptable computational cost.

Table 1. Multi-Objective Optimization Model: Symbols and Definitions.

Parameters Values

Ground Deployment Cost Weight wG 2

Deployment Cost Weight wA 1

Ground Resource Weight α(τG) 2

Air Resource Weight α(τA) 1.2

Detectability Threshold Tdiet −80 dBm

Short-Range Threshold dnear 4 km

Long-Range Threshold d f ar 15 km

Long-Range Weight ω f ar 0.2

Air Fixed Exposure Coefficient βk,A 1.0

Ground Fixed Exposure Coefficient βk,G 1.5

3. Multi-Objective Optimization Method
3.1. Scenario Definition
Deployment of Communication Nodes

Aiming at the analysis of communication jamming mechanisms in complex mountain-
ous terrain, this study proposes a systematic node deployment method under terrain con-
straints that constructs a controllable, interpretable, and engineering-practical simulation
scenario for jamming modeling and performance evaluation. Existing node deployment
methods are mostly random or uniform; while easy to implement, they fail to reflect the
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real situation of mountainous sites constrained by terrain and limited by constructible
locations, resulting in a disconnect between simulation and practice.

To address this issue, this paper establishes a terrain-feature-constrained node deploy-
ment scheme based on hexagonal cellular terrain grids. First, a hexagonal terrain grid
containing typical mountain massifs and hillocks is constructed, with each hexagonal cell
serving as a potential site candidate area. Aerial equipment is deployed dispersedly in
high-altitude and highland cells above multiple mountain massifs to form a cross-mountain
coverage structure. Ground equipment is restricted to low-altitude, engineering-accessible
areas, deployed in ring/band shapes along the periphery of mountain massifs, and forms
complementary coverage with aerial equipment. Meanwhile, a non-deployment mecha-
nism for adjacent cells is adopted to ensure the minimum geometric spacing between nodes,
avoiding strong coupling interference caused by node aggregation, and thus guaranteeing
the balance of coverage, jamming, and sampling. While maintaining analytical rigor, this
scheme is close to real mountainous networks, provides typical link combinations for the
analysis of jamming paths and diffraction effects, and can effectively support jamming mod-
eling and performance evaluation for the analysis of communication jamming mechanisms
in complex mountainous terrain.

The following is the logic of the node generation method, with key links defined
as follows:

During available channel deployment, devices are divided into three groups by fre-
quency, with four devices deployed in each group: one aerial communication node and
three ground nodes. The link availability threshold is determined by sensitivity and margin:
G2G links require a margin of at least 15 dB, while A2G links require a margin of at least
10 dB. Superimposing the link margin on the basis of sensitivity is equivalent to a conser-
vative design for shadow fading, model errors, and engineering allowances. The higher
margin for G2G links reflects stronger occlusion on the ground, while the lower margin for
A2G links indicates that air-to-ground links are more stable.

The communication node information is shown in Table 2, and the communication
node deployment is illustrated in Figure 2. Distance constraints are imposed on co-channel
links to obtain the co-channel distance windows: the co-channel G2G distance window
ranges from 4.2 km to 10 km, and the co-channel A2G distance window ranges from
5 km to 15 km. The lower limit avoids excessively short and strong links to reduce over-
coverage and mitigate geometric degradation, while the upper limit prevents excessively
long and weak links to improve the controllability of threshold compliance and ensure
network availability. Furthermore, this constraint is only effective for co-channel links,
which conforms to the engineering logic that co-channel interconnection and co-channel
mutual interference are the most sensitive.

Table 2. Communication node information.

Rx Type x (km) y (km) Terrain
Elevation

Frequency
(MHz) Tx Key Rx Power

(dBm)

A1 Air 5.995 11.980 88.0 600.0 G1 −74.9

A2 Air 10.228 7.733 50.0 601.5 G5 −73.6

A3 Air 12.240 20.231 85.0 603.0 G7 −74.3

G1 Ground 13.350 22.675 219.0 600.0 A1 −78.6

G2 Ground 17.374 19.070 279.0 600.0 G3 −77.6

G3 Ground 12.240 14.823 155.0 600.0 A1 −73.3

G4 Ground 18.485 6.571 265.0 601.5 A2 −75.2
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Table 2. Cont.

Rx Type x (km) y (km) Terrain
Elevation

Frequency
(MHz) Tx Key Rx Power

(dBm)

G5 Ground 21.607 9.415 218.0 601.5 A2 −77.9

G6 Ground 18.485 15.585 215.0 601.5 G4 −77.0

G7 Ground 8.007 8.253 224.0 603.0 A3 −77.8

G8 Ground 5.544 17.648 271.0 603.0 A3 −73.0

G9 Ground 2.872 13.782 184.0 603.0 A3 −76.8

Figure 2. Communication Node Deployment Diagram.

After the deployment is completed, key receiving links are defined for each communi-
cation device, with 12 links in total; the purpose is to ensure link availability while providing
targets for subsequent jamming optimization. In summary, this study adopts multi-layered
rules including frequency grouping, elevation-guided deployment, co-channel distance
window constraints, threshold margin restrictions, and adjacent forbidden zone isolation.
These rules generate a benchmark scenario of communication nodes with engineering inter-
pretability, link availability, and spatial rationality. Furthermore, a co-channel key receiving
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link is established for each device, providing a unified and reproducible experimental
baseline for subsequent jamming resource optimization.

3.2. Initial Population Generation Based on Latin Hypercube Sampling

The coverage and structure of the initial population not only affect the convergence
speed of the algorithm, but also influence the approximation accuracy and distribution
uniformity of the final solution set to the true Pareto front. The standard implementation
of NSGA-III usually adopts random sampling to construct the initial population. In
the discrete strongly constrained problem studied in this paper, the feasible region is
fragmented by multi-dimensional constraints. In the early iteration stage, pure random
sampling may lead to the risk of population clustering and the problem of insufficient
coverage of the feasible region. Therefore, this paper adopts Latin Hypercube Sampling
(LHS) to optimize the initial population generation. Latin Hypercube Sampling can reduce
the risk of population clustering caused by pure random sampling under the condition of
limited samples.

This paper uses Latin Hypercube Sampling (LHS) instead of standard random initial-
ization to generate the initial population of NSGA-III. The core idea of LHS is stratified
sampling in each dimension of variables: divide the domain [ld, ud] of the d-th dimension
variable into N equal-probability intervals, and ensure each sub-interval is sampled exactly
once in this dimension. This achieves approximately uniform coverage in the marginal
distribution of each dimension, significantly reducing the clustering risk of pure random
sampling under limited samples.

The decision vector is
x = [x1, x2, . . . xD]

⊤ (45)

Let πd(·) be a random permutation of the set {1, 2, . . . N}, and let ri,d ∼ U(0, 1) be
independent uniform random numbers. The continuous sampling of the i-th individual in
the d-th dimension is

xi,d = ld +
πd(i)− ri,d

N
(ud − ld) (46)

Since the decision variables in this paper are mainly integer-encoded, the continuous
samples obtained by LHS need to be mapped to the integer value set. For interval-type
integer variables, a consistent mapping combining rounding to the nearest integer and
boundary clipping is adopted:

xi,d = clip(
⌊

xi,d + 0.5
⌋
, Ld, Ud) (47)

3.3. Terrain-Aware Multi-Scale Discrete Operator

The optimal deployment of distributed jammers is one of the key engineering problems
to achieve efficient spectral suppression of enemy communication links while balancing
own-side concealment and deployment costs. Targeting the collaborative tasks of multi-
jammer platforms, this problem requires trade-offs among multiple objectives such as
suppression effectiveness, concealment, resource consumption, and deployment costs,
while satisfying the strict constraints derived from operational environments and platform
collaboration mechanisms:

1. The deployable positions of jammers are constrained by discrete terrain grids and
candidate point sets, with decision variables exhibiting a topological structure defined
by terrain adjacency in the spatial domain;

2. Minimum electromagnetic spacing constraints must be satisfied between co-frequency
jammers to avoid mutual interference and exposure risks;
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3. Discrete feasibility conditions including no-go cells, occupied cells and duplicate
deployment further compress the feasible region.

NSGA-III is widely used in complex engineering optimization because its reference
direction-guided non-dominated sorting and population selection mechanism can effec-
tively balance convergence and the diversity of the Pareto front in multi-objective scenarios.
However, in the jammer deployment problem under discrete terrain topology constraints,
directly adopting continuous genetic operators such as Simulated Binary Crossover (SBX)
and Polynomial Mutation (PM) usually requires projecting continuous offspring back to
the integer domain via clipping and other methods. This process of continuous generation
and discrete projection has an inherent incompatibility with the problem structure. On
the one hand, continuous perturbations may be eliminated after quantization, leading
to insufficient effective mutation and premature homogenization of the population; on
the other hand, the numerical proximity of discrete variables such as candidate point
indices does not equate to actual spatial proximity. The search hypothesis of continuous
operators based on Euclidean interpolation fails to exploit terrain topology information,
and is prone to generating topologically meaningless jumps or degrading into random
perturbations. Meanwhile, under the combined effect of strict constraints and discrete
feasibility conditions, continuous operators struggle to stably generate high-quality feasi-
ble solutions, thereby limiting the algorithm’s search efficiency, solution set quality, and
statistical robustness.

Based on the above analysis, while keeping the main framework and standard selection
mechanism of NSGA-III unchanged, this paper further designs a Terrain-Aware Multi-Scale
Discrete Operator (TA-MSDO) tailored to the terrain topological structure and discrete
decision-making characteristics. This operator aims to enhance the ability to exploit feasible
region structures and improve the interpretability of the optimization process and the
reliability of comparative experiments. TA-MSDO consists of two components: block-level
crossover for recombining the collaborative configurations of multiple jammers, and multi-
scale topological mutation for performing interpretable local–global search on the terrain
adjacency structure.

3.3.1. Terrain Topology Modeling and Ring Neighborhood Definition

Each candidate point s corresponds to a terrain hexagonal cell Cs. Based on the
hexagonal neighborhood relationship, the adjacent edge relationship is defined on C: two
hexagonal cells are called 1-hop adjacent if they share a common edge. Accordingly,
the topological distance dist(·, ·) between cells can be defined on C, which represents
the minimum number of hops required to reach one cell from another along adjacent
relationships. Further, given any cell C0 ∈ C and a radius r, its r-hop neighborhood is
defined as

L(C0, r) =
{

C′ ∈ C
∣∣dist(C0, C′) = r

}
(48)

Meanwhile, the reverse index set from cells to candidate points is defined as
Ω(C′) = {s ∈ Ω|Cs = C′}. This set is used to implement the position update method
that first selects a cell in the topological domain, then selects a candidate point within the
cell. Based on the above notation, the topological perturbation of position variables can be
uniformly described as follows: obtain the elevation cell Cs corresponding to the current
candidate point s, select a target cell C′ from the neighborhood L(C0, r) corresponding to
the given scale, then sample from Ω(C′) to generate a new candidate point s′.

3.3.2. Block-Level Uniform Crossover

The decision deployment of the k-th jammer is denoted as xk = {sk, τk, fk, pk}. Block-
level crossover performs recombination at the granularity of jammer blocks: for each
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block xk, it is exchanged between two parents with probability block, generating two off-
spring. This operation preserves the configuration integrity of position, platform, channel,
and power, avoids semantic fragmentation caused by bitwise crossover, and can quickly
recombine multi-jammer combination structures.

3.3.3. Multi-Scale Topological Mutation

Mutation is triggered at the granularity of jammer blocks, as detailed in Algorithm 1
ENSGA3: each jammer block undergoes mutation with probability Pm_jammer, and discrete
perturbations are applied to the four variables within the block. Among these, the position
variable sk serves as the core, and a multi-scale hybrid strategy is adopted to unify local
refinement and global exploration.

Let the current position cell be Csk, and one of the four scales is selected according to a
given probability:

R0, Intra-cell perturbation: the target cell remains the original elevation cell, and
Ω(Csk) is obtained by resampling from s′k;

R1, 1-hop local: select the target cell C′ from L(Csk, 1), then obtain s′k by resampling
from Ω(Csk);

R23, For the medium-scale scenario, we first randomly select a value of r from the set
r ∈ {2, 3}. Next, we select the target cell C′ from the neighborhood set L(Csk, r), linked to
Csk, and then derive the updated sample s′k by conducting a resampling operation on the
sample space Ω(Csk) corresponding to Csk;

Rglobal , Global jump directly, obtaining s′k via uniform sampling from the entire can-
didate point set Ω. When the neighborhood is empty or there are no available candidate
points in the target cell, a fallback strategy is adopted, retreating to a smaller-radius neigh-
borhood or performing global sampling to generate a valid s′k, so as to ensure operator
closure and robustness.

Algorithm 1 ENSGA3

Input: Communication node set N, Digital Terrain Model, jammer count J, Population
size, Maximum generations, Crossover probability, Block-level crossover probability,
Jammer mutation trigger probability, Position mutation probability, Power gear
mutation probability, Type mutation probability, Channel mutation probability,
Multi-scale mutation distribution
Output: Pareto-optimal jammer deployment scheme set
1: //Initialize terrain topology and constraints;
2: Construct hexagonal terrain adjacency graph and r-hop neighborhood based

on DTM;
3: Generate feasible candidate pool S (filter forbidden cells, satisfy minimum

co-frequency spacing);
4: Define fitness function f = [suppr, deployEff, resEff, stealthEff] (normalized to [0, 1]);
5: Define constraint set C (forbidden cell, mutual exclusion, maximum arrival power

constraints);
6: //Initialize population via LHS
7: Generate LHS sampling matrix with population size (Equations (46) and (47)),

map to discrete decision space xk = {sk, τk, fk, pk};
8: Filter feasible individuals satisfying C to obtain InitialPopulation;
9: Evaluate InitialPopulation’s fitness, initialize Pareto archive;

10: //Main iteration loop
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Algorithm 1 Cont.

11: For gen = 1 to Maximum generations do
12: Select parent pool ParentPool based on reference directions;
13: Initialize Offspring;
14: //Generate offspring: Block-level crossover, Multi-scale topological mutation
15: for i = 1 to Population size/2 do
16: Randomly select parents xa xb ∈ ParentPool
17: //Block-level uniform crossover
18: if rand() < Crossover probability then
19: for each jammer k do
20: if rand() < Block-level crossover probability then
21: Swap {sk, τk, fk, pk} of jammer k between xa and xb;
22: end if
23: end for
24: y1, y2 = Recombined xa,xb;
25: else
26: y1, y2 = xa,xb;
27: end if
28: Add y1, y2 to offspring;
29: //Multi-scale topological mutation
30: for each offspring O in {y1, y2} do
31: if rand() < Jammer mutation trigger probability then
32: iterate each jammer k for independent mutation
33: for each jammer k ∈ O do
34: //Position mutation
35: if rand() < Position mutation probability then
36: Select scale;
37: end if
38: //Mutate other discrete variables
39: if rand() < Power gear mutation probability: Mutate jammer k’s

power_level pk (within platform limit);
40: if rand() < Type mutation probability: Mutate jammer k’s

platform_type τk (air/ground);
41: if rand() < Channel mutation probability: Mutate jammer k’s

channel fk (within FDMA set);
42: end for
43: //Constraint repair
44: Remove duplicate deployment, adjust power to threshold,

ensure co-frequency spacing;
45: end if
46: Evaluate O’s fitness via terrain-aware propagation model;
47: end for
48: end for
49: //Update population
50: Merge InitialPopulation and Offspring, perform non-dominated sorting;
51: Select NextPopulation via reference direction-based niching;
52: Update Archive, InitialPopulation = NextPopulation;
53: end for
54: Return feasible non-dominated solutions in Archive;
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4. Experiment
4.1. Experimental Setup

To ensure the fairness of comparative experiments and the attributability of conclu-
sions, this study selects classic multi-objective evolutionary algorithms—NSGA-II [29],
NSGA-III, SPEA2, and MOEA/D—as performance benchmarks. Under a unified encoding
scheme, constraint handling framework, and evaluation pipeline, we adopt their standard
continuous genetic operators without specialized engineering-based parameter tuning to
construct a controlled control group. The core innovation of this paper lies in the proposal
of the TA-MSDO discrete optimization operator and the matching solution framework for
the distributed interference resource scheduling problem. To purely verify the capability of
TA-MSDO in utilizing discrete terrain topological structures, we adhere to the principle of
controlled variables: with the exception of the replacement of core operators/components,
all methods maintain consistency in feasibility constraints, propagation computation set-
tings, and evaluation budgets. This design ensures that any performance differences can be
more clearly attributed to “discrete structure modeling and operator design” itself, rather
than additional gains derived from operator parameter tuning or implementation details,
thereby guaranteeing the reliability and interpretability of the conclusions.

The core contribution of this study is to design a TA-MSDO tailored for the air–ground
collaborative jamming scheduling problem in complex terrain, and to construct a match-
ing optimization framework by embedding it into the NSGA-III algorithm. Through
comparison with classic algorithms using standard operator versions, this paper aims to
demonstrate that, in response to the prevalent “mismatch between continuous search mech-
anisms and discrete deployment structures” in such tasks, replacing traditional continuous
genetic operators with TA-MSDO can effectively improve the feasible region exploration
efficiency and solution set stability under high-dimensional constraints. Specifically, when
integrated with the NSGA-III framework, it further enhances the quality of elite solutions,
verifying the synergistic advantage between the operator and the framework.

This reflects the dual value of TA-MSDO as both an underlying core module and an
integral component of the overall solution framework. Given that each objective evalua-
tion requires terrain-aware propagation computation with high computational cost, we
adopt a budget evaluation protocol to standardize the experimental process and conduct
repeated experiments with 20 distinct random seeds. This mitigates fluctuations caused by
random initialization and random perturbations, yielding statistically robust comparison
results. Under this controlled setup, we evaluate effectiveness and robustness through a
multi-level chain of evidence: first, we characterize the single-objective distribution and
cross-seed fluctuation bandwidth for the key task metric (suppression rate) to reflect the
overall level, dispersion degree, and stability (box plot distribution of suppression rate
and seed statistical bandwidth); second, we analyze the trade-off relationships between
objectives and differences in solution set coverage via two-dimensional objective projection
analysis; third, we further examine the Pareto front morphology and diversity mainte-
nance capability under multi-objective collaboration in a three-dimensional objective space;
fourth, we use comprehensive metrics such as HV to quantify convergence and diversity in
a unified manner, and combine with statistical dispersion to characterize stability across
random seeds.

The parameter settings of communication parties are shown in Table 3, jammer param-
eters in Table 4, and experimental parameters in Table 5. This parameter configuration fully
considers the balance between scale exploration and neighborhood search: if the large-scale
probability (global jump) is too high, it can quickly cover the solution space in the early
stage of iteration but is difficult to focus on high-quality regions for fine optimization in the
later stage; if the large-scale probability is too low, the algorithm tends to be limited to local
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neighborhood search in the early stage, falling into local optima and being unable to jump
out. The current parameters ensure the breadth of early exploration through medium-scale
and global jumps, while supporting late-stage fine search with intra-cell and 1-hop local
mutations, achieving a dynamic balance between exploration and exploitation. Finally, to
verify the necessity and sufficiency of the performance improvement source, we further
conduct ablation studies: while keeping other modules and budget settings unchanged,
we remove or replace key components one by one, observe the variation trends of feasible
solutions under suppression rate and constraints, and clarify that the performance improve-
ment is driven by the core mechanism rather than accidental initialization or local tuning
at the engineering level.

Table 3. Parameter Table of Communication Parties.

Parameter Values

Communication Party Frequency Set F 600, 601.5, 603 Mhz

Maximum Power of Airborne Nodes Pt,G 10 W

Maximum Power of Ground Nodes Pt,G 2 dBi

Airborne Terminal Gain Gt,A 2.5 dBi

Airborne Node Altitude zA 2000 m

Ground Node Height zG 5 m

Number of Airborne Jammers NA 4

Number of Ground Jammers NG 8

Table 4. Jammer Parameters.

Parameter Values

Number of Jammers J 12

Airborne Jamming Gain Gjammer,t,A 1.5 dBi

Ground Jamming Gain Gjammer,t,G 2 dBi

Ground Jammer Height zjammer,G 2 m

Airborne Power Limit Pjammer,t,A 10 W

Ground Power Limit Pjammer,t,G 20 W

Suppression Threshold Γ 4.77 dB

Table 5. Experimental Parameters.

Parameter Values

Crossover Probability 0.9

Block-Level Crossover Probability 0.5

Jammer Mutation Trigger Probability Pm_jammer 0.5

Position Mutation Probability pm_s 0.88

Power Gear Mutation Probability pm_pow 0.3

Type Mutation Probability pm_τ 0.08

Channel Mutation Probability pm_ f 0.15

Multi-Scale Distribution R0, R1, R23, Rglobal 0.03/0.22/0.5/0.25

Maximum Number of Generations NGen 50

Population Size NPop 30
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4.2. Single-Objective Performance and Stability of the Suppression Rate
4.2.1. Analysis of Quantile–Suppression Performance

Figure 3 illustrates the variation in the suppression rate across different quantiles,
serving to compare the performance of various algorithms across the entire solution space.
The horizontal axis represents the quantile, ranging from 0 to 1, while the vertical axis
denotes the corresponding suppression rate at each quantile point.

Figure 3. Quantile–Suppression Curve.

In the typical hilly terrain scenario of this paper, ENSGA3 shows clear advantages in
the high quantile interval (elite solution region, quantile approaching 1.0). Its quantile curve
is significantly above that of the MOEA/D algorithm in the full quantile interval, and has a
higher upper limit of suppression rate than NSGA-II, standard NSGA-III and SPEA2 in the
elite solution interval. This indicates that ENSGA3 can maintain a higher performance level
in the elite solution region, with its median and mean suppression rate at a relatively high
level among all compared algorithms and more concentrated distribution. This suggests
that ENSGA3 possesses a stronger capability to explore and exploit high-quality solutions
within the search space, particularly sustaining a higher optimization level for feasible
solutions associated with elevated suppression rates. In contrast, the quantile curve for
MOEA/D is consistently lower across the range, especially within the high-quantile region.
This implies that MOEA/D struggles to obtain solutions with high suppression rates. Its
distribution appears skewed towards lower-quality solutions, which may be attributed to
its decomposition method failing to adapt effectively to the complex, non-convex nature of
the problem, resulting in insufficient exploration of high-quality regions within the search
space. Furthermore, the performance of NSGA-II, NSGA-III, and SPEA2 appears relatively
comparable. Their quantile curves suggest these algorithms achieve a moderate level of
search effectiveness, capable of locating a certain number of reasonably good solutions.
However, they exhibit a slightly diminished capacity in excavating elite solutions located
at the highest quantiles.

4.2.2. Box Plot of the Suppression Rate

Figure 4 presents the box plots and jittered points of the suppression rate (suppr)
achieved by different algorithms, based on 20 repeated experiments with distinct random
seeds. This visualization comprehensively characterizes the statistical distribution of the
suppression rates for solutions generated during the search process of each algorithm,
encompassing the central tendency, dispersion degree, and performance variability across
independent runs. In the figure, the box clearly delineates the interquartile range (IQR), the
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midline of the box represents the median suppression rate, and the lower whisker indicates
the performance boundary of the worst-performing solutions. The upper whisker and
jittered points further reveal the distribution of optimal solutions and the overall spread of
all sampled solutions.

Figure 4. Box Plot of Suppression Rate.

It can be visually observed that the suppression rate distribution of ENSGA3 is at a
high level among all compared algorithms, with its median higher than that of MOEA/D
and comparable to those of NSGA-II, standard NSGA-III and SPEA2. The box of ENSGA3
is compact, with an extremely narrow IQR, and the jittered points are highly concentrated
in the high suppression rate range of 0.5–0.6, without obvious dispersion of low-value
solutions. This indicates that ENSGA3 can consistently generate feasible solutions with high
suppression rates across multiple independent runs, and exhibits excellent performance
consistency and reliability even under random initialization and stochastic perturbations.

In stark contrast, the overall suppression rate distribution of MOEA/D is at the lowest
level. Its median is considerably lower, with the entire box located in the low suppression
rate interval of 0.3–0.4. The lower whisker extends over a wide range, the jittered points
show a high degree of dispersion, and there are a large number of low-value solutions,
suggesting that its overall jamming effectiveness is poor, and the performance is highly
unstable across different random seeds. The distributions of NSGA-II, NSGA-III, and
SPEA2 are at an intermediate level. Their medians are almost identical, and the box height,
IQR, as well as the spread and dispersion of their jittered points are highly similar, with
no marked performance differences among them. This implies that these three classical
algorithms can achieve comparable and moderate optimization effectiveness, but lack the
capability to excavate high-quality solutions with higher suppression rates.

To further verify the statistical reliability of the performance differences observed from
the above visualization, and to avoid one-sided performance conclusions drawn solely
from visual distribution, this study performs statistical validation based on the final results
of 20 independent random experiments.

Figure 5 presents the boxplot of the final suppression rate for each algorithm across
20 independent runs, along with pairwise statistical significance labels relative to ENSGA3.
Visually, ENSGA3 maintains a stable median suppression rate with concentrated data
distribution, while SPEA2 shows the highest median and MOEA/D the lowest. Here, ns
denotes non-significant difference, meaning the adjusted p-value is no less than 0.05, while
* indicates a statistically significant difference with adjusted p-value less than 0.05. The
labels show only the difference between ENSGA3 and SPEA2 is statistically significant.
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Figure 5. Statistical Significance Box Plot of Final Suppression Rate (Run-Level).

The Wilcoxon signed-rank test is used for pairwise performance comparison between
algorithms, and the Holm method is applied for multiple comparison correction, with the
statistical significance test results shown in Figure 6. The statistical test results show that the
performance difference in suppression rate between ENSGA3 and MOEA/D is statistically
significant (effect size r = 0.771, 95% confidence interval [0.363, 1.000], adjusted p-value
p_adj < 0.05); compared with SPEA2, the suppression rate performance of ENSGA3 is
significantly worse (effect size r = −0.610, 95% confidence interval [−1.000, −0.143], ad-
justed p-value p_adj < 0.05); while there is no statistically significant performance difference
between ENSGA3, NSGA-II, and NSGA-III (effect sizes r = 0.348 and −0.057, respectively,
with confidence intervals containing 0).

Figure 6. Effect Size Forest Plot of Final Suppression Rate (Run-Level).

This result objectively demonstrates that the proposed ENSGA3 algorithm can achieve
a significant performance improvement over the MOEA/D algorithm in terms of suppres-
sion rate, has no significant difference with NSGA-II and NSGA-III, and is significantly
inferior to SPEA2. Combined with the visual distribution results, ENSGA3 still exhibits
certain strengths in the concentration degree and stability of solutions.

Figure 7 shows the variation curve of the final suppression rate of each algorithm with
different random seeds, which is used to further verify the performance robustness and
stability of the algorithm under different random initialization conditions. From the trend
of the curves, the suppression rate of ENSGA3 is consistently maintained at a high level in
20 independent experiments, with an extremely small fluctuation range of the curve and no
obvious sudden performance drop, showing extremely strong robustness. The suppression
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rate curve of MOEA/D is at the lowest level overall, with the largest fluctuation range,
and obvious performance troughs appear in multiple experiments, indicating the worst
stability. The curves of NSGA-II, NSGA-III and SPEA2 are at an intermediate level, with a
larger fluctuation range than that of ENSGA3. Although they can maintain relatively stable
moderate performance, it is difficult to stably reach the high stability level of ENSGA3.

Figure 7. Variation of Final Suppression Rate (Run-Level) with Random Seeds.

The above performance differences can be reasonably explained from the perspective
of the adaptability between the core search mechanism of the algorithm and the inherent
characteristics of the problem. ENSGA3 integrates the TA-MSDO discrete optimization
mechanism in the search process, which is specifically designed for the discrete terrain
topology and strongly coupled constraint characteristics of the communication jamming
scheduling problem. This mechanism can effectively identify high-quality solution regions
in the feasible space, guide the algorithm for targeted exploration and fine-tuning, and
greatly reduce ineffective random search behaviors. Therefore, it can stably converge to the
solution interval with a high suppression rate while maintaining excellent performance
stability. On the contrary, MOEA/D adopts a decomposition-based algorithm framework,
with which it is difficult to effectively capture and utilize the non-convex structure and
strongly coupled constraints of the problem. The optimization direction of its sub-problems
can easily deviate from the global high-quality solution space, resulting in an overall low fi-
nal suppression rate and large performance fluctuations under different random seeds. The
core mechanisms of NSGA-II, NSGA-III and SPEA2, which are based on non-dominated
sorting and diversity maintenance, are effective for general multi-objective optimization
problems, but lack targeted structural adaptation and guided search for the discrete combi-
natorial characteristics and complex constraints of this problem. Consequently, they are
unable to break through the intermediate performance plateau, and ultimately show stable
but moderate optimization effectiveness.

4.3. Pareto Front
4.3.1. Two-Dimensional Visualization and Distribution Analysis of Pareto-Optimal Solutions

Figure 8 reveals the performance differences among the algorithms in multi-objective
trade-offs through a set of two-dimensional Pareto front projections.

Overall, the solution set of ENSGA3 demonstrates clear positive advantages across
the three core trade-offs: “suppression rate vs. resource efficiency”, “suppression rate vs.
deployment efficiency”, and “suppression rate vs. stealth efficiency”. Its Pareto front main-
tains superior resource utilization, deployment efficiency, and platform concealment within
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the medium-to-high suppression rate intervals, achieving better synergy between high
suppression performance and auxiliary efficiency compared with benchmark algorithms.

     
(a)  (b)  (c) 

Figure 8. Two-Dimensional Projection of Pareto-optimal Solutions. (a) Projection onto the suppression
rate (suppr) vs. resource efficiency (resEff) plane; (b) Projection onto the suppression rate (suppr) vs.
deployment efficiency (deployEff) plane; (c) Projection onto the suppression rate (suppr) vs. stealth
efficiency (stealthEff) plane.

In contrast, the solution sets of MOEA/D and SPEA2 are confined to regions of
low suppression rates and low auxiliary efficiency, struggling to achieve breakthroughs
in any performance dimension. Although NSGA-II and NSGA-III can achieve a basic
balance among objectives at a moderate performance level, their Pareto fronts lack sufficient
extensibility, failing to overcome the synergistic optimization challenge of maintaining
high auxiliary efficiency under high suppression rates. These results confirm that the TA-
MSDO operator integrated into ENSGA3 is well-adapted to the discrete, non-convex, and
highly constrained nature of this multi-objective problem, effectively guiding the search to
simultaneously improve both the core and auxiliary performance indicators. In comparison,
the other algorithms exhibit inherent limitations in handling such complex trade-offs due
to their lack of tailored optimization mechanisms for the problem’s specific structure.

4.3.2. Analysis of Three-Dimensional Pareto-Optimal Solutions

Figure 9 presents a three-dimensional Pareto solution projection analysis to assess
optimization performance and solution set quality across suppression rate, resource effi-
ciency, deployment efficiency, and stealth efficiency. In Figure 9a (suppr-resEff-stealthEff),
ENSGA3 solutions concentrate in the high-quality region, covering high resource and
stealth efficiency within a high suppression rate (suppr > 0.5). MOEA/D solutions are
in the low-performance interval (suppr < 0.4), with low auxiliary values. Other classi-
cal algorithms distribute in the medium suppression range but have weaker auxiliary
objective peaks.

Figure 9b (deployEff-resEff-stealthEff) shows ENSGA3 solutions maintain high re-
source and stealth efficiency in high deployment efficiency intervals. MOEA/D solutions
cluster in low-performance regions. Other algorithms fail to achieve high deployment
and auxiliary performance simultaneously. Figure 9c (suppr-deployEff-resEff) indicates
ENSGA3 forms a dense solution cluster in suppr > 0.55 with high deployment and resource
efficiency, while MOEA/D is limited to low-performance and others are inferior in high
suppression regions. Figure 9d (suppr-deployEff-stealthEff) reveals ENSGA3 achieves high
deployment and stealth efficiency in high suppression rate intervals, closer to the ideal
region, while others show moderate performance.

In summary, across the examined three-dimensional objective spaces, ENSGA3 consis-
tently maintains high resource, deployment, and stealth efficiency within high suppression
rate intervals, with its solution sets densely occupying high-quality regions. MOEA/D’s
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solutions are persistently confined to low-performance regions across all dimensions,
showing comprehensive inferiority. While NSGA-II, NSGA-III, and SPEA2 can cover
medium-performance trade-off regions, they fail to overcome the bottleneck of achieving
high auxiliary performance under high suppression rates. These results further validate
the performance advantage of the TA-MSDO mechanism in ENSGA3 for solving discrete,
highly constrained multi-objective optimization tasks.

 

(a)  (b) 

 

(c)  (d) 

Figure 9. Three-Dimensional Projection of Pareto-optimal Solutions. (a) Projection in the suppression
rate-resource efficiency-stealth efficiency space; (b) Projection in the deployment efficiency-resource
efficiency-stealth efficiency space; (c) Projection in the suppression rate-deployment efficiency-
resource efficiency space; (d) Projection in the suppression rate-deployment efficiency-stealth effi-
ciency space.

4.4. Comprehensive Performance Evaluation Based on Hypervolume Indicator

HV is a core quantitative indicator widely used in the field of multi-objective opti-
mization to comprehensively evaluate algorithm performance. Calculated with the unified
reference point (0,0,0,0), this indicator simultaneously measures the convergence accuracy
and distribution breadth of the obtained Pareto front, forming a quantitative complement
to the 2D and 3D visual analysis of the Pareto front presented earlier, and can objectively
evaluate the overall optimization effect of the solution set. A larger HV value indicates
that the non-dominated solution set obtained by the algorithm covers a wider area in the
objective space, which signifies better comprehensive synergistic optimization performance
across the four dimensions of suppression rate, deployment efficiency, resource efficiency,
and stealth efficiency. In this section, the basic performance visualization is first completed
through the mean comparison of normalized HV, followed by statistical significance analy-
sis, performance difference quantification, and robustness verification sequentially based
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on run-level final HV values from 20 independent random experiments. The complete
results are shown in Figures 10–13.

Figure 10. Comparison of Normalized Four-Objective Hypervolume.

Figure 11. Statistical Significance Box Plot of Final HV (Run-Level).

Figure 12. Effect Size Forest Plot of Final HV (Run-Level).

Figure 10 presents the bar chart of the normalized four-objective HV mean values
for different algorithms. It can be intuitively seen from the visualization results that
the normalized HV mean value of ENSGA3 is at the highest level among all compared
algorithms, while the HV mean values of NSGA-II and standard NSGA-III are at a similarly
intermediate level. SPEA2 achieves a relatively lower HV mean value, and MOEA/D
yields the lowest HV mean value among all algorithms. This mean distribution trend is
consistent with the visual observations from the Pareto front projections presented earlier.
This preliminary observation indicates that ENSGA3 has a potential advantage in average
comprehensive performance, while the statistical reliability of the mean itself needs to be
further verified through subsequent statistical tests.
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Figure 13. Variation of Final HV (Run-Level) with Random Seeds.

The mean-based visual comparison alone cannot verify the statistical reliability of
the performance differences between algorithms, nor can it rule out the possibility that
performance fluctuations originate from random initialization perturbations.

For this reason, based on the run-level final HV values obtained from 20 independent
experiments, the Wilcoxon signed-rank test combined with Holm multiple comparison cor-
rection is adopted to verify the statistical significance of performance differences between
groups, with the results shown in Figure 11. The box plot in Figure 11 fully presents the
statistical distribution characteristics of the HV values of each algorithm, where the box
delineates the interquartile range (IQR) of the data, the midline of the box represents the me-
dian HV value, the upper and lower whiskers indicate the extreme value range of the data,
and the scattered points are the measured HV values of a single independent experiment.
The significance labels for inter-group comparisons are synchronously superimposed in the
figure. From the distribution characteristics, the median HV value of ENSGA3 is at a similar
level to those of the three classical algorithms: NSGA-II, NSGA-III, and SPEA2. Meanwhile,
the upper edge of its box and the upper limit of high-value scattered points are significantly
higher than those of all compared algorithms, which means it can explore extreme solutions
with better HV performance and has a higher upper limit of comprehensive performance.
There is no obvious low-value tailing in the box, and no extreme low-value outliers far
below the overall distribution in the scattered points, indicating that it can stably avoid
invalid solutions with extremely poor comprehensive performance in multiple independent
experiments, and the lower performance limit is controllable. The statistical test results
show that the HV performance difference between ENSGA3 and MOEA/D is statistically
significant (adjusted p-value p_adj = 0.0124 < 0.05), while there is no statistically significant
HV performance difference between ENSGA3 and NSGA-II, NSGA-III, as well as SPEA2,
with all adjusted p-values equal to 1.

The statistical significance test can only determine whether a performance difference
is statistically significant, but cannot quantify the actual magnitude and engineering ap-
plication value of the difference. For this reason, the rank-biserial correlation coefficient r
is used as the effect size indicator to further quantify the magnitude of HV performance
differences between ENSGA3 and each baseline algorithm, with the results shown in the
forest plot in Figure 12.

The vertical axis in the figure is the compared baseline algorithm, and the horizontal
axis is the effect size r value of ENSGA3 versus the corresponding baseline algorithm,
with the calculation logic defined as ENSGA3 minus the baseline algorithm. Therefore,
r > 0 means that the HV performance of ENSGA3 is better than that of the baseline
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algorithm, and the larger the absolute value of r, the greater the actual magnitude of the
performance difference.

The horizontal line in the figure is the 95% confidence interval of the effect size,
and a confidence interval that does not cross the zero value indicates that the differ-
ence has stable statistical reliability. From the results, the effect size of ENSGA3 versus
MOEA/D is r = 0.779, with a 95% confidence interval of [0.442, 0.968], which is completely
in the positive value range, and the effect size is at a high level. This further verifies
that the HV performance difference between the two algorithms is not only statistically
significant, but also has clear practical engineering significance. The confidence intervals
of the effect size of ENSGA3 versus NSGA-II, NSGA-III and SPEA2 all cross the zero
value (NSGA-II: r = 0.158 [−0.368, 0.642]; NSGA-III: r = 0.063 [−0.474, 0.568]; SPEA2:
r = −0.168 [−0.716, 0.358]), which is completely consistent with the results of the statistical
significance test, indicating no stable performance difference at the statistical level. How-
ever, the overall trend of the effect size is still biased towards positive values or close to
zero, which is mutually consistent with the performance upper limit advantage observed
in the box plot.

To further verify whether the high-value HV performance of the algorithm is only an
accidental result from a small number of random seeds, and to clarify the performance
robustness and stability of the algorithm under different random initialization conditions,
the variation curve of the final HV value of each algorithm with the experimental random
seeds is plotted, with the results shown in Figure 13. From the trend of the curves, the
HV value of ENSGA3 can repeatedly reach the high-value interval that other algorithms
cannot touch in 20 independent experiments, with a significantly higher performance
upper limit than other compared algorithms. Although there is a certain random fluc-
tuation, there is no continuous sudden performance drop, and the overall performance
shows stronger high-value exploration capability and resistance to random initialization
perturbations. This characteristic is consistent with the stability analysis results for the
suppression rate indicator presented earlier. In contrast, the HV curve of MOEA/D is at the
lowest level overall among all algorithms, with the largest fluctuation range and obvious
performance troughs in multiple experiments, indicating the worst performance stability.
The HV curves of NSGA-II, NSGA-III and SPEA2 are at an intermediate level, with a
smaller overall fluctuation range than that of ENSGA3, but it is difficult for them to break
through the performance bottleneck of medium HV and stably reach the high HV level
that ENSGA3 can touch, showing obvious limitations in the upper limit of four-objective
comprehensive optimization.

Based on the analysis results for the above four groups of figures, it can be concluded
that the proposed ENSGA3 algorithm achieves a statistically significant performance
improvement over MOEA/D in terms of HV, the core indicator of four-objective compre-
hensive optimization. The large effect size of this improvement suggests potential practical
relevance for engineering applications. Compared with the three classical non-dominated
sorting multi-objective optimization algorithms (NSGA-II, NSGA-III, SPEA2), although no
statistically significant performance difference is observed, ENSGA3 shows certain positive
trends in specific aspects, such as the upper limit of HV performance exploration and
the ability to avoid extreme low-value solutions. These results form a complete closed
loop with the visual analysis of the Pareto front presented earlier, and further verify that
the proposed algorithm exhibits competitive comprehensive optimization capability and
promising engineering applicability for the high-dimensional, strongly constrained multi-
objective optimization problem of air–ground collaborative jamming resource scheduling
in complex terrain.
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4.5. Comprehensive Analysis of Algorithm Engineering Practicability
4.5.1. Analysis of Algorithm Computational Efficiency and Operational Stability

To comprehensively and thoroughly evaluate the feasibility and applicability of the
proposed algorithm in engineering practice, based on strictly unified hardware environ-
ments, parameter configurations, and iteration limits such as those in the aforementioned
comparative experiments, we precisely counted the actual wall time of each algorithm’s
single complete optimization process through 20 independent repeated experiments with
different random seeds. A systematic comparative analysis was then carried out from the
key dimension of computational efficiency, and the relevant results are shown in Figure 14.

Figure 14. Comparison of Mean Wall Time of Each Algorithm.

The comparative data on average wall time clearly show that the SPEA2 algorithm
has the shortest average wall time, approximately 56 s. In contrast, the proposed ENSGA3
algorithm has an average wall time of about 74 s, which represents reductions of 12.9%,
18.7%, and 14.0% compared to NSGA-II, NSGA-III, and MOEA/D, respectively, ranking
second-lowest among all the compared algorithms. This result is of great significance. It
fully demonstrates that, on the basis of ensuring superior core multi-objective optimization
performance, the ENSGA3 algorithm does not impose additional computational burdens.
Instead, it exhibits more prominent computational efficiency advantages compared to
classical multi-objective optimization algorithms, providing strong performance support
and guarantees for its large-scale application in practical engineering scenarios.

This paper further characterizes the operational stability of each algorithm through
box plot distribution, with the results shown in Figure 15. The wall time box of ENSGA3
is the most compact, with the narrowest interquartile range, and the scattered points are
highly concentrated in the interval of 60 s to 80 s without extreme high-value outliers.
The wall time fluctuation is minimal across 20 independent experiments, demonstrating
favorable operational stability and providing predictable decision-making timeliness for
engineering applications. In contrast, the boxes of NSGA-II and NSGA-III are wider with
higher dispersion of scattered points and obvious high-value outliers, with operational
stability inferior to that of ENSGA3. MOEA/D has the largest box width and scattered
point dispersion among all algorithms; although its median wall time is about 66 s, there are
a large number of extreme high-value scattered points exceeding 120 s, with the maximum
wall time close to 190 s, indicating the worst operational stability. With its lightweight
algorithm framework and standard continuous genetic operators, SPEA2 eliminates the
need for operations such as topological query and configuration verification of the TA-
MSDO operator, resulting in shorter execution time for a single genetic operation. It
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achieves optimal computational efficiency while maintaining favorable operational stability.
Although its core optimization performance indicators including suppression rate, Pareto
front coverage and HV are inferior to those of ENSGA3, it still has clear engineering
application value in scenarios with extremely high requirements for decision-making
timeliness, such as rapid pre-deployment and scheme preliminary screening.

Figure 15. Wall Time Distribution and Stability Analysis of Each Algorithm.

In this problem, the core overhead of single solution evaluation comes from terrain-
aware propagation loss link calculation. The computational efficiency advantage of EN-
SGA3 is mainly derived from the directional search mechanism of the TA-MSDO operator:
this operator can guide the algorithm to conduct directional search in the feasible region,
greatly reduce the generation of invalid infeasible solutions during the iteration process,
and further cut down redundant link calculation, constraint verification and solution repair
operations, finally achieving better computational efficiency than NSGA-II and NSGA-III
algorithms with the same framework. Based on the above analysis, each algorithm has
differentiated engineering application scenarios: SPEA2 has the optimal computational
efficiency, which is more suitable for rapid pre-evaluation and scheme preliminary screen-
ing scenarios with extremely high requirements for decision-making speed; the proposed
ENSGA3 combines superior core optimization performance, favorable computational ef-
ficiency and optimal operational stability, which is more applicable to practical combat
deployment tasks that need to balance optimization performance and decision-making
timeliness with high requirements for scheme stability; as classical multi-objective opti-
mization algorithms, NSGA-II, NSGA-III and MOEA/D still have wide applicability in
general optimization scenarios, but their computational efficiency and operational stability
are inferior to the proposed ENSGA3 algorithm under the discrete and strongly constrained
characteristics of this problem.

4.5.2. Scalability Verification and Analysis of the Algorithm

The benchmark experiment in this paper is based on a typical hilly terrain scenario
with 12 communication nodes and corresponding distance constraints, featuring high
decision dimensions, complex constraint coupling, and medium-to-large scale as well as
engineering combat representativeness. This scenario can effectively reflect the practical
engineering application complexity of air–ground collaborative jamming scheduling tasks.
To systematically verify the performance robustness and engineering scalability of the
proposed ENSGA3 algorithm under different task and deployment scales, and to prove that
its performance advantages are not limited to a single scenario, this paper supplements two
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groups of gradient comparative experiments in strict accordance with the single variable
control principle. These gradient experiments are designed to fully test the algorithm’s
adaptability under different task scales. All experimental conditions are the same as those in
the benchmark scenario. Each algorithm in each group undergoes 20 independent repeated
experiments under distinct random seeds to ensure the robustness of the results. The first
group fixes the number of jammers at 12 and reduces the number of communication nodes
to 9 to verify the performance stability of the algorithm under different task target scales.
The second group fixes the number of communication nodes at 12 and supplements a
gradient deployment scenario with 15 jammers to verify the core optimization performance
of the algorithm in scale-expanded scenarios. This further strengthens the scientificity and
persuasiveness of the experimental conclusions. This series of gradient scaling experiments
fully verifies that the proposed TA-MSDO operator has good scenario scalability and
scale adaptability for air–ground collaborative jamming scheduling tasks with different
target and deployment scales. It can maintain stable feasible region exploration capability
in discrete feasible regions with different dimensions and constraint coupling degrees,
without obvious performance degradation as the task scale expands. The complete results
are shown in Figures 16 and 17, respectively.

 
(a)  (b) 

 
(c)  (d) 

Figure 16. Performance Comparison and Statistical Significance Test of Suppression Rate of Each
Algorithm in the Extended Scenario with Nine Communication Nodes. (a) Quantile curves of
suppression rate; (b) Boxplot of run-level suppression rate; (c) Forest plot of rank-biserial r (HV) with
ENSGA3 as baseline; (d) Run-level boxplot of HV with pairwise statistical significance labels.

In the small-scale extended scenario with nine communication nodes, the experimental
results indicate that the quantile–suppression curve in Figure 16a shows the suppression
rate of ENSGA3 remains largely consistent with those of NSGA-II, NSGA-III and SPEA2
across the entire 0 to 1.0 quantile interval, while being significantly higher than that of
MOEA/D in all quantile ranges. As illustrated in the box plot of suppression rates in
Figure 16b, the box of ENSGA3 collapses into a single line with an interquartile range
of zero, indicating that its middle 50 percent of solutions are entirely concentrated at the
median value of approximately 0.77, which reflects extreme performance stability with
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no low-end outliers. In comparison, the median of NSGA-II is close to that of ENSGA3,
whereas the medians of NSGA-III and SPEA2 are notably lower at around 0.72, and
MOEA/D exhibits the lowest median of approximately 0.65 along with the widest box and
the greatest performance fluctuation.

 
(a)  (b) 

 
 

(c)  (d) 

Figure 17. Performance Comparison and Statistical Significance Test of Suppression Rate of Each
Algorithm in the Large-Scale Extended Scenario with 15 Jammers. (a) Quantile curves of suppression
rate; (b) Boxplot of run-level suppression rate; (c) Forest plot of rank-biserial r (HV) with ENSGA3
as baseline; (d) Run-level boxplot of HV with pairwise statistical significance labels. ** indicates a
statistically significant difference with adjusted p-value less than 0.005.

Furthermore, the effect size forest plot in Figure 16c and the statistical significance
test results in Figure 16d demonstrate that the comprehensive performance of ENSGA3
is significantly superior to that of MOEA/D, with an adjusted p-value of 0.0214, an effect
size r of 0.895, and a 95 percent confidence interval entirely within the positive range.
Meanwhile, no statistically significant differences are observed between ENSGA3 and
NSGA-II, NSGA-III or SPEA2, as all adjusted p-values equal 1. This overall performance
pattern is completely consistent with that observed in the benchmark scenario involving 12
communication nodes, thereby verifying the favorable scalability of the proposed algorithm
across varying task scales.

In the ultra-large-scale extended scenario involving 15 jammers, the quantile–
suppression rate curves in Figure 17a reveal that the curve for ENSGA3 is positioned
higher across the entire quantile interval. Notably, within the high-quantile range of 0.8
to 1.0, the suppression rate of ENSGA3 approaches 0.9, whereas NSGA-II, NSGA-III, and
SPEA2 reach approximately 0.8 in this interval, and MOEA/D remains at a lower level. This
indicates that ENSGA3 is more capable of generating high-quality suppression schemes in
large-scale settings. As shown in the box plot of suppression rates in Figure 17b, the box
and median line of ENSGA3 are close to those of NSGA-II and NSGA-III, all of which are
significantly higher than those of SPEA2. Moreover, ENSGA3 exhibits several high-value
scatter points above 0.9 without any extreme low outliers, while SPEA2 displays a wider
box, a lower median, and obvious low outliers. Although the median of MOEA/D is close
to that of NSGA-II and NSGA-III, it also produces low outliers, further highlighting the
stability advantage of ENSGA3.
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The forest plot of HV performance effect size in Figure 17c shows that the effect sizes r
of ENSGA3 compared with NSGA-II and NSGA-III are 0.158 and 0.189, respectively, with
95% confidence intervals containing 0, indicating no obvious performance differences; the
effect sizes r compared with SPEA2 and MOEA/D are 0.853 and 0.884, respectively, with
95% confidence intervals all in the positive value range, indicating that the HV performance
of ENSGA3 is significantly higher than that of these two algorithms. The results of the final
HV statistical test in Figure 17d show that the median final HV value of ENSGA3 is about
0.04 with a concentrated distribution; the HV medians of NSGA-II and NSGA-III are close
to that of ENSGA3; the HV medians of SPEA2 and MOEA/D are significantly lower, with
more discrete distributions. In summary, in the ultra-large-scale scenario with 15 jammers,
the suppression rate and HV performance of ENSGA3 are overall better, close to those
of NSGA-II and NSGA-III, and significantly higher than those of SPEA2 and MOEA/D,
verifying that the proposed algorithm has good performance stability and adaptability in
large-scale scenarios with increased decision dimensions and enhanced constraint coupling.

The above experimental results from gradient scaling scenarios with different task
scales and deployment scales are highly consistent with the performance law observed
in the benchmark scenario, which fully verifies that the proposed ENSGA3 algorithm
has stable scenario adaptability and engineering scalability for air–ground collaborative
jamming scheduling tasks of different scales. This stable cross-scenario performance
essentially stems from the structural adaptability of the TA-MSDO operator to the discrete
terrain topology, rather than customized parameter tuning for a single benchmark scenario.
The block-level crossover and multi-scale topological mutation mechanism designed in
this paper can alleviate the structural mismatch between traditional continuous genetic
operators and discrete decision space, and consistently maintain stable feasible region
exploration capability in discrete feasible regions with different dimensions and constraint
coupling degrees, without obvious performance degradation with the expansion of task
scale and decision space. In practical combat scenarios, the scale of communication target
nodes, the number of available jamming platforms, and the complexity of terrain constraints
often change dynamically with task requirements. The stable performance of the proposed
algorithm in gradient scaling scenarios provides reliable experimental support for its
engineering implementation in complex and variable battlefield environments. It also
forms a complete verification chain with the subsequent ablation experiments, which
jointly clarify the performance contribution and applicable boundary of each core module
in the algorithm framework.

4.6. Ablation Experiment
4.6.1. Ablation Study on LHS

To verify the impact of Latin Hypercube Sampling (LHS) initialization on algorithm
search efficiency and solution quality, an ablation comparison experiment was designed,
modifying only the initial population generation method. Figure 18 shows the evolution
of the feasible-solution ratio in the population during algorithm iterations, where the
ratio refers to the proportion of individuals meeting all constraints. Results reveal that
the average performance curves of ENSGA3 with LHS (LHS-ENSGA3) and its variant
without LHS (ULHS-ENSGA3) nearly coincide over 20 independent runs. Both achieve and
maintain a 100% feasible-solution ratio within about 10 generations, with ULHS-ENSGA3
converging slightly faster, but the difference is negligible, and their performance fluctuation
intervals overlap. This indicates that, for the problem modeling in this study, using LHS
during initialization has no significant impact on the algorithm’s ability to maintain a fully
feasible population.
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Figure 18. Evolution of Feasible-Solution Ratio Across Generations Convergence Profiles of Best
Feasible Suppression and Hypervolume.

Figure 19 compares the convergence curves of key optimization performance metrics.
Figure 19a,b show the evolution of the best feasible suppression rate over the first 20 and full
50 generations, while Figure 19c,d present the corresponding curves for the HV indicator.
Analysis shows no significant performance differences between the two algorithms: their
average convergence curves are highly consistent, and confidence intervals overlap widely
during evolution.

   
(a)  (b) 

 
(c)  (d) 

Figure 19. Convergence Profiles of Best Feasible Suppression and Hypervolume. (a) Convergence
of best feasible suppression over 20 generations; (b) Convergence of best feasible suppression
over 50 generations; (c) Convergence of HV over 20 generations; (d) Convergence of HV over
50 generations.
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As seen in the figures, the box distributions and medians of the two algorithms in
Figure 20a are almost the same, showing no obvious performance difference. However, in
Figure 20b, ENSGA3 with LHS has a slightly higher median, while ULHSENSGA3 has a
wider fluctuation range and more significant extreme fluctuations. ENSGA3 shows a more
compact box and better stability, indicating that LHS initialization has no significant impact
on the final best feasible suppression rate but only a minor positive effect on the average
performance of the final HV indicator and the stability of the solution set.

 
(a)  (b) 

Figure 20. Box Plot Comparison of Final Best Feasible Suppression Rate and HV Between ENSGA3
and ULHSENSGA3. (a) Box plot of final best feasible suppression rate; (b) Box plot of final HV.

This conclusion aligns well with the convergence curve analysis in Figure 19a. The
two algorithms show similar performance in key metrics like feasible-solution ratio and
convergence speed. LHS initialization does not alter the algorithm’s overall convergence
behavior. It only offers minor improvements in the final solution set’s comprehensive
quality and stability, having little effect on the core search process while just marginally
enhancing solution stability. The 20-random-seed statistical results back this up.

4.6.2. Ablation Study on Block-Level Crossover Mechanism

To verify the effect of the block-level crossover module on the algorithm’s suppression
rate optimization performance, an ablation experiment was designed for this module. The
original ENSGA3 algorithm incorporates a block-level crossover strategy to improve search
efficiency and solution quality, while the ablation variant UBlockENSGA3 only removes
the block-level crossover module, with all other parameters and network structures kept
consistent with ENSGA3, so as to isolate and analyze the module’s effect. Figures 21 and 22
present the visualization results for the suppression rate performance from this ablation
experiment, where Figure 21 is the quantile curve comparison of suppression rate for
ENSGA3 and UBlockENSGA3, with the horizontal axis representing quantiles and the
vertical axis denoting the corresponding suppression rate values; the curve trend reflects
the suppression rate distribution characteristics of the two algorithms at different solution
levels. Figure 22 is the box plot comparison of their suppression rates.

The quantile-suppression rate curves in Figure 21 fully present the impact of the
block-level crossover module on the solution space distribution of the algorithm. In the
low-quality solution interval (quantile 0~0.2), the curves of ENSGA3 with block-level
crossover and UBlockENSGA3 with this module removed are almost completely coinci-
dent, and the minimum performance boundary and the first performance jump node of
the two algorithms are completely consistent, indicating that removing the block-level
crossover will not cause a negative impact on the basic convergence ability and feasible
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solution generation ability of the algorithm. In the medium-quality solution interval with
the highest proportion (quantile 0.2~0.8), the suppression rate of ENSGA3 is consistently
and stably higher than that of UBlockENSGA3, which verifies that the block-level crossover
can effectively improve the solution quality of the algorithm in the conventional search
process. By preserving the integrity of the multi-dimensional configuration of the jam-
mer, it avoids the semantic fragmentation caused by the crossover operation, so that the
algorithm can generate feasible solutions with better suppression effect in most iterations.
In the high suppression rate elite solution interval (quantile 0.8~1.0), ENSGA3 enters the
high suppression rate interval earlier, showing better search efficiency for elite solutions.
Meanwhile, the two curves are almost completely coincident at quantile 1.0, and the upper
limit of the global optimal solution performance achievable by the two algorithms remains
consistent, indicating that the block-level crossover does not determine the upper limit of
the core optimization capability of the algorithm, but only plays a gain role in improving
search efficiency and solution stability.

Figure 21. Comparison of Quantile–Suppression Rate Curves.

Figure 22. Comparison of Suppression Rate Box Plots.

The results of this ablation experiment indicate that the block-level crossover module
has a limited impact on the core optimization performance of ENSGA3. UBlockENSGA3,
which does not incorporate this module, is highly consistent with the original algorithm in
the overall suppression rate performance. Although it has slight disadvantages in optimal
solution exploration speed and solution set stability, it can still stably converge to high-
quality solutions with high suppression rates without core performance degradation. This
result verifies that the block-level crossover module is a performance gain module of the
algorithm, rather than a core essential module to ensure the algorithm’s basic optimization
capability, thus providing an experimental basis for the subsequent structural optimization
and simplified design of the algorithm.
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4.6.3. Ablation Study on TA-MSDO

The core objective of this ablation experiment is to isolate and validate the inde-
pendent performance contribution of the multi-scale terrain-aware mutation mechanism
proposed by TA-MSDO under the NSGA-III algorithm framework. To ensure the rigor-
ous causal attribution of the experiment, a strict controlled-variable design is adopted in
this section: the core modules of the original NSGA-III framework, including reference
direction settings, non-dominated sorting, and elitist preservation mechanism, are kept
completely unchanged. Only the original mutation operator is replaced with the multi-
scale terrain-aware topological mutation of TA-MSDO to construct the algorithm variant
Only-TM-NSGA3. Taking the unmodified original NSGA-III as the benchmark, systematic
comparisons are carried out through 20 independent random seed experiments, with the
results shown in Figure 23a–d.

   

(a)  (b) 

(c)  (d) 

Figure 23. Quantile Curve Comparison of Suppression Performance for TA-MSDO Validation.
(a) Quantile curves of suppression rate; (b) Boxplot of suppression rate; (c) Forest plot of rank-biserial
r (HV); (d) Boxplot of HV with statistical significance.

As illustrated by the quantile distribution and statistical characteristics of suppression
rates in Figure 23a,b, Only-TM-NSGA3 exhibits a distribution pattern marked by a slight
tailing of low-quality solutions along with enhanced performance among high-quality
solutions. Specifically, in the low quantile interval from 0 to 0.2, its suppression rate is
slightly lower than that of the original NSGA-III, indicating a mild tailing effect. Upon
entering the low-to-medium quantile segment, Only-TM-NSGA3 transitions to a higher
suppression rate level earlier. In the medium-to-high quantile interval (0.2 to 0.8), which
contains the largest proportion of solutions, its suppression rate maintains a superior level,
and this advantage becomes even more pronounced in the high quantile interval (0.8 to
1.0) corresponding to the elite solution sets. The box plot results further corroborate these
observations: although the median suppression rates of the two algorithms do not differ
significantly, Only-TM-NSGA3 displays greater dispersion in its solution set, with a few
outliers in the low quantile interval, while its distribution in the high quantile interval
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is shifted toward higher suppression rates. This behavior is fully consistent with the
characteristics depicted by the quantile curves.

The results of statistical tests and multi-objective performance analysis (Figure 23c,d)
show that, in the effect size forest plot, the effect size r of the suppression rate performance
of Only-TM-NSGA3 compared with the original NSGA-III is 0.357, with a 95% confidence
interval of [−0.500, 1.000]. The confidence interval crosses the zero value, accompanied by
the statistical test result of p_adj = 0.447, which verifies that there is no statistically significant
difference in the overall suppression rate performance between the two algorithms. The box
plot results for the HV indicator show that the medians of the normalized four-objective
HV of the two algorithms are completely consistent, with no significant performance
difference; the HV distribution of Only-TM-NSGA3 has a larger dispersion, with the upper
whisker reaching a higher HV value and the lower whisker extending to a lower HV
value, accompanied by a small number of extreme high- and low-value outliers. This
is fully matched with the polarization characteristics presented by the suppression rate
indicator, indicating that the core gain of the multi-scale topological mutation mechanism
is concentrated in the breakthrough of the upper limit of elite solutions, rather than the
improvement of the overall average performance of the algorithm.

Combined with the ablation conclusions of LHS initialization in Section 4.6.1 and
block-level crossover mechanism in Section 4.6.2, a complete logical closed-loop explana-
tion for the above experimental phenomena can be formed. The results in Section 4.6.1
have clarified that LHS initialization has no significant impact on the core convergence
performance and median suppression rate of the algorithm, and can only slightly improve
the dimensional uniformity of the initial population and reduce the dispersion of the solu-
tion set. The results in Section 4.6.2 have verified that the core function of the block-level
crossover module is to maintain the multi-dimensional configuration integrity of jammers,
avoid semantic fragmentation caused by crossover operations, and reduce the generation
of invalid solutions during the iteration process. The comparison results for the three
ablation variants form a complete verification chain: ULHSENSGA3, which only lacks LHS
but retains block-level crossover and multi-scale mutation, has no tailing phenomenon
of low-quality solutions; UBlockENSGA3, which only lacks block-level crossover but re-
tains LHS and multi-scale mutation, also shows no degradation of low-quality solutions;
the slight tailing of low-quality solutions occurs only when both LHS initialization and
block-level crossover module are missing. The core reason is that LHS initialization and
block-level crossover form a dual buffer system of “initial population quality-iteration
process constraint”. When either module is missing alone, the other module can form an
effective buffer: when there is no LHS, block-level crossover can continuously ensure the
configuration integrity of the solution during iteration and offset the perturbation impact
of multi-scale mutation; when there is no block-level crossover, LHS can provide a uniform
and high-quality initial population to reduce the negative impact of semantic fragmentation
in crossover operations. However, Only-TM-NSGA3 lacks the dual buffers at the same time:
there is no uniformity constraint on the initial population, and no configuration integrity
protection during the iteration process. The global exploratory perturbation of multi-scale
topological mutation loses its constraint, and a small number of invalid/suboptimal so-
lutions cannot be effectively filtered, which finally manifests as a slight tailing of low-
quality solutions.

In summary, this ablation experiment clarifies the independent performance boundary
of the multi-scale terrain-aware mutation mechanism: this mechanism is the core gain
module to break through the local search bottleneck of the discrete feasible domain and
improve the upper limit of elite solution quality, and can effectively mine high-quality
feasible solutions under complex terrain. The slight tailing of low-quality solutions brought
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by it is a reasonable cost of exploratory perturbation under the simultaneous lack of
dual buffers of LHS and block-level crossover, rather than a performance defect of the
operator itself. The experimental results form a complete verification chain with the
ablation conclusions of LHS initialization and block-level crossover mechanism, clarifying
the independent contribution and synergistic relationship of each module of the TA-MSDO
operator, and providing sufficient module-level experimental support for the rationality of
the ENSGA3 algorithm framework integrated with the complete TA-MSDO operator.

5. Conclusions
Aiming at the high-dimensional and strongly constrained multi-objective optimization

challenge of air–ground collaborative jamming scheduling in complex terrain, as well as
the low optimization efficiency caused by the mismatch between the continuous search
mechanism of traditional algorithms and the discrete deployment structure, this paper con-
structs a joint optimization model integrating TA-MSDO, and embeds it into the NSGA-III
framework to propose the improved ENSGA3 algorithm. Through the block-level crossover
and multi-scale topological mutation mechanisms, the algorithm realizes directional and ef-
ficient exploration of the discrete feasible domain, effectively making up for the adaptability
defects of traditional continuous genetic operators in discrete constrained problems.

Taking a typical hilly terrain as the experimental scenario, this paper conducts sys-
tematic comparative experiments between ENSGA3 and mainstream multi-objective evo-
lutionary algorithms including NSGA-II, standard NSGA-III, SPEA2 and MOEA/D, and
constructs a complete evaluation system from multiple dimensions: convergence speed,
comprehensive quality of the final non-dominated solution set, coverage breadth and distri-
bution uniformity of the Pareto front, and algorithm stability under multiple independent
runs. The comprehensive comparison results show that relying on the terrain-aware direc-
tional search capability of the TA-MSDO operator, ENSGA3 can more efficiently approach
the theoretically superior performance boundary when solving such high-dimensional
discrete strongly constrained problems. Meanwhile, among multiple conflicting objec-
tives, including suppression effectiveness, deployment cost, resource consumption and
stealthiness, it can obtain a trade-off solution set with wider distribution and higher overall
quality, providing more abundant Pareto optimal schemes for engineering decision-making,
which fully verifies the effectiveness and advancement of the model and solution algorithm
established in this paper.

This study provides an effective solution for air–ground collaborative jamming re-
source scheduling in complex terrain. However, to focus on the core problem, the model
has been reasonably simplified in some aspects, and there are still many expandable re-
search directions. The current model assumes that the communication behavior patterns
and parameters of jamming targets are static and fixed, without fully considering the
dynamic anti-jamming technologies such as frequency hopping that they may adopt, which
presents a certain gap with the dynamic confrontation scenarios of actual battlefields. In
future research, dynamic game theory and online learning mechanisms can be integrated
into the existing optimization framework to explore the online scheduling and adaptive
countermeasure methods of jamming resources when the communication party adopts
dynamic strategies such as frequency hopping pattern variation, so as to improve the
practical combat adaptability and complex scenario response capability of the model. At
the same time, the constraint dimension of the model can be further expanded to integrate
factors such as dynamic platform movement and real-time changes in the electromagnetic
environment, bringing the optimization model more in line with the complex working
conditions of actual battlefields.
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