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ABSTRACT

In multi-missile attack scenarios, UAV swarms face a challenging cooperative decision-making problem when deploying 

smoke munitions to interfere with missile guidance systems. Focusing on the maximization of effective visual obscuration 

duration, this paper investigates the coordinated planning of UAV flight trajectories and smoke munition deployment 

strategies. First, the three-dimensional motion and interaction processes of UAVs, missiles, and smoke munitions are 

modeled in the time domain, and a high-dimensional nonlinear cooperative optimization model is established. Then, 

to address the dimensional explosion and local optimum issues encountered in model solving, as well as the difficulty 

of handling simulation-based, non-analytical objective functions, an improved particle swarm optimization algorithm 

integrating a cooperative-guidance mechanism and a global-perturbation strategy is developed. Combined with threat-

level assessment and a greedy resource allocation strategy, a hierarchical solution framework is proposed. Simulation 

results demonstrate the effectiveness of the proposed method, showing that it can efficiently generate optimal resource 

allocation schemes and cooperative UAV interference strategies, achieve superior interference performance in complex 

adversarial scenarios, and exhibit good engineering applicability and potential for practical deployment.

KEYWORDS

UAV cooperation, particle swarm optimization, cooperative guidance, high-dimensional nonlinear optimization

INTRODUCTION

With the rapid advancement of science and technology, precision-guided weapons and unmanned combat 

platforms have been increasingly deployed in modern warfare. Effectively mitigating the threat posed by 

incoming missiles under complex operational environments has thus become a critical issue that modern 
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defense systems urgently need to address. As a representative soft-kill countermeasure, smoke munitions can 

rapidly form obscuration regions to interfere with missile guidance processes [1]. When deployed via UAV 

platforms, they have gradually become an essential component of air defense systems due to advantages such 

as high maneuverability and controllable operational costs [2]. However, under complex scenarios involving 

multiple missiles arriving simultaneously and constrained operational time windows, how to rationally coor

dinate multiple UAVs to cooperatively deploy smoke munitions so as to maximize the effective interference 

duration remains a highly challenging engineering optimization problem [3–5].

Existing studies have mainly focused on the application mechanisms of smoke-munition interference in missile 

defense, covering key issues such as obscuration-condition identification and factor analysis of interference 

duration, and have also explored optimization strategies for deployment trajectories and parameters under 

specific constraints [6–8]. Some works model UAV-based smoke-munition deployment as an optimization 

problem with spatial and/or temporal constraints, and validate the interference effectiveness in scenarios 

involving a single platform and limited munitions via simulations [9–11]. With further research progress, 

cooperative combat scenarios with multiple UAVs and multiple munitions have gradually attracted increasing 

attention, where coordinated effectiveness is often assessed by aggregating or superimposing the interfer

ence intervals of smoke munitions [12–13]. However, as the dimensionality of decision variables increases 

in cooperative settings, the difficulty of solving the model grows exponentially. Existing approaches typically 

either integrate UAV flight and deployment decisions within a unified planning model, or adopt distributed 

modeling to plan the decisions of each UAV separately to achieve global coordination; such methods generally 

rely on heuristic or metaheuristic algorithms for solving [14–19]. Nevertheless, in practical applications, 

the evaluation of smoke-obscuration effectiveness depends on time-domain simulation, which makes the 

objective function difficult to express in an analytical form and thus limits the applicability of conventional 

intelligent optimization algorithms. As a result, existing methods may face challenges in maintaining global 

search performance and computational scalability when applied to such simulation-driven problems.

To address the above research gaps, this paper focuses on the joint spatiotemporal parameter optimization 

problem in UAV-based smoke-munition deployment interference. By constructing a three-dimensional time-

domain simulation model, the coupled motion relationships among UAVs, missiles, and smoke clouds are 

accurately characterized. Taking effective obscuration duration as the core performance metric, an optimiza

tion model is established with continuous decision variables and temporal constraints. Based on this model, 
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systematic simulation-based solution studies are conducted for different operational scenarios, including 

single-platform–single-munition and multi-platform–multi-munition settings. To overcome the global opti

mization difficulty caused by the increased model dimensionality, a cooperative-guidance mechanism and a 

global-perturbation strategy are incorporated into the particle swarm optimization framework. In combina

tion with a threat assessment model and resource allocation considerations, a hierarchical solution strategy 

suitable for complex scenarios is proposed.

THEORETICAL FRAMEWORK AND METHODOLOGY

This paper considers the interference of incoming missiles through UAV-deployed smoke munitions in a 

three-dimensional space. Visual obscuration is generated to delay the missile guidance process toward the 

real target. The objective is to maximize the effective obscuration duration, thereby increasing the likelihood 

that the missile is guided toward a decoy target. The operational space is defined as the three-dimensional 

Euclidean space ℝ3 , and the time variable 𝑡 is treated as a continuous variable; multiple UAVs carrying 

smoke munitions with delayed detonation capability release smoke at appropriate times and spatial locations, 

thereby forming visual obscuration along the line of sight between the missile and the real target. Let the set 

of missiles be denoted as ℳ︀ = {1, …, 𝑀} , and let the mission time horizon be 𝑡 ∈ [0, 𝑇 ] . An obscuration 

indicator function 𝐼(𝑡) is introduced, where 𝐼(𝑡) = 1 if the missile line of sight is blocked by smoke at time

𝑡 , and 𝐼(𝑡) = 0 otherwise. Accordingly, the total effective obscuration duration 𝑇𝑒 is defined as the integral 

of this indicator function over the effective lifetime of the smoke cloud:

𝑇 = ∫
𝑡

𝑡𝑒𝑛

𝑒
𝑑

𝐼(𝑡)𝑑𝑡 ≈
𝑁
∑
𝑘=

−

0

1
𝐼(

𝑑𝑒𝑡

𝑡 ) ⋅ Δ𝑘 𝑡

⃗

(1)

Here, 𝑡

⃗

⃗

=𝑘 𝑡

⃗

+ 𝑘 ⋅ Δ𝑡det , and all-time steps are traversed within the simulation loop to obtain the effective 

obscuration duration. For the case where multiple smoke munitions interfere with a single missile, the 

⃗

effective obscuration interval of the 𝑘 -th smoke munition under the decision vector 𝑋 is denoted as 𝐼 (𝑋)𝑘 . 

Accordingly, the mathematical expression of the objective function, namely the total effective obscuration 

duration 𝑓(𝑋) , is given as:

max 𝑓(𝑋) = length (
𝑘
⋃
=

𝑛

1
𝐼 (𝑋)𝑘 ) (2)
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⃗

This function automatically handles overlapping intervals and computes the true total obscuration duration. 

In evaluating this function, 𝐼 (𝑋)𝑘 denotes the cooperative obscuration indicator function, indicating that at 

least one smoke munition indexed by 𝑘 is effective at time 𝑡 .

Based on the above definitions, this paper focuses on the problem of maximizing the effective joint obscura

tion duration by appropriately scheduling UAV flight trajectories and smoke-munition deployment strategies 

under specific operational scenarios and physical constraints. To this end, physical motion models of the 

⃗

involved elements are first established. In a three-dimensional Euclidean space ℝ3 with the decoy target taken 

as the origin, missile 𝑀 departs from the initial position𝑖 𝑃𝑀 ,𝑖 0 and moves toward the decoy target along a 

straight line with a constant speed 𝑣𝑀 ; its velocity vector can thus be expressed as:

𝑣 =𝑀𝑖 𝑣𝑀

⃗𝑃𝑡,𝑓𝑎 − 𝑃 𝑖,0⋅
| ⃗𝑃𝑡,𝑓 𝑃𝑎 −

𝑀

𝑀𝑖,0 |
= 𝑣𝑀


𝑖⋅

|
− ,0
𝑃
𝑃

𝑀

𝑀

𝑖,0 |
(3)

At time 𝑡 , its position can be expressed as:

𝑃 (𝑡) =𝑀𝑖 𝑃 +𝑀𝑖,0

⃗

𝑣 ⋅ 𝑡𝑀
 (4)

UAV 𝑓 departs from the initial position𝑖 𝑃𝑓

⃗

,𝑖 0 and performs constant-speed straight-line flight at a fixed 

altitude with speed 𝑣𝑓𝑖
, following the same modeling logic as that of the missile motion. Its velocity vector

𝑣𝑓𝑖
is given by:

𝑣 =𝑓𝑖 𝑣𝑓𝑖

𝑃𝑓𝑖, −𝑡
𝑃 𝑖,0⋅

| 𝑃𝑓𝑖, 𝑃𝑡 −
𝑓

𝑓𝑖,0 |

⃗

(5)

The position of UAV 𝑓 at time 𝑡 can be expressed as𝑖 𝑃𝑓 (𝑡)
𝑖

:

⃗𝑃 (𝑡) =𝑓𝑖 𝑃 + 𝑣𝑓𝑖,0

⃗

⋅ 𝑡𝑓𝑖
 (6)

After the mission starts, the UAV deploys a smoke munition at time 𝑡𝑑 , and the deployment point coordinate

𝑃𝑑 is given by the UAV position at that time:
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⃗

𝑃𝑑
⃗= 𝑃 (𝑓𝑖 𝑡

⃗

𝑑)

After separating from the UAV, the smoke munition has an initial velocity equal to 𝑣𝑓

(7)

𝑖
. Subsequently, under 

the action of gravity, the smoke munition undergoes projectile motion. After a time interval of Δ𝑡 following 

deployment, its spatial position 𝑃 (Δ𝑡)𝑔 is given by:

⃗ ⃗𝑃𝑔
⃗(Δ𝑡) = 𝑃 + 𝑣𝑑  ⋅ Δ𝑡 +𝑓𝑖

1
2
𝑔 ⋅ (Δ𝑡)2 (8)

The smoke munition detonates after a delay of Δ𝑑 ; therefore, the detonation time 𝑡det is given by:

⃗

𝑡 =𝑑𝑒𝑡 𝑡 + Δ𝑑 𝑑 (9)

Substituting Δ𝑡 = Δ𝑑 into the smoke-munition trajectory equation yields the detonation-point coordinate

𝑃det :

 ⃗𝑃𝑑𝑒𝑡
⃗= 𝑃 + 𝑣𝑑 𝑓𝑖

1⋅ Δ𝑑 +
2
𝑔 ⋅ (Δ𝑑)

⃗

2 (10)

After detonation, the smoke forms a spherical cloud with radius 𝑅 and descends vertically at a speed 𝑣𝑠 . The 

vertical descent of the smoke cloud with a constant speed is adopted as a simplified assumption to facilitate 

model tractability. In practical scenarios, environmental factors such as wind and atmospheric turbulence may 

influence smoke dispersion, which may affect the actual effectiveness of the optimized deployment strategy. 

This limitation has been explicitly discussed in the Conclusions and Future Work section and will be addressed 

in future research. At any time 𝑡 , the center of the smoke cloud 𝑃 (𝑡)𝑐 is given by:

𝑃𝑐
(𝑡) = 𝑃 + (0, 0, −𝑑𝑒𝑡 𝑣 ) ⋅ (𝑡 −𝑠 𝑡𝑑𝑒𝑡) (11)

Where the time variable 𝑡 lies in the interval [𝑡 ,𝑑𝑒𝑡 𝑡 ]𝑒𝑛𝑑 .

It should be noted that the constant-velocity linear motion model adopted in this study serves as a first-order 

approximation for tractability. In practical scenarios, more complex maneuvering dynamics (e.g., proportional 

navigation for missiles and aerodynamic disturbances for UAVs) may influence the system behavior.
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In model formulation and solution, determining whether effective obscuration is achieved is a key step, as 

it directly affects the objective-function value of optimization. Effective obscuration requires that, at a given 

time instant, all lines of sight from the missile to the target cylinder are blocked by the smoke cloud. Here, an 

approximate method—namely, the discretized sampling approach—is introduced by discretizing the target 

cylinder into a set of representative sampling points 𝑆𝑇 . Specifically, four extreme points on the top base and 

four extreme points on the bottom base of the cylinder that are parallel to the coordinate axes are selected, 

yielding a total of eight points. The coordinate set is given as:

𝑆 = {(0 ±𝑇 𝑅 ,𝑡 𝑌 , 0), (0,𝑡 𝑌 ±𝑡 𝑅 , 0), (0 ±𝑡 𝑅 ,𝑡 𝑌 ,𝑡 𝐻 ), (0,𝑡 𝑌

⃗

±𝑡 𝑅 ,𝑡 𝐻 )𝑡 } (12)

To determine whether complete effective obscuration is achieved at any time instant within the effective 

⃗

lifetime of the smoke, the following condition must be satisfied: for each sampling point 𝑃 ∈𝑇,𝑖 𝑆𝑇 , the line 

of sight connecting the missile position 𝑃𝑀 (𝑡)
𝑖

and the sampling point—i.e., the viewing-direction vector

𝑃𝑀𝑖
(𝑡)𝑃𝑇,𝑖

⃗—should intersect the smoke-cloud sphere centered at 𝑃 (𝑡) with radius𝑐 𝑅𝑠 . In geometric terms, 

this is equivalent to requiring that the shortest distance from the smoke-cloud center to each line of sight is 

less than the smoke radius:

∀𝑃 ∈𝑇,𝑖 𝑆 ,𝑇 𝑑 (𝑚𝑖𝑛 𝑃 (𝑡),𝑐 𝑃⃗
𝑀𝑖

(𝑡)𝑃𝑇,𝑖)

⃗

≤ 𝑅𝑠 (13)

Based on the above criterion, an indicator function is introduced as follows:

𝐼 (𝑡, 𝑋) = {1，𝑇ℎ𝑒𝑟𝑒 𝑒𝑥𝑖𝑠𝑡𝑠 𝑎𝑡 𝑙𝑒𝑎𝑠𝑡 𝑜𝑛𝑒 𝑘𝑓𝑜𝑟 𝑤ℎ𝑖𝑐ℎ 𝑖𝑡 𝑖𝑠 𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 𝑎𝑡 𝑡𝑖𝑚𝑒𝑐𝑜𝑜𝑝 𝑡

0，𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
(14)

This indicator function is used to characterize the instantaneous interference state of the smoke on the missile 

guidance process and provides the basis for the subsequent calculation of the effective obscuration duration.

Based on the aforementioned motion models and obscuration determination criteria, the decision-planning 

problem of UAV smoke-munition deployment is formulated as a high-dimensional nonlinear optimization 

problem with the objective of maximizing the joint effective obscuration duration. For an operational mission 
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⃗

⃗

in which a formation consisting of 𝑖 UAVs cooperatively deploys 𝑘 smoke munitions, the complete strategy 

can be represented by a 𝐷 -dimensional decision vector 𝑋 :

𝑋 = (𝑣 ,𝑓1 𝜃 , …,1 𝑣 ,𝑓𝑖 𝜃 , 𝑡(𝑑
1

𝑖
), Δ𝑑 , …, 𝑡(𝑑

𝑘(1) ), Δ𝑑(𝑘)) (15)

Here, 𝑣𝑓 ∈ [
𝑖

𝑣 ,𝑚𝑖𝑛 𝑣 ] denotes the flight speed of the 𝑖 -th UAV, and𝑚𝑎𝑥 𝜃 ∈ [0, 36𝑖 0 ) represents the horizon∘

⃗

𝑑
(𝑘

tal flight direction angle of the 𝑖 -th UAV. 𝑇 ) > 0 denotes the deployment time of the 𝑘 -th smoke munition 

⃗

measured from the mission start, and Δ𝑑 > 0 denotes the detonation delay time of the 𝑘(𝑘) -th smoke 

⃗

munition. The value of the objective function is defined as the integral of the indicator function over the 

simulation time horizon:

⃗

𝑓(𝑋) = ∫
𝑡

𝑡𝑒𝑛𝑑

𝑠𝑡𝑎𝑟𝑡

𝐼

⃗

(𝑡, 𝑋)𝑑𝑡 ≈ ∑𝑐𝑜𝑜𝑝 𝐼

⃗

(𝑐𝑜𝑜𝑝 𝑡 , 𝑋) ⋅ Δ𝑗 𝑡 (16)

The objective-function value 𝑓(𝑋) must be evaluated numerically by invoking the three-dimensional time-

domain simulation model, and no analytical expression with respect to the decision vector 𝑋 can be obtained. 

Therefore, the objective function 𝑓(𝑋) can be regarded as a numerical evaluation of the integral definition 

of 𝑇𝑒 under cooperative conditions.

To verify the reliability of the discretized sampling method, a projection-based obscuration judgment method 

is further introduced as a reference model. The core idea of this method is to construct a projection plane 

perpendicular to the missile line of sight, and to project both the cylindrical target and the smoke cloud onto 

this plane for obscuration evaluation.

Let 𝐶 denote the center of the target and𝑇 𝑃 (𝑡) denote the missile position at time 𝑡𝑚 . The direction from 

the missile to the target can be expressed as

−𝐝(𝑡) =
∥

(𝐂
𝐂

𝑇
−𝑇

𝐏
𝐏

𝑚
(𝑚

𝑡
𝑡
)
) ∥

(17)

Accordingly, a projection plane Π perpendicular to 𝐝(𝑡) is constructed as

Π : 𝐝(𝑡) (𝐱 −⊤ 𝐏 ) =0 0 (18)

https://doi.org/10.31881/TLR.2026.2235 2241



 MA M et al. TEXTILE & LEATHER REVIEW | 2026 | 9 | 2235-2259 

where 𝐏 is a reference point on the plane. For any spatial point 𝐗 , its perspective projection onto Π0 can be 

written as

𝑓(𝐗 − 𝐏𝑚)⊤𝐞𝑢 =
(𝐗 −

1
𝐏𝑚)⊤𝐝

𝑓(𝐗 − 𝐏𝑚)⊤𝐞, 𝑣 =
(𝐗 −

2
𝐏𝑚)⊤𝐝

(19)

where 𝐞 and1 𝐞 are two orthogonal basis vectors on Π , and 𝑓2 is a scaling factor.

Using this transformation, the cylindrical target is mapped into a projected region 𝒮︀𝑇 on the plane, while the 

smoke cloud is projected as a circular region 𝒮︀𝑆 . The obscuration condition is then defined as

𝒮︀ ⊆𝑇 𝒮︀𝑆 (20)

The effectiveness of this reference method is further validated through comparative analysis in Case I, where 

the results obtained by the two methods are shown to be highly consistent. To address the failure of conven

tional gradient-based methods in solving this high-dimensional nonlinear optimization problem, as well as 

the tendency of standard heuristic algorithms to become trapped in local optima, this paper introduces a 

cooperative-guidance mechanism and a basin-hopping strategy into the standard particle swarm optimization 

framework, thereby enhancing the algorithm’s ability to escape local optima and to explore effective cooper

ative strategies.

The core idea is that each particle updates its solution by adjusting its position and velocity, and each particle 

is influenced by both the best solution found by itself and the best solution found by the entire swarm. The 

velocity update equation is given by:

(𝑘+1𝑣 ) (𝑘= 𝑤 ⋅𝑖 𝑣 ) +𝑖 𝑐 ⋅1 𝑟 (𝑘⋅ (1 𝑝 ) − 𝑥𝑖
(
𝑖
𝑘)) + 𝑐 ⋅2 𝑟 ⋅ (2 𝑔 − 𝑥(𝑘) (

𝑖
𝑘)) (21)

The position update equation is given by:

𝑥(
𝑖
𝑘+1) = 𝑥(

𝑖
) (𝑘+1)+ 𝑣𝑘

𝑖 (22)

(𝑘
Here, 𝑣 )

denotes the velocity of the 𝑖 -th particle, and 𝑥𝑖
(
𝑖
𝑘) (𝑘

denotes the position of the 𝑖 -th particle. 𝑝 )
𝑖

represents the historical best solution of the 𝑖 -th particle, while 𝑔(𝑘) denotes the best global solution. The 
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parameter 𝑤 is the inertia weight, which controls the retention of particle velocity. The parameters 𝑐 and1 𝑐2

are the learning coefficients that determine the influence of the individual and the swarm, respectively, and

𝑟 and1 𝑟

⃗

2 are random variables introduced to enhance search stochasticity. To guide the algorithm toward 

⃗ ⃗

exploring truly cooperative solutions, the original objective function is modified by introducing a cooperative 

⃗

reward term. The modified fitness function 𝑓

⃗

(𝑋)shaped is defined as:

𝑓

⃗

(𝑋) = 𝑓(𝑋) + 𝛽 ⋅𝑠ℎ𝑎𝑝𝑒𝑑 𝑁

⃗

(𝑋𝑐𝑜𝑛𝑡𝑟𝑖𝑏 ) (23)

Here, 𝑓(𝑋) denotes the true joint effective obscuration duration. 𝑁 (𝑋) is the cooperation factor, reprecontrib

senting the number of smoke munitions whose individual effective obscuration duration exceeds a predefined 

threshold under the given strategy. The parameter 𝛽 is the cooperative reward coefficient, which is used to 

regulate the strength of the reward assigned to cooperative behavior.

To avoid repeatedly falling into local optima, a dynamic particle swarm is embedded into a global search 

framework, namely the basin-hopping algorithm. The core of this algorithm consists of the following three 

steps:

⃗

Step A) Taking the currently obtained best solution 𝑋∗
current as the starting point, a complete run of the particle 

swarm optimization algorithm is performed to conduct local intensive exploitation, yielding a local optimal 

⃗

solution 𝑋∗
local .

Step B) The Metropolis criterion is applied to determine whether the current best solution should be updated 

by 𝑋∗ . The acceptance probabilitylocal 𝑃accept is defined as:

𝑃𝑎𝑐𝑐𝑒𝑝𝑡 =
{

 ⃗{1, ⃗if 𝐹 (𝑠ℎ𝑎𝑝𝑒𝑑 𝑋 ) ≥𝑙
∗
𝑜𝑐𝑎𝑙 𝐹 (𝑠ℎ𝑎𝑝𝑒𝑑 𝑋𝑐

∗
𝑢𝑟𝑟𝑒𝑛𝑡

(𝑋⃗𝑙
∗
𝑜𝑐𝑎(𝐹𝑠ℎ𝑎𝑝𝑒

{
exp 𝑑 𝑙

⃗(𝑠ℎ𝑎𝑝𝑒𝑑 𝑋𝑐)−
𝑇

∗
𝑢𝑟𝑟𝑒𝑛𝑡)𝐹 ),

)

otherwise
(24)

Step C) A random perturbation is applied to the current solution 𝑥𝑖 to generate a new candidate solution

𝑥 . The objective function value 𝑓(𝑙𝑜𝑐𝑎𝑙 𝑥 )𝑙𝑜𝑐𝑎𝑙 is then evaluated, and a decision is made on whether to accept 

this solution. The algorithm terminates when either the maximum number of iterations is reached or the 

change in the objective-function value falls below a predefined threshold.

Even when equipped with the proposed improvements, directly applying the particle swarm optimization 

algorithm to global search over the full decision space still suffers from severe dimensional expansion, which 
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leads to a rapid growth of the search space and a noticeable degradation in computational efficiency. To 

achieve a more rational and effective allocation of limited smoke-munition resources, this study introduces an 

evaluation–allocation–optimization framework that emulates the practical decision-making process in three 

successive stages. Specifically, the overall operational situation is first assessed to characterize the relative 

importance of decision targets. Based on the assessment results, available resources are then allocated 

in a prioritized manner. Finally, the original large-scale optimization problem with multiple objectives and 

constraints is decomposed into several smaller, logically structured subproblems with reduced computational 

complexity, from which high-quality optimization solutions can be efficiently obtained.

To support a more rational resource-allocation process, a threat assessment model is constructed to quantify 

and compare the relative threat levels posed by the three incoming missiles.

𝑇𝑎,𝑗


=

| 𝑃𝑀 | −,𝑗 0 𝑅𝑡ℎ

𝑣𝑀

⃗

(25)

Here, 𝑃𝑀 denotes the initial position vector of missile,𝑗 0 𝑀 , and𝑗 𝑣𝑀 represents its flight speed. A smaller 

value of 𝑇 indicates that missile𝑎,𝑗 𝑀𝑗 reaches the threat region at an earlier time, leaving a shorter reaction 

window for the defense system and thereby implying a higher threat level. Consequently, missiles with smaller

𝑇𝑎,𝑗 should be assigned higher priority during the resource-allocation process.

During the resource-allocation process, it is also necessary to account for the effectiveness generated by 

assigning a specific resource to a given target, that is, how much operational benefit can be obtained by 

allocating resource 𝐴 to target 𝐵 . To explicitly incorporate allocation effectiveness into the decision process, 

a utility function is introduced, and an effectiveness matrix 𝑈𝑖,𝑗,𝑘 is precomputed to evaluate the interference 

potential of each smoke munition against each missile. Specifically, the element 𝑈𝑖,𝑗,𝑘 represents the maxi

mum achievable effective obscuration duration when all 𝑘 smoke munitions carried by UAV 𝐹𝑌𝑖 are allocated 

to interfere with missile 𝑀𝑗 . Its mathematical formulation is given as follows:

𝑈𝑖,𝑗,𝑘
𝑋𝑖,𝑘

= max


𝑓(𝑋 | 𝐹𝑖,𝑘 𝑌 ,𝑖 𝑀 , 𝑘), ∀𝑖 ∈ {1..5}, 𝑗 ∈ {1, 2, 3}, 𝑘 ∈ {1, 2, 3𝑗 } (26)
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⃗

Here, 𝑓(⋅) denotes the same internal evaluation function as that used in Problem III for computing the 

joint effective obscuration duration, and 𝑋 represents the deployment strategy vector of UAV 𝐹𝑖,𝑘 𝑌𝑖 when

𝑘 smoke munitions are employed.

Finally, a greedy resource-allocation procedure is performed based on the previously obtained evaluation 

results to generate high-quality smoke-munition deployment decisions. Specifically, a threat-driven greedy 

strategy guided by the maximum utility value is adopted. Although this approach does not guarantee conver

gence to the theoretical global optimum and may introduce a certain approximation error, it features a clear 

decision logic and high computational efficiency, enabling the rapid identification of near-optimal solutions 

within limited decision time. In this strategy, smoke munitions are allocated sequentially according to the 

descending order of missile threat levels, and the corresponding decision process is summarized as follows:

Step 1） Initialize the resource pool ℱ︀𝑎 by populating it with the five available UAVs and all corresponding 

smoke munitions.

Step 2） Iterate over all UAVs in the resource pool and their feasible smoke-munition allocation schemes, and 

evaluate the corresponding predicted utility values.

Step 3） Select the UAV–munition combination that yields the maximum utility value for the current missile:

(𝐹𝑌 ,𝑖
∗ 𝑘∗

𝑖∈
) = arg

𝐹𝑌 ℱ︀
max

1 𝑘, ≤𝑎 ≤𝑁𝑎,𝑖
𝑈𝑖,𝑗,𝑘 (27)

Here, 𝑁 denotes the number of smoke munitions currently available on UAV 𝐹𝑎,𝑖 𝑌𝑖 .

Step 4） If a positive maximum utility value is identified, execute the corresponding allocation by assigning UAV

𝐹𝑌 and its𝑖
∗ 𝑘∗ selected smoke munitions, and remove them from the resource pool. Once a UAV is assigned 

to a specific missile, it is dedicated to that task. This design enables a decomposition of the allocation and 

continuous optimization processes, reducing problem complexity and improving solution tractability. Once 

UAV 𝐹𝑌 is assigned to missile𝑖
∗ 𝑀 , its optimal set of𝑗 𝑘∗ smoke munitions is bound to that task. The algorithm 

may subsequently search for the next best UAV–munition combination among the remaining resources for 

missile 𝑀𝑗 , and this process continues until no UAV in the resource pool can provide a positive utility value 

for that missile.

Step 5） Proceed to allocate resources to the next target missile according to the predefined threat-ranking 

order.
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In summary, this study addresses the problem of UAV-deployed smoke munitions for missile guidance inter

ference by establishing a unified three-dimensional time-domain modeling and simulation-based optimization 

framework. For small- to medium-scale operational scenarios, the solution efficiency of particle swarm 

optimization is enhanced through the introduction of a cooperative reward term and a global perturbation 

mechanism. For large-scale and highly complex scenarios, a hierarchical evaluation–allocation–optimization 

strategy is further adopted to decompose the original problem into a set of dimensionally manageable 

subproblems, thereby significantly improving computational efficiency while preserving the consistency of 

the underlying model.

SIMULATION EXPERIMENTS

To validate the effectiveness of the proposed model and algorithms, a series of numerical simulations are 

conducted within a three-dimensional time-domain simulation environment. The main simulation parameters 

are specified as follows. The speed of the incoming missiles is set to 𝑣 = 300 𝑚/𝑠𝑚   . Each UAV is allowed 

to deploy two smoke munitions, with a minimum time interval of 1 s between consecutive releases. The 

minimum time interval of 1 s between consecutive smoke releases is adopted as a simplified operational 

constraint for modeling purposes and can be adjusted in practical applications according to UAV platform 

capabilities. The effective radius of the smoke cloud is 𝑅 = 10 𝑚 , and its effective duration is𝑠   𝑇 = 20 𝑠𝑠   . 

After detonation, the smoke cloud descends vertically at a constant speed of 𝑣 = 3 𝑚/𝑠𝑠   .

A Cartesian coordinate system is established with the decoy target located at the origin, while the real 

target is modeled as a cylindrical object centered at (0, 200, 0) with a radius of 7 m and a height of 

10 m. Three incoming missiles, denoted as 𝑀 ,1 𝑀 , and2 𝑀 , are initially positioned at (20000, 0, 2000)3 ,

(19000, 600, 2100) , and (18000, −600, 1900) , respectively. The initial positions of the five UAVs are given 

by 𝐹𝑌 (17800, 0, 1800) , 𝐹1 𝑌 (12000, 1400, 1400) , 𝐹2 𝑌 (6000, −3000, 700) , 𝐹3 𝑌 (11000, 2000, 1800)4 , and

𝐹𝑌 (13000, −2000, 1300)5 . After receiving mission commands, each UAV determines its flight direction as 

required and performs straight-line flight at a constant altitude with a speed ranging from 70 to 140 m/s.

Under this unified parameter configuration, five simulation scenarios of increasing complexity are designed 

to systematically evaluate the proposed methods:

Case I (Fixed-strategy scenario): A single UAV 𝐹𝑌 is assigned to interfere with a single incoming missile1 𝑀1 . 

The UAV flies toward the decoy target at a fixed speed of 120 m/s. After 1.5 s from mission initiation, one 

smoke munition is released, with a detonation delay of 3.6 s.

https://doi.org/10.31881/TLR.2026.2235 2246 



 MA M et al. TEXTILE & LEATHER REVIEW | 2026 | 9 | 2235-2259 

Case II (Single-UAV single-munition optimization): A single UAV 𝐹𝑌 is assigned to interfere with missile1 𝑀1 , 

where the optimization variables include the flight direction and speed of 𝐹𝑌1 , as well as the release time 

and detonation delay of the smoke munition.

Case III (Single-UAV multi-munition cooperation): A single UAV 𝐹𝑌 is assigned to interfere with missile1 𝑀1 . 

The UAV deploys three smoke munitions, and the optimization focuses on the flight parameters of 𝐹𝑌1 as 

well as the coordinated release and detonation timing of the three munitions.

Case IV (Multi-UAV single-munition cooperation): Three UAVs, 𝐹𝑌 – 𝐹1 𝑌3 , cooperatively interfere with a 

single missile 𝑀1 . Each UAV deploys one smoke munition, and the optimization jointly considers the flight 

heading and speed of each UAV together with the corresponding munition release and detonation parame

ters.

Case V (Multi-UAV multi-munition multi-missile scenario): Five UAVs, 𝐹𝑌 – 𝐹1 𝑌5 , are tasked with interfering 

with three incoming missiles, 𝑀 –1 𝑀3 . Each UAV is allowed to deploy up to three smoke munitions, and the 

deployment strategies of all UAVs are jointly optimized.

In Case I, the UAV flies with a prescribed speed and heading and releases a single smoke munition at a prede-

fined time. After a delayed detonation, the smoke cloud is formed and descends vertically at a constant rate.

 Figure 1 presents a three-dimensional visualization of the trajectories of the UAV, the missile, and the 

smoke cloud in this scenario, which clearly illustrates their spatial relationships during the interference 

process. 

Specifically, UAV FY1 departs from the initial position (17800,0,1800) and flies toward the decoy target at a 

constant speed of 120 m/s. At 1.5 s after mission initiation, the UAV reaches the location (17620,0,1800) 

and releases the smoke munition. The munition subsequently detonates at 5.1 s from mission start at the 

position (17188,0,1736.496), generating the smoke cloud that participates in the interference process.

Figure 1. case Ⅰ UAV–Missile–Smoke trajectories
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Building on the trajectory analysis, Figure 2 illustrates the effective shielding time produced by the smoke 

cloud after detonation during the missile guidance process. It can be observed that, within the 20 s effective 

lifetime of the smoke cloud, only 1.39 s contributes to effective interference with missile guidance.

Figure 2. case Ⅰ Shielding time window

To further validate the accuracy of the discretized sampling method, a comparison with the projection-based 

obscuration judgment method is conducted for Case I, as illustrated in Figure 3.

As shown in Figure 3, the effective obscuration time intervals obtained by the two methods are highly 

consistent, with nearly overlapping results in both the onset and duration of the obscuration period. The 

discretized sampling method yields an effective obscuration duration of 1.39 s, while the projection-based 

method produces a duration of 1.42 s, resulting in a negligible difference of only 0.03 s.

This comparison demonstrates that the discretized sampling method can provide sufficiently accurate obscu

ration evaluation, while significantly reducing computational complexity. Therefore, it is adopted in the 

subsequent optimization scenarios.

Figure 3. Obscuration interval comparison between two methods in Case I
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In Case II, the UAV flight speed and heading, together with the smoke-munition release time and detonation 

delay, are treated as optimization variables. After 50 iterations of the particle swarm optimization algorithm, 

the resulting optimal strategy combination is summarized in Table 1:

Table 1. case Ⅱ Optimized UAV and Smoke Munition Parameters

UAV parameter Smoke munition parameters

UAV speed: 123.65𝑚/𝑠 Release time: 0.92s

UAV flight direction: 5.07∘ Detonation delay: 0.10s

Detonation coordinates: (17924.20, 11.01, 1799.95Smoke munition release coordinates: (17911.88, 9.92, 1800) )

Under the optimized strategy, UAV 𝐹𝑌1 departs from its initial position and performs straight-line flight at a 

constant speed of 123.65 m/s along the determined heading, with a deflection angle of 5.07° relative to the 

reference direction. At 0.92 s after mission initiation, the UAV reaches the location (17911.88, 9.92, 1800)

and releases the smoke munition. The munition subsequently detonates after a delay of 0.10s at the position

(17924.20, 11.01, 1799.95) , forming the smoke cloud used for interference. The smoke-deployment trajec

tories are shown in Figure 4.

With this deployment strategy, an effective interference duration of 4.59 s is achieved. As shown in Figure 5, 

the interference effect begins at approximately 3 s after mission initiation and provides a continuous and stable 

shielding window over an extended period. Compared with intermittent obscuration, such sustained shielding 

is considerably more disruptive to missile guidance systems that rely on continuous target tracking. The 

corresponding smoke-deployment trajectories further illustrate the effectiveness of the interference process.

Figure 4. case Ⅱ UAV–Missile–Smoke trajectories
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Figure 5. case Ⅱ Shielding time window

For Case III, after ten basin-hopping iterations, the solution converges with an efficient cooperative strategy, 

as summarized in Table 2. Under this strategy, the UAV flies along the determined heading at a constant 

speed of 137.1 m/s, with a heading angle of 3.54°. In this flight condition, three smoke munitions are de-

ployed, exhibiting noticeable differences in their spatial positions and resulting shielding effects. Specifically, 

the three munitions are released at (17814, 0.85, 1800) , (17951, 9.31, 1800) , and (19451, 102.4, 1800) , 

respectively, and detonate at the corresponding locations (17828, 1.74, 1800) , (17964, 10.15, 1800) , and

(19465, 102.98, 1800) . As a result, the first munition provides an effective shielding duration of 3.2 s, the 

second achieves 4.0 s, while the third does not produce effective obscuration.

Table 2. case Ⅲ Optimized UAV and Smoke Munition Parameters

UAV flight direc
tion

UAV speed
ID release coordi detonation coor

nates


Smoke munition Smoke munition Smoke munition Effective shielding dura

dinates


tion

(17814, 0.85, 1800) (17828,1,74,1800)

(17951, 9.31, 1800) (17964,10.15,1800)

(19451,102.4,1800) (19465,102.98,1800)
3.5395 137.1 3 0

From the perspective of individual contributions, the first and second smoke munitions provide shielding 

durations of 3.2 s and 4.0 s, respectively. However, as indicated by the shielding time-window illustration in 

Figure 6, a 1.0 s interval is jointly produced by the overlapping effects of the first two munitions. Consequently, 

the total effective obscuration duration amounts to 6.2 s. The corresponding trajectory visualization shown in 
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Figure 7 further depicts this interaction process and indicates that the detonation point of the third munition 

lies outside the effective altitude range required for missile guidance interference.

Figure 6. case Ⅲ Shielding time window

Figure 7. case Ⅲ UAV–Missile–Smoke trajectories

For Case IV, the complex multi-UAV cooperative optimization model converges to an effective coordination 

strategy after ten basin-hopping iterations guided by the cooperative factor, using the PSO-based metaheuris-

tic framework. The resulting strategy is summarized in Table 3.

In this solution, UAV 𝐹𝑌1 flies at a speed of 114.01 m/s along a heading angle of 6.08°, releases a smoke 

munition at (17814, 6.73, 1800) , and the munition detonates at (17875, 7.94, 1800) , yielding an effective 
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shielding duration of 4.56 s. UAV 𝐹𝑌2 travels at 84.35 m/s with a heading of 271.07°, deploys its munition 

at (12016, 541.16, 1400) , which subsequently detonates at (12026, 27.28, 1214.5) , producing a shielding 

duration of 3.76 s. Similarly, UAV 𝐹𝑌3 flies at 137.09 m/s along a heading of 129.03°, releases its munition 

at (4174, −748.25, 700) , and detonation occurs at (3466, 125.25, 370.28) , resulting in an effective shielding 

duration of 4.56 s.

Table 3. case Ⅳ Optimized UAV and Smoke Munition Parameters

UAV flight direc
tion

UAV speed
ID release coordi detonation coor

nates


Smoke munition Smoke munition Smoke munition Effective shielding dura

dinates


tion

6.08 114.01 (17814, 6.73, 1 8 0 0 ) (17875, 7.94, 1800)

(12016, 541.16,1400) (12026, 27.28, 1214.5)

(4174, −748.25,700)

1

(3466, 125.25, 370.28)

4.56

129.03 137.09  3 2.48

From the effective shielding time axis shown in Figure 8, the relay-like interference process produced by the 

three smoke munitions can be clearly observed. Under this cooperative strategy, the munitions intermittently 

interrupt the missile’s visual guidance, resulting in a cumulative interference duration of 10.7 s. The corre

sponding three-dimensional trajectory visualization in Figure 9 further illustrates the coordinated motion and 

interaction among the three UAVs and their deployed smoke munitions throughout the interference process.

Figure 8. case Ⅳ Shielding time window
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It should be noted that the intermittent obscuration observed in this scenario is primarily caused by the non-

continuous temporal overlap of multiple smoke clouds. Due to differences in deployment timing, detonation 

positions, and effective durations, individual smoke munitions generate separate or partially overlapping 

obscuration intervals, resulting in intermittent blocking of the line of sight. Although such obscuration is not 

continuous, repeated short-term interruptions can disrupt the missile’s target tracking process. In particular, 

frequent loss and reacquisition of the target may introduce instability in the guidance loop and increase 

tracking error, thereby reducing the effectiveness of stable target locking.

Figure 9. case Ⅳ UAV–Missile–Smoke trajectories

In Case V, the interference of three incoming missiles by five UAVs is considered. The threat levels of the three 

missiles are first evaluated using the proposed threat assessment model, and the corresponding results are 

summarized in Table 4. According to the assessment, the threat ranking of the missiles is 𝑀 >3 𝑀 >2 𝑀1 .

Table 4. Threat Assessment Results

Threat level ranking 𝑀𝑗 (40) Time to reach the target area

1

2

3

M3

M2

M1

43.70

47.08

50.33

Based on the threat assessment results, the interference potential of each smoke munition against each mis

sile is further evaluated using the effectiveness assessment model, yielding the corresponding effectiveness 
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matrix. It is observed that many utility values in the matrix are equal to zero. This outcome arises from the 

fixed initial positions of the UAVs and missiles, under which certain UAV–missile pairs do not possess feasible 

spatial configurations for line-of-sight blocking, and thus no effective obscuration can be achieved.

Subsequently, a threat-driven greedy allocation strategy based on the maximum utility criterion is applied, 

and the resulting allocation scheme is reported in Table 5. The algorithm strictly follows the threat-ranking 

order 𝑀 >3 𝑀 >2 𝑀1 during decision-making. Specifically, the interference potential of all UAVs against 

missile 𝑀3 is first evaluated. According to the effectiveness matrix, none of the UAVs yields a positive utility 

value for 𝑀3 , indicating that allocating resources to this missile would not generate effective interference 

and would therefore be inefficient. The evaluation is then performed on the remaining resources, leading to a 

final allocation in which 𝐹𝑌 primarily targets1 𝑀 , 𝐹1 𝑌 primarily targets2 𝑀 , and missile2 𝑀3 is strategically 

excluded from interception. The detailed allocation scheme is provided in Table 5:

Table 5. case Ⅴ Optimized UAV and Smoke Munition Parameters

UAV ID UAV flight direc
tion

UAV flight speed Smoke 
munition (m/s)

ID

Smoke munition deto Effective inter
nation coordinates


ference duration 

(s)

Target missile ID

FY1

FY1

FY1

FY2

FY2

FY2

FY3

FY3

FY3

FY4

FY4

FY4

FY5

FY5

FY5

4.1643

4.1643

null

301.73

301.73

301.73

0

0

null

null

null

null

null

null

null

140

140

null

140

140

140

140

140

null

null

null

null

null

null

null

1

2

3

1

2

3

1

2

3

1

2

3

1

2

3

(17829,2.08,1800)

(17968,12.2,1800)

null

(13840, −1575, −192)

(12594,440.03,1400)

(14427, −2525,1119)

(11607, −3000,699)

(17193, −3000, −1260)

null

null

null

null

null

null

null

3.3

3.7

0

0

4

0

0

0

0

0

0

0

0

0

0

M1

M1

null

M2

M2

M2

M1

M1

null

null

null

null

null

null

null

After multiple rounds of local refinement and global random perturbation, the final decision strategy is 

obtained as follows. UAV 𝐹𝑌1 flies at a speed of 140m/s with a heading angle of 4.16°, and releases two smoke 

munitions at (17814, 1.02, 1800） and (17954, 11.18, 1800） , respectively. Through appropriate detonation 

delays, the munitions detonate at (17829, 2.08, 1800） and (17968, 12.2, 1800） , providing effective shield
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ing durations of 3.3s and 3.7s against missile 𝑀 . UAV 𝐹1 𝑌2 flies at 140m/s along a heading of 301.73°, deploys 

a smoke munition at (12586, 451.94, 1400） , and detonation occurs at (12594, 440.03, 1400） , resulting in 

a 4.0s interference duration against missile 𝑀 . In contrast, missile2 𝑀3 is strategically excluded from inter

ception. UAVs 𝐹𝑌 , 𝐹3 𝑌 , and 𝐹4 𝑌5 are retained as standby assets and do not participate in the interception 

process. Overall, a cumulative interference duration of 11 s is achieved across the incoming missiles. The 

corresponding three-dimensional trajectories are illustrated in Figure 10, which visually demonstrate the 

cooperative interception process involving multiple UAVs.

Figure 10. case Ⅴ UAV–Missile–Smoke trajectories

In addition, to evaluate the robustness of the proposed model under perturbations of key parameters, a 

sensitivity analysis is conducted to examine the influence of several critical factors on the effective shielding 

duration during the interference process. As illustrated in Figure 11, parameters including the smoke-cloud 

radius, the descent velocity of the smoke cloud, missile speed, UAV flight speed, smoke release delay, and 

detonation delay are perturbed in the vicinity of their baseline values. The results indicate that, within 

reasonable parameter ranges, variations in these key parameters do not alter the fundamental decision 

outcomes of the model. This demonstrates that the proposed method maintains stable performance under 

parameter perturbations.
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Figure 11. Sensitivity of the model to key parameters

CONCLUSIONS AND FUTURE WORK

From a spatiotemporal coordination perspective, this study systematically investigates the core problem 

of UAV-deployed smoke munitions for interfering with the guidance processes of incoming missiles, and 

successfully transforms complex real-world operational scenarios into a three-dimensional time-domain 

mathematical optimization model. To address highly complex situations involving multi-UAV cooperation and 

multiple incoming missiles, a hierarchical optimization strategy consisting of threat assessment–resource 

allocation–local optimization is proposed, enabling the efficient decomposition and solution of decision-

making problems under complex constraints. At the algorithmic level, considering the absence of an explicit 

analytical expression for the objective function and the strong nonlinearity induced by time-domain simula

tions, a particle-swarm-based solution framework is developed. By incorporating cooperative guidance and 

global perturbation mechanisms, the proposed approach significantly enhances global search capability and 

convergence performance in high-dimensional and complex decision spaces, thereby providing effective 

technical support for the optimization of cooperative UAV interference strategies.

Building upon the findings of this study, several directions merit further investigation. First, the proposed 

model adopts simplified assumptions with respect to environmental conditions and physical characteristics. 

Future work may incorporate more realistic factors, such as wind-field distributions and the dynamic diffusion 

behavior of smoke clouds, to enhance the model’s adaptability to real operational environments and improve 

the accuracy of performance evaluation. Second, the present study focuses on visual obscuration as the 

primary interference mechanism. The proposed optimization framework can be extended to multimodal 
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interference scenarios, including radar and infrared domains, thereby broadening the application scope 

of cooperative interference strategies. Third, the hierarchical optimization strategy developed in this work 

exhibits strong generality and can be further applied to other cooperative task-planning problems, such as 

emergency supply delivery, coordinated logistics routing, and collaborative agricultural spraying. By leveraging 

the modeling principles and optimization approaches presented herein, more effective resource allocation 

and operational efficiency can be achieved across these application scenarios, which represents an important 

avenue for future research.
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