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Unmanned aerial vehicle (UAV) swarms are essential for emergency response,
logistics, reconnaissance, and environmental monitoring, yet achieving safe and
scalable path planning under dynamic conditions and complex constraints re-
mains challenging. Unlike existing surveys that categorize algorithms by theo-
retical foundations, this paper systematically reviews UAV swarm path planning
through the lens of spatial, temporal, and task-level consistency constraints. We
classify recent advances into classical path search, intelligent optimization, and
deep reinforcement learning, emphasizing how each addresses geometric con-
tinuity, behavioral coordination, and full-chain perception—decision—planning
consistency under multi-constraint coupling. We further identify critical limita-
tions in scalability, dynamic adaptability, and heterogeneous swarm cooperation,
and outline future directions, including distributed control, multi-source per-
ception fusion, cross-platform collaboration, and robust autonomous decision-
making. This review provides a unique, application-centric taxonomy based on
consensus constraints, offering actionable insights for developing consistency-

aware UAV swarm path planning technologies.
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1. INTRODUCTION

With the rapid evolution of autonomous intelligent systems, Unmanned aerial vehicle (UAV) swarms
— composed of multiple UAVs with autonomous perception, distributed decision-making, and cooperative
interaction capabilities — have shown transformative potential in emergency rescue, logistics, monitoring, and
military reconnaissance [1]], [2]. Recent breakthroughs in deep learning and swarm intelligence have further
enhanced their situational awareness and cooperative control [3]]. As the foundation of swarm cooperation, path
planning directly determines mission safety and has become a key indicator of system intelligence. However,
research on UAV swarm path planning under multiple consensus constraints remains in its early stages, with
only a few studies having just begun to explore this challenging area [4].

UAV swarm path planning aims to generate a set of feasible trajectories for the entire swarm in com-
plex environments while satisfying mission requirements. It must simultaneously ensure trajectory continuity,
temporal synchronization, and task-level decision consistency, thereby enabling coordinated mission execution
[5] and avoiding energy inefficiency or even obstacle avoidance failures. When performing complex missions
in dynamic and uncertain environments, UAV swarms are required to satisfy consensus constraints across mul-
tiple dimensions, including spatial, temporal, and cooperative task aspects.
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Specifically, spatial constraints [6] require planned paths to be continuously executable [7], safe, and
capable of effective obstacle avoidance; temporal constraints [8] emphasize mission synchronization, forma-
tion maintenance [9]], and consistency in action timing [10]; and cooperative task constraints [11] are reflected
in information exchange [12]], behavior coordination, and strategy unification among agents. With the increas-
ing environmental dynamics, the strengthening coupling among heterogeneous constraints, and the continuous
growth of swarm scale [13]], path planning under multiple constraints has progressively evolved into a highly
complex problem characterized by high dimensionality, nonlinearity, strong coupling, and multi-objective op-
timization. Consequently, the applicability of traditional path planning methods in such scenarios has become
increasingly limited.

To address the above challenges, research efforts have focused on problem modeling, constraint inte-
gration and solution strategies [14]. In classical path search, improved heuristic functions, dynamic cost update
mechanisms, and local conflict resolution enhance the ability to handle dynamic obstacles, spatiotemporal con-
flicts, and limited cooperative behaviors. Intelligent optimization algorithms, leveraging strong global search
and adaptability, enable swarm-level cooperative optimization under complex constraints, moving path plan-
ning beyond geometric feasibility toward multi consensus constraint handling. Meanwhile, deep reinforcement
learning and multi-agent learning allow UAV swarms to achieve continual learning and distributed cooperation
in dynamic, uncertain environments, offering more adaptive solutions for multi-constraint path planning.

Despite significant progress in existing research, maintaining consensus among UAV swarms in dy-
namic environments remains a primary challenge for path planning. Factors such as environmental dynam-
ics, multi-source perception inconsistencies, and platform heterogeneity often lead to degraded cooperative
performance [[15]]. Therefore, it is necessary to conduct a systematic review from the perspective of con-
sensus constraints, with the aim of providing important theoretical support and technical references for the
development of highly autonomous UAV swarm systems. Unlike existing surveys that categorize algorithms
by theoretical foundations [16l], this paper provides a novel application-centric taxonomy based on spatial-
temporal-cooperative task consensus constraints. It systematically analyzes how classical search, intelligent
optimization, and deep reinforcement learning methods maintain consensus under multiple conflicting con-
straints, critically evaluating their scalability, real-time performance, and suitability for heterogeneous swarms.

To improve the structural clarity of the reviewed methodologies, the overall path planning process for
UAV swarms can generally be summarized into several interconnected stages, including environment percep-
tion, constraint modeling, cooperative task allocation, global path generation, local dynamic replanning, and
consistency maintenance. Different planning approaches reviewed in this paper mainly differ in their imple-
mentation strategies for these stages, particularly in balancing global optimality, real-time adaptability, and
cooperative consistency under multi-constraint environments, shown in Figure |1 Furthermore, it discusses
planning challenges under multi-constraint coupling, including scalability, real-time performance, and hetero-
geneous swarm cooperation, and concludes with major challenges, future research directions, and application
prospects.

Research on Multi-Constraint Consistency-Aware
UAYV Swarm Path Planning
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Figure 1. Overall framework of the proposed consistency-aware path planning methodology for UAV swarms

The structures of the paper are as follows. Section 1 describes models spatial, temporal, and co-
operative constraints. Section 2 reviews classical search, intelligent optimization, and DRL methods. Section
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3 highlights scalability, real-time consistency, and heterogeneous cooperation as future challenges. Finally, the
conclusion summarizes the paper.

2.  SPATIAL-TEMPORAL-COOPERATIVE TASK CONSENSUS CONSTRAINTS
2.1. Spatial, temporal, and cooperative task constraints in path planning

UAV swarm path planning must satisfy three critical constraint types. Spatial constraints ensure that
the swarm operates continuously, feasibly, and without collisions within geometric and environmental limits
[L7]. Temporal constraints maintain stability and coordination in both path execution and decision-making.
Cooperative task constraints require that the swarm’s behaviors do not conflict and collectively achieve globally
optimal performance [18]. Together, these three constraints constitute a consensus constraint framework for
UAV swarm path planning.

In terms of spatial constraints, UAV swarms must operate within a predefined three-dimensional
airspace, avoiding no-fly zones and preventing collisions with obstacles [19]] to ensure safe and efficient mission
execution. Static obstacles require that planned paths effectively avoid them at the initial planning stage028,
whereas dynamic obstacles demand real-time perception [20] and adaptive trajectory adjustment [21]]. Conse-
quently, path planning algorithms must possess high-level predictive capabilities and efficient update mecha-
nisms to handle such challenges effectively.

Regarding temporal constraints, UAV swarms missions must be executed in a sequential manner to
prevent congestion or collisions caused by premature or delayed actions of individual UAV swarm. This is
particularly critical in scenarios such as emergency response, disaster monitoring, and rapid inspection, where
mission execution must be temporally continuous and coherent. Such requirements place high demands on the
real-time performance and computational efficiency of path planning algorithms [22]. Temporal constraints
additionally require rapid replanning capability under limited computational resources.

Cooperative task constraints represent a distinctive feature of UAV swarm path planning. Individual
UAV swarm within the swarm are required to maintain appropriate spatial distribution and safety separation
during mission execution to avoid collisions due to excessive proximity. Different UAV swarms must achieve
complementarity and coordination in task allocation [23].

Furthermore, the swarm needs to maintain network connectivity through wireless communication
to enable real-time information sharing and decision-making consistency. Consequently, path planning must
consider not only geometric and temporal feasibility but also communication range constraints and topological
robustness, ensuring that the swarm can cooperate stably in dynamic environments.

2.2. Problem classification dimensions

The cooperative collision avoidance problem for UAV swarms exhibits diverse mission objectives,
algorithmic implementations, and operational environment characteristics. To systematically address the afore-
mentioned multi-constraint path planning problem, existing research typically classifies the approaches along
the following dimensions. In Figure[2] a three-dimensional classification is conducted from the perspectives
of task types, algorithmic characteristics, and environment (Env). The algorithmic category includes determin-
istic algorithms (DEA), randomized algorithms (RA), centralized algorithms (CA), and distributed algorithms
(DA).
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2.2.1. Task types

In tracking missions, UAV swarms are required to collaboratively track moving targets [24]. These
tasks are commonly encountered in security patrols [25[] and traffic flow monitoring [26]], [27)]. Collision
avoidance strategies need to balance target-tracking accuracy with swarm safety separation, particularly when
both targets and obstacles are in motion, imposing high real-time requirements on path planning.

In search and rescue missions [28]], such as disaster relief or maritime search operations, UAV swarms
must rapidly locate targets in complex and dynamic environments [29]. Collision avoidance strategies in these
tasks must not only handle static obstacles but also adapt to dynamic disturbances such as debris, smoke, and
moving rescue equipment, while completing mission coverage in minimal time.

In many practical applications, missions may simultaneously involve coverage, tracking, and search-
and-rescue objectives. For example, post-disaster aerial inspection requires area coverage, real-time tracking
of key targets, and searching for potential trapped individuals. Collision avoidance strategies for such complex
missions must possess high flexibility and the capability to switch task priorities dynamically.

2.2.2. Algorithmic features

From the perspective of algorithmic features, UAV swarm path planning methods can be primarily
classified along two dimensions: deterministic versus stochastic and centralized versus distributed. Determinis-
tic algorithms [30] produce consistent outputs under identical initial conditions [31]], offering high predictability
and stability. They are well suited for scenarios with well-defined environmental models and clear mission ob-
jectives [32]]. In contrast, stochastic algorithms [33]] introduce probabilistic elements into the decision-making
process, enabling more diverse solutions in highly uncertain environments or large search spaces. These algo-
rithms are commonly employed for global search, avoidance of local optima, and adaptation to dynamically
changing mission conditions.

Regarding decision-making architectures, centralized algorithms [34] rely on one or a few central
nodes to aggregate information and make global decisions. They can maintain full awareness of system states
and achieve globally optimal solutions; however, they impose high requirements on communication links and
computational resources, and failure of central nodes may result in mission interruption. Distributed algorithms
[35], on the other hand, allow individual UAV swarm to make autonomous decisions based solely on local
information exchange [36], offering higher robustness and scalability, and are suitable for large-scale swarms
and communication-constrained scenarios [37]. Nevertheless, distributed algorithms may exhibit limitations in
global optimization and convergence speed [38]], which can be mitigated by designing appropriate local rules
and information-sharing mechanisms.

2.2.3. Environmental characteristics

Classification based on environmental characteristics primarily depends on environmental stability,
which can be divided into static and dynamic environments. In static environments, the positions of targets
and obstacles are fixed, as in inspection and mapping tasks, allowing for pre-planned trajectories and relatively
simple algorithms. In dynamic environments, targets, obstacles, or conditions change over time, as in maritime
search and rescue or traffic monitoring, requiring real-time perception and trajectory adjustment, making path
planning more challenging.

Additionally, environments can be categorized according to the availability of environmental infor-
mation into known and unknown environments [39]]. In known environments, information such as maps of the
mission area, obstacle locations, and target characteristics is available before mission execution, facilitating
the use of global planning strategies [40]. In unknown environments, such information is not fully accessible
prior to task execution, necessitating the use of UAV sensors [41] and cooperative perception capabilities [42]
to progressively build an environmental model. Online decision-making and local path planning techniques are
then employed to respond to unexpected changes [43]]. Different environmental characteristics directly affect
the complexity of mission planning, perception systems, and control strategies, making this classification an
essential dimension in UAV swarms task design.

2.3. Constraint modeling

In the mathematical modeling of path planning, the proper formulation of constraints directly deter-
mines the feasibility and optimality of the planned trajectories. Based on mission execution characteristics and
swarm coordination requirements, spatial, temporal, and cooperative task constraints need to be mathematically
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modeled to accurately describe the states of UAV swarms, including position, velocity, and heading. Path plan-
ning solutions are then obtained through objective optimization, enabling the swarm to efficiently coordinate
[44]], avoid obstacles [45]], and accomplish task allocation and execution [46] during mission operations.

2.3.1. Mathematical modeling

The mission space is modeled as a three-dimensional Euclidean space, consisting of a feasible flight
region and an obstacle set that do not overlap. The UAV swarm contains a total of N unmanned aerial vehicles.
At any time, the state of each UAV includes its position vector, its velocity, and its heading angle.

In terms of spatial modeling, study [47] introduces a hybrid approach that combines discrete and con-
tinuous states to describe UAV swarms. By linking discrete swarm events with continuous state variables,
this approach captures the dynamic motion and interaction of UAVs in three-dimensional space. The mission
objective is commonly defined by a path cost function J, which considers multiple performance metrics, in-
cluding flight distance, energy consumption, mission duration, and risk. Accordingly, the overall objective can
be formulated as:

N
inJ = Li+ ouE; + asT; + ouR; 1
min ;(oq + oo F; + asT; + auR;) )]

Where P denotes the set of trajectories of all UAV swarms, L; represents the total path length, FE;
denotes the energy consumption, 7; is the mission execution time, and R; corresponds to the risk cost. ay,
denotes the weighting coefficients, which are assigned according to task priorities. The weighting coefficients
ay, in () allow for mission-specific trade-offs, e.g., prioritizing energy («2) over path length (a;) for long-
endurance missions.

To ensure the feasibility of planned trajectories, dynamic constraints are introduced at the modeling
stage to reflect the kinematic characteristics and platform performance limitations of UAV swarm [48]. Typ-
ically, the velocity, acceleration, and rate of change of heading angle of each UAV are required to satisfy:

Vmin S” Vv(t) ||§ Vmax,
12:(t) 1< amax, (2)
‘ "/}z(t) |§ "/}max

In @), Yimin,Vmax, Gmax, and ¥, ., represent the platform’s limits on speed, acceleration, and turning
rate, respectively. These dynamic constraints ensure kinematic feasibility.

Spatial constraints are introduced to ensure the safe flight of UAV swarm within the mission space.
Specifically, spatial safety constraints require that the flight trajectories do not intersect with obstacle sets while
maintaining a prescribed minimum safety distance dy,i,.

H pi(t) _pj(t) HZ dminapi(t) ¢ Qo (3)

This constraint ensures that UAVs follow planned trajectories within admissible attitude and velocity
limits. It prevents aggressive maneuvers that may cause excessive energy consumption, flight instability, or
control failure, thereby guaranteeing the physical feasibility and safety of the trajectories.

Temporal constraints describe time coordination among UAVs during mission execution. They ensure
mission completion within a given time window while maintaining synchronization and cooperative behavior.
In UAV swarm planning, time affects task efficiency, coordination accuracy, and system stability.

In UAV swarm cooperative missions [49], temporal constraints involve more than individual timing.
They also capture task sequencing and synchronization within the swarm. For tasks requiring coordination,
such as collaborative reconnaissance, formation flight, distributed monitoring, or multi-point strikes, the fol-
lowing constraints must be satisfied:

arrive arrive
b s (&)
‘ t(Z‘IT’I"L’UE _ t(j}rmve ‘g Atsync

Here, Aty represents the allowable time synchronization deviation. The former applies to scenarios

with sequential task requirements; the latter applies to scenarios requiring simultaneous arrival or synchronized
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execution, ensuring that all UAV swarms perform actions within the permissible time deviation, thereby main-
taining overall mission coordination.

Cooperative task modeling. Cooperative task constraints are introduced to ensure that UAV swarm
systems achieve information sharing, motion coordination, and decision consistency during mission execution,
serving as key elements for realizing efficient collective intelligence behavior [S0].

Formation-keeping constraints are introduced to ensure that UAV swarm maintain a prescribed spatial
geometric relationship during formation or cooperative missions [S1]]. Let r} denote the relative position of
UAV ¢ with respect to the formation center in the ideal formation. During actual flight, the following condition
must be satisfied:

Il (pi(t) —pe(t)) —ri I< ey 5)

where p,(t) represents the position of the formation center and €7 denotes the allowable formation tolerance.
This constraint enables the UAV swarm to maintain overall shape during maneuvers, obstacle avoidance, or
target tracking, preventing excessive dispersion or structural disorder of the formation.

Cooperative task constraints capture functional division and complementarity among UAVs at the task
level. For multi-objective missions, task allocation must be both unique and complete, enabling global opti-
mization under swarm cooperation. These constraints help the swarm maintain structural stability, coordinated
behavior, and information consistency in complex, dynamic environments, thereby improving operational ef-
ficiency and robustness. Together with spatial and temporal constraints, they form the foundational modeling
framework for UAV swarm path planning.

The planning of the path of the UAV swarm must accommodate various application scenarios and
strike missions, each imposing different requirements on coverage efficiency, target prioritization, formation
maintenance, as well as path optimality and threat avoidance [52]. For heterogeneous swarms, differences in
platform endurance, payload capacity, and sensing capabilities must also be considered [53]. Consequently,
this problem is inherently a multi-objective constrained optimization task, whose complexity arises from high-
dimensional state spaces, dynamic environments, and swarm coupling. In practice, a balance must be struck
between modeling accuracy and computational feasibility to ensure mission effectiveness while maintaining
real-time performance.

2.3.2. Objective optimization

In UAV swarm cooperative path planning and scheduling, the proper formulation of optimization
objectives directly determines system performance and mission efficiency [54]]. These objectives typically
encompass multiple dimensions, including path length, energy consumption, time efficiency, safety, and task
coverage. Owing to varying mission requirements, these objectives often conflict with one another, necessitat-
ing the use of multi-objective optimization methods to achieve effective trade-offs [55].

At the path planning level, minimizing flight distance or mission completion time is a key objective
for improving operational efficiency, particularly in time-sensitive tasks such as emergency response and in-
spection. This problem is typically formulated as a shortest-path or optimal scheduling problem and is solved
using enhanced methods such as A*, ant colony optimization, or particle swarm optimization, balancing com-
putational efficiency with path feasibility.

At the mission level, swarm planning aims to maximize task completion and area coverage efficiently
under time and energy limits. This is critical for area search, environmental monitoring, and agricultural
inspection, typically achieved via region partitioning or information-gain-based coverage models.

From the perspective of energy utilization, minimizing energy consumption is a critical objective in
UAV path planning [56], [57]. Energy expenditure is influenced by factors such as path length, flight speed,
vehicle dynamics, and environmental disturbances. By incorporating flight dynamics models and optimizing
speed profiles and trajectory design, energy efficiency can be significantly improved, which is particularly
important in scenarios with limited endurance.

The aforementioned optimization objectives in practical missions are often coupled and involve trade-
offs among multiple criteria. Consequently, multi-objective optimization frameworks are typically employed
in modeling and solution processes [58]], using weighting coefficients to achieve a balanced compromise [59]].
Such optimization strategies enable coordination among different performance metrics, allowing the UAV
swarm to achieve overall mission effectiveness in complex environments.
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3.  CONSISTENCY-CONSTRAINED PLANNING METHODS

Research on UAV swarm path planning involves various methods that differ in computational com-
plexity, adaptability, global optimality, and real-time performance, as summarized in Table[I] These methods
can be broadly classified into classical path search, intelligent optimization, machine learning and deep rein-

forcement learning, as well as hybrid and multi-objective approaches that combine multiple techniques.

Table 1. Overview of typical path planning techniques and their characteristics

Technology category

Main methods

Advantages

Limitations

Environment modeling

Classical search

Sampling-based meth-
ods

Grid-based [60]], Topological
graph [61], Continuous model-
ing [62]], Semantic Map [63]
Dijkstra [64], A* [65], D* [66],
Theta* [67]]

RRT [68], RRT* [69], PRM [70]

Clear information representation,
adaptable to multiple scenarios

High interpretability, guaranteed
optimality under certain condi-
tions

Suitable for high-dimensional
continuous spaces, capable of
handling non-convex environ-
ments

Trade-off between modeling accu-
racy and real-time performance

High computational cost in high-
dimensional scenarios

Requires post-optimization, global
optimality is difficult to guarantee

Intelligent  optimiza- Genetic algorithm [71], Particle Strong global search capability, Slow convergence and sensitivity
tion swarm optimization [72]], Ant suitable for multi-objective opti- to parameter settings
colony optimization [73] mization tasks
Deep reinforcement DQN [74], PPO [75], SAC [76], High adaptability and scalability, ~ High training cost and limited
learning End-to-end navigation net- suitable for dynamic environ- generalization capability
works [77]] ments
3.1. Classical path search-based methods

In path planning, graph search methods have long been central due to their clear structure, inter-
pretability, and good convergence, as shown in Figure 3] With advances in unmanned systems and more com-
plex scenarios, traditional frameworks have been extended to improve integrated optimization under temporal,
spatial, and dynamic consistency constraints. These enhancements allow planning results to better match real
missions and environmental dynamics.
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Figure 3. Logic diagram of classical algorithm, including Dijkstra, A*, RRT, and PRM, and compares their
respective characteristics in global search, heuristic guidance, and sampling-based planning
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The development of classical path search algorithms under consistency constraints has progressed
from static optimization to dynamic consistency maintenance and then to multi-objective coordination. Early
methods, based on the traditional Dijkstra algorithm [[78]], focused on finding optimal paths in static graphs.
As tasks expanded to complex environments with varying attributes, In 2021 [[79], proposed the reverse-label
Dijkstra algorithm, which separates road travel time from intersection waiting time and dynamically updates
costs using a reverse-label mechanism, ensuring path timing aligns with environmental attributes. In 2023,
consistency constraints were further applied to state-space search and sensor calibration path planning [80].
The improved Dijkstra method uses observability as the path cost and employs dynamic error estimation with
multi-path iteration to align error convergence with observability evaluation, enabling optimal path search in
high-dimensional error space and improving the stability and accuracy of system-level calibration.

As application demands shift toward higher dynamic responsiveness and continuity, path smoothness
and dynamic feasibility have become key extensions of classical search algorithms. To address the A* algo-
rithm’s limitations in efficiency and smoothness, study [81] proposed the self-adaptive neighborhood search
A* (SANSA) algorithm. SANSA improves efficiency by adjusting the search neighborhood and obstacle han-
dling, and applies path smoothing after generation. This ensures trajectories maintain geometric and kinematic
continuity, enabling coordinated preservation of consistency and feasibility, marking a shift from discrete paths
to continuous trajectories.

With the rise of UAV swarm planning, classical search algorithms have been integrated with coop-
erative mechanisms to support global consistency and multi-agent coordination. In [82] proposed a 3D jump
point search (3D-JPS) cooperative algorithm, using incremental conflict resolution, dual-objective cost func-
tions, and consistency constraints to maintain conflict-free trajectories. In [83] introduced a hybrid genetic
algorithm-D* (GA-D*) method, combining genetic algorithms’ global search with D*’s dynamic replanning.
Probabilistic constraints and incremental consistency mechanisms enable coordinated task allocation and path
planning.

In summary, while classical search algorithms like A* and Dijkstra offer theoretical optimality and
high interpretability under static conditions , their extensions to dynamic environments often suffer from expo-
nentially increasing computational costs. As summarized in Table[2] their primary limitation lies in maintaining
real-time trajectory continuity and scalability for large swarms, a gap that intelligent optimization algorithms
attempt to fill, albeit with their own convergence challenges.

Table 2. Classic path search algorithms and their consistency characteristics

Algorithm Core mechanism Manifestation of consistency constraint

Dijkstra [78] Systematically traverses all reachable nodes in the Static optimality consistency
graph to guarantee the optimal path

Reverse-Label  Dijkstra Separates static path cost from dynamic temporal cost Cost consistency

1791 to improve adaptability in time-varying environments

Improved Dijkstra [80] Performs optimal path search in high-dimensional state ~ State consistency
spaces, such as error or augmented state spaces

SANSA [81] Conducts heuristic search followed by path smoothing ~ Motion consistency
optimization to enhance trajectory feasibility

3D-JPS [82] Resolves path conflicts among multiple agents in an Multi-agent cooperative consistency
incremental and prioritized manner

GA-D* [83] Combines the global search capability of genetic al- Dynamic cooperative consistency
gorithms with the dynamic replanning of heuristic
methods

3.2. Intelligent optimization-based methods

Intelligent optimization algorithms, grounded in swarm intelligence and evolutionary mechanisms,
exhibit robust global search capabilities and adaptability, rendering them well-suited for multi-constraint path
planning in UAV swarms.

Early genetic algorithm-based path planning focused on path geometry and feasibility consistency.
In 2024 [84], proposed a hybrid genetic algorithm-rapidly exploring random tree (GA-RRT) method, using
RRT to build the initial population and applying redundant node elimination and path backtracking to improve
path smoothness, obstacle-avoidance continuity, and executability, turning consistency constraints into explicit
operations. As UAV swarm applications demand partial information, high dynamics, and strong coupling,

TAES Int J Rob & Autom, Vol. 15, No. 3, September 2026: 621-638



TAES Int J Rob & Autom ISSN: 2722-2586 0 629

consistency extends to strategy and task coordination. In [85] used multi-agent proximal policy optimization
(MAPPO) with a centralized value network to ensure behavioral and strategy consistency among agents, while
dynamic cluster particle swarm optimization (DCPSO) applied dynamic clustering, potential field constraints,
and receding-horizon replanning to align search direction, velocity, and path convergence. These approaches
enhance system-level consistency, improve stability in multi-agent scenarios, and reduce issues of local optima
and behavioral oscillations.

In dynamic, real-time tasks, intelligent optimization algorithms extend consistency to full-chain syn-
chronization across information, decisions, and planning. Methods like online multi-iteration ant colony with
receding-horizon [86] update environmental perception, resource states, and local costs at each step, keeping
planned paths consistent with the changing environment.

In [87] proposed a modified ant colony optimization (MACO) within a two-step framework. ant
colony optimization (ACO) plans feasible paths for ground vehicles, and a genetic algorithm optimizes UAV
flight strategies. By enforcing consistency constraints on takeoff/landing order, endurance, and path coupling,
it achieves global coordination for heterogeneous systems under road network limits. This reflects the evolution
of intelligent optimization algorithms from single-step to full-process consistency.

In summary,intelligent optimization algorithms excel at global search and multi-objective optimiza-
tion, making them suitable for complex multi-constraint path planning. As summarized in Table[3] they have
evolved from ensuring geometric path continuity to achieving full-chain information—decision—planning con-
sistency. However, their slow convergence, parameter sensitivity, and high computational overhead limit their
use in highly dynamic or real-time scenarios. For large-scale swarms or rapidly changing environments, intel-
ligent optimization alone is insufficient, often requiring hybrid or learning-based integration.

Table 3. Intelligent optimization algorithms and their consistency characteristics

Algorithm Core mechanism Manifestation of consistency constraints
GA-RRT [84] Global optimization search using Path geometric consistency
heuristic methods
MAPPO [83] Centralized learning during training and ~ Multi-agent strategy consistency
distributed decision-making during exe-
cution
DCPSO [85] Adaptive optimization of particle swarm  Search process consistency

in dynamic environments
Online Multi-iteration ant ~ Online planning strategy based on a  Information-decision consistency
colony strategy [86] receding-horizon window
MACO [87] Cooperative use of multiple algorithms  Full-chain consistency

to solve complex planning problems

To provide a clear and intuitive comparison across the three methodological streams, Table 4] sum-
marizes their key characteristics in terms of real-time performance, adaptability to dynamics, multi-constraint
handling, scalability, and computational cost.

Table 4. Comparative summary of path planning methods for UAV swarms

Algorithm class Real-time perfor- Adaptability to dy- Multi-constraint han-  Scalability =~ Computational cost
mance namics dling

Classical search High Low to medium High Low Medium to high

Intelligent optimization ~Low Medium High Medium High

Deep reinforcement High High Medium High Low

learning

Beyond the qualitative comparison in Table 4] existing studies indicate that classical search algorithms
generally achieve faster deterministic convergence in low-dimensional static environments, whereas intelligent
optimization methods provide superior global exploration capability under coupled constraints. Deep reinforce-
ment learning approaches demonstrate stronger adaptability and scalability in highly dynamic environments,
although their training complexity and simulation-to-reality transfer remain significant challenges. Therefore,
different planning methods exhibit distinct trade-offs in computational efficiency, adaptability, and cooperative
consistency maintenance.
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3.3. Deep reinforcement learning-based methods

Deep reinforcement learning (DRL) has become a key approach for UAV path planning in unknown
and dynamic environments due to its adaptability and ability to handle high-dimensional continuous states. To
address dynamic, multi-modal, and communication-constrained scenarios, researchers enhance DRL with im-
proved reward functions, exploration strategies, and environment-coupled models, improving path continuity,
decision stability, and environmental consistency.

Early DRL studies introduced consistency constraints using hybrid approaches. In [88] proposed
firefly algorithm-enhanced deep Q-network (FADQN), which incorporated firefly-inspired guidance into the
DRL framework. By simulating firefly attraction, it provided directional action preferences to the Q-network,
producing smoother and more continuous paths during initial training, marking a shift from free exploration
to geometric consistency. As research moved from geometric features to dynamic environmental consistency,
study [89] proposed instructed reinforcement Q-learning algorithm (IR-QLA), embedding environmental signal
strength into the reward. This instructed reinforcement allows UAV swarms to adjust paths in real time, main-
taining dynamic compliance with temporal and environmental changes, evolving from static state consistency
to real-time environmental consistency.

To address DRL limitations like slow training and local optima, study [90] introduced a cumulative
reward model and region segmentation mechanism. The cumulative reward decomposes path progress and en-
vironmental sparsity into continuous rewards, improving temporal consistency and controllability, while region
segmentation imposes soft global constraints to prevent local loops and enhance policy stability. In [91] pro-
posed the constrained-interfered fluid dynamical system (C-IFDS) algorithm, integrating UAV kinematics and
constraints into a DRL-based reactive disturbance planning framework, producing high-quality, low-conflict
trajectories with maintained trackability and consistency. This stage reflects DRL’s evolution from rapid con-
vergence to global consistency, enhancing robustness in complex environments.

With the integration of unmanned systems and communication networks, consistency constraints have
evolved toward real-world modeling. In [92] combined dueling double DQN (D3QN) with simultaneous nav-
igation and radio mapping (SNARM) to build an online 3D radio map, using urban communication channels
as physical consistency constraints. This allows UAV swarms to coordinate obstacle avoidance, signal quality,
and flight time.

As illustrated in Figure [] existing UAV swarm path planning approaches can be broadly classified
into three categories: classical path search—based methods, intelligent optimization—based methods, and ma-
chine learning and deep reinforcement learning (DRL)-based methods. DRL methods offer high adaptability
and scalability for dynamic environments, handling high-dimensional state spaces and decentralized execution
in Table[5] However, they suffer from high training costs, poor sample efficiency, simulation-to-reality gaps,
and lack of safety/consistency guarantees. To address these limitations, hybrid frameworks combining classical
search, intelligent optimization, and DRL have emerged leveraging interpretability, global search, and adapt-
ability. While a systematic hybrid solution remains an open challenge, it is a promising direction for balancing
real-time performance, optimality, and multi-constraint consistency.
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Figure 4. Consistency constraint method
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Table 5. Deep reinforcement learning methods and their consistency characteristics

Algorithm Core mechanism Manifestation of consistency constraint

FADQN [88]] Guides the reinforcement learning process  Geometric consistency
using heuristic information

IR-QLA [89] Designs reward functions based on real-time ~ Environmental dynamic consistency
environmental feedback

Cumulative reward model and  Enhances learning efficiency through struc-  Training stability and global consistency

Region segmentation [90] tured reward design

C-IFDS [91] Real-time planning under kinematic model  Kinematic model consistency
constraints

D3QN-SNARM [92] Deeply integrates physical-world models  Physical-real-world consistency

into the learning framework

4. FUTURE CHALLENGES AND SOLUTIONS

Future UAV swarm path planning will focus on autonomous coordination under multi-dimensional
consistency. Robust, verifiable end-to-end mechanisms are required. Representative solutions for scalability,
real-time consistency, and heterogeneous swarm cooperation are reviewed to highlight strengths, limitations,
and guide future research.

4.1. Scalable cooperative optimization

As highlighted in section 3.1 and 3.2, classical and intelligent optimization methods struggle with
scalability due to their inherent computational complexity or slow convergence. As UAV swarm scales grow,
limited communication and asynchronous node updates make global consistency challenging. Centralized
planning is often infeasible for large swarms due to high computation and latency. In such systems, state,
trajectory, and behavioral consistency are easily disrupted by dynamic topologies and variable communication,
threatening stable operation.

To improve scalability, distributed cooperative optimization strategies have been proposed. In [93]
introduced an asynchronous alternating direction method of multipliers (ADMM)-based framework, enabling
collaborative state updates under limited communication and reducing computation and communication load,
validated for swarms of hundreds of UAVs, though it struggles with dynamic topologies and extreme commu-
nication failures. As shown in section 3.2, most intelligent optimization algorithms scale polynomially with
swarm size and become impractical beyond 50 agents, whereas distributed frameworks like ADMM achieve
sub-quadratic scaling by sacrificing global optimality. However, the asynchronous ADMM framework, which
scales linearly to 500 agents in simulation, loses global optimality when the communication loss rate exceeds
30 percent. Meanwhile, study [94] proposed a multi-agent reinforcement learning (MARL) framework with
global value consistency, aligning individual policies with global objectives and using a flexible consensus
mechanism to support dynamic agent changes, enhancing policy stability in large-scale swarms.

Although such methods demonstrate notable advantages in learning efficiency and generalization, they
remain highly sensitive to reward function design, and policy performance may degrade in highly dynamic task
environments. Future research could further integrate the strengths of distributed optimization and learning
approaches to construct cooperative decision-making frameworks with high scalability and strong disturbance
resilience, enabling real-time path planning for ultra-large UAV swarms.

4.2. Real-time consistency in dynamic environments

In dynamic environments, sudden obstacles and local collision-avoidance reactions can disrupt swarm
formation, causing trajectory oscillations or conflicts. Inconsistent perception updates across nodes can create
spatiotemporal gaps, undermining temporal consistency in obstacle avoidance, tracking, and formation main-
tenance. To address this, integrating model predictive control (MPC) with reinforcement learning has become
a key research focus.

In [93] incorporated multiple consistency constraints into the rolling optimization of a distributed
MPC framework, maintaining trajectory smoothness, collision avoidance, and formation keeping during local
replanning, which mitigates path oscillations from dynamic obstacles. However, it requires high computational
real-time performance, limiting its use in high-speed scenarios. In [96] proposed a multi-source collaborative
localization for micro-UAV swarms, integrating distributed graph optimization with delay-augmented Kalman
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filtering to achieve spatiotemporal perception consistency under limited computation. While it reduces envi-
ronmental awareness discrepancies, global consistency and dynamic adaptability remain limited in restricted
visual or low-communication scenarios.

Future research should prioritize intelligent collaborative decision-making algorithms that enable UAV
swarms to rapidly adapt to dynamic environments with minimal communication reliance. These algorithms
must be predictive, anticipating neighboring swarm behaviors to maintain coordination, while simplifying in-
formation exchange to critical situational data only. By integrating efficient local perception with collaborative
decision-making, UAV swarms can achieve flexible, stable, and autonomous cooperative flight in dynamic sce-
narios.Currently, no reviewed method provides a formal quantitative bound on multi-constraint consistency
under real-time uncertainties and dynamic environmental perturbations; this remains a critical open problem
for future research.

4.3. Heterogeneous swarm coordination

Heterogeneous UAV swarms include platforms with different dynamics, sensors, and energy limits,
making homogeneous consistency models inadequate. Differences in speed, maneuverability, and task capa-
bility can cause inconsistent trajectories, mismatched perception, and desynchronized tasks, reducing overall
system stability in multi-level coordination.

For the collaborative control of heterogeneous UAV swarms, researchers have proposed hierarchical
coordination architectures and cross-platform calibration strategies. In [97]], a three-layer coordination frame-
work for heterogeneous unmanned systems was designed. At the task layer, a distributed auction mechanism
is used for role assignment, while at the control layer, an adaptive consensus protocol ensures that the dynamic
constraints of different platforms are satisfied, effectively enhancing system stability in collaborative search
and rescue missions.

In terms of heterogeneous perception fusion, in [98] achieves consistent transformation and integration
of perception data and state information among heterogeneous UAV swarms by performing online calibration
and mapping of different sensor parameters and dynamic characteristics.

As summarized in Table [] future challenges can be systematically addressed by deeply integrating
distributed optimization, reinforcement learning, model predictive control, heterogeneous fusion, and explain-
ability technologies, with a focus on scalability, dynamic environment adaptability, and heterogeneous platform
cooperation. Future UAV swarm path planning will leverage large language models for high-level task compre-
hension and instruction decomposition, enabling intelligent transformation from natural language commands
to precise waypoints. Additionally, the integration of neural radiance fields (NeRF) for environment percep-
tion and planning will facilitate real-time construction of high-fidelity 3D scenes, supporting precise obstacle
avoidance and cooperative maneuvers in complex urban canyons for dense swarms.

Table 6. Comparison of challenges and solutions

Challenge category Potential solutions Key techniques

Scalable cooperative optimization Develop scalable distributed solution frameworks; in-  Distributed optimization, global
corporate multi-agent reinforcement learning models; ~ value consistency, dynamic agent
design robust consistency maintenance mechanisms management

Dynamic environment real-time = Embed MPC; construct consistency-aware deep rein- ~ Multi-constraint DRL models, dis-

consistency forcement learning models; leverage perception con-  tributed filtering and graph opti-
sistency techniques mization

Heterogeneous swarm coordination ~ Establish unified reference models; adopt hierarchical =~ Parameter mapping and unified
consistency architectures; develop heterogeneous in-  modeling, hierarchical constraints,
formation fusion methods consistency fusion algorithms

4.4. Simulation-to-reality

Despite promising simulation results, deep reinforcement learning and other advanced methods are
rarely deployed on real UAV swarm platforms. Most studies reviewed in sections 3.1-3.3 are validated only
in simulation environments such as Gazebo, AirSim, and MATLAB/Simulink. The Simulation-to-Reality gap
manifests in four dimensions: dynamic discrepancies including aerodynamics, sensor noise, actuator delays,
and wind; perception inconsistencies such as lighting, occlusions, and reflections; communication constraints
like packet loss, bandwidth, and latency; and platform heterogeneity, i.e., distinct dynamics and sensor charac-
teristics across UAV types.
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Most DRL-based works are evaluated exclusively in simulation. Only a few incorporate kinematic
constraints but still lack hardware validation. To bridge this gap, promising directions include domain random-
ization, hybrid DRL-classical control architectures for instance with MPC, hardware-in-the-loop simulation,
and standardized real-world benchmarks. Future research must prioritize real-world validation to ensure prac-
tical utility.

4.5. Case study: Post-disaster UAV swarm search and rescue

To further illustrate the practical significance of consistency-constrained path planning, a represen-
tative post-disaster search-and-rescue scenario is analyzed. In such missions, multiple UAVs are required to
collaboratively perform area coverage, dynamic target tracking, and obstacle avoidance in partially damaged
urban environments.

Spatial consistency constraints ensure collision-free trajectories among buildings, debris, and dynamic
obstacles. Temporal consistency constraints maintain synchronized arrival and cooperative monitoring of crit-
ical regions, while cooperative task consistency enables distributed task allocation and information sharing
among heterogeneous UAVs.

In practical implementations, classical search algorithms such as A* and D* are often adopted for
rapid local replanning in structured regions, whereas intelligent optimization algorithms are utilized for global
coverage optimization. Deep reinforcement learning methods further improve adaptability in unknown envi-
ronments by enabling online policy updates under dynamic disturbances.

This case study demonstrates that consistency-aware hybrid planning frameworks are more suitable
for complex real-world UAV swarm missions than single-method approaches, particularly in dynamic and
communication-constrained environments.

5. CONCLUSION

This paper provides a systematic review of UAV swarm path planning from an original perspective
centered on spatial, temporal, and cooperative task consistency constraints. The mathematical modeling frame-
work under multiple constraints is established, and the quantitative requirements for path continuity, spatiotem-
poral synchronization, and task coordination are clearly specified. The existing methods are classified into three
categories: classical path search, intelligent optimization algorithms, and deep reinforcement learning. Their
respective advantages and limitations in handling multi-constraint coupling are analyzed. Classical search
methods offer theoretical optimality and high interpretability under static environments, but they cannot ad-
equately meet the real-time demands of large-scale swarms in dynamic scenarios. Intelligent optimization
algorithms provide strong global search capabilities suitable for complex multi-constraint optimization prob-
lems, yet they are hindered by slow convergence and sensitivity to parameter settings. Deep reinforcement
learning methods exhibit high adaptability and scalability in dynamic unknown environments, while training
costs and the simulation-to-reality gap remain significant challenges.

The analysis also identifies three major future challenges for UAV swarm path planning: scalable
cooperative optimization, real-time consistency maintenance in dynamic environments, and coordination of
heterogeneous swarms. Potential solutions to these challenges include distributed optimization frameworks,
multi-agent reinforcement learning, model predictive control, and heterogeneous fusion strategies. Moreover,
the transition from simulation validation to real-world deployment is essential for the practical utility of ad-
vanced planning methods. Emerging technologies such as large language models for high-level task compre-
hension and neural radiance fields for real-time 3D scene reconstruction offer promising directions to enhance
the swarm’s capability for complex mission understanding and environment perception. The consistency-
constraint taxonomy presented in this review is expected to provide a theoretical reference and practical guid-
ance for the development of highly autonomous and strongly cooperative UAV swarm path planning technolo-
gies.
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