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ABSTRACT
Preflight planning for large-scale Unmanned Aerial Vehicle (UAV)

fleets in dynamic, shared airspace presents significant challenges,

including temporal No-Fly Zones (NFZs), heterogeneous vehicle

profiles, and strict delivery deadlines. While Multi-Agent Path Find-

ing (MAPF) provides a formal framework, existing methods of-

ten lack the scalability and flexibility required for real-world Un-

manned Traffic Management (UTM). We propose DTAPP-IICR: a

Delivery-Time Aware Prioritized Planning method with Incremen-

tal and Iterative Conflict Resolution. Our framework first generates

an initial solution by prioritizing missions based on urgency. Sec-

ondly, it computes roundtrip trajectories using SFIPP-ST, a novel 4D

single-agent planner (Safe Flight Interval Path Planning with Soft

and Temporal Constraints). SFIPP-ST handles heterogeneous UAVs,

strictly enforces temporal NFZs, and models inter-agent conflicts

as soft constraints. Subsequently, an iterative Large Neighborhood

Search, guided by a geometric conflict graph, efficiently resolves any

residual conflicts. A completeness-preserving directional pruning

technique further accelerates the 3D search. On benchmarks with

temporal NFZs, DTAPP-IICR achieves near-100% success with fleets

of up to 1,000 UAVs and gains up to 50% runtime reduction from

pruning, outperforming batch Enhanced Conflict-Based Search in

the UTM context. Scaling successfully in realistic city-scale oper-

ations where other priority-based methods fail even at moderate

deployments, DTAPP-IICR is positioned as a practical and scalable

solution for preflight planning in dense, dynamic urban airspace.
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1 INTRODUCTION
The rapid growth of Unmanned Aerial Vehicle (UAV) operations in

low-altitude airspace has significantly increased airspace density

and complexity. UAVs are now deployed across a wide range of

civilian and governmental applications, including package delivery,

search and rescue, and surveillance [7, 12, 13, 20]. Global adoption

is accelerating, with millions of UAVs expected to operate concur-

rently across the globe in the coming decades [1, 5, 23, 31]. This

complexity highlights the need for Unmanned Traffic Management

(UTM) systems to ensure conflict-free navigation in dense airspace.

In the context of UTM, UAVs are allowed to operate below 120me-

ters (400 feet), as stipulated by the European Union Aviation Safety

Agency (EASA) [2]. The U-Space framework [3] is specifically de-

signed to ensure the safe integration of UAVs into the airspace,

particularly in urban and complex environments. To achieve this

objective in a shared airspace, an effective preflight planner is essen-

tial. In this study, we focus on a service delivery scenario in which

quadcopter UAVs transport goods from centralized hubs to target

locations such as homes or hospitals. UAV Service Providers (Hubs)

periodically submit operation requests to the UTM system. The

central controller processes these requests and approves flights

based on compliance with operational requirements and airspace

availability. Accepted flights are then authorized and coordinated

within the UTM system to ensure safe and efficient operations.

Within this controlled urban environment, we model the prob-

lem as a Multi-Agent Path Finding (MAPF) variant in a 4D space

(3D + time). Missions are prioritized by urgency and must strictly

respect temporal No-Fly Zones (NFZs). Unlike standard point-to-

point pathfinding, these operations require executing a complete

roundtrip (outbound, wait, and return). This multi-stage structure

is similar to Multi-Agent Pickup and Delivery (MAPD) [22], which
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generalizes MAPF to handle sequential tasks. However, our formu-

lation differs by treating the entire roundtrip as a single atomic

mission that must be planned holistically under strict 4D regula-

tory constraints, rather than as a sequence of tasks. Furthermore,

existing work in the UTM context is largely limited to traditional

batch methods, such as Conflict-Based Search (CBS) and Enhanced

CBS (ECBS) [15], which lack the scalability and flexibility required

for such dense and dynamic environments.

To address these challenges, we propose a new two-tier planning

framework tailored to dynamic and high-density UAV operations.

Our contributions are described as follows:

(1) A Novel 4D Single-Agent Planner: We propose Safe Flight

Interval Path Planning with Soft and Temporal Constraints

(SFIPP-ST), which natively supports heterogeneous UAV pro-

files (varying start times, speeds, and sizes), strictly enforces

temporal NFZs, and models inter-agent conflicts using soft,

penalizing constraints;

(2) A Scalable Prioritized Planning Framework: We introduce

the Delivery-Time Aware Prioritized Planning method with

Incremental and Iterative Conflict Resolution (DTAPP-IICR),

an urgency-aware preflight planner for heterogeneous fleets.

This framework employs an iterative conflict-resolution ap-

proach based on Large Neighborhood Search (LNS), enhanc-

ing scalability in dense airspace and replanning the most

critical agents guided by a geometrical heuristic;

(3) Efficiency via Directional Pruning: To accelerate the path

search in a 3D grid with 26-connected voxels, we develop a

completeness-preserving directional pruning strategy that

reduces the branching factor by prioritizing neighbors whose

direction aligns with the goal vector, with a fallback mecha-

nism that guarantees search completeness.

Supported by its theoretical guarantees and validated through

experimental evaluation, our approach offers a robust, scalable, and

collision-free planning framework for high-density UAV deploy-

ments in shared, dynamic urban airspace. The implementation is

made reproducible and available as an open-source project
1
.

2 RELATEDWORK
MAPF is a core problem in multi-agent systems, modeling collision-

free coordinated navigation of agents in shared environments [30].

Research in this area includes optimal and bounded-suboptimal

solvers. Optimal solvers such as CBS [28] and Improved CBS (ICBS)

[8] guarantee to find the least cost solution but often struggle to

scale in dense environments, while bounded-suboptimal variants

like ECBS [6] and Explicit Estimation CBS (EECBS) [19] relax op-

timality to improve scalability. Prioritized Planning (PP) [11] im-

proves scalability by sequentially planning agents according to pre-

defined orders, while Priority-Based Search (PBS) [21] dynamically

explores priority orderings. While these approaches are formulated

for general graph problems, they do not fully address UTM-specific

challenges.

Anytime approaches, particularly those based on LNS [16–18,

24, 25], have been shown to scale well by iteratively destroying and

repairing portions of candidate solutions. LNS2 [18], in particular,

1
URL: https://github.com/amathsow/4DPlanning

has demonstrated significant success in grid benchmarks by utiliz-

ing Safe Interval Path Planning with Soft constraints (SIPPS) [18]

to resolve conflicts. These ideas inspire our framework. However,

standard LNS2 typically rely on discrete-time vertex/edge conflicts,

homogeneous agents, and synchronous start times. Our framework,

DTAPP-IICR, adapts the LNS2 architecture but fundamentally re-

designs the conflict model and repair operators. Unlike the dis-

crete operator, our approach identifies conflicts using continuous-

time geometric envelopes to handle heterogeneous agent sizes and

speeds. Furthermore, while LNS2 utilizes SIPPS with reservation

tables, our single-agent planner, SFIPP-ST, constructs safe inter-

vals directly from dynamic NFZ constraints and geometric conflict

checking, as interval reuse is invalid with heterogeneous velocities.

In UTM-specific contexts, only a few studies have directly ad-

dressed preflight multi-UAV planning. Batch extensions of CBS and

ECBS [15] support heterogeneous agents but assume symmetric

roundtrips and cannot accommodate temporal NFZs. More recently,

Rolling Continuous-time CBS (RCCBS) [10] extended MAPF to

continuous time by decomposing tasks into windowed batches

and resolving conflicts through geometric overlap detection be-

tween agents. While RCCBS enables dynamic task arrivals and

continuous-space planning, it remains constrained to semi-urban

environments with static airspace conditions. Other studies have

considered heterogeneous edges and roundtrips [4], or combined

takeoff scheduling with speed adjustment [14], to improve real-

ism, but these approaches still rely on static maps. In contrast,

our framework integrates urgency-aware prioritization, temporal

NFZ handling, and LNS-style conflict repair to provide scalable,

regulation-compliant preflight planning for urban UAV operations.

A comparison of the algorithms is presented in Table 1.

3 PROBLEM DEFINITION
We consider a set of UAVs U = {𝑈1, . . . ,𝑈𝑘 } executing delivery

operations. The environment is discretized as an undirected 26-

connected cubic grid represented as a graph 𝐺 = (𝑉 , 𝐸); vertices
are unit cubic voxels (𝑉 ) and edges (𝐸) connect all 6 face-, 12 edge-,
and 8 corner-adjacent voxels, allowing diagonal motion.

Definition 3.1 (UAV model). Each UAV𝑈𝑖 is described by

• a hub (start and return) vertex 𝑠𝑖 ∈ 𝑉 and a delivery vertex

𝑔𝑖 ∈ 𝑉 ;

• a departure time 𝑡 init𝑖 > 0;

• a constant cruise speed 𝑣𝑢𝑖 > 0;

• a physical UAV radius 𝑟𝑢𝑖 > 0 with spherical UAV profile.

Definition 3.2 (Roundtrip path). Each mission is a roundtrip com-

posed of an outbound path, an on-site waiting period (e.g., pack-

age handover), and a return path. A path for 𝑈𝑖 is a sequence of

space–time tuples:

𝑝𝑖 =
[
(𝑣𝑖,0, 𝑡𝑖,0), . . . , (𝑣𝑖,𝜏 , 𝑡𝑖,𝜏 ), . . . , (𝑣𝑖,ℓ𝑖 , 𝑡𝑖,ℓ𝑖 )

]
, (1)

where 𝑣𝑖,0 = 𝑣𝑖,ℓ𝑖 = 𝑠𝑖 ; ℓ𝑖 is the path length and 𝑡𝑖,ℓ𝑖 is the arrival time

of UAV 𝑈𝑖 . There exists a unique index 𝜏 that marks the first time

the UAV reaches its delivery vertex, i.e., 𝑣𝑖,𝜏 = 𝑔𝑖 . For some𝑤 ≥ 0,

the consecutive tuples 𝑣𝑖,𝜏 , . . . , 𝑣𝑖,𝜏+𝑤 are identical, representing a𝑤-

timestep waiting period at 𝑔𝑖 . The trajectory between consecutive

distinct tuples is traversed at the constant UAV speed 𝑣𝑢𝑖 , forming

the outbound and return segments.
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Table 1: Comparison of MAPF methods based on key features relevant to urban air mobility: Heterogeneous Agents (HA),
Conflict Types, Roundtrip, Temporal NFZs, and Urban Environment (Urban Env).

Method HA Conflict Types Roundtrip Temporal NFZs Urban Env

Batch CBS/ECBS ✓ Geometric Symmetric outbound/return × Semi-urban (Japan study)

PP/PBS × Vertex/Edge × × Grid map

MAPF-LNS × Vertex/Edge × × Grid map

DTAPP-IICR (Ours) ✓ Geometric Asymmetric (realistic UTM) ✓ Urban (dense airspace)

Figure 1: Types of conflicts between two agents of different
sizes and speeds. a) Pursuit: agents move closely towards
the same direction; b) Head-on: agents move into opposite
directions; c) Intersection: agents cross paths [15].

Definition 3.3 (Temporal NFZs). The airspace may contain a

finite set F of NFZs. Each NFZ is characterized by the pair

(𝑅𝑓 , [𝑡 start𝑓
, 𝑡end

𝑓
]) with 𝑅𝑓 ⊆ 𝑉 being a spatially connected subset

of voxels representing the restricted region and [𝑡 start
𝑓

, 𝑡end
𝑓
] ⊂ R≥0

is its active time interval. Once activated at 𝑡 start
𝑓

, an NFZ remains

in force until 𝑡end
𝑓

, after which it is removed from the operational

airspace. We explicitly exempt a UAV’s hub and delivery vertices

from NFZ restrictions, reflecting regulatory practice that allows

authorized take-off and landing inside controlled areas.

Solution validity constraints:.

• NFZ compliance. Let 𝑝𝑜𝑠𝑖 (𝑡) denote the position of UAV𝑈𝑖

at time 𝑡 . For any time 𝑡 ,

𝑝𝑜𝑠𝑖 (𝑡) ∉ 𝐹 (𝑡) :=
⋃
𝑓 ∈F

{
𝑣 ∈ 𝑅𝑓

�� 𝑡 ∈ [𝑡 start
𝑓

, 𝑡end
𝑓
]
}

(2)

unless 𝑝𝑜𝑠𝑖 (𝑡) ∈ {𝑠𝑖 , 𝑔𝑖 }.
• Collision avoidance. In this paper, conflicts are classified as

pursuit, head-on, or intersection [15] as shown in Fig. 1.

Additionally, to ensure physical collision avoidance between

UAVs, we introduce a safety buffer 𝛾 > 0. Thus, for any two

UAVs𝑈𝑖 and𝑈 𝑗 , the following must always hold:

∀𝑡, dist

(
𝑝𝑜𝑠𝑖 (𝑡), 𝑝𝑜𝑠 𝑗 (𝑡)

)
> 𝑟𝑢𝑖 + 𝑟𝑢 𝑗

+ 𝛾 . (3)

Objective. Given the setU of UAVs, a solution is a set of collision-

free, NFZ-respecting roundtrip paths 𝑃 = {𝑝𝑖 | 𝑈𝑖 ∈ U}. We

minimize the flowtime (total flight time at constant speed):

min

𝑃

∑︁
𝑈𝑖 ∈U

𝑇𝑖 = min

𝑃

∑︁
𝑈𝑖 ∈U

(
𝑡𝑖,ℓ𝑖 − 𝑡𝑖,0

)
. (4)

4 DTAPP FRAMEWORK
We now introduce the DTAPP (Delivery-Time Aware Prioritized

Planning) framework for scalable, conflict-free multi-UAV preflight

planning in dynamic airspace. DTAPP adopts a prioritized plan-

ning paradigm, where UAVs are ordered by delivery urgency (start

time 𝑡 init). To support this, we develop SFIPP-ST, a 4D single-agent

planner that computes NFZ-compliant, collision-free roundtrip tra-

jectories while respecting heterogeneous UAV dynamics. The ar-

chitecture of the system is described in Fig. 2.

4.1 Single Agent Planning with Soft and
Temporal Constraints

We extend the path planning framework from PMDO (Pathfinding

withMixedDynamicObstacles) as introduced in [18], by integrating

additional constraints such as temporal NFZs and UAV profiling

(different start times, speeds, and sizes).

Formally, the planner must compute a roundtrip path 𝑝 for a

given UAV while avoiding three categories of restrictions: hard ob-
stacles𝑂ℎ , which are static obstacles in the environment that must

be strictly avoided; temporal NFZs F , which impose regulatory

constraints that must be strictly respected, as formally defined by

the NFZ compliance condition in Equation (2); and soft constraints
𝑂𝑠 , which represent other UAV trajectories. In this case, SFIPP-ST

penalizes potential conflicts with 𝑂𝑠 but does not strictly forbid

them, allowing iterative conflict resolution to refine the solution.

4.2 SFIPP-ST
SFIPP-ST is a single-agent planner for 4D trajectory planning in

UTM systems. It extends SIPPS [18] by incorporating temporal

NFZs, heterogeneous UAV profiles, and continuous geometric con-

flict modeling, making it suitable for UTM.

Definition 4.1 (Safe Flight Interval (SFI)). A SFI for a vertex 𝑣 ∈ 𝑉
is defined as a contiguous time interval [𝑡start, 𝑡end) during which

a UAV can safely traverse or wait at 𝑣 without: (1) Colliding with

any hard obstacle𝑂ℎ . (2) Violating any active temporal NFZ F . We

define the indicator function for NFZ exclusion as:

1F (𝑣, 𝑡) =
{
1 if ∃(𝑅𝑓 , [𝑡 start𝑓

, 𝑡end
𝑓
]) ∈ F , 𝑣 ∈ 𝑅𝑓 , 𝑡 ∈ [𝑡 start𝑓

, 𝑡end
𝑓
]

0 otherwise.
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Figure 2: Overview of Preflight Planning in UTM. We have three hubs that send periodic operation requests to the central
controller. We use DTAPP-IICR as a prioritized planner, where operations are sorted based on delivery urgency, 𝑡 init. We use
SFIPP-ST as the single-agent planner, which receives the UAV profile (𝑡 init, 𝑣𝑢𝑖 , 𝑟𝑢𝑖 ), precomputed hard and regulatory constraints,
and computes a 4D roundtrip trajectory from the hub to the delivery location and back. We add pruning during neighbor
expansion to reduce the search. The initial solution might have soft conflicts, and we iteratively replan the conflicting agents
until the solution is free of conflict or the time limit is reached.

The set of SFIs at vertex 𝑣 is given by:

𝑇 (𝑣) =
{
[𝑡start, 𝑡end) ⊆ R≥0

��∀𝑡 ∈ [𝑡start, 𝑡end),
𝑣 ∉ 𝑂ℎ and 1F (𝑣, 𝑡) = 0

}
. (5)

That is, SFIs are all maximal contiguous time intervals where

the vertex 𝑣 is free from both hard obstacles and active NFZs.

Definition 4.2 (Search Node Definition). SFIPP-ST represents each

search node as a tuple:

𝑛 =
(
𝑣, 𝐼 , 𝑖, 𝑔(𝑛), ℎ(𝑛), 𝑐 (𝑛), 𝑟𝑢𝑖 , 𝑣𝑢𝑖

)
,

where: 𝑣 ∈ 𝑉 : the current vertex location; 𝐼 = [𝑡start, 𝑡end): the
associated SFI free from 𝑂ℎ and F ; 𝑖: the identifier of 𝐼 in the

precomputed SFI table 𝑇 (𝑣); 𝑔(𝑛): the earliest arrival time at node

𝑛; ℎ(𝑛): the heuristic cost-to-go; 𝑐 (𝑛): the cumulative conflict cost,

representing the estimated number of geometric collisions with

other UAV paths 𝑂𝑠 ; 𝑟𝑢𝑖 and 𝑣𝑢𝑖 are respectively the radii and the

speed of UAV 𝑈𝑖 . The overall cost function for node 𝑛 is defined

as:𝑓 (𝑛) = 𝑔(𝑛) + ℎ(𝑛) .

Main Algorithm: Algorithm 1 starts by constructing the SFI

table𝑇 for all voxels𝑉 in the 3D grid, where each𝑇 (𝑣) lists contigu-
ous time intervals free from hard obstacles (𝑂ℎ) and active NFZs

(F ), reducing the 4D search to time-constrained intervals (Line 1).

The earliest safe interval 𝐼0 at the start vertex 𝑠 after 𝑡
init

𝑖 is queried;

if none exists, FAILURE is returned (Lines 2–4). Otherwise, the de-

parture time is set to 𝑡𝑠 =max(𝑡 init𝑖 , 𝐼0 .start), and the root node 𝑛root
is created and inserted into the OPEN list with CLOSED set initial-

ized empty (Lines 5–7). OPEN nodes are prioritized by ascending

soft collision cost 𝑐 , with ties broken by total cost 𝑓 , minimizing

conflicts before travel time.

At each iteration, a node 𝑛 is popped from OPEN (Line 9). If 𝑛 is

the goal 𝑔, the trajectory is reconstructed via BacktrackPath(𝑛)

(Lines 10–11). Otherwise, 𝑛 is expanded using a pruning strategy

aligned with the goal (Line 12). For each promising neighbor 𝑣 ′ and
interval 𝐼 ′ ∈ 𝑇 [𝑣 ′], the travel time 𝛿 and earliest feasible arrival

𝑡 ′ are computed; intervals where 𝑡 ′ ∉ 𝐼 ′ are discarded (Lines 13–

17). Geometric conflicts with soft obstacles 𝑂𝑠 are evaluated along

[𝑛.𝑣 → 𝑣 ′] using radius 𝑟𝑢𝑖 to obtain cumulative conflict cost 𝑐′,
and the heuristic ℎ′ is estimated as the minimum travel time to 𝑔 at

speed 𝑣𝑢𝑖 (Lines 18–19). A new node 𝑛′ is then inserted into OPEN

(Lines 20–21).

In addition to movement, the algorithm also considers waiting at

the current vertex𝑛.𝑣 , since this actionmay be requiredwhen future

safe intervals exist. If a subsequent safe interval 𝐼wait is available

after 𝑛.𝐼 (Line 22), the wait time is set to 𝑡wait = 𝐼wait .start (Line 24),

and then we compute geometric conflicts for [𝑛.𝑣 → 𝑛.𝑣] over
[𝑔(𝑛), 𝑡wait] to get 𝑐wait (Line 25). We estimate ℎwait, create a wait

node 𝑛wait, and insert it into 𝑂𝑃𝐸𝑁 (Lines 26–27). The algorithm

terminates with a conflict-minimizing path or FAILURE if 𝑂𝑃𝐸𝑁 is

exhausted (Line 28).

Directional Pruning for Neighbor Expansion: In a 3D grid

with 26 connected voxels, a brute-force expansion of all neigh-

bors at each step is computationally expensive. To accelerate the

search, we introduce a directional pruning heuristic that reduces

the branching factor. The core idea is to prioritize expanding neigh-

bors that represent clear, monotonic progress toward the goal. The

heuristic works by comparing the normalized direction vector from

the current location to a neighbor with the direction vector to the

goal. This vector, which we call the direction sector, is computed as:

𝑆 = (sign(Δ𝑥), sign(Δ𝑦), sign(Δ𝑧)) ∈ {−1, 0, 1}3

where (Δ𝑥,Δ𝑦,Δ𝑧) is the displacement vector. For example, 𝑆 =

(1, 0,−1) implies a move along positive 𝑥 , no change in 𝑦, and

negative 𝑧.

Research Paper Track  AAMAS 2026, May 25–29, 2026, Paphos, Cyprus

81



Algorithm 1: SFIPP-ST
Input: Graph 𝐺 = (𝑉 , 𝐸), start 𝑠 , goal 𝑔, UAV profile

(𝑡 init𝑖 , 𝑣𝑢𝑖 , 𝑟𝑢𝑖 ), hard obstacles 𝑂ℎ , temporal NFZs F ,
soft obstacles 𝑂𝑠

Output: Path 𝑝 or FAILURE
1 𝑇 ← BuildSFITable(𝑉 ,𝑂ℎ, F , 𝑟𝑢𝑖 , 𝑣𝑢𝑖 );
2 𝐼0 ← FirstSafeInterval(𝑇 [𝑠], 𝑡 init𝑖 );
3 if 𝐼0 = ∅ then
4 return FAILURE;

5 𝑡𝑠 ← max(𝑡 init𝑖 , 𝐼0 .start);
6 𝑛root ← CreateStartNode(𝑠, 𝐼0, 𝑖, 𝑡𝑠 , 𝑟𝑢𝑖 , 𝑣𝑢𝑖 );
7 𝑂𝑃𝐸𝑁 ← {𝑛root}; 𝐶𝐿𝑂𝑆𝐸𝐷 ← ∅;
// Order by lowest 𝑐 (𝑛); tie-break by 𝑓 (𝑛)

8 while 𝑂𝑃𝐸𝑁 ≠ ∅ do
9 𝑛 ← OPEN. pop();

10 if 𝑛.𝑣 = 𝑔 then
11 return BacktrackPath (𝑛);

12 foreach 𝑣 ′ ∈ PrunedNeighbors(𝑛.𝑣, 𝑔) do
13 foreach 𝐼 ′ ∈ 𝑇 [𝑣 ′] do
14 𝛿 ← TravelTime(𝑛.𝑣, 𝑣 ′, 𝑣𝑢𝑖 );
15 𝑡 ′ ← max(𝑔(𝑛) + 𝛿, 𝐼 ′ .start);
16 if 𝑡 ′ ∉ 𝐼 ′ then
17 continue;
18 𝑐′ ← 𝑐 (𝑛) + GeoConflict

(
[𝑛.𝑣→

𝑣 ′], [𝑔(𝑛), 𝑡 ′], 𝑟𝑢𝑖 , 𝑂𝑠

)
;

19 ℎ′ ← Heuristic(𝑣 ′, 𝑔, 𝑣𝑢𝑖 );
20 𝑛′ ← (𝑣 ′, 𝑔 = 𝑡 ′, ℎ = ℎ′, 𝑐 = 𝑐′, 𝐼 ′);
21 𝑂𝑃𝐸𝑁 ← 𝑂𝑃𝐸𝑁 ∪ {𝑛′};

22 if NextWaitIntervalExists (𝑛.𝑣, 𝑛.𝐼 ,𝑇 ) then
23 𝐼wait ← NextWaitInterval(𝑛.𝑣, 𝑛.𝐼 ,𝑇 );
24 𝑡wait ← 𝐼wait .start;

25 𝑐wait ← 𝑐 (𝑛) + GeoConflict
(
[𝑛.𝑣→

𝑛.𝑣], [𝑔(𝑛), 𝑡wait], 𝑟𝑢𝑖 , 𝑂𝑠

)
;

26 ℎwait ← Heuristic(𝑛.𝑣, 𝑔, 𝑣𝑢𝑖 );
27 𝑛wait ← (𝑛.𝑣, 𝑔 = 𝑡wait, ℎ = ℎwait, 𝑐 = 𝑐wait, 𝐼wait);
28 𝑂𝑃𝐸𝑁 ← 𝑂𝑃𝐸𝑁 ∪ {𝑛wait};

29 return FAILURE;

A neighbor 𝑛 is considered promising if its direction sector, 𝑆nb,

aligns with the goal’s direction sector, 𝑆goal, under conditions that

favor direct paths achieved through 1) XY-Plane Alignment: The

neighbor lies in the same general direction as the goal on the 2D

plane. This includes:Diagonal moves that match the goal’s quadrant,

for instance, if the goal is north-east, (𝑆goal .𝑥 = 1, 𝑆goal .𝑦 = 1), any

neighbor in that quadrant is promising; and Cardinal moves along

an axis if the goal also lies primarily on that axis (e.g., moving

straight north if the goal is directly north); 2) Z-Axis Alignment:

The neighbor involves a direct vertical movement toward the goal’s

altitude (𝑆nb .𝑧 = 𝑆goal .𝑧 ≠ 0). This rule prioritizes changing flight

levels, a common requirement in UAV navigation.

Algorithm 2: PrunedNeighbors(𝑉 .𝑙𝑜𝑐, 𝑔)
Input: Set of neighbors 𝑉 , current location 𝑙𝑜𝑐 , goal

location 𝑔

Output: Pruned neighbor set N(𝑙𝑜𝑐)
1 𝑆goal ← DirectionSector(𝑙𝑜𝑐, 𝑔);

2 N(𝑙𝑜𝑐) ← {𝑙𝑜𝑐};
// Always include wait action

3 foreach 𝑛 ∈ 𝑉 do
4 if 𝑛 = 𝑔 then
5 N(𝑙𝑜𝑐) ← N(𝑙𝑜𝑐) ∪ {𝑛};
6 else
7 𝑆𝑛𝑏 ← DirectionSector(𝑙𝑜𝑐, 𝑛);

// Check alignment conditions

8 if (𝑆𝑛𝑏 .𝑥 = 𝑆goal .𝑥 ∧ 𝑆𝑛𝑏 .𝑦 = 𝑆goal .𝑦) or
9 (𝑆𝑛𝑏 .𝑥 = 𝑆goal .𝑥 ∧ 𝑆𝑛𝑏 .𝑥 ≠ 0 ∧ 𝑆𝑛𝑏 .𝑦 = 0) or

10 (𝑆𝑛𝑏 .𝑦 = 𝑆goal .𝑦 ∧ 𝑆𝑛𝑏 .𝑦 ≠ 0 ∧ 𝑆𝑛𝑏 .𝑥 = 0) or
11 (𝑆𝑛𝑏 .𝑧 = 𝑆goal .𝑧 ∧ 𝑆𝑛𝑏 .𝑧 ≠ 0) then
12 N(𝑙𝑜𝑐) ← N(𝑙𝑜𝑐) ∪ {𝑛};

13 if |N (𝑙𝑜𝑐) | = 1 then
14 N(𝑙𝑜𝑐) ← 𝑉 ∪ {𝑙𝑜𝑐};

// Fallback to all neighbors

15 return N(𝑙𝑜𝑐);

To guarantee completeness, our approach includes two impor-

tant exceptions: any adjacent neighbor that is the goal is always

included, and the "wait" action is always an option. If these pruning

rules result in no valid moves, the algorithm reverts to expanding

the full 26-neighbor set, preserving global completeness. The full

logic is detailed in Algorithm 2.

4.3 Theoretical Properties of SFIPP-ST
We now establish two theoretical properties of SFIPP-ST planner:

completeness and optimality. The proof is omitted in the main paper

as it follows the proof of SIPP [26] and SIPPS [18].

Theorem 4.3 (Completeness). SFIPP-ST is complete; it returns a

valid path if one exists and FAILURE otherwise.

Theorem 4.4 (Optimality). If a conflict-free path exists, SFIPP-ST

returns the shortest such path with zero soft collisions.

4.4 DTAPP-IICR
We now introduce DTAPP-IICR, which combines sequential round-

trip planning with iterative conflict resolution. DTAPP-IICR, pre-

sented in Algorithm 3, begins by sorting UAVs based on 𝑡 init𝑖 , en-

suring urgent deliveries are planned first. Ties among UAVs with

equal start times are broken randomly to avoid bias and deadlocks

(Lines 1–3). Each UAV 𝑈𝑖 computes its roundtrip path using Plan-

RoundTrip, treating all previously planned paths 𝑃 as dynamic

obstacles (Line 6). The resulting paths are stored in the solution set

𝑃 (Line 7), and any conflicts between UAV trajectories are recorded

in the collision graph (Line 8). The iterative conflict resolution phase

(Lines 9-19) systematically eliminates conflicts until a globally fea-

sible solution is achieved or the time limit is exceeded. At each
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Algorithm 3: DTAPP-IICR
Input: UAV set 𝑈 = {𝑈1, . . . ,𝑈𝑛}, 3D grid G, temporal

NFZs 𝐹 (𝑡), time limit 𝑇max

Output: Conflict-free paths 𝑃 or FAILURE

1 𝑈 ′ ← sortAsc

(
𝑈 , 𝑡 init

)
;

2 foreach group 𝐺 ⊆ 𝑈 ′ with equal 𝑡 init do // break tie
3 shuffle 𝐺 within𝑈 ′;

4 𝑃 ← ∅;
5 foreach𝑈𝑖 ∈ 𝑈 ′ do
6 𝑝𝑖 ← PlanRoundTrip(𝑈𝑖 ,G, 𝐹 (·), ∅);
7 𝑃 ← 𝑃 ∪ {𝑝𝑖 };
8 num_conflicts← CountConflicts(𝑃);
9 while num_conflicts > 0 and 𝑡 < 𝑇max do
10 𝑆𝑐 ← ConflictHeuristic(𝑃, num_conflicts);
11 𝑃old ← {𝑝𝑖 : 𝑈𝑖 ∈ 𝑆};
12 𝑃 ← 𝑃 \ 𝑃old;
13 foreach𝑈𝑖 ∈ 𝑆𝑐 do
14 𝑝𝑖 ← PlanRoundTrip(𝑈𝑖 ,G, 𝐹 (·), 𝑃);
15 if 𝑝𝑖 valid then
16 𝑃 ← 𝑃 ∪ {𝑝𝑖 }
17 else
18 𝑃 ← 𝑃 ∪ 𝑃old; break

19 num_conflicts← CountConflicts(𝑃);
20 if num_conflicts = 0 then
21 return 𝑃

22 else
23 return FAILURE

24 Function PlanRoundTrip(𝑈𝑖 ,G, 𝐹 (·), 𝑃):
25 𝑝out ← SFIPP-ST(𝑠𝑖 → 𝑔𝑖 ,G, 𝐹 (·), 𝑃);
26 𝑝wait ← GenerateWait(𝑔𝑖 ,𝑤𝑖 );
27 𝑝ret ← SFIPP-ST(𝑔𝑖 → 𝑠𝑖 ,G, 𝐹 (·), 𝑃 ∪ {𝑝out, 𝑝wait});
28 return Combine(𝑝out, 𝑝wait, 𝑝ret);

iteration, the algorithm first identifies the set 𝑆𝑐 of collided UAVs

in the solution set 𝑃 (Line 10). Then we remove all paths 𝑃𝑜𝑙𝑑 ⊂ 𝑃

belonging to the selected UAVs in 𝑆 (Lines 11–12). Each UAV 𝑈𝑖

in this prioritized subset is then replanned sequentially using the

PlanRoundTrip function (Line 14), treating all remaining paths

in 𝑃 (from non-selected UAVs) as fixed spatio-temporal obstacles.

This ensures that newly computed paths avoid conflicts with UAVs

not currently being replanned. If a UAV successfully finds a valid

conflict-free path, it is immediately added back to the solution set 𝑃 ,

making it a constraint for subsequent UAVs in the current iteration

(Lines 15–16). However, if any UAV fails to find a feasible path

during replanning, the algorithm performs a rollback operation: all

previously backed-up paths 𝑃old are restored to 𝑃 , and the current

iteration terminates (Line 18). We update the number of collision

counts (Line 19). If there are no more collisions, we return the final

path 𝑃 , or we return failure otherwise (Lines 20–23).

4.5 Geometric Conflict-Based Heuristic
We adapt the neighborhood selection strategy from LNS2 [18] to

the continuous 4D domain. Instead of discrete graph collisions,

we maintain a geometric collision graph 𝐺𝑐 = (𝑉𝑐 , 𝐸𝑐 ), where each
vertex denotes a UAV and an edge (𝑈𝑖 ,𝑈 𝑗 ) ∈ 𝐸𝑐 exists if the pair
violates the minimum separation dist(𝑝𝑜𝑠𝑖 (𝑡), 𝑝𝑜𝑠 𝑗 (𝑡)) ≤ 𝑟𝑖 + 𝑟 𝑗 +𝛾
at any time 𝑡 .

Given a target neighborhood size 𝑁 , we construct a replanning

setA𝑠 as follows. First, sample a vertex 𝑣 ∈ 𝑉𝑐 with deg(𝑣) > 0 and

extract the connected component𝐺0

𝑐 = (𝑉 0

𝑐 , 𝐸
0

𝑐 ) containing 𝑣 . Then,
following the logic of [18], we apply one of two expansion cases:

Case 1 (Small conflict region, |𝑉 0

𝑐 | ≤ 𝑁 ): Initialize A𝑠 ← 𝑉 0

𝑐 and

expand it via spatial random walks to include nearby agents that

may restrict repair. Until |A𝑠 | = 𝑁 or no new agents can be found:

1) Sample𝑈𝑎 ∈ A𝑠 uniformly and a random time index 𝑡 along its

current path; 2) From the corresponding 3D location, perform a

random walk over the 26-connected neighborhood (including wait);

and 3) If the walk reaches a location where the required safety

buffer overlaps with another UAV 𝑈𝑏 , add𝑈𝑏 to A𝑠 .

Case 2 (Large conflict region, |𝑉 0

𝑐 | > 𝑁 ): Perform a random walk

on the collision graph 𝐺0

𝑐 itself, collecting distinct vertices until

|A𝑠 | = 𝑁 . This biases selection toward densely connected sub-

graphs, prioritizing UAVs engaged in tightly coupled conflicts.

5 EXPERIMENTAL EVALUATION
To evaluate the effectiveness, efficiency, and robustness of our pro-

posed methods, we conduct experiments in two settings: a Monte

Carlo Simulation (MCS) environment and a realistic city-scale map.

In the MCS setup, the environment is a 100 × 100 × 10 3D grid

with 1 m
3
voxels providing high-precision collision detection and

path planning. The lower four levels (0–3) contain static obstacles

(e.g., buildings, trees), while the upper six levels (4–9) provide open

airspace, reflecting typical urban layering. UAV profiles are ran-

domly sampled: start times in [1 s, 1000 s], radii in [0.5 m, 2.0 m],

and speeds in [1.0, 5.0 m/s]. NFZs are activated over intervals ran-

domly drawn from [100s, 500s], capturing the time-varying nature

of restricted airspace. Across trials, we vary the number of UAV

operations, obstacle densities, and NFZs to test scalability and ro-

bustness. The duration of package handover is fixed at𝑤 = 10 and

the neighborhood size used by DTAPP-IICR for iterative conflict

resolution is fixed at 𝑁 = 10.

For external validation, we also evaluate our methods on a re-

alistic city-scale map (Fig. 2) with designated UAV hubs, delivery

destinations (e.g., homes, hospitals), and regulatory constraints.

This case study demonstrates the applicability of our approach to

practical urban air mobility scenarios.

As evaluation metrics, we measure: (1) Success rate: percentage

of instances solved within the time limit, and (2) Average runtime:

mean planning time, using the time limit for unsolved instances

with their standard deviations. All experiments were run on an

Intel Core i9-10900X CPU with 128GB RAM.

Experiment 1: SFIPP-ST and Pruning Evaluation. In this ex-

periment, we evaluate the effectiveness of the SFIPP-ST algorithm

and the proposed pruning optimization. We compare Priority Plan-

ning (PP) with a modified version of SFIPP-ST (where soft obstacles
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Table 2: Comparison of solver performance across varying
agent counts (N). PP and DTAPP-IICR denote versions with
pruning. (W/O) indicates no pruning.

Solver N Success Rate (%) Runtime (s)

PP (W/O)

10 100

6.05 ± 2.04

PP 3.06 ± 1.09

DTAPP-IICR (W/O) 2.31 ± 0.82

DTAPP-IICR 1.31 ± 0.57

PP (W/O)

50 100

115.81 ± 11.64

PP 54.53 ± 5.90

DTAPP-IICR (W/O) 10.97 ± 1.32

DTAPP-IICR 7.23 ± 1.06

PP (W/O)

100

0 300.0 ± 0.00

PP 100 223.22 ± 16.14

DTAPP-IICR (W/O) 100 25.91 ± 2.15

DTAPP-IICR 100 13.09 ± 1.26

are treated as hard obstacles) against DTAPP-IICR. Both solvers

are tested with and without pruning across scenarios with 10, 50,

and 100 agents in environments with 5% obstacle density. For each

configuration, we generate 20 instances and set a fixed time limit

of 300s (5 min). Results are summarized in Table 2. DTAPP-IICR

demonstrates superior scalability, maintaining a 100% success rate

across all agent counts, while PP without pruning fails completely

at 100 agents. DTAPP-IICR achieves up to 15 times faster runtimes

than PP, highlighting the fundamental advantage of soft collision

handling over SFIPP-ST’s hard obstacle treatment. Our direction-

based pruning provides significant speedup for both algorithms,

with DTAPP-IICR achieving up to 34-50% faster performance and

PP with pruning remains viable at scale.

Experiment 2: Scalability Evaluation. This experiment evalu-

ates the performance of DTAPP-IICR as the number of operations

increases. We consider our previous environment, where the num-

ber of UAVs increases up to 1000. We implemented batch CBS and

ECBS from [15] since the original code is unavailable and compared

them against our DTAPP-IICR and PP. To get a fair comparison,

we consider only the outbound path without temporal NFZs. The

return path will then be symmetric to the outbound. The time

limit is fixed at 480s (8 min). Figure 3 presents the results. While

DTAPP-IICR maintains a 100% success rate even with 1000 UAVs,

batch CBS fails to scale beyond small instances due to its exponen-

tial complexity. Notably, PP also suffers from poor scalability, fail-

ing beyond 250 agents. This overly conservative treatment results

in over-constrained planning, making feasible solutions unlikely

in dense scenarios. ECBS remains more robust, sustaining higher

success rates than CBS/PP thanks to its bounded-suboptimal, batch-

search strategy. In contrast, DTAPP-IICR leverages soft constraints

with iterative conflict resolution, allowing temporary conflicted

paths that are later resolved, resulting in significantly higher suc-

cess rates and reduced computation times. These results highlight

DTAPP-IICR’s effectiveness for large-scale UAV traffic scenarios

where flexibility and scalability are critical.

Figure 3: Scalability of DTAPP-IICR compared to PP, batch
CBS/ECBS under varying obstacle densities. a) Using 5% of
obstacles. b) Using 10% of obstacles.

Figure 4: Success Rate and Average Runtime for PP, PP (W/O),
DTAPP-IICR, and DTAPP-IICR (W/O). (a) 100 agents with 5%
obstacles, with a time limit of 500 seconds. (b) 1000 agents
with 5% obstacles, with a time limit of 900 seconds.

Experiment 3: Dynamic Constraint Handling. We evaluate

robustness under dynamic airspace conditions by introducing tem-

poral NFZs that are active only for specific time intervals. For

each environment (5% obstacles), we fix the obstacle layout and

agent scenarios while varying the number of NFZs in 1, 2, 4. Each

NFZ is activated over a random interval within the mission hori-

zon. All results are averaged over 20 independent instances for

every configuration. W/O denotes planner without pruning. The

results show that DTAPP-IICR performs the best when the num-

ber of NFZs increases compared to other planners (Fig. 4 a). The

runtime grows with more activated NFZs, and pruning provides

substantial speedups for DTAPP-IICR up to about 50% faster than

DTAPP-IICR (W/O) (Fig. 4 b).

Experiment 4: Realistic Urban Use Case Simulation. To
demonstrate applicability to real-world conditions, we simulate

city-scale UAV delivery scenarios using an urban environment

in UNetyEmu simulator [9, 27]. The environment dimensions are

400 × 400 × 25 with three distributed delivery hubs positioned to

create realistic traffic patterns with both intra-hub and inter-hub

missions. We evaluate three configurations with {0, 2, 4} temporal

NFZs, where each NFZ consists of 500-2000 voxels positioned in the

upper airspace (𝑧 ≥ 12) to avoid ground obstacles. NFZ activation

intervals are randomly distributed between 0-1800 seconds (30 min)

with durations of 200-600 seconds (3-10 min), simulating dynamic

airspace restrictions. Agent operations span 0-900 seconds (15 min)
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Table 3: Success rate (%) and runtime (s, mean ± std) for different algorithms across NFZ settings and agent counts.

NFZ Agents DTAPP-IICR DTAPP-IICR (W/O) PP PP (W/O)

Success Runtime Success Runtime Success Runtime Success Runtime

0

10 100.0 14.5 ± 8.7 100.0 28.8 ± 17.1 90.0 >44.2 ± 14.7 90.0 >67.7 ± 27.2

50 100.0 91.7 ± 14.7 100.0 191.1 ± 34.4 50.0 >1142.8 ± 69.1 0.0 1200.0 ± 0.0

100 100.0 192.8 ± 27.2 100.0 412.3 ± 63.5 0.0 1200.0 ± 0.0 0.0 1200.0 ± 0.0

200 100.0 401.2 ± 34.3 100.0 839.5 ± 85.9 0.0 1200.0 ± 0.0 0.0 1200.0 ± 0.0

500 100.0 980.9 ± 67.7 0.0 1200.0 ± 0.0 0.0 1200.0 ± 0.0 0.0 1200.0 ± 0.0

2

10 100.0 19.0 ± 7.9 100.0 42.4 ± 17.8 95.0 54.2 ± 15.4 95.0 95.9 ± 31.7

50 100.0 117.6 ± 22.4 100.0 258.4 ± 57.9 15.0 1180.5 ± 40.4 0.0 1200.0 ± 0.0

100 100.0 253.8 ± 33.2 100.0 557.9 ± 79.9 0.0 1200.0 ± 0.0 0.0 1200.0 ± 0.0

200 100.0 509.7 ± 43.1 95.0 >1065.6 ± 84.3 0.0 1200.0 ± 0.0 0.0 1200.0 ± 0.0

500 89.0 1076.4 ± 51.7 0.0 1200.0 ± 0.0 0.0 1200.0 ± 0.0 0.0 1200.0 ± 0.0

4

10 100.0 19.7 ± 10.1 100.0 53.9 ± 24.8 95.0 54.4 ± 18.6 95.0 99.0 ± 38.1

50 100.0 116.9 ± 22.2 100.0 313.2 ± 55.6 5.0 1182.6 ± 52.9 0.0 1200.0 ± 0.0

100 100.0 235.8 ± 37.1 100.0 620.2 ± 89.7 0.0 1200.0 ± 0.0 0.0 1200.0 ± 0.0

200 100.0 490.4 ± 35.9 40.0 >1163.1 ± 54.1 0.0 1200.0 ± 0.0 0.0 1200.0 ± 0.0

500 30.0 1195.4 ± 13.7 0.0 1200.0 ± 0.0 0.0 1200.0 ± 0.0 0.0 1200.0 ± 0.0

with heterogeneous properties including speeds of 1.5-3.0 m/s and

radius of 1.0-2.0 m. For each configuration, we generate 20 scenar-

ios and test four algorithm variants: PP, PP (W/O), DTAPP-IICR,

and DTAPP-IICR (W/O) across varying agent counts (10, 50, 100,

200, 500). The time limit is fixed at 1200s (20 min). The results are

presented in Table 3. Without NFZ, DTAPP-IICR maintains 100%

success rates across all configurations while DTAPP-IICR (W/O)

fails to complete 500-agent operations. In contrast, PP algorithms

show significant scalability limitations, achieving only 50% success

at 50 agents with no NFZs and failing completely at large scale,

while PP (W/O) fails at 50+ agents across all NFZ configurations.

As the number of NFZs increases, the runtime of DTAPP-IICR also

increases, reflecting the additional computational effort required

for safe navigation around restricted zones. For instance, with 4

NFZs, DTAPP-IICR achieves a 30% success rate at 500 agents, indi-

cating that the algorithm remains functional but requires more time.

Increasing the allowed runtime, which is feasible in UTM scenarios,

would likely improve success rates further. Overall, the pruning op-

timization provides substantial improvements, with DTAPP-IICR

consistently outperforming DTAPP-IICR (W/O) by 2-3 times in

runtime. These results indicate that DTAPP-IICR’s soft constraint

handling and iterative conflict resolution approach provides bet-

ter scalability for large-scale and dynamic urban environments

compared to traditional priority-based methods with hard obstacle

treatment, which become impractical beyond small-scale deploy-

ments.

6 CONCLUSION AND FUTUREWORK
This work addressed the critical challenge of scalable preflight plan-

ning for heterogeneous UAV fleets operating in shared, dynamic

airspace with temporal NFZs. We introduced DTAPP-IICR, a novel

framework that integrates urgency-aware prioritization, iterative

conflict resolution, and efficient 4D path planning. Our key con-

tributions include SFIPP-ST, a single-agent planner that handles

temporal NFZs and hard obstacles while supporting heterogeneous

UAV profiles (varying speeds, sizes, and start times) and modeling

inter-agent conflicts through continuous geometric cost functions.

Furthermore, our iterative conflict resolution mechanism leverages

LNS guided by geometric conflict graphs to systematically resolve

residual conflicts, while directional pruning accelerates search in

3D grids by up to 50% without sacrificing completeness.

Experimental validation across Monte Carlo simulations and

realistic urban scenarios demonstrates that DTAPP-IICR’s supe-

rior scalability and robustness compared to the previous batch

CBS/ECBS method in the UTM context. These results establish

DTAPP-IICR as a foundational solution for safe, efficient UAV inte-

gration in dense urban airspace under regulatory constraints.

While our current method prioritizes finding conflict-free solu-

tions, future work will explore advanced neighborhood selection

strategies inspired by LNS [17, 29, 33]. This includes designing a set

of heuristics tailored for 4D environments and an adaptive learning

mechanism, such as a multi-armed bandit (MAB), to dynamically

choose the most effective heuristic during the search [24, 25]. This

will allow the planner to not only ensure safety but also optimize

for operational efficiency. Another promising direction would be

to integrate SDP/HMAPP [32, 34] techniques that decompose the

environment into smaller sub-regions, enabling scalable planning

across very large fleets.
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