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Abstract—Unmanned Aerial Vehicles (UAVs) have been widely
employed to execute tasks in diverse scenarios. However, most
existing studies focus on task scheduling using a fixed number
of UAVs, which often leads to resource waste or the inability to
complete all deadline-driven tasks—a critical issue particularly
in practical scenarios such as search and rescue, surveillance
and mobile edge computing. Distinct from previous works,
we investigate the novel problem of scheduling deadline-driven
tasks with a minimum number of UAVs (termed SLIM). This
optimization is non-trivial as it requires both minimizing UAV
count and ensuring optimal task execution within deadline and
energy constraints. To address these challenges, we develop
two complementary algorithms: (1) a dynamic programming
based algorithm that provides optimal solutions for small-scale
scenarios, and (2) an approximation algorithm that ensures
theoretical performance guarantees for efficiently handling large-
scale scenarios. Extensive simulations demonstrate that our
approximation algorithm achieves approximately 85% of the
optimal dynamic programming solution’s performance while
reducing the average number of UAVs by 21.8%–39.9% compared
to state-of-the-art approaches.

I. INTRODUCTION

Unmanned Aerial Vehicles (UAVs), with their superior
maneuverability, rapid deployment capabilities, and adaptive
flight patterns, have been extensively employed in diverse
scenarios [1]–[6]. Applications such as disaster rescue [7],
surveillance [8], and mobile edge computing (MEC) [9] in-
volve data-intensive and time-sensitive tasks that rely heavily
on timely input for effective decision-making. Moreover, these
task nodes often have limited memory, increasing the risk of
data being overwritten if not processed promptly [10], [11]. To
prevent severe performance degradation in these applications,
each task must be executed within its strict time constraints,
i.e., deadlines. Since the limited onboard resources of a single
UAV make it inadequate to complete complex and deadline-
constrained tasks, considerable research has been dedicated to
optimizing task execution with multiple UAVs [12], [13].

Most existing studies on multi-UAV task scheduling focus
on deploying a fixed number of UAVs to execute tasks, aiming
to maximize task execution utility [12], [14] or minimize
cost [15]–[17] through the optimization of UAV trajectories
and resource allocation. However, assuming a fixed number
of UAVs is often impractical and unscalable in real-world
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Fig. 1. Application scenarios. A fleet of UAVs is employed to execute various
tasks distributed along straight lines, common in practical applications such
as roads, oil/gas pipelines, or rivers/coasts. Each task is allowed to have
individually different execution time and hard deadline.

applications, particularly for scheduling deadline-driven tasks.
Since each UAV’s onboard energy budget limits the number
of tasks it can execute and the distance it can cover [18], [19],
a fixed number of UAVs may not be sufficient to complete all
tasks if their energy is depleted. Conversely, excessive UAV
deployment leads to redundant utilization, increasing procure-
ment and maintenance costs, while introducing unnecessary
risks such as potential malfunctions and collisions [20], [21].
Therefore, optimizing the necessary number of UAVs is crucial
to enhance the effectiveness and scalability of multi-UAV task
scheduling in practical applications. Although a few stud-
ies [22]–[24] have addressed UAV number minimization, they
are not specifically designed for deadline-constrained tasks,
which often leads to task execution failures in emergency
situations [1], [2], [7], [25].

Motivated by this, we investigate a basic yet novel problem
that Scheduling deadLIne-driven tasks with a Minimum num-
ber of UAVs (SLIM). Specifically, we consider the scenario
as shown in Fig. 1. In this scenario, heterogeneous tasks are
distributed along straight lines [18], [24], which is prevalent
in real-world applications, e.g., power transmission lines [26],
roads [27], water/oil/gas pipelines [28] or rivers/coasts [29]. A
fleet of UAVs departs from the initial base station, flies along
the lines to execute tasks sequentially, and lands at destination
base station. Each task has a minimum required execution time
and must be completed by any one UAV before its deadline.
This problem is non-trivial due to the following challenges:979-8-3315-4940-4/25/$31.00 © 2025 IEEE



• Minimizing the required number of UAVs while meeting
all tasks’ deadlines is challenging. Although deploying
more UAVs can intuitively accommodate varying task
requirements, identifying the minimum necessary number
of UAVs remains difficult, as even a reduction of a single
UAV can lead to a completely different solution.

• Determining task execution decisions poses a challenge,
even when the number of UAVs is predetermined. Each
task must be assigned to a specific UAV and scheduled
within a designated time interval. However, if UAVs
prioritize tasks solely based on energy availability to max-
imize execution, some tasks might miss their deadlines
and remain incomplete.

• Designing an optimal task schedule is intractable, even
for a single UAV. If a UAV focuses on tasks at the
beginning of its route, it may lack energy for later tasks
that demand additional execution time, risking missed
deadlines. Conversely, prioritizing later tasks may result
in neglecting more tasks at the beginning of the route.

To tackle these challenges, we first precalculate flight costs
using an optimal UAV speed according to [18]. By adopting
the fly-hover-fly mode [30], we separate UAV flight and task
execution for focused energy consumption analysis. We then
propose two complementary algorithms. The first one provides
an optimal solution for small-scale scenarios by employing a
dynamic programming (DP) based auxiliary function to assess
the feasibility of task completion with a specified number of
UAVs, using a bisection method to determine this number.
The second algorithm is a provably efficient approximation
method, specifically designed for large-scale tasks. It begins by
solving two relaxed variant problems, SLIM-U and SLIM-F. In
SLIM-U, we relax UAV energy constraints to obtain a feasible
solution, while a division method is applied on this solution to
enable fractional task execution in SLIM-F. Building on this,
we use a task movement strategy to solve the original SLIM
problem, establishing performance bounds through theoretical
analysis. Our contributions are summarized as follows.

• We formulate a novel multi-UAV task scheduling problem
that minimizes the number of UAVs while meeting task
deadline and UAV energy budget constraints. Unlike
traditional research that assumes a fixed number of UAVs,
our optimization dynamically determines the minimum
required UAV count, preventing both resource waste and
task execution failures in practical scenarios. To our
knowledge, this is the first study to address this NP-hard
problem of UAV number optimization under deadline and
energy constraints.

• We develop two complementary algorithms to solve this
problem. The first algorithm combines DP with bisection
search to obtain the optimal solution for small-scale
scenarios. To handle large-scale task distributions, we
also propose an efficient approximation algorithm that
achieves a theoretical performance guarantee of 2(2α +
1)-approximation, where α depends on the ratio of the
maximum to minimum task deadlines.

• We conduct extensive simulations to evaluate the perfor-
mance of our proposed algorithms. Results demonstrate
that our approximation algorithm achieves approximately
85% of the optimal DP solution’s performance and
reduces the number of UAVs used by 21.8%–39.9%
compared to state-of-the-art approaches.

The rest of this paper is organized as follows. Section II
investigates the related work. Section III presents the system
model and formulates the problem. The DP-based algorithm
and the approximation algorithm are proposed in Section IV
and Section V, respectively. Extensive simulations are con-
ducted in Section VI. Finally, Section VII concludes the paper.

II. RELATED WORK

A. Time-sensitive Task Scheduling

Time-sensitive task scheduling has attracted significant at-
tention due to its critical role in various applications. In the
context of post-disaster rescue, Sun et al. [7] maximize the
time-average system utility synthesized the task completion
delay and energy consumption with a three-layer computing
architecture. Li et al. [13] on the other hand, minimize
the mission completion time in UAV-assisted data collection
through UAV trajectory optimization. Liu et al. [9] also
develop a graph-based algorithm to minimize the deadline
violation ratio in edge computing systems. Xiao et al. [31]
design an incentive mechanism with Age of Information (AoI)
guarantees as a two-stage Stackelberg game in mobile crowd-
sensing, while Gao et al. [32] optimize UAV flight trajectories
to minimize both peak and average AoI for sensor nodes.
However, these studies do not address scenarios where tasks
must be completed within strict deadlines while maintaining
specific execution orders, which is crucial in our context.

B. Multi-UAV System Optimization

Multi-UAV systems have been widely adopted for complex
task execution scenarios due to their enhanced capability
and reliability. Most existing studies focus on optimizing
system performance with a fixed number of UAVs through
trajectory planning, resource allocation, and task scheduling.
For instance, Zhang et al. [33] optimize UAV trajectory and
incentivize the participation of UAVs for online task offloading
through a privacy-preserving auction framework. To address
challenges in vehicular networks, Liu et al. [34] design a
multi-UAV mobile Internet of Vehicles model to maximize
system throughput under collision and interference constraints.
In UAV-assisted surveillance applications, Khochare et al. [35]
optimize data capture and edge computing utilities through
on-board analytics. However, these studies with fixed UAV
numbers face practical limitations: insufficient UAVs may fail
to complete all deadline-constrained tasks, while excessive
UAVs lead to resource waste and increased operational risks.

C. UAV Number Optimization

To address the limitations of fixed UAV deployment, recent
studies have begun exploring the minimum number of UAVs
in various scenarios. For communication networks, Zhang et



al. [22] minimize the required number of UAV-mounted base
stations while optimizing coverage through positioning and
resource allocation. In data collection applications, Zhang et
al. [23] minimize the number of UAVs by optimizing their
flight tours under total flight duration constraints. Similarly,
Wu et al. [24] focus on reducing UAV flights while satisfying
ground nodes’ data requirements with energy and storage
limitations. Although these studies provide valuable insights
for UAV fleet size optimization, they do not address the
challenges of scheduling deadline-constrained tasks, resulting
in suboptimal performance in time-sensitive applications.

III. SYSTEM MODEL AND PROBLEM FORMULATION

A. Task Scheduling Model
As depicted in Fig. 1, we consider a multi-UAV task

scheduling scenario where a fleet of UAVs, flying at a fixed
altitude and denoted as U = {u1, u2, · · · , uM}, is employed
to sequentially execute n deadline-driven tasks, indexed as
P = {p1, p2, · · · , pn} and distributed along a straight line.
Such linear task distributions are prevalent in real-world ap-
plications, including power transmission lines, roads/railways,
and rivers/coasts. Each task pk(qk, dk) is characterized by
its minimum required execution time qk and deadline dk,
reflecting various demands like MEC requests, data collection
and processing, and security surveillance. In this scenario,
assume that each task can be completed by a newly deployed
UAV before its deadline. Within a time horizon T , we ensure
the constraint 0 < qk ≤ dk ≤ T for each task pk. We define
δk = dk−qk as the slack time, which represents the flexibility
window for scheduling task pk. For modeling convenience,
we introduce two dummy tasks at the endpoints of the line,
p0(0,+∞) and pn+1(0,+∞). Our objective is to minimize
the number of required UAVs to complete all tasks. Here, M
is set as a sufficiently large constant that upper bounds the
maximum possible number of required UAVs.

To clarify, let xi,j,k be a binary decision variable indicating
whether UAV ui executes task pk immediately after task pj ,
where j < k. This is expressed as

xi,j,k =

{
1, ui executes pk after executing pj , j < k,

0, others.
(1)

We ensure each UAV departs from p0 and arrives at pn+1 by
the following constraints:

n∑
k=1

xi,0,k = 1,

n∑
j=1

xi,j,n+1 = 1,∀ui ∈ U. (2)

From the perspective of UAVs, a UAV is allowed to execute
a task if and only if it arrives at that task, which implies that

l−1∑
j=0

xi,j,l =

n+1∑
k=l+1

xi,l,k,∀pl ∈ P,∀ui ∈ U. (3)

From the perspective of tasks, a task is executed exactly once
by no more than one UAV, thereby,

M∑
i=1

k−1∑
j=0

xi,j,k = 1,∀pk ∈ P. (4)

Moreover, we define the time at which UAV ui starts executing
pk as ti,k. Notably, ti,0 = 0,∀ui. The valid ti,k must satisfy
the following condition:

ti,k + qk ≤ dk,∀ui ∈ U,∀pk ∈ P. (5)

Meanwhile, when a UAV flies between any two tasks, e.g.,
from pj to pk (where j < k), it requires a flight time τj,k.
Hence, we use the following constraint to further restrict ti,k:

(ti,j+qj+τj,k−ti,k)xi,j,k ≤ 0,∀ui ∈ U,∀pk ∈ P, j < k. (6)

B. UAV Energy Consumption Model

The energy consumption of UAVs is a critical factor that di-
rectly affects the efficiency and scalability of task scheduling.
In our model, we assume that each UAV ui has an energy bud-
get E , which is mainly consumed in two components: one for
flight, denoted as E i

f , and another for executing tasks, denoted
as E i

e. When a UAV executes a task in hovering mode [30],
the correlation coefficient of hovering cost is represented by
η, depending on the UAV’s physical characteristics such as
propeller efficiency and air density [19]. Thereby,

E i
e = η

n+1∑
k=1

k−1∑
j=0

xi,j,kqk,∀ui ∈ U. (7)

In practice, the flight cost of UAV is primarily related to
its speed [19], [30]. Let v(t) denote UAV speed at time
t, and P(v(t)) represent the corresponding energy power.
Accordingly, the flight cost E i

f can be expressed as

E i
f =

∫ t=T

t=0

P(v(t)) dt, ∀ui ∈ U. (8)

Clearly, each UAV has the following energy budget constraint:

E i
e + E i

f ≤ E . (9)

Furthermore, there exists an optimal UAV speed, denoted
as v∗, that minimizes the flight energy consumption over a
specified distance according to [18]. To simplify the energy
consumption analysis while maintaining practical applicability,
we make the following observation.

Observation 1. In our scenario, task scheduling decisions are
independent of UAV flight durations that can be calculated in
advance.

Proof. First, between any two tasks, pj and pk, the flight
duration τj,k is calculated as τj,k =

d(pj ,pk)
v∗ given the optimal

flight speed v∗, where d(pj , pk) is the distance between the
tasks. Each UAV follows the same path from p0 to pn+1,
executing tasks sequentially. Thus, the total flight energy cost
E∗
f can be pre-determined as: E∗

f = P(v∗)
∑n+1

k=1 d(pk−1,pk)

v∗ .
Next, subtracting E∗

f from E transforms Eq. (9) into a pure
task execution duration constraint:

n+1∑
k=1

k−1∑
j=0

xi,j,kqk ≤ Te,∀ui ∈ U, (10)
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Fig. 2. In (a), we illustrate SLIM with five tasks, each having different
requirements. For example, task p1 requires 2 units of execution time and
must finish before a deadline of 10. p0 and p6 are the start and end points,
respectively. In (b), a feasible solution is shown using three deployed UAVs,
assuming the total duration Te is 12 units. UAV u1 has remaining duration
for task p4 but misses its deadline. Assigning p4 to UAV u2 with execution
order(i.e., p3, p4, p5) violates the deadline of p5. Thus, a new UAV, u3, is
deployed to handle p4.

where Te =
E−E∗

f

η denotes the maximum task execution
duration. This transformation keeps the deterministic nature
of flight paths and durations, accurately converts energy
constraints into duration constraints, and preserves the task
execution order. Therefore, the task scheduling decisions are
independent of the pre-calculating flight durations.

Building on Observation 1, we also modify each task’s
deadline by subtracting the accumulated flight time: dk −∑k

j=1
d(pj−1,pj)

v∗ ,∀pk ∈ P , which is treated as the new
deadline constraint in the following optimization.

C. Problem formulation

In this work, we focus on a basic yet novel problem that
Scheduling deadLIne-driven tasks with a Minimum number
of UAVs (SLIM). The definition of SLIM is given as follows.

Definition 1 (SLIM). Given a set of n tasks, this objective is
to schedule these tasks using the minimum number of UAVs,
while satisfying the required execution time, execution order
and deadline constraints of tasks as defined in Eqs. (1)-(6),
and the energy constraint of UAVs as shown in Eq. (10).

Mathematically, this problem can be formulated as follows:

(SLIM) min

M∑
i=1

n+1∑
k=1

xi,0,k

s.t.: Eqs. (1)− (6), (10).

An illustrative example of SLIM and its feasible solution is
demonstrated in Fig. 2.

Lemma 1. Let workload denote the total task execution time
of a UAV. In the optimal solution to the SLIM problem, there
are no idle intervals within the workload of any UAV.

Proof. We prove this by contradiction. Assume an idle interval
[t1, t2] exists within a UAV’s workload in the optimal solution,
where t1 < t2. Let task pk be scheduled immediately after this
interval at [t2, t2 + qk]. Since all tasks are generated at time
0, we can shift the interval to [t1, t1 + qk]. This shift satisfies

Algorithm 1: DP-based algorithm for SLIM
1 Function B(m):
2 Wi = 0, i = 1, · · · ,m;U(0,W) = ⊤;
3 for pk (1 ≤ k ≤ n) and W ∈ {W|U(k − 1,W)} do
4 for ui (1 ≤ i ≤ m) do
5 if Wi + qk ≤ min(Te, dk) then
6 W ′

i = (W1, · · · ,Wi + qk, · · · ,Wm);
7 U(k, sort(W ′

i )) = ⊤;
8 Return ∃W, U(n,W) = ⊤;
9 l = 1, r = n;

10 while l < r do
11 m = ⌈ l+r

2
⌉;

12 if B(m) = ⊤ then
13 r = m− 1;
14 else
15 l = m+ 1;
16 return m;

t1 + qk < t2 + qk ≤ dk and eliminates the idle interval. This
contradicts the assumption that the solution is optimal.

Remarks. The SLIM problem is NP-hard, even when task
deadline and execution order constraints are relaxed. This
can be reduced to the bin packing problem (BPP) [36],
where each UAV’s energy budget corresponds to a bin’s
capacity. However, existing solutions for BPP are inadequate
for SLIM due to two key challenges: (1) Task deadlines
impose strict constraints on UAV selection policies, rendering
classic approaches like first-fit or next-fit ineffective; (2) The
pre-determined task execution order prevents arbitrary task
placement within UAVs, further complicating the optimization
of UAV count. Therefore, to address these challenges, we
propose two new algorithms, detailed in Sections IV and V.

IV. A DYNAMIC PROGRAMMING BASED ALGORITHM

In this section, we present the optimal solution to SLIM.
The core idea of this algorithm is to design a dynamic
programming (DP) based auxiliary function, denoted as B(m),
to estimate the feasibility of completing all tasks with a given
m UAVs. Then we integrate bisection to search the minimum
number of UAVs required, which serves as the input to B(m).

To construct B(m), we define a Boolean state U(k,W) to
represent whether it is feasible to complete the first k tasks
using all UAVs, where W = {W1,W2, · · · ,Wm} records the
current workload of each UAV. Apparently, the search space
for W is Cm, where C is a constant calculated by C = Te/ϵ,
with ϵ being the known minimum time unit for task execution.
This search space can be significantly reduced to Cm/m!,
following the principle of symmetry breaking [37], and the
only requirement is to sort W such that W1 ≤ W2 ≤ · · · ≤
Wm. Initially, each Wi = 0 and U(0,W) = ⊤. Then, we
update U(k,W) based on the state transition equation:

U(k,W ′) =

m∨
i=1

(
(Wi + qk ≤ min(Te, dk)) ∧ U(k − 1,W)

)
,

(11)

where W ′
= sort(W1, · · · ,Wi + qk, · · · ,Wm) is the non-

decreasing order. For each pk, we consider the workload set W



and the previous state U(k−1,W) = ⊤. We then evaluate each
workload Wi in W to check whether Wi+ qk ≤ min(Te, dk).
If Wi+qk ≤ min(Te, dk), Wi can handle pk without violating
execution duration or deadline constraints, generating a new
state U(k,W ′

) = ⊤. Since any task can be assigned to a
new UAV and U(k,W) is monotonic, we apply the bisection
search for the optimal m. The detailed algorithm is outlined
in Algorithm 1.

Remarks. Algorithm 1 produces the optimal solution with
time complexity of O(nm

2Cm lnm
m! ), here, m is determined

in O(lnn) steps through bisection search. During algorithm
execution, the number of valid states, i.e., U(k,W) = ⊤,
typically remains below Cm/m!. This is because states that
fail to satisfy Wi + qk ≤ min(Te, dk) are discarded, which
prevents further exploration in the search tree. Section VI
presents the implementation of Algorithm 1 and demonstrates
its performance capabilities for most real-time applications in
small-scale scenarios. In addition, more proactive pruning poli-
cies can be adopted to improve this algorithm’s performance,
such as eliminating states early if either of the following
conditions is met: (1) the minimum workload, i.e., minW ,
cannot satisfy the current task deadline; or (2) the average
workload of the m UAVs exceeds the maximum task deadline.

V. AN EFFICIENT APPROXIMATION ALGORITHM

Considering that the DP-based algorithm is computationally
complex in scenarios with larger task distributions, we pro-
pose a provable efficient approximation algorithm for SLIM
in this section. The key idea of this algorithm consists of
three steps: (1) Using a novel slack-sorting based scheduling
method to solve a relaxed version, SLIM-U, that temporarily
ignores UAV energy constraints; (2) Converting the solution of
SLIM-U to handle energy constraints through another relaxed
version, SLIM-F, that allows fractional task execution; (3)
Transforming the fractional solution with a task movement
strategy to obtain a feasible solution for SLIM. We now
introduce these two relaxed variants of the SLIM problem:

Definition 2 (SLIM-U). A SLIM problem is called the SLIM-U
problem if it meets the following condition: UAVs have unlim-
ited energy (i.e., E → ∞), removing the energy constraint in
Eq. (10).

Definition 3 (SLIM-F). A SLIM problem is called the SLIM-
F problem if it meets the following condition: tasks can be
executed fractionally by multiple UAVs (i.e., the constraint
in Eq. (4) is removed), while keeping their total required
execution duration.

Let OPT (U), OPT (F ) and OPT (S) denote the optimal
solutions of the SLIM-U, SLIM-F and SLIM problems, re-
spectively. Similarly, let ALG(U), ALG(F ) and ALG(S)
represent the feasible solutions of the SLIM-U, SLIM-F and
SLIM problems, respectively.

Lemma 2. OPT (U) ≤ OPT (S) and
∑n

k=1 qk
Te

≤ OPT (S).

Proof. We provide a proof sketch: (1) SLIM-U relaxes the
UAV energy constraint, so any solution of SLIM is also feasi-

Algorithm 2: A feasible solution for SLIM-U
1 Let m = 1 be the initial usage number of UAV;
2 Sort all tasks of P with non-decreasing order of slacks;
3 while there exists a task that is not executed do
4 Let pj′ be the task with the smallest slack;
5 for ui (i = 1, · · · ,m) do
6 if Wi + qj′ > dj′ then
7 Continue;
8 if appending pj′ to ui causes a bad sequence then
9 DO adjust sequence;

10 if ∃pk can not be executed by ui then
11 Deploy the m-th UAV; m = m+ 1 and break;
12 Let ui execute pj′ and break;
13 if pj′ can not be executed by any UAV then
14 m = m+ 1;
15 Deploy the m-th UAV for pj′ ;
16 return m;

ble for SLIM-U. Thus, we have OPT (U) ≤ OPT (S); (2) By
ignoring deadlines and task indivisibility, SLIM establishes a
lower bound for OPT (S), i.e.,

∑n
i=1 qi
Te

≤ OPT (S).

A. A feasible solution for SLIM-U

In this subsection, we propose an efficient algorithm to
generate a feasible solution ALG(U) for SLIM-U.

Note that each UAV must sequentially execute tasks indexed
by their locations. Therefore, any solution for SLIM-U must
follow the good sequence, where the task execution order of a
UAV preserves increasing task indices. A sequence violating
this order is classified as a bad sequence. Naturally, we can
transform bad sequence into good sequence by reordering the
tasks with index-increasing, provided that each task can still
be completed before deadline after the adjustment.

The core idea of this algorithm is to greedily schedule the
tasks with increasing slacks in a good sequence. Here, slack
is defined as δk = dk − qk,∀pk, representing the flexibility
window for scheduling each task. Specifically, as described
in Algorithm 2, we first sort tasks by non-decreasing slacks.
Then, we schedule tasks from the smallest to the largest slack
to ensure efficient resource utilization. We use Wi to denote
the workload of each UAV ui, where Wi ≤ Te, as introduced
in Lemma 1. Assume that a task pj′ is under consideration
and there are m UAVs have been deployed. We iterate over
m UAVs to check whether any UAV ui can serve pj′ using
the condition: Wi+ qj′ > dj′ . If none of m UAVs can handle
pj′ , we must deploy a new UAV for pj′ as shown at Line 15;
Otherwise, we then still consider whether appending pj′ to this
UAV would result in a good sequence. If so, ui can execute
pj′ . However, if it results in a bad sequence where the index
of pj′ is smaller than that of the last task pk in the workload
of ui (i.e., j′ < k), we have to adjust the execution order to a
good sequence as described in Line 9 of Algorithm 2.

Therefore, we attempt to insert pj′ in the correct location,
which may lead to two possible cases: (1) As shown in Line 12
of Algorithm 2, after adjustment, each task pk already been
executed by ui meets its deadline, i.e., Wi + qk ≤ dk. In this
case, the execution order is transformed into good sequence
without any issue; (2) There exists a task, say pk, where
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Fig. 3. An example of task scheduling using Algorithm 2. In (a), five tasks
with varying requirements are sorted by increasing slacks, i.e., δ4 < δ2 <
δ5 < δ1 < δ3. Assume task p3 is under consideration, and (b) shows the
current state with three UAVs already scheduled. In (c), p3 is attempted to be
allocated to u1, u2 and u3. Assigning p3 to u1 exceeds the duration limit,
i.e., 2 + 7 + 4 > 12, making it infeasible. Assigning p3 to u2, p3 would
require placing it before p4 to be a good sequence. However, despite the
fact that 4 + 4 < 12, it violates p4’s deadline of 6, rendering it infeasible.
Conversely, assigning p3 to u3, inserting it before p5, is a feasible solution.

k > j′. Inserting pj′ before pk results in W ′
i + qk > dk

(where W ′
i is the workload before executing pk), violating the

deadline constraint. Hence, pj′ can not be executed by ui, and
a new UAV is necessary as shown in Line 11 of Algorithm 2,
which must satisfy good sequence. The while loop procedure
is repeated until all tasks are completed and return finally, the
number of required UAVs is returned the UAV requirements.
For further clarity, we provide an example to illustrate the key
steps of task scheduling in Fig. 3.

Next, we present the theoretical analysis in Theorem 1 to
show the approximation performance of algorithm 2.

Theorem 1. ALG(U) ≤ 2α · OPT (U), where α = ⌈dmax

dmin
⌉,

dmax and dmax are the maximum and minimum deadline
among all tasks, respectively.

Proof. Let m∗ = OPT (U) and m = ALG(U) denote
the number of UAVs used in the optimal and our feasible
solutions, respectively. For any problem instance I , let M∗(I)
and M(I) denote its optimal and feasible solutions.

We prove this theorem by contradiction. According to
Algorithm 2, we consider task p∗ that requires deploying the
m-th UAV. Let I ′ be the set of tasks allocated before p∗, with
M(I ′) = m−1. Now we focus on the tasks in I# = I ′∪{p∗}
with M∗(I#) = m∗ and M(I#) = m.

At first, we sort all tasks in I# in non-increasing order of
deadlines. We then construct a set S(m) by selecting the first
αm∗ tasks from the sorted list, which have top αm∗ deadlines,
with each task in S(m) denoted as pki

, i = 1, · · · , αm∗.
Similarly, we create another set S(m∗) ⊂ S(m) by picking up
the first m∗ tasks from the sorted list, which have top m∗ dead-
lines, and denoted each task in S(m∗) as p′ki

, i = 1, · · · ,m∗.
Since the optimal solution must be feasible with m∗ UAVs,
and each UAV’s workload must not exceed one of the top m∗

deadlines in S(m∗), we have:
αm∗∑
i=1

dki
≥

m∗∑
i=1

d′ki
≥

∑
pk∈I#

qk. (12)

As described in Algorithm 2, now we consider two possible
cases that p∗ cannot be executed by the first m− 1 UAVs:

Case1: Deadline violation. p∗ cannot meet its deadline on
any existing m − 1 UAV [38], i.e., Wi > δ∗ = d∗ − q∗, i =
1, · · · ,m− 1. Since δ∗ is the largest slacks, δ∗ ≥ δj ,∀pi, so
it has Wi > δ∗ ≥ δk = dk − qk, i = 1, · · · ,m − 1, pk ∈
P . Based on this, if m > 2α · m∗, among the first m − 1
UAVs, there are at least αm∗ UAVs that can not execute the
tasks in S(m). Assume the indices of such αm∗ UAVs are
1, · · · , αm∗. Thereby, for any task in S(m), it follows that:

αm∗∑
i=1

(Wi + qki
) >

αm∗∑
i=1

dki
. (13)

Together with Eq. (12), we have:∑
pk∈I#

qk ≥
αm∗∑
i=1

(Wi + qki) >

αm∗∑
i=1

dki ≥
m∗∑
i=1

d′ki
≥

∑
pi∈I#

qk.

(14)

Case2: Good sequence violation. Inserting p∗ violates the
good sequence requirement and cannot be resolved. We at-
tempt to insert p∗ into the correct location to keep the index
order. If m > 2α·m∗, there exists a task in at least αm∗ UAVs,
denoted as p′i, i = 1, · · · , αm∗, whose index greater than p∗

and can not be executed by UAV ui, i.e., W ′
i +q′i > d′i, where

W ′
i is the workload before executing p′i, so we have:

αm∗∑
i=1

(W ′
i + q′i) >

αm∗∑
i=1

d′i (15)

Since dmax and dmin are the largest and smallest deadlines,
and α = ⌈dmax

dmin
⌉, the following inequality holds,

1

α
dmax ≤ dmin ≤ d′i, i = 1, · · · , αm∗. (16)

Combining Eq. (12), Eq. (15) and Eq. (16), we obtain:∑
pk∈I#

qk ≥
αm∗∑
i=1

(W ′
i + q′i) >

αm∗∑
i=1

d′
i

≥
αm∗∑
i=1

dmin = αm∗ · dmin

≥ m∗ · dmax ≥
m∗∑
i=1

d′ki
≥

∑
pk∈I#

qk. (17)

According to Eq. (14) and Eq. (17), both two cases lead to
a contradiction. Therefore, we must have m ≤ 2α · m∗, or
equivalently, ALG(U) ≤ 2α ·OPT (U).

B. A feasible solution for SLIM-F

In the SLIM-F problem, each UAV has a maximum duration
for task execution, Te, and tasks can be executed fractionally
by multiple UAVs. Based on ALG(U) from Algorithm 2,
we can intuitively construct a feasible solution ALG(F ) by
dividing each UAV’s workload in ALG(U) into segments
of length Te. Through this division process, we observe the
following key properties:



Observation 2. In the schedule of ALG(F ), a task can
be executed by at most two UAVs, and a UAV can provide
fractional execution for at most two tasks.

Proof. Note that in our scenario, a task can be executed by
at least one newly assigned UAV. On one hand, by evenly
dividing the workload of UAV with the length of Te, a task
is divided at most two parts, allocated to two UAVs. On the
other hand, fractional tasks occurs only at the start and end
of the workload. The start involves executing the remaining
fraction by the last UAV, while the end may result from limited
duration, dividing a task.

Lemma 3. ALG(F ) ≤
∑n

k=1 qk
Te

+OPT (U).

Proof. Let the workload of each UAV ui in ALG(U) be
Wi(U). From Lemma 1, there is no idle time within the
workload, so we have Wi(U) = ai · Te + T ′

e , where ai ∈ N+

and T ′
e < Te. This indicates that transitioning from ALG(U)

to ALG(F ) replaces each UAV with ai+1 UAVs of duration
Te, with one UAV having workload T ′

e . Thereby, we have

n∑
k=1

qk =

ALG(U)∑
i=1

Wi(U) =

ALG(U)∑
i=1

(ai · Te + T ′
e )

≥ Te
ALG(U)∑

i=1

ai = Te(ALG(F )−ALG(U)), (18)

which means ALG(F ) ≤
∑n

k=1 qk
Te

+OPT (U).

C. A feasible solution for SLIM

In this subsection, we construct a feasible solution ALG(S)
by converting the schedule from ALG(F ). Specifically, we
reassign tasks with fractional execution in ALG(F ) to newly
deployed UAVs, ensuring all tasks satisfy the complete con-
straints specified in the SLIM problem definition.

The detailed process of ALG(S) is presented in Algo-
rithm 3, and Fig. 4 provides a visual demonstration of the
solution transformation from SLIM-U to SLIM-F, and finally
to SLIM. Particularly, from ALG(F ) to ALG(S) in Algo-
rithm 3, we have the following theorem.

Theorem 2. ALG(S) ≤ 2 ·ALG(F ).

Proof. Following the Observation 2, in ALG(F ), a UAV
can cover at most two fractional tasks, requiring at most
2 ·ALG(F ) additional UAVs in ALG(S), hence ALG(S) ≤
ALG(F ) + 2 · ALG(F ) = 3 · ALG(F ). Since a task can
be divided into at most two parts allocated to two UAVs, by
merging each pair of fractional tasks into one UAV, we can
reduce the number of additional UAVs to ALG(F ). Therefore,
ALG(S) ≤ 2 ·ALG(F ).

Thereby, combining with the previous lemmas and theo-
rems, we derive the following theorem.

Theorem 3. Algorithm 3 produces a 2(2α+1)-approximation
performance of solution within O(n2) steps.

Algorithm 3: Approximation Algorithm for SLIM
1 Obtain a feasible solution ALG(U) by using Algorithm 2;
2 Obtain a feasible solution ALG(F ) by dividing each UAV in the

schedule of ALG(U);
3 Obtain a feasible solution ALG(S) by moving the tasks with

fractional execution in ALG(F ) to new UAVs;
4 return ALG(S).
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Fig. 4. In (a), a feasible solution of SLIM-U generated by Algorithm 2 uses
three UAVs. Then, dividing this solution by the length of Te to obtain a
feasible solution to SLIM-F as depicted in (b). Note that three tasks (shown
in color) are fractionally executed. In (c), by assigning fractional tasks with
new UAVs, we obtain a feasible solution to SLIM with twelve UAVs required.

Proof. We provide the proof sketch due to space limitations.
First, using Algorithm 2 to obtain ALG(U) requires at most
O(n2) steps due to the while and for loops. Then, com-
bine Theorem 1 and Theorem 2, along with Lemma 2 and
Lemma 3, we have

ALG(S) ≤ 2 ·ALG(F )

≤ 2 · (ALG(U) +

∑n
k=1 qk
Te

)

≤ 2(2α ·OPT (U) +

∑n
k=1 qk
Te

)

≤ 2(2α+ 1) ·OPT (S). (19)

VI. SIMULATION

A. Simulation setup

In this section, we implement our proposed algorithms
for SLIM: DP-based algorithm and approximation algorithm,
abbreviated as SLIM-DP and SLIM-AG, respectively. Due to
the inherent complex computation of SLIM-DP, our simula-
tions are categorized into two types: small-scale and large-
scale scenarios, based on the task distribution scale. This dual
comparison approach helps evaluate both the optimality gap
and practical advantages of our proposed solution.

Baseline. In small-scale scenarios, we compare against the
optimal SLIM-DP algorithm to evaluate the performance of
our SLIM-AG. For large-scale scenarios, we compare with two
modified state-of-the-art methods:

• NF-NoNei [23], [24]: A two-phase scheduling algorithm
that first assigns tasks without considering deadlines,
then iteratively reassigns deadline-violating tasks to new
UAVs. Finally, it attempts to merge UAVs to minimize
their total number.



TABLE I
SIMULATION PARAMETERS

Parameters
V alues Values of small scale Values of large scale

default varying/step default varying/step
Task number 10 [10, 20]/2 250 [250, 550]/50

UAV energy (kJ) 420 [360, 460]/20 460 [435, 465]/5
Avg task execution time (s) 50 [35, 85]10 60 [60, 150]/15
Task minimum deadline (s) 240 [90, 240]/30 240 [90, 270]/30
Task maximum deadline (s) 400

Hovering cost (kJ/s) 0.389
Length of flight route (km) 10
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Fig. 5. The performance of algorithms with different number of tasks.

• GBF [39]: A greedy algorithm that initially sorts tasks
by non-decreasing deadlines and schedules them se-
quentially. When the sequential execution constraint is
violated (i.e., earlier-indexed tasks scheduled after later
ones), it moves affected tasks to new UAVs and performs
UAV merging when possible.

Simulation parameters. Based on practical UAV applica-
tions and hardware specifications, we set the total flight length
to 10km. Following experimental data from [18], [19], the
correlation coefficient of hovering cost η is set to 0.389kJ/s,
with power-speed function P(v) = 0.07v3 + 0.0391v2 −
13.196v+390.95. We select some key parameters and adopt a
univariate approach, i.e., altering one parameter at a time while
holding the others at their defaults. Details of these defaults,
ranges and altering steps are provided in Table. I.

B. Simulation results

Impact of task number. Fig. 5 illustrates the average
number of UAV used by these four algorithms in the terms of
number of tasks, for both small-scale and large-scale respec-
tively. Overall, as the number of tasks increases, the number
of UAVs deployed by all algorithms grows proportionally.
This trend is explained by the limited energy capacity of
each UAV: as task requirements increase, more UAVs are
needed to satisfy the demand. Fig. 5(a) also shows the runtime
of SLIM-DP, where the peak runtime and average runtime
are 1.05s and 0.23s, respectively, under these simulation
settings. This performance is sufficient for most real-time
small-scale applications, such as time-sensitive data collection
and surveillance. Furthermore, the performance gap between
SLIM-AG and the optimal SLIM-DP in Fig. 5(a) is only 16.7%.
In Fig. 5(b), our proposed SLIM-AG significantly reduces the
average number of UAVs used by 27.1% and 45.4% compared
to GBF and NF-NoNei, demonstrating its superior efficiency
in large-scale deployments.
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Fig. 6. The performance of algorithms with different total UAV energy.
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Fig. 7. The performance of algorithms with different task required time.

Impact of UAV energy. Fig. 6 investigates how total UAV
energy affects the number of UAVs required across both small-
scale and large-scale scenarios. Firstly, as the total energy
increases, the number of UAVs used decreases across all
methods. This is because the primary cost of UAV operation
is the flight duration, which is directly related to energy cost;
Thus, an increase in total energy translates to enhanced UAV
duration for task execution, given a fixed flight cost. Secondly,
in Fig. 6(a), the runtime of SLIM-DP decreases as the total
energy increases. Concurrently, the performance gap between
SLIM-AG and SLIM-DP narrows, becoming nearly negligible
when the total UAV energy reaches 460kJ . This indicates the
excellent scalability of SLIM-AG in light of advancing UAV
battery capacity. Lastly, in Fig. 6(b), while GBF and NF-NoNei
require an average of 39.24 and 40.82 UAVs respectively,
SLIM-AG achieves the same coverage with only 32.81 UAVs.
Notably, as the total energy approaches 455kJ , the trend
stabilizes. This effect occurs because we fixed the maximum
task deadline at 400s, meaning no tasks can be executed
beyond this time limit, regardless of available UAV duration.

Impact of average task execution time. Fig. 7 compares
the UAV deployment requirements across algorithms as task
execution times vary, for both small-scale and large-scale
scenarios. As expected, longer average task execution time
needs more UAVs across all approaches. In Fig. 7(a), while
the runtime of SLIM-DP shows an upward trend, it remains
within acceptable bounds for practical applications. Moreover,
SLIM-AG maintains strong performance, achieving 88.5% of
SLIM-DP. In Fig. 7(b), NF-NoNei exhibits a notably steeper
increase in UAV requirements compared to other algorithms.
This is because NF-NoNei is a deadline-agnostic scheduling
approach: as task durations increase, more tasks violate their
deadlines and require rescheduling to new UAVs, leading to
inefficient resource utilization.
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Fig. 8. The performance of algorithms with different minimum task deadline.

Impact of minimum task deadline. Fig. 8 analyzes how
varying the minimum task deadline affects UAV requirements
across both small-scale and large-scale scenarios. As the mini-
mum deadline of tasks approaches the maximum deadline, two
key trends emerge: (1) The runtime of SLIM-DP decreases,
indicating reduced computational complexity; (2) The number
of required UAVs decreases across all algorithms, with SLIM-
AG showing its efficiency advantage. As shown in Fig. 8(b),
the performance gap between NF-NoNei and SLIM-AG grad-
ually narrows. This is because, as task deadlines become
more uniform (approaching the maximum deadline), fewer
tasks face strict timing constraints, reducing the scheduling
complexity and the number of UAVs needed. Quantitatively,
the UAV requirement in SLIM-AG is 5.6% higher than that
of the optimal SLIM-DP, while SLIM-AG demonstrates a
reduction of 39.6% and 28.9% compared to NF-NoNei and
GBF, respectively. These results imply the robust performance
of SLIM-AG across varying deadline constraints.

Summary. Our comprehensive simulation results demon-
strate that: (1) In small-scale simulations, the optimal SLIM-
DP presents its effectiveness for most real-time applications,
and our proposed SLIM-AG achieves near-optimal perfor-
mance with an average of 85% of the optimal solution quality.
This performance is considerably better than the worst-case
outcomes predicted by the theoretical analysis in Eq. (19), i.e.,
2(2α+1)-approximation; (2) In large-scale simulations, SLIM-
AG demonstrates significant performance improvements by
focusing on both deadline constraint and good sequence during
task scheduling. SLIM-AG uses the fewest UAVs, reducing
the average number of UAVs utilized by 39.9% and 21.8%
compared to NF-NoNei and GBF, respectively. In particular,
NF-NoNei shows the poorest performance due to its deadline-
agnostic scheduling approach. (3) Further comparison between
SLIM-AG and the second-best performer GBF reveals that
SLIM-AG reduces average task completion times by up to
2.8% (see Fig. 9). This improvement is promising, as minimiz-
ing task initiation is valuable for delay-sensitive applications
requiring data freshness, especially when operating with a
fixed number of UAVs. In conclusion, our proposed SLIM-AG
achieves these reduced completion times while simultaneously
minimizing the number of deployed UAVs.

C. Algorithm Performance in Real Scenario

To show the practical applicability of SLIM-AG algorithm,
we conduct simulations using real-world data from the Jakarta
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Fig. 9. Task completion time with different required time and task numbers.
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Fig. 10. Task scheduling using the SLIM-AG for a real-world scenario.

bus transportation system [40]. This dataset provides com-
prehensive information including vehicle locations, operation
times, and service requirements, making it an ideal test case for
deadline-constrained task scheduling scenarios. We consider
a scenario where multiple UAVs are deployed to provide
service for these buses, e.g., deadline-constrained MEC tasks.
We first filter and extract key information to determine the
appropriate positions, operation times and deadlines. Then,
using the SLIM-AG, we obtain an efficient and feasible task
scheduling. As shown in Fig. 10, we select ten representative
task nodes distributed along a road, denoted as (p1, · · · , p10),
in their longitude order. Each task has the minimum operation
time and deadline; for example, p2 has an operation time
of 87s and a deadline of 176s, denoted as p2(87s, 176s) in
the figure. The simulation results indicate that four UAVs
are required to complete all tasks efficiently. Taking UAV u1

as an example, it executes tasks p1, p4, and p8 sequentially
while satisfying both deadline and energy constraints. Notably,
our simulation also considers UAV flight costs, represented as
flight duration in this real-world case study.

VII. CONCLUSION

In this paper, we study the SLIM problem that scheduling
deadline-driven tasks with a minimum number of UAVs, which
is challenging due to the inherent contradiction between min-
imizing UAV deployment and timely completing task within
deadlines. To address this, we propose a DP-based algorithm
that provides optimal solutions for small-scale scenarios, and
an efficient approximation algorithm with theoretical perfor-
mance guarantees for large-scale task distributions. Extensive
simulations demonstrate that our approximation algorithm
achieves about 85% of the optimal solution’s performance,
while reducing the average number of UAVs by 21.8%–
39.9%compared to state-of-the-art approaches. Future work
could explore extensions to handle dynamic task arrivals and
consider additional constraints like UAV collision avoidance.
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