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Abstract

This paper investigates the coordinated deployment and routing of communication equip-
ment by a Sub-mother UAV swarm in power-grid emergency communication scenarios.
Considering mission timeliness and payload constraints, a heterogeneous MUAV-SUAV
coordinated deployment-and-routing model is established to minimize the total system
cost, including platform flight cost, SUAV activation cost, and penalty cost caused by de-
layed deployment. To solve this problem, a two-stage optimization framework is proposed.
In the first stage, an improved K-means clustering algorithm with neighborhood search
(K-means-NS) is developed to divide deployment points into feasible sub-regions while
satisfying SUAV endurance constraints and maintaining the deployment-retrieval payload
balance required by the MUAV. In the second stage, the MUAYV inter-region visiting se-
quence is treated as a routing subproblem, and an improved adaptive genetic algorithm
(IAGA) is designed to optimize the coordinated routes of the MUAV and SUAVs within
each sub-region. The IAGA adopts hybrid encoding, feasible-solution adjustment, elitist
selection, and adaptive crossover—-mutation operations to improve search efficiency under
complex constraints. Numerical experiments on small-, medium-, and large-scale scenarios
show that the proposed method can generate feasible sub-region divisions and coordinated
routing schemes. Compared with GA and G-PSHA, IAGA reduces the total flight cost by
approximately 21.2%, 10.5%, and 23.2% relative to GA and by approximately 0.2%, 2.5%,
and 8.1% relative to G-PSHA in the three scenarios, respectively. Sensitivity analysis further
indicates that stricter mission-timeliness requirements increase penalty costs, highlighting
the importance of timely communication-device deployment in emergency restoration.
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In recent years, extreme natural disasters such as earthquakes, floods, and ice storms
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However, damaged roads, disrupted traffic, and inaccessible repair sites often make con-
ventional ground-based communication support difficult to implement [5,6]. In addition,
emergency communication tasks are usually subject to strict timeliness requirements, and
delayed deployment may reduce the effectiveness of disaster-response operations [7,8].
Therefore, aerial emergency communication deployment has become an important solution
for restoring communication services in disaster areas.

Sub-unmanned aerial vehicles (SUAVs) have advantages in high mobility, flexible
vertical take-off and landing capability, and access to scattered task points, but their payload
capacity and endurance are limited [9,10]. Mother unmanned aerial vehicles (MUAVSs),
in contrast, have stronger carrying capacity and longer endurance and can transport
communication devices and multiple SUAVs to the disaster area [11-14]. A coordinated
MUAV-SUAV system can therefore combine the long-distance transportation and carrying
capability of the MUAV with the local flexible deployment capability of SUAVs. In the con-
sidered power-grid emergency communication scenario, the MUAV carries communication
devices and SUAVs to the task area, while SUAVs perform local delivery and activation of
communication devices. The MUAV also participates in inter-region movement, device
replenishment, and retrieval operations. This coordinated mechanism is suitable for rapid
communication restoration in no-signal or weak-signal areas [15,16].

The coordinated deployment and routing of MUAV-SUAYV systems is related to several
research streams, including UAV routing, heterogeneous fleet routing, truck—drone logistics,
time-window routing, location-routing problems, and emergency communication deploy-
ment. Existing studies have investigated truck—drone cooperative delivery, two-echelon
routing, drone scheduling, and route optimization under operational constraints [17-21].
Adaptive genetic algorithms have also been used for heterogeneous multi-UAV task
assignment [22], while exact and heuristic approaches have been developed for multi-
echelon drone-routing and truck—drone scheduling problems [23,24]. More specifically,
Ref. [25] considers heterogeneous truck—drone cooperative delivery and pickup services.
In addition, recent location-sizing and routing studies have shown the effectiveness of
integrating location decisions with routing optimization in complex logistics systems [26].
However, most existing methods are designed for conventional logistics delivery or ho-
mogeneous vehicle routing settings. They usually do not jointly consider the deployment
and retrieval of emergency communication devices, the dynamic payload evolution of a
MUAY, SUAV activation cost, rendezvous coordination, and time-window penalties caused
by delayed communication-device activation. These features make the present power-grid
emergency communication problem different from standard vehicle routing or truck—drone
delivery problems.

Compared with Ref. [25], the present problem introduces two additional couplings.
First, the MUAYV payload changes dynamically because communication devices are de-
ployed and retrieved during the mission. This makes the feasibility of sub-region division
dependent on the deployment-retrieval payload balance. Second, emergency communi-
cation devices must be deployed and activated within mission time windows; otherwise,
penalty costs are incurred.

To address the above issues, this paper studies a heterogeneous MUAV-SUAV co-
ordinated deployment-and-routing problem with payload constraints and mission time-
window penalties. The objective is to minimize the total system cost, including platform
flight cost, SUAV activation cost, and delayed-deployment penalty cost. The proposed
framework is intended to provide decision support for power-grid emergency commu-
nication restoration by balancing deployment urgency, UAV resource allocation, and
operational cost.

The main contributions of this paper are summarized as follows.
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First, a heterogeneous MUAV-SUAV coordinated deployment-and-routing model is es-
tablished for power-grid emergency communication scenarios. Different from conventional
logistics routing models, the proposed model considers communication-device deployment
and retrieval, MUAV payload evolution, SUAV dispatching, platform-dependent flight
costs, and mission time-window penalties within a unified cost-minimization framework.

Second, a K-means clustering algorithm with neighborhood search (K-means-NS) is
developed to generate feasible sub-regions before route optimization. The algorithm adjusts
noise points through neighborhood search so that the generated sub-regions satisfy SUAV
endurance constraints, SUAV payload constraints, and the MUAV deployment-retrieval
payload balance. This provides feasible regional inputs for subsequent coordinated routing.

Third, an improved adaptive genetic algorithm (IAGA) is designed for coordinated
MUAV-SUAV route optimization within and between sub-regions. The IAGA adopts hy-
brid encoding, feasible-solution adjustment, elitist selection, adaptive crossover—-mutation
operations, and a historical-improvement-based mutation operator. These mechanisms
jointly optimize the MUAYV visiting sequence and SUAV task assignment under coupled
payload and time-window constraints.

The remainder of this paper is organized as follows. Section 2 describes the problem
and formulates the heterogeneous MUAV-SUAV coordinated deployment-and-routing
model. Section 3 presents the two-stage solution framework, including K-means-NS
clustering and IAGA-based route optimization. Section 4 reports numerical experiments, al-
gorithm comparisons, and sensitivity analysis. Section 5 concludes the paper and discusses
future research directions.

2. Problem Description

This paper investigates the optimal cost problem for the coordinated deployment and
necessary retrieval of communication equipment in disaster areas by MUAV collaborating
with multiple SUAVs, under the dual constraints of mission timeliness and payload ca-
pacity. The total system cost primarily includes the MUAV’s flight cost, the fixed dispatch
cost for SUAVs, the SUAVs’ flight cost, and penalty costs incurred due to deployment
delays at deployment points. Therefore, the problem studied in this paper is defined as a
heterogeneous MUAV-SUAV coordinated deployment-and-routing problem with payload
constraints and mission time-window penalties. For consistency, the MUAV denotes the
mother UAV, the SUAV denotes the sub-UAYV, a deployment point denotes a task point
where a communication device is delivered and activated, a retrieval point denotes a task
point where an existing communication device is picked up, and a sub-region denotes a
task area assigned for coordinated MUAV-SUAV operation.

The following modeling assumptions are adopted in this study:

The analytical description below follows a two-stage deployment-and-routing logic.
The first stage divides the task area into feasible sub-regions. The second stage optimizes
the coordinated routes of MUAVs and SUAVs within and across these sub-regions, as
shown in Figure 1.

1. Each dispatch of a SUAV from the MUAV to execute a task incurs a fixed cost, regard-
less of the flight distance or duration.

2. The number of key devices retrieved by the unmanned platform within a sub-area
and the number of new devices to be deployed must satisfy a dynamic payload and
capacity balance constraint for the platform.

3. The deployment time of the MUAV or SUAV at any deployment point must be com-
pleted within the specified time window; exceeding this window incurs a correspond-
ing penalty cost.
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4. To simplify the model, both the MUAV and SUAVs are assumed to fly at constant
speeds; dynamic speed variations are not considered at this stage. This assumption
simplifies the calculation of flight time and operational cost but may affect cost es-
timation and route-feasibility evaluation in real post-disaster environments, where
UAV speed and endurance can be influenced by wind, payload variation, battery
state, altitude, route geometry, and weather. Variable speed and payload-dependent
endurance will be considered in future work.

5. When the MUAV and a SUAV rendezvous at a predetermined meeting point, the
party arriving first enters a waiting state (incurring no additional cost) until the other
arrives, after which the handover of communication equipment (for replenishment or
retrieval) is completed.

Start

I Customer Node Initialization J
T
{ Phase 1 v
ICK—means Initial Clustering Result K,,|

Do Sub-regions Satisfy
Constraints?

1 Remove Outliers from Sub-regions & Save to Noy

t__7

I Perform Neighborhood Search for Constrained Sub-regions I

Are All Sub-regions
Traversed?

v,
Yes

WUAV‘S Optimal Cost Path Planning Between Sub-regions

!

Obtain Departure Points Pf & Termination Points Pt for MUAV & SUAVs in Each Sub-region
....... —— |

 Phase 2 Population Initialization
I *1
l Adjust Individuals That Violate Constraints

Selection Operator

jr v
Crossover Operation l—'@—l
| SUAV Mutation Operator | ] MUAV Mutation Operator |

New Generation

Is Iteration Completed?

No

Figure 1. Two-phase solution algorithm flowchart.
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2.1. Modeling of a Heterogeneous Unmanned Platform Emergency System with Mission
Timeliness Constraints

In this paper, the heterogeneous platform coordinated scheduling optimization prob-
lem is decomposed into two subproblems: MUAV path planning and SUAV path planning.
As the MUAV’s payload constraint is introduced, its path planning between sub-regions
must not only consider flight distance but also satisfy real-time capacity limitations.

The parameters and their meanings are defined in Table 1.

Table 1. Symbols and descriptions of system.

Parameter Description
N The total number of points requiring deployment or redeployment of
communication equipment
P Set of the total number of points requiring deployment of communication
equipment P = {p1,p2,..., PN}
A Set of SUAVs, A = {ay,a,...,an}
% Subset of deployment point regions, K = {ky,k, ...,k }, k; represents the i-th
sub-region
c Set of cluster centers, C = {c1,¢y, ..., ¢}, ¢ represents the cluster center of the i-th
sub-region
N Number of deployment point sub-regions
N Number of deployment points with deployment demands
P Set of deployment points with deployment demands, Ps = {p1,p2,...,PN1}
Ny Number of retrieval points of communication equipment
Py Set of deployment points with deployment requirements, P; = {p1,p2, ..., N2}
Ngq Number of deployment points with either deployment or redeployment
P Set of deployment points with either deployment or redeployment,
s Psg = {p1,p2, ..., pN3}, satisfying Ps; = Ps N Py
Py Set of deployment points with no demand status, Py = P — Ps U I
Py Takeoff point for the SUAV swarm within the region
P Landing point for the SUAV swarm within the region
(A SUAV flight speed
vy MUAV flight speed
P, Set of points traversed by SUAVs within a sub-region, P, = Py UPs U P
Py Set of points traversed by the MUAV within a sub-region, P; = Pf UPUP
Piotar Set of all points, Py, = PfUPU P
e Maximum allowed deployment time for the MUAV or SUAV at a deployment point
s Penalty cost per unit time when the MUAV or SUAV exceeds the maximum
b deployment time
T Actual deployment time of the MUAV or SUAV at deployment point p,

2.2. SUAV Deployment Task Model for Communication Equipment Under Mission Timeliness and
Payload Constraints

The parameters and meanings of the SUAV are shown in Table 2:

Table 2. SUAV parameters and descriptions.

Parameter Meaning
S5a Total flight cost of the SUAV swarm within the region
S% Total flight cost of the SUAV swarm within region k
S, Total flight distance of the a-th SUAV within the area
sk Flight cost of the a-th SUAV within region k
Ss (pipy) Flight cost of the a-th SUAV from point p; to point p; in region k
DZ (i) Distance traveled by the a-th SUAV from point p; to p; in sub-region k
D2 .« Ideal maximum flight range of the a-th SUAV
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Table 2. Cont.

Parameter Meaning

D Maximum flight distance under ideal maximum payload capacity and
max energy consumption of the SUAV
54 Flight cost per unit time for the SUAV

sj’[ix Fixed dispatch cost for the SUAV

Qk Actual payload capacity of the a-th SUAV at takeoff in sub-region k
T ax Ideal maximum payload capacity of the a-th SUAV
g Weight of the communication device to be delivered to the i-th

i deployment point with deployment demand in sub-region k
Nk Number of deployment points with deployment demand in region k

The SUAV deployment subproblem aims to minimize the operational cost of the SUAV
swarm within each sub-region. The objective function consists of three components: the
fixed SUAV dispatch cost, the SUAV flight cost, and the penalty cost caused by exceeding the
mission time window. Based on the parameters and decision variables defined above, the
SUAV deployment subproblem is formulated in the following standard optimization form:

min Sy = ZkeKSI;‘ 1)
k_ k
Dy = Z(m,p,-)EPmi#J' Dﬂ(Pi/Pj)
st.Dk< D2 . )
D?nax = Qmax X Dmax
Qﬂ(Pf)
Qf < Qo 3)
¥ < QL (4)
Y. Xk <A ()
acA
Zd;{: EQES ZQ?nax (6)
i€ps acA acA
k _
ZaeA Zp,—EPs,i#j Xﬂ(lﬂhl’j) =1 @
k _ Ak
ZHGA ZpiGPs,i;éj ijeps,i;éj Xﬂ(Pier) =N; ®

Among them, (1) is the objective function; constraint condition (2) indicates that the
actual flight distance of the SUAV does not exceed its maximum flight distance; constraint
condition (3) states that the actual payload capacity of the a-th SUAV cannot exceed the
SUAV’s maximum payload capacity; constraint (4) specifies that the weight of a single
communication device must not exceed the ideal maximum payload capacity of each SUAV;
in order to minimize the number of round trips and thus reduce the total flight distance,
constraint condition (5) stipulates that each SUAV can take off at most once within one
region; constraint condition (6) indicates that the total weight of communication devices
in that region must not exceed the combined maximum payload capacity of all SUAVs;
and (7) and (8) ensure that all deployment points with deployment demands are served by
SUAVs exactly once where the binary domains are XX € {0,1} and X’H‘( ) € {0,1}, for all

pPi
a€AkeK, and p;, p; € P.
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2.3. Modeling for MUAV Path Planning in Communication Equipment Deployment Under
Payload Constraints

MUAV parameters and descriptions are shown in Table 3:

Table 3. MUAV parameters and descriptions.

Parameter Description
St Total flight cost of the MUAV
Sf.‘ Total flight cost of the MUAV within sub-region k
So Total flight cost of the MUAV between sub-regions
Sc Flight cost per unit time for the MUAV
Sk Flight cost for the MUAV from retrieval-demand deployment point p; to
i(pipj) retrieval-demand deployment point p; within sub-region k
Sgkf’kf ) Flight cost for the MUAV from sub-region K; to sub-region K;
Qs Ideal maximum load capacity of the MUAV
Qi Total load of the MUAV before arriving at the k-th sub-region
oF Weight of communication devices to be picked up by the MUAYV in the
q k-th sub-region
bk Weight of the communication device to be picked up from the i-th
i deployment with retrieval demand in sub-region k
Dk Distance traveleq by the. MUAV from d.eploymen't point p; to p; (both
i(pipj) with retrieval demand) in sub-region k
NF Number of customers with retrieval demand in sub-region k
D(()ki’k') Distance traveled by the MUAV from sub-region K; to sub-region K;
D Total flight distance of all unmanned vehicles in the collaborative
deployment and retrieval system
S Total flight cost of all unmanned vehicles in the collaborative

deployment and retrieval system

The binary decision variables used in the SUAV and MUAV routing models are listed
separately in Table 4.

Table 4. Decision variables used in the model.

Variable Description
Xk binary variable that equals 1 if SUAY a is dispatched in sub-region k;
e otherwise 0
k binary variable that equals 1 if SUAV a travels from node p; to p; in
a(pi,p;) sub-region k; otherwise 0
xk binary variable that equals 1 if MUAV travels from p; to p; in sub-region
i(pip;) k; otherwise 0
x binary variable that equals 1 if MUAV moves from sub-region k; to kj;
o(kik;) otherwise 0

The MUAV routing subproblem determines both the intra-region retrieval route and
the inter-region visiting sequence of the MUAV. The objective function includes the MUAV
flight cost within sub-regions, the MUAV flight cost between sub-regions, and the penalty
cost associated with delayed deployment. Based on the parameters and decision variables
defined above, the MUAYV routing subproblem is formulated in the following standard
optimization form:

. _ k k (ki kj) k +
min S =) o Z(Wj)ept,z‘#j Sitpipy) Xi(pipy) T S0 " Kofkehy) T 8p(T = eXi(Pi'Pf)) ©)
st0< Y Y Q< Qhux (10)

keKacA
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0 < Qf < Qhax 11)
0< Qi+ Y QF —Qf < Qmax (12)
acA
b < Qhnax (13)
Y ke Ziqu b < Qhax (14)
prqu,i#j Xf'(f(m,m) =1 (15)
Zpiqu,iyéj ijqu,i;éj X:'(t(pi,pj) = Nf (16)
Y Xogry =1 (17)
k€Kit
ijeK Zk[eK,iyéj Xo(kikj) = Nk (18)

Among them, (9) is the objective function; (10) indicates that the total weight of
communication devices to be delivered within the entire deployment area does not exceed
the MUAV’s ideal maximum payload capacity; (11) states that before serving the k-th sub-
region, the MUAV’s load does not exceed its ideal maximum payload capacity; (12) ensures
that after completing the deployment and retrieval tasks in each sub-region, the load inside
the MUAV will not exceed its ideal maximum payload capacity; (13) specifies that the
weight of a single communication device to be picked up cannot exceed the MUAV’s ideal
maximum payload capacity; (14) states that the total weight of communication devices to
be picked up in the entire task area must not exceed the MUAV’s ideal maximum payload
capacity; and constraints (15) and (16) ensure that each retrieval point is served exactly
once by the MUAYV, while constraints (17) and (18) jointly ensure that each sub-region is
visited exactly once by the MUAV. where the binary domains are Xl’.‘( v € {0,1} and
Xo(kiky) € {01}

Finally, the overall objective function integrates the SUAV-related cost and the MUAV-
related cost. The total system cost is minimized as follows:

minS = S4 + St (19)

From an engineering perspective, the objective functions evaluate both flight distance
and the operational cost of heterogeneous MUAV-SUAYV cooperation. The time-window
penalty reflects the additional loss caused by delayed communication-device deployment,
while the deployment-retrieval payload balance ensures that the MUAV has sufficient
capacity for both newly deployed and retrieved devices. Therefore, payload constraints
are directly related to route feasibility, since a shorter route may still be infeasible if the
MUAV or SUAV payload limit is violated. In addition, the rendezvous waiting condition is
treated as an operational assumption without introducing additional waiting cost in the
present model.

Remark: This paper extends the Time-dependent Collaborative SUAV Path Planning
Problem (TDCDPPP) proposed in reference [25] by further introducing the payload con-
straint of the MUAV and the mission timeliness constraint for sub-regions. The inclusion
of these two types of constraints increases the complexity of the problem and enhances
its alignment with real-world scenarios. The payload constraint not only limits the total
amount of communication equipment the MUAYV can carry in a single trip but also, by
influencing the total equipment allocation between the MUAV and UAVs within each
sub-region, inversely determines the feasibility of the initial sub-region division in the
first stage. Meanwhile, the mission timeliness constraint requires all equipment to be
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deployed within specified time windows, imposing stricter timing requirements on the
coordinated path planning of the MUAV and UAVs. These constraints render the Het-
erogeneous Collaborative Optimization Algorithm (HDFOS) from reference [25] unable
to directly solve the new problem. Therefore, this paper proposes improvements in a
two-stage algorithm: First, a new clustering algorithm is introduced to generate an initial
sub-region division that satisfies both payload and timeliness constraints. Second, in the
path optimization stage, the strategy of separately solving the paths for the MUAV and
UAVs, as used in the original algorithm, is abandoned. Instead, a unified encoding scheme
and an integrated mutation operator are designed, merging the path planning for the
heterogeneous platforms into a single IAGA framework for simultaneous optimization.
Through carefully designed genetic operators and adaptive mechanisms, this algorithm
achieves a higher-quality coordinated scheduling solution while effectively controlling
computational complexity.

3. Optimal Cost Path Planning Algorithm Design

This section develops a path planning algorithm to minimize the cost of collaborative
deployment and retrieval of communication devices by multiple MUAVs and SUAVs, as
described earlier. Due to the differing roles of MUAVs and SUAVs, we continue to use a
two-stage approach that first clusters the target locations and then solves the path planning
problem. The basic steps of the algorithm are as follows: first, deployment points are
divided into several sub-regions that satisfy constraints (2—4, 6, 11-13); then, the optimal
path for MUAYV between sub-regions is solved. Here, since only the flight between sub-
regions by MUAV is considered, only path cost is involved. The MUAV inter-region visiting
sequence can be abstracted as a TSP subproblem, because only the visiting order and path
cost between sub-regions are considered at this stage.

The algorithm framework is shown as follows:

3.1. Clustering Algorithm Design

Due to the addition of MUAYV payload capacity constraints in this paper, clustering
must comprehensively consider the total weight of communication devices delivered by
SUAVs (i.e., satisfying constraints (2—4) and (6)) and the weight of communication devices
retrieved by MUAV (i.e., satisfying constraints (11-13)). To avoid a situation in any sub-
region where the total weight of communication devices to be delivered is less than the
total weight of communication devices to be retrieved, which would lead to exceeding the
MUAV’s payload capacity constraint, this paper must ensure that after clustering, the total
weight of communication devices to be deployed in each sub-region is not less than the
total weight of communication devices to be retrieved. The increase in constraint conditions
and the heightened coupling between MUAVs and SUAVs make the clustering problem
significantly more complex, rendering the clustering method proposed in [25] inadequate.
Following this line of thinking, this subsection improves upon the Ck-means algorithm
by adding neighborhood search to the original algorithm, designing a K-means clustering
algorithm based on neighborhood search.

Objective function

Ny 2
J(K) = mind_ Y ||pi—ngy || (20)
j:1 pinj
V(pi € ki) ’Pi - #(]’)Hz < Dhnax (21)
0< Y bF< Qb (22)
icpg
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0< Y dh< Y Q% (23)
JEPs acA
k k
Y <) d (24)
Zepq JEPs
VkeK) (Y bf+ ) d)>o0 (25)
i€pg jE€ps

Among them, (20) is the objective function for clustering; (21) indicates that the

distance between any deployment point with deployment demand within a sub-region

and its cluster center does not exceed the maximum flight range of the SUAV; (22) states

that the total demand of deployment points requiring retrieval deployment in sub-region

k does not exceed the MUAV’s maximum load capacity; (23) states that the total demand

of deployment points requiring deployment in the k-th sub-region does not exceed the

combined maximum payload capacity of all SUAVs; (24) states that the total demand for

deployment within sub-region k is not less than the total demand for retrieval; (25) ensures

that no sub-region consists solely of deployment points with no demand.

(@)

(b)

(0

(d)

(e)

()

Specific clustering steps are as follows:

Cluster the deployment points using the CK-means algorithm to obtain an initial
clustering result. Since the state of each deployment point is determined by its de-
ployment quantity and retrieval quantity, any deployment point p; can be uniquely
represented by a two-dimensional array, that is p;(ws;, wqi), where w;; and wy; denote
the deployment quantity and retrieval quantity of deployment point p;, respectively.
It should be noted that the clustering result at this stage already satisfies the payload
capacity and range constraints of the SUAVs. Therefore, it is only necessary to further
adjust the clustering to meet the MUAV’s payload capacity constraint. As the MUAV
has no range limitation, the process essentially involves reassigning those deployment
points that only require retrieval service, represented as p; (0, w,;), which do not satisfy
the requirements within the current clusters.

Calculate the distances from each cluster center to all others, obtaining a distance
matrix between the cluster centers.

Calculate the deployment volume ) d* and the retrieval volume Y bi-‘ within each
JEPs i€pg
sub-region to obtain a set of sub-regions that satisfy constraint (24) (valid) and a set of

sub-regions that do not satisfy constraint (24).

Process each sub-region within the set. First, calculate the distances from all deploy-
ment points satisfying p;(0, wg;) to the cluster center within each sub-region. Then
sort these distances in descending order.

For each illegal sub-region, sequentially strip away deployment points that satisfy
pi(0,wy;) until the sub-region becomes legal. The stripped deployment points are
collectively referred to as noise points.

Legitimate sub-regions perform a neighborhood search around their cluster centers.
Under the premise of satisfying constraint (24), noise points near the cluster center are
incorporated into the sub-region. This process continues until all noise points have
been assigned, completing the regional division.

The pseudocode is provided in Algorithm 1.
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Algorithm 1: K-means-NS Pseudocode

Input: The weight demand of the communication devices to be deployed for the

i-th deployment d;; the weight demand of the communication device to be retrieved for

the i-th deployment b;; the ideal maximum payload capacity of the a-th SUAV Q% ..; the

expected maximum load capacity of the MUAV Qf .. : the set of subregions obtained via
the CK-means algorithm K, = {k}j,k%,. . .,kg}

1.

10.
11.
12.
13.
14.
15.
16.
17.

18.
19.
20.
21.
22.

Iter = 1 (Iter is the iteration count)
While Iter < size(Kp)
If within subregion kzer: xr bk > Qb | py bk > x d}‘
1€pq 1€pq JEPs
D <—Calculate the distance from each point to all cluster centers
While ¥ bf > Qhax Il ¥ 0f > ¥ df
i€pq i€py j€ps
N,; < Remove the farthest point p;(0, w,;) from
subregion k’;“’ and store it in the noise point set N,;
kirf” + Update deployment points within the subregion
End while

Else continue

End if

Iter = Iter +1
End while
Iter0 =1
Iter =1
While Iter0 < size(Ny;)

While Iter < size(Kp)
If adding the noise point to subregion kzer satisfies

Yo b < Qhax &e& Y bE< Y df

i€pq i€pq jEPs

the constraints

k;f” — N,;(Iter0)
End if
Iter = Iter +1
End while
IterQ = Iter0+ 1

End while

Output : The set of subregions K, K, = {k}g, k%,, el k’;, } ; the set of cluster centers

C, C={cy,c2,...,cn}; the set of noise points N,;

Note: Not all noise points in N,; can be assigned to feasible sub-regions after neigh-

borhood search. If a noise point cannot be inserted into any sub-region without violating

constraint (24), it is temporarily kept outside the sub-region set rather than being forced

into an infeasible cluster. Since the MUAYV is not subject to the SUAV range constraint, these

unassigned noise points are subsequently treated as independent MUAV service points

and are considered together with the cluster centers during the MUAYV inter-sub-region

route planning. The MUAV route is then solved under the premise of satisfying the MUAV

payload constraint.
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3.2. Design of a Coordinated Deployment Path Planning Algorithm for Heterogeneous Platforms
Within Sub-Regions

First, the traversal order between sub-regions is solved using the ant colony algorithm.
Then, within each sub-region, an IAGA is designed to solve the path planning problem for
MUAVs and SUAVs with the minimum cost. The SUAV intra-region routing subproblem is
related to the 2p-mVRPTW class because it involves multiple SUAVSs, pickup-and-delivery
operations, and mission time-window constraints. Therefore, this paper takes the minimum-
cost path planning of the SUAV swarm within a sub-region as an example to illustrate the
algorithm design in detail. The specific algorithm design is as follows:

1. Encoding method and initialization:

This paper still adopts the sequence encoding method, setting the population size to
Np. Bach individual’s gene consists of two parts, the routing sequence and the breakpoint
sequence, and is initialized using prior knowledge. The individual gene is illustrated in

Figure 2 below:
Routing Sequence Interruption Sequence
|
‘ '
1 2 3 4 5 6 7 8 7 9 10
6/2/8/1/10/4|7]/5/9]3 48
UAV 1 UAV2 UAV3

Figure 2. Schematic diagram of individual gene sequence encoding.

The ‘Routes sequence’ defines the overall task visiting order, and the ‘Interruption
sequence’ separates the routes of individual SUAVs.

The launch point is the location of the deployment point within this region that has
deployment or retrieval needs and is closest to the landing point of the previous sub-region
(or the starting point where the warehouse is located). The endpoint is the cluster center
point of the sub-region.

The hybrid encoding jointly represents the MUAYV visiting sequence and the SUAV
task assignment in one chromosome, which allows the fitness function to evaluate hetero-
geneous platform coordination directly. The feasibility flag is used to distinguish feasible
and infeasible individuals after repair, so that infeasible solutions caused by payload or
range violations can be retained with lower priority instead of being immediately dis-
carded. Compared with a conventional adaptive GA, this design preserves population
diversity while guiding the search toward feasible coordinated routes under the coupled
MUAV-SUAV constraints.

2. Population Individual Adjustment

For individuals that do not satisfy the constraint conditions (24, 6), the adjustment
strategy from [25] is still employed to modify them, aiming to make each individual
feasible. However, due to the randomness inherent in the initial path permutation and the
demand of each deployment point, a small number of individuals may still fail to meet the
constraints even after adjustment. Therefore, in this paper, and considering the need for
genetic diversity, such individuals are defined as infeasible solutions but are nonetheless
retained within the population. To distinguish between feasible and infeasible solutions,
the encoding of an individual’s gene is adjusted as follows in this paper. It is stipulated
that the first code of the individual’s gene serves as a flag bit. If the flag bit is 0, the solution
represented by that individual’s gene is a feasible solution; if the flag bit is —1, it represents
an infeasible solution.
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3. Adaptive Configuration

Inspired by the adaptive setup in genetic manipulation in ref. [22], this paper dynami-
cally adjusts the number of crossover offspring and mutation offspring within the iteration
period. The adaptive formula is as follows:

(~ )

N = round[(Np — ) -e "2 7] (26)

Ny = Np — v — Ner (27)

Here, N, denotes the total number of iterations, Nj,, denotes the current iteration
number, round|-] represents the rounding operation, N, is the number of offspring obtained
through the crossover operator, 7 is the number of offspring selected by the selection
operator to enter the next generation, and Ny, is the number of offspring obtained through
the mutation operator.

4. Selection Operator Design

First, an elitism approach is adopted to select N, optimal feasible individuals to
enter the next generation. Infeasible individuals, which typically violate payload or range
constraints, are retained by relaxing these constraints during fitness evaluation. They
are then evaluated for fitness in the same way as other feasible individuals, so that all
individuals in the population can participate in selecting the remaining oy — N, individuals
to enter the next generation through a roulette wheel selection method.

5. Reproduction Operator Design

The design of reproduction operators mainly includes the design of the crossover
operator and the mutation operator.

(a) Crossover Operator Design

Two individuals are randomly selected as parents from within feasible solutions,
between feasible and infeasible solutions, and within infeasible solutions, respectively, to
perform crossover and generate offspring, aiming to achieve global optimization of the
algorithm. The specific operation is as follows:

A conventional crossover algorithm randomly selects a segment of the parents for
crossover, generating two offspring. This approach results in low utilization of parental
genes and low crossover efficiency. Therefore, to fully utilize the genes of each parent pair,
this paper employs a method where a pair of genomes, each with a gene count of ng, are
crossed over group by group, with each group consisting of n. genes. This generates a set
of offspring numbering 1y — 1., from which the best individual is selected as the offspring.
Taking n, = 4 as an example, the specific operation is illustrated in the following Figure 3:

DOoBEONDORnEa B EELE R
\ Crossaver Operator }
CELBEREFRER R EEREER
DOBODEROEED Gl I PEE]
\ Selection.Operator }
Ic[4[l|5|2‘s]10|'[9 3 5|

Figure 3. Selection crossover operator operation diagram. The ellipsis indicates intermediate offspring
generated by the crossover operator that are omitted for clarity.
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(b) Mutation Operator Design

(i)

(ii)

For the optimal cost path planning problem for MUAVs, the mutation operator
in this paper adopts a commonly used multi-point mutation method. This
involves randomly selecting a parent and rearranging chromosomes from
multiple parent individuals to generate new offspring.

For the optimal cost path planning problem involving multiple UAVs, consid-
ering that the selection of mutation individuals in existing mutation operators
is random and cannot evolve in a specific direction to find better solutions, this
paper treats the path segment of each UAV as an operator. By altering the path
of each UAV to achieve optimal individual cost, the overall optimal cost for
the UAV swarm is ultimately realized. However, considering the high time
complexity of mutating the gene segments of all UAV individuals, inspired by
the pheromone setting in ant colony optimization algorithms, this paper uses
the change in fitness value of each UAV in the parent individual as a reference
for selecting each UAV’s path segment in the next iteration. The roulette wheel
algorithm is employed to select only one UAV’s path segment for rearrange-
ment in each iteration. Consequently, a larger change in the fitness value of
a UAV’s path segment indicates greater room for improvement, and thus a
higher probability of being selected in the next iteration, allowing the parent
individual to exhibit a trend of evolution towards optimizing the objective
function. This operator thereby serves the algorithm’s function of local search.

The pseudo code is provided in Algorithm 2:

Algorithm 2: JAGA pseudo code.

Input : Sub-region set K, K, = {k},, k%,, ... ,k;}; Cluster center set C,C = {c1,¢2,...,Cn}

; Number of SUAVs Ng; Population size Ny; Number of iterations x; Noise point N;

1.

SARE Il

12.
13.
14.
15.
16.
17.
18.
19.

Pg, <—Calculate the deployment point in the next sub-region that is closest to the

previous sub-regionl.

C <The cluster center set C serves as the destination

IterQ = 1 (Iter0Q is the iteration count)
While Iter0 < Sizeof (K;)

R,Dr  Initialize the population to obtain path genes R and interrupted

genes Dr

Iterl =1
While Iterl < x
i=1
Whilei < N,
If R;, Dr; Constraints are not met
R;, Dri<—Adjust the path genes and interrupted genes of individuals that

do not meet the constraints

End if

Fit(i) < Calculate the fitness value for each individual

k;, <+ Assign labels to the deployment points in each subregion
End while

### Design of Selection Operator ###

N, < Select the optimal individual N, through elitism
R, Dr < Select v — N, individuals as offspring using the roulette wheel method

### Design of Crossover Operator ###
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Algorithm 2: Cont.
20. Iter2 =1
21. For Iter2 =1: N,
22. N,ff < Two individuals are selected as parents to generate offspring
23. R,Dr <« Select the optimal individual from the offspring populationN, ¢
24. End for
25.  ### Design of Mutation Operator ###
26. Iter3 =1
27. If MUAV route genes
28. For Iter3 =1 : Ny
29. R, Dr < Parent individuals
30. End for
3L Else if SUAV path genes
32. For Iter3 =1: Ny
33. Ry, Dty < Parent individuals
34. Iterd =1
35. For Iter3=1:y
36. Ry, Dryy <—Mutation of parent genes
37. End for
38. R, Dr < Ry, Dryy
39. End for
40. End if
41. End while
42. The optimal cost Dr and route planning R for the MUAV and multiple SUAVs

in the region
43. End while

Output : the optimal cost Dr, and the route planning sequence R; for the MUAV and
multiple SUAVs performing deployment and retrieval tasks within the region.

From the design of the adaptive function, as the number of iterations increases, the
number of offspring generated by the crossover operator decreases, while the number gen-
erated by the mutation operator increases. This achieves a shift in the entire algorithm from
global to local optimization, which will effectively address the shortcomings of traditional
genetic algorithms, such as poor local search capability and slow convergence speed. The
computational complexity of IAGA depends on the population size, the maximum number
of generations, the chromosome length, and the fitness-evaluation procedure; therefore, the
original linear-complexity statement has been removed.

It should be noted that the proposed IAGA is a heuristic algorithm and therefore does
not provide a theoretical guarantee of global optimality. Nevertheless, its convergence
behavior and solution quality are supported by several algorithmic mechanisms. First, the
elitist selection strategy preserves the best feasible individuals found so far, preventing the
current best solution from being lost during iteration. Second, the adaptive crossover and
mutation mechanism balances global exploration and local exploitation by emphasizing
crossover in the early stage and mutation-based refinement in the later stage. Third,
infeasible individuals are retained with a feasibility flag, which helps maintain population
diversity while guiding the search toward feasible solutions. Therefore, although the
optimality gap cannot be theoretically guaranteed, the convergence curves and multi-scale
numerical experiments in Section 4 empirically demonstrate that IAGA achieves stable
convergence and improved solution quality compared with the benchmark algorithms.
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Further theoretical analysis of optimality gaps and convergence bounds will be considered
in future work.

4. Numerical Experiments and Analysis

The objective of this section is to validate the effectiveness of the proposed algorithm
in solving the optimal cost problem for the sub-mother UAV swarm collaborative deploy-
ment system through numerical simulation experiments. First, the effectiveness of the
designed K-means-NS algorithm is verified. Then, the performance of IAGA is evaluated
by comparing it with other algorithms. Finally, the solution to the problem proposed in
this paper using IAGA is provided.

The collaborative deployment and retrieval system still consists of 4 SUAVs and
1 MUAV. The SUAV parameters are set according to a representative urban cargo SUAYV,
with a maximum payload capacity of 10 kg per SUAV. The MUAV maximum payload
capacity is set to 250 kg. For the cost settings, the MUAV flight cost per unit time is set
to 24.72 CNY/h, the SUAV flight cost per unit time is set to 9.12 CNY /h, and the fixed
dispatch cost per SUAV is set to 1 CNY /h.

The average flight speed of the SUAVs is 30 km/h, with a full-load endurance of
20 km. The MUAV’s average flight speed is 20 km/h. When the deployment time of the
MUAV or SUAV at a deployment node exceeds the allowed limit, the unit penalty cost is
1000 CNY /h.

The selected area sizes represent small-, medium-, and relatively large-scale emergency
communication restoration tasks. The UAV payload, endurance, flight-speed, and cost
parameters are set according to practical UAV specifications and relevant references, so that
the numerical scenarios reflect typical heterogeneous MUAV-SUAV deployment conditions
while maintaining controllable benchmark complexity.

It should be noted that the numerical experiments in this study are mainly based
on randomly generated instances with limited problem scales. The current experimental
design is intended to provide preliminary validation of the feasibility and comparative per-
formance of the proposed framework under different scenario sizes, rather than exhaustive
benchmark testing. A more robust experimental design, including multiple random seeds,
larger-scale instances, averaged performance results, standard deviations, and computa-
tional time, will be conducted in future work to further evaluate the generalizability and
stability of the proposed method.

4.1. Validation of the K-Means-NS Algorithm Effectiveness

Within a deployment area of 1.2 km x 1.2 km, 60 deployment points were randomly
generated. Among these, 50 points are deployment points requiring deployment from
SUAVs and MUAUVs respectively, while the remaining deployment points are set as non-
demand points. The weight of communication devices for deployment and the weight
for retrieval at each deployment point are randomly distributed between 1 and 5 kg. The
clustering results of the Ck-means algorithm and the K-means-NS algorithm are shown
in Figure 4:

The data comparison between the K-means-NS algorithm and the Ck-means algorithm
is shown in Table 5:
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Table 5. Comparison of clustering results.

Total Weight of Total Weight of Di
. . .. . . .. . istance from the Farthest
Method Sub-Region Communication Devices for Communication Devices for Point to the Cluster Center
No. SUAV Deployment Within  MUAV Retrieval Within the in the Sub-Region (m)
the Sub-Region (kg) Sub-Region (kg)
Sub-region 1 14.7878 14.7368 1681.2
Sub-region 2 36.8332 29.8978 3483.6
Sub-region 3 35.6267 26.5275 3799.5
Ck-means Sub-region 4 29.8815 33.6092 25183
Sub-region 5 17.2071 14.3733 2337.5
Sub-region 6 34.6312 17.4401 2750
Sub-region 1 31.4888 23.6704 4272
Sub-region 2 37.1254 25.5733 3573.3
K-means-NS Sub-region 3 39.2428 35.6641 3649.5
Sub-region 4 37.3787 32.7626 3443
Sub-region 5 23.7317 18.9144 3261.6

12000

10000

8000

6000

Height /m

4000

2000

As can be seen from Algorithm 1, in sub-region 4 divided by the Ck-means algorithm,

the total weight of communication devices for deployment is less than the total weight
for MUAV retrieval. After re-dividing the sub-regions using the K-means-NS algorithm,
all sub-regions satisfy constraints (21-25). Furthermore, the reassignment of noise points
improves the feasibility of the sub-region division. Figure 4 and Table 5 demonstrate the
effectiveness of the K-means-NS algorithm.
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i .
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’
¥ Clustering Center Point 4000 ,
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Length /m

(a) (b)

Figure 4. Clustering results: (a) Ck-means clustering; (b) K-means-NS clustering. The coordinate

axes are EXpI'ESSEd in meters.

4.2. Effectiveness Analysis of IAGA

In this section, test cases are randomly generated for three different scales: a small-scale
area (3 km x 3 km, with 15 deployment points each for deployment and retrieval demands),
a medium-scale area (8 km x 8 km, with 30 deployment points each for deployment and
retrieval demands), and a large-scale area (12 km x 12 km, with 60 deployment points
each for deployment and retrieval demands). The optimal costs for these cases are solved
respectively to validate the effectiveness of the algorithm proposed in this paper. The
details are illustrated in Figure 5:
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Figure 5. IAGA path planning results and iteration process: (a) Small area scenario (3 km x 3 km);
(b) medium area scenario (8 km x 8 km); (c) large area scenario (12 km x 12 km).

As can be seen from Figure 5, the proposed algorithm effectively solves the optimal
cost problem for the deployment and retrieval of communication devices by a sub-mother
UAYV swarm. This problem involves different mission time-window settings, and the
algorithm successfully obtains the optimal costs under the constant-speed assumption.
It is observed that in the randomly generated small-scale, medium-scale, and large-scale
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deployment areas mentioned above, the optimal costs obtained by the algorithm are
14.1858CNY, 57.0703CNY, and 256.856CNY, respectively.

4.3. Performance Analysis of the Algorithm

In this section, the optimization capability and convergence speed of the proposed
algorithm are evaluated through numerical simulations, and its performance in solving the
sub-mother UAV swarm path planning problem within sub-regions is compared with that
of the genetic algorithm (GA) and the G-PSHA mentioned in reference [25].

To assess the performance of IAGA, three scenarios with different scales are considered:
a small-scale area (3 km x 3 km, with 12 deployment points each for deployment and
retrieval demands), a medium-scale area (8 km x 8 km, with 30 deployment points each
for deployment and retrieval demands), and a large-scale area (12 km x 12 km, with
45 deployment points each for deployment and retrieval demands). IAGA, GA, and G-
PSHA are each run 10 times in this system, and the average values are taken. For a fair
comparison, IAGA, GA, and G-PSHA are tested on the same randomly generated instances
under the same population size, maximum number of iterations, stopping criterion, and
computing environment. GA and G-PSHA follow their original crossover and mutation
settings, whereas IAGA adopts the adaptive crossover-mutation mechanism described in
Section 3.2. The results are as follows:

Figures 6-8 illustrate the optimization process across the three scenarios, while Tables 5-7
present the corresponding data for each scenario.

4
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Figure 6. Small area scenario: (a) Comparison of total cost; (b) comparison of total distance.
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Figure 7. Medium area scenario: (a) Total cost comparison; (b) total distance comparison.
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Figure 8. Large area scenario: (a) Total cost comparison; (b) total distance comparison.

Table 6. Optimization results of different algorithms for small area scenarios.

Method SUAV/MUAV No.  Flight Cost SX/S;/CNY  Total Flight Cost SICNY  Total Flight Distance D/m

SUAV 1 2.01
SUAV 2 1.93
G-PSHA SUAV 3 1.98 14.19 22,332
SUAV 4 1.09
MUAV 7.16
SUAV 1 1.77
SUAV 2 1.87
GA SUAV 3 3.09 17.97 22,521
SUAV 4 4.07
MUAV 717
SUAV 1 1.98
SUAV 2 2.00
IAGA SUAV 3 1.92 14.16 22,295
SUAV 4 1.09
MUAV 7.15

Table 7. Optimization results of different algorithms for medium area scenarios.

Method ~ SUAV/MUAV No. Flight Cost SK/sp/cNy 02 DigntCost - Total Flight Distance

SUAV1 611
SUAV2 7.09

G-PSHA SUAV3 7.18 58.32 94,586
SUAV4 1.93
MUAV 36.01
SUAV1 5.88
SUAV2 221

GA SUAV3 7.46 63.56 94,431
SUAV4 12.27
MUAV 35.74
SUAV1 7.02
SUAV2 361

TAGA SUAV3 7.18 56.89 91,775
SUAV4 433
MUAV 34.93
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Based on the numerical simulation results for the small-scale scenario, compared
to GA, both IAGA and G-PSHA exhibit faster convergence, beginning to stabilize from
the 7th and 6th iteration, respectively. This accelerated convergence is attributed to the
introduction of the adaptive function, which promotes rapid convergence, and the enhance-
ments made to the crossover and mutation operators, increasing the efficiency of each
iteration. This demonstrates that the IAGA proposed in this paper effectively mitigates the
slow convergence typically associated with traditional GA. Compared to the final result of
14.19 achieved by G-PSHA, IAGA obtains a result of 14.16, indicating stronger optimization
capability. This validates the effectiveness of the genetic algorithm improvements proposed
in this paper under small-scale conditions.

For the medium-scale scenario, Figure 7 compares the convergence behavior, total
cost, and total flight distance of the three algorithms, while the detailed optimization
results are summarized in Table 7, it can be observed that the convergence speeds of all
three algorithms decrease. Specifically, G-PSHA shifts from starting to converge at the 6th
iteration in the small-scale scenario to the 13th iteration in the medium-scale scenario, while
IAGA shifts from the 7th iteration to the 9th iteration. Therefore, compared to G-PSHA,
TAGA demonstrates stronger robustness in convergence speed. Meanwhile, by comparing
the total costs, the solution obtained by IAGA is shown to be more optimal.

For the large-scale scenario, it can be observed that IAGA outperforms the other
two algorithms in terms of both convergence speed and optimization capability. A com-
parison between the total cost and total distance further indicates that cost optimality and
distance optimality are not necessarily consistent. Although G-PSHA obtains the shortest
total distance, its total cost is not the lowest, because the objective function considers not
only flight distance but also platform-dependent flight cost, SUAV activation cost, and
time-window penalty cost. In particular, the MUAV and SUAVs have different unit flight
costs, and dispatching more SUAVs may reduce local travel distance but simultaneously
increase fixed activation costs. Conversely, allowing the SUAV swarm to travel a longer
distance can still be economically preferable when it avoids excessive MUAV movement
or reduces penalty costs caused by delayed deployment. This explains why, as shown in
Table 8, the flight distance of the SUAV swarm can be longer than that of the MUAV while
its operational cost remains significantly lower. Therefore, the proposed model does not
simply pursue the shortest route; instead, it balances distance, heterogeneous platform cost,
SUAV activation, and timeliness penalty to obtain a lower total deployment cost.

In addition, the improvement of IAGA mainly comes from the second-stage co-
ordinated route optimization. The hybrid encoding enables the MUAV visiting se-
quence and SUAYV task assignment to be optimized jointly, while the adaptive crossover—
mutation mechanism and historical-improvement-based mutation operator enhance lo-
cal search. These designs help reduce unnecessary SUAV dispatches, improve SUAV
task allocation, and lower delayed-deployment penalties under the coupled payload and
time-window constraints.

Figure 9 further compares the optimal system costs obtained with and without time-
window constraints under the three deployment scales. The introduction of time-window
constraints increases the total system cost because delayed arrivals generate additional
penalty costs and restrict the range of feasible routing decisions. More importantly, the
cost difference becomes more relevant as the task scale increases, since a larger number
of deployment points makes it more difficult for the MUAV and SUAVs to complete all
communication-device deployment tasks within the prescribed time limits. This result
reveals a practical trade-off between deployment urgency and operational cost: stricter
time requirements can accelerate emergency communication restoration but may require
additional SUAV dispatches, more direct flight routes, or higher penalty expenditures.
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Therefore, emergency decision-makers should jointly determine the allowable deployment
time, available UAV resources, and acceptable operational cost according to the urgency
of communication restoration. Future work will further examine the influence of other
factors, such as penalty cost, the number of SUAVs, SUAV payload, MUAV payload, SUAV
endurance, and communication-device weight.

Table 8. Optimization results of different algorithms for large area scenarios.

Total Flight Cost Total Flight Distance
. K g 8
Methods SUAV Number Flight Cost S,;/ST/CNY S/ICNY D/m
SUAV1 11.95
SUAV2 11.37
G-PSHA SUAV3 10.35 191.26 170,170
SUAV4 0
MUAV 157.59
SUAV1 10.38
SUAV2 0
GA SUAV3 11.96 228.85 191,630
SUAV4 17.79
MUAV 188.72
SUAV1 7.02
SUAV2 3.61
IAGA SUAV3 7.18 175.73 170,830
SUAV4 4.33
MUAV 142.06
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Figure 9. Optimal cost comparison between scenarios with and without time window constraints
across different ranges: (a) Cost comparison with and without time windows in the small-scale area;
(b) cost comparison with and without time windows in the medium-scale area; (c) cost comparison
with and without time windows in the large-scale area.
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Therefore, the improvement of IAGA over G-PSHA primarily stems from its enhanced
local search capability (via the historical-improvement-based mutation) and its integrated
optimization framework that better balances SUAV activation costs and time-window
penalties under payload constraints.

5. Conclusions

This paper proposes a two-stage coordinated deployment and routing framework for
a sub-mother UAV swarm in power-grid emergency communication scenarios. The K-
means-NS algorithm generates feasible sub-regions while satisfying SUAV endurance and
payload constraints and maintaining the deployment-retrieval payload balance, whereas
the IAGA optimizes the coordinated routes of the MUAV and SUAVs under mission
timeliness constraints. In the small-, medium-, and large-scale scenarios, IAGA reduces
the total flight cost by approximately 21.2%, 10.5%, and 23.2% compared with GA and by
approximately 0.2%, 2.5%, and 8.1% compared with G-PSHA, respectively, demonstrating
its effectiveness across different problem scales. These findings suggest that the proposed
framework can provide decision support for emergency communication restoration by
balancing deployment urgency, UAV resource allocation, and total operating cost.

Nevertheless, the current model assumes constant UAV speeds, simplified energy
consumption, and deterministic task information, and the numerical experiments are
mainly based on randomly generated instances.

Future work will incorporate variable UAV speeds, payload-dependent energy con-
sumption, uncertain mission conditions, communication-coverage constraints, and vali-
dation using real or realistic power-grid emergency data to further improve the practical
applicability of the proposed framework.
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