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Abstract: Multi-aircraft task allocation (MATA) plays a vital role in improving mission efficiency under dynamic
conditions. This paper proposes a novel coevolutionary genetic programming (CoGP) framework that automatically
designs high-performance reactive heuristics for dynamic MATA problems. Unlike conventional single-tree genetic
programming (GP) methods, CoGP jointly develops two interacting populations, i.e., task prioritizing heuristics
and aircraft selection heuristics, to explicitly model the coupling between these two interdependent decision phases.
A comprehensive terminal set is constructed to represent the dynamic states of aircraft and tasks, whereas a low-
level heuristic template translates developed trees into executable allocation strategies. Extensive experiments on
public benchmark instances simulating post-disaster emergency delivery demonstrate that CoGP achieves superior
performance compared with state-of-the-art GP and heuristic methods, exhibiting strong adaptability, scalability,

and real-time responsiveness in complex and dynamic rescue environments.
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1 Introduction

Aircraft, including unmanned aerial vehicles
(UAVs) and helicopters, play a pivotal role in mod-
ern emergency response and disaster relief operations
(Guo et al., 2021; Liu SY et al., 2025). Their inher-
ent advantages, such as rapid mobility, wide area
coverage, and operational flexibility, make them in-
dispensable in scenarios including search and rescue,
firefighting, medical evacuation, and post-disaster lo-
gistics support (Recchiuto and Sgorbissa, 2018; Xing
et al., 2024). The effective deployment and utiliza-
tion of these aerial platforms are critical to improv-
ing response efficiency, minimizing casualties, and
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reducing economic losses (Yu et al., 2025).

The core challenge of effectively deploying mul-
tiple aircraft lies in the multi-aircraft task alloca-
tion (MATA) problem, which involves determin-
ing the optimal assignment relationships between
the aircraft and service points, as well as the se-
quence in which these points are serviced (Hou et al.,
2025). MATA can be regarded as variant mod-
els of vehicle routing problem (VRP), which has
been proven NP-hard (Guo et al., 2025b, 2025d).
Efficient allocation directly impacts mission com-
pletion time and operational effectiveness. Ex-
isting task allocation methods are broadly cat-
egorized into proactive and reactive approaches.
Proactive approaches typically assume knowledge
or predictions about the probability distribution
of service requests and use methodologies such
as robust optimization (Sengupta et al., 2024),
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chance-constrained optimization (Ponda et al., 2012;
Yang and Chakraborty, 2020), or stochastic pro-
gramming to derive statistically optimal service
plans (van Steenbergen et al., 2025). In contrast,
reactive approaches (Gao and Xin, 2019; Jia et al.,
2024; Hu et al., 2025) dynamically allocate tasks to
aircraft based on real-time situational information,
without relying on predefined distributions. Given
the inherent unpredictability and rapidly changing
environments encountered in emergency scenarios,
it is typically impractical to accurately anticipate
or quantify service-point distributions beforehand,
making reactive approaches more suitable and prac-
tical (Peng et al., 2024).

However, traditional effective reactive methods
rely heavily on heuristics crafted by human experts,
such as shortest-path or shortest-service-time rules
(Gao et al., 2022). While these heuristics are in-
tuitively appealing, they may fail to fully exploit
the underlying structural characteristics of the prob-
lem or to adapt adequately to dynamic and evolving
conditions. Genetic programming (GP), as an auto-
mated heuristic-generation method, offers the poten-
tial to automatically discover efficient and adaptive
heuristics without relying on explicit expert knowl-
edge (Xu et al., 2024b). GP methods have demon-
strated significant promise in automatically gener-
ating effective heuristics for a range of complex dy-
namic optimization problems, including dynamic job
shop scheduling (Nguyen et al., 2017; Zhang et al.,
2023; Xu et al., 2024a), arc routing (Ardeh et al.,
2022; Wang et al., 2022, 2023), traffic signal control
(Liao et al., 2025), and air traffic management (Guo
et al., 2025c¢).

In MATA problems, there exist two fundamen-
tal yet interdependent decision phases: the task pri-
oritizing heuristics (TPH), which determines the ser-
vice order of task points, and the aircraft selection
heuristics (ASH), which assigns specific aircraft to
tasks. Decisions in each phase significantly influence
the other, resulting in coupling effects that conven-
tional GP algorithms, typically employing a single-
tree representation per individual, fail to effectively
capture (Zhang et al., 2018; Fan et al., 2024; Sun
et al., 2024). Dual-/multi-tree GP extends expres-
siveness by assigning different subtrees to different
decisions. However, most implementations rely on
random subtree-level crossover /mutation and ignore
role semantics and compatibility, frequently pro-
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ducing semantically misaligned offspring and weak-
ened building blocks. Moreover, fitness is often at-
tributed at the individual-tree level rather than to
the TPH-ASH pair, weakening selection pressure to-
ward jointly effective policies. Reinforcement learn-
ing (RL) has been applied to dynamic task assign-
ment with promising results, yet most studies opti-
mize a single decision (e.g., “which task to execute
now?”) while relying on heuristic or fixed policies
for the complementary decision (e.g., “which aircraft
executes the chosen task?”). This partial modeling
underuses cross-decision feedback: The value of a
TPH action depends on ASH, and conversely, the
value of an ASH action is also influenced by TPH,
making one-sided optimization suboptimal in cou-
pled MATA settings.

To explicitly address this coupling issue, we
propose a novel coevolutionary genetic program-
ming (CoGP) framework specifically designed for
large-scale and dynamic multi-aircraft task alloca-
tion problems. The key innovation of CoGP is to
jointly evolve two interacting populations, i.e., TPH
and ASH, and departs from conventional single-tree
GP or dual-tree GP by pairwise (joint) fitness at-
tribution that evaluates TPH-ASH synergies rather
than individual trees. First, we construct compre-
hensive terminal sets that capture the dynamic states
of both aircraft and tasks. These terminals are used
within tree-based individual representations, allow-
ing the aggregation and calculation of relevant fea-
tures at each decision point. At every allocation step,
the priorities of aircraft and tasks are computed and
then integrated into a specially designed low-level
heuristic template, which translates these priorities
into executable task allocation decisions. Further-
more, rather than employing a single-tree represen-
tation to learn heuristics, our approach co-evolves
two separate yet interacting populations: one ded-
icated to evolving effective TPH and the other to
evolving ASH. The evolutionary process incorporates
mutual consideration between the two populations,
whereby individuals in one population are evaluated
in conjunction with representative heuristics from
the other. This coevolutionary mechanism guides
the evolutionary search towards identifying heuris-
tics that simultaneously perform well in both task
prioritization and aircraft selection, ultimately pro-
viding robust and adaptive solutions suited for com-
plex and dynamic emergency response environments.
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Finally, we conduct experiments on public bench-
mark instances. The results indicate that the pro-
posed CoGP method can learn more effective re-
active heuristics compared with the state-of-the-art
methods.

2 Problem formulation

In the static multi-depot drone-based emer-
gency rescue model (Guo et al., 2025a), all customer
j € C and their demands ¢; are assumed known in
advance. The objective in the static case is to plan
drone routes from multiple depots d € D to serve
all customers with minimum total arrival time (e.g.
minimizing ), - T}, where T} is the arrival /service
completion time at customer j). The decision vari-
able xfj is defined as equal to 1 if the drone k € K
travels along the arc from customer ¢ to customer j,
and 0 otherwise. First, the basic constraints include

YD ah =1 vj e, (1)
keK ie N

Sah =S ah,  VieC, VkeK, (2)
Jjec JEN

o<, Vke K,Yde D, (3)
jec

wadﬁla Vke K,Yde D, (4)
ieC

quZIZSQk7 Vk € K. (5)
jeC  iEN

Constraints (1)—(5) are identical to those in the
static model: each customer j is served by exactly
one drone (constraint (1)); flow conservation (con-
straint (2)) ensures that if a drone k visits a cus-
tomer 7 (enters 7), it also departs from i, thereby
forming a continuous route; each drone departs from
at most one depot and returns to at most one depot
(constraints (3) and (4)); the total demand served by
any drone k£ cannot exceed its payload capacity Qg
(constraint (5)).

Second, the drones have energy constraints. The
distance between customers ¢ and j is L;;, with the
drones flying at a constant speed v, resulting in a
travel time ¢;; = L;;/v. The energy level of drone
k when leaving customer ¢ for customer j is repre-
sented by efj, while wfj denotes the weight of supplies
carried by drone k during this trip. The energy con-
sumption of drone k for moving from customer 4 for

customer j, considering its payload is expressed as
k _ k k
Ri; =0 + ywij + Lij(po + pwyj), (6)

where vy represents the energy required for take-
off and landing for an empty drone, and + denotes
the additional energy needed for takeoff and landing
with additional payload. Similarly, pg indicates the
energy consumption per unit distance for an empty
drone, while p accounts for the additional energy re-
quired per unit distance with an increased payload.
Then, the energy-related constraints include

Swh -3 wk =g VieC Vke K, (7)
; ,

J

wl; <W -ali Vi, j € C, (8)

el =E-af,Vie D, VjeC, (9)
0<ef, <E-x},VieC, VjeD, (10)
dehi=> elh=> RhVieC Vke K, (11)

jEC\{i} jeC\{i}  jeC\{i}
el > Ry;\Vie C, VjeC\{i}, Vk € K.

179

(12)

Eq. (7) describes the change in the payload of
the drone after serving a customer, which equals
the demand of that customer. Constraint (8) en-
sures that the weight of supplies carried in any arc
does not exceed the maximum payload W of the
drone. Eq. (9) indicates that the battery of a drone
is fully charged upon departure from the depot, with
its maximum energy level represented by E. Con-
straint (10) enforces that the drone energy level re-
mains within its maximum capacity at all times.
Eq. (11) maintains the energy balance during drone
operations. Constraint (12) ensures that the drone’s
remaining energy at each customer location is suffi-
cient to reach the next customer. In the proposed for-
mulation, aircraft energy consumption is modeled as
a hard constraint to ensure mission feasibility. Each
aircraft must retain sufficient residual energy to com-
plete its assigned tasks and return to its depot safely.
Task urgency, on the other hand, is represented in
the objective function, which aims to minimize the
overall rescue delay. Consequently, the optimiza-
tion process seeks to allocate tasks in a manner that
maximizes mission responsiveness under strict en-
ergy feasibility constraints, thereby achieving a bal-
anced trade-off between timeliness and safety.

Based on the above definitions and constraints,
we now extend this model to a dynamic scenario in
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which not all customers are known a priori; instead,
a proportion of customer requests are revealed over
time. A simplified scenario is illustrated in Fig. 1.
Given a specific instance £ € =, the time is dis-
cretized into steps t = 1,2,...,T¢. Each customer
j € C is associated with a random discovery time
Tf, which is the time step at which customer j be-
comes known (i.e., is revealed to the planner). At
any time ¢, the set of known customers (available
for dispatch) is C<; = {j|j € C, Tf < t}. Initially
(t = 1), only customers with Tf < 1 are known; addi-
tional customers appear stochastically as ¢ increases.
Once a drone has been dispatched on a route, its
route is fixed and cannot be altered to accommodate
later-discovered customers. Any customers revealed
after a drone’s departure must be served by a new
route (either by a different drone or by the same
drone after it completes its current route). The dy-
namic problem’s objective remains to minimize the
total customer arrival time, but now this objective
must account for the uncertainty in discovery times
by optimizing the expected total arrival time. In
other words, we seek a routing policy that minimizes
the expectation of the sum of all customers’ arrival
times, ESGE[ZJ'GC T;(€)], where the expectation is
taken over the stochastic revelation process of cus-
tomer locations for instance &, i.e., Pe.

To accommodate the dynamic aspects, we in-
troduce new elements to the model while preserving
the core structure of the static formulation. The
decision variables are extended to instance-related
version xff In addition, the following modifications

are considered: (1) a random parameter 7']-5 for each

------
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Fig. 1 Illustration of the considered scenario.
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customer j, representing its discovery time; (2) a
decision variable S,E (a nonnegative real) for each
drone k € K, denoting the departure time from its
depot (i.e., the time step at which drone k launches
its route); (3) an objective function that includes an
expectation over the random discovery times. All
drones and depots from the static model remain
available in the dynamic model, and all original rout-
ing constraints (such as one-to-one customer assign-
ment, route continuity, and drone capacity limits)
are retained. The key new constraints ensure that
no drone can service a customer before that cus-
tomer has been discovered, and that a drone’s route
(once launched at time S,ﬁ) cannot include any cus-
tomer revealed after S,E. The extended model is given
below:

min  Beez | Y T5(6)], (13)
jec
T:(¢) > T; 5 — M(1— 2™
J(g) = 1(€)+ 3] ( xz_] )7
V¢Ee =, Vi,je(C, Vke K, (14)
Tj(6) > Sp + 15 — M(1—al),
V¢eZ, Vde D,VjeC, Vke K, (15)
Ti(&)>7F  VEeEZ, VjeC,  (16)

Se>1r > wit, VEeE, VjeC Vhe K, (17)
1eEN

vt €{0,1}, V€€ 5, Vi,j €N, Vk € K,

SETi(€)>0,VEe s, Vke K, VjeC, (19)

Constraints (1)—(5), constraints (7)—(12),

where M denotes a large positive number.
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Multiple aircraft depart from different depots to execute

the detected tasks. During mission execution, new tasks may dynamically emerge, requiring the aircraft to
reallocate their assignments to accommodate the newly detected tasks
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In this model, the objective function (13) min-
imizes the expected total arrival time of all cus-
tomers. Constraints (14) and (15) are the standard
time propagation constraints, which define customer
arrival times based on route sequences: If drone k
travels directly from customer ¢ to j, then T}(&)
must be at least 73(&) plus the travel time tfj (con-
straint (14)); if drone k’s route starts at depot d and
goes first to customer j, then T;(§) must be at least
the drone’s departure time S,E plus the travel time
from depot d to j (constraint (15)).
straints (16) and (17) enforce the dynamic availabil-
ity of customers and the no-reoptimization condition.
Constraint (16) guarantees that no customer can be
served before it is discovered: For each customer j,

The new con-

its service completion time T;(£) cannot occur earlier
than its random discovery time Tf In other words, a
drone cannot arrive at j’s location before j becomes
Constraint (17) links each drone’s depar-
ture time to the discovery times of the customers it

known.

serves: For any customer j assigned to drone k (i.e.,

ok .
if xzf = 1 for some predecessor i on k’s route), we

impose S,E > Tf.

This means that drone k£ cannot
launch its route until all of its assigned customers
have been discovered. Equivalently, each route is
planned only when the full information about all
customers on that route is available, ensuring that a
drone’s route (once dispatched at time S,E) is “fixed”
and will not be modified to pick up later-revealed
customers. Together, constraints (16) and (17) for-
malize the requirement that drones cannot serve or
plan for customers ahead of their revelation. Finally,
constraints (18) and (19) specify the decision vari-
able domains: xff are binary variables indicating
the route arcs taken (with N = D U C denoting the
set of all customers), and S5 and Tj(€) are nonneg-
ative continuous variables for departure and arrival

times, respectively.

3 Solution methods
3.1 Method overview

The overall framework of the proposed CoGP is
illustrated in Fig. 2. In this framework, two separate
populations are co-evolved to discover high-quality
reactive heuristics: the population P7T is responsible
for evolving TPH, while the population P* evolves
ASH. At each evolutionary generation, individuals
from both populations undergo genetic operations,

Yu et al. / Front Inform Technol Electron Eng 2025 26(12):2440-2454

namely parent selection, crossover, mutation, and re-
production, to produce offspring. Each offspring rep-
resents a specific tree structure, which defines how to
aggregate and process terminal sets. These offspring
are then instantiated as executable task allocation
solutions using a low-level heuristic template.

The fitness of each offspring is evaluated based
on the objective value achieved by its corresponding
solution. It is important to note that each individ-
ual in the population can determine only either how
to prioritize tasks or how to select aircraft. Conse-
quently, the fitness evaluation of an individual ST in
PT must account for its interaction with an individ-
ual S from P2. This interaction is facilitated by
the coevolution process, which is described in detail
in Section 3.4.

3.2 Tree-based representation

To enable flexible decision-making for MATA,
the first population PT evolves task tree for priori-
tizing tasks, while the second population P4 deter-
mines the aircraft selection (Fig. 3). The combined
outputs of the two trees are used to construct a uni-
fied service priority score for each feasible aircraft-
task pair, which in turn drives the dynamic assign-
ment process.

3.2.1 Task tree

The task tree takes as input the real-time at-
tributes of each unserved task and generates a task
priority score. The terminal set for the task tree
consists of the customer z-coordinate (CX) and y-
coordinate (CY), customer demand (CD), and cus-
tomer waiting time (CWT), i.e., the elapsed time

since the customer request appeared.
3.2.2 Aircraft tree

The aircraft tree receives the real-time state of
each aircraft as input and outputs a priority score
reflecting its suitability to undertake the next task.
The terminal set for the aircraft tree includes: the
current aircraft z-coordinate (AX) and y-coordinate
(AY), remaining aircraft capacity (CAP), remain-
ing aircraft energy (EAP), and originating depot a-
and y-coordinates (DX, DY). All the designed tree
terminals are summarized in Table 1.
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Evolve task tree

Individual
initialization
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Evolve aircraft tree

Individual
initialization

{

Evolution ool Evolution
Selection Low-level heuristic Selection
template
Crossover Crossover
Mutation Terminals calculation Mutation
Reproduction Decision making stage Reproduction
¢ Execution stage ¢
Fitness evaluation <:> ':E:' <:> Fitness evaluation

Training II

instances

{

Best individual

Best individual
(task prioritizing heuristic)

End

(aircraft selection heuristic)

i

Fig. 2 Framework of the proposed CoGP algorithm

Task tree Aircraft tree

r: ) ((CY;CX)—CAD) cwT

e )—AX/AY .CAP+DX

Fig. 3 Illustration of the two trees for deciding how
to prioritize tasks and how to select aircraft. * is a
placeholder

3.3 Low-level heuristic

Each individual in the proposed CoGP frame-
work is composed of two trees: an aircraft tree and a
task tree. These tree structures define how the corre-
sponding terminal sets are aggregated and computed
to produce priority values. We develop a two-stage
low-level heuristic template, which decodes individ-
uals into executable constructive heuristics and eval-
uates their effectiveness. The two stages are: (1)
decision-making and (2) execution.

At the decision-making stage, the given individ-
ual is decoded into a pair of constructive heuristics

Table 1 Terminal set for multitree GP representation

Type Terminal Description
AX Aircraft’s current z-coordinate
AY Aircraft’s current y-coordinate
Aircraft CAP Aircraft’s remaining capacity
tree EAP Aircraft’s remaining energy
DX Departure depot x-coordinate
DY Departure depot y-coordinate
CcX Customer (task) z-coordinate
Task CY Customer (task) y-coordinate
tree CD Customer demand
CWT Customer waiting time

that dynamically guide all aircraft in completing all
tasks. At each decision timestep ¢, for an individual
ind; in the task selection population PT, the task
tree structure is denoted as I5(-). For each available
task j, we compute its priority by applying the task
tree to the relevant terminal vector X ;E-S:

= LX), (21)

where wtjs denotes the priority score of task j at
time ¢ for individual ind;. The task with the highest
priority is then selected:

Jj* = argmax (71’;1;8>. (22)
J

Similarly, for the same decision timestep t, the
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priority of each available drone k is computed using
the corresponding aircraft tree ¥;(-) from individual
ind; in the aircraft selection population P». The
aircraft-related terminal vector is denoted by X gcs’
yielding the aircraft priority:

™S =w (xX). (23)

The aircraft with the highest priority is selected:

k* = arg max (Wf,‘f) . (24)

The selected aircraft-task assignment at deci-
sion timestep ¢ is thus given by Plan; = (k*, j*). By
repeating this process across all timesteps, we ob-
tain the complete sequence of assignments: Plan =
{Plan;, Plany, ..., Plang}.

At the execution stage, the obtained flight plan
is used to simulate and evaluate the actual perfor-
mance of the individual. The fitness of each individ-
ual is computed based on the total cost incurred by
executing the sequence Plan.

3.4 Coevolution process

As described above, the aircraft-task assignment
sequence is jointly determined by the task tree (an
individual ind; from the population P*) and the
aircraft tree (an individual ind; from the popula-
tion PA). Consequently, the two populations are
intrinsically coupled through their shared objective
value and cannot be evolved independently. In other
words, the fitness of an individual ind; in the task
selection population PT depends not only on its own
structure but also on the paired individual ind; from
the aircraft selection population PA.

To address this interdependence, we employ a
coevolutionary strategy. Specifically, two separate
populations, PT and PA, are evolved to optimize
the TPH and ASH, respectively. As shown in Fig. 4,
to evaluate an individual from one population, it
must be paired with a representative individual from
the other population to form a complete aircraft-
task assignment solution. The fitness of the focal
individual is then defined as the fitness of this paired
solution.

During the initialization phase, representative
individuals from each population are selected at ran-
As evolution pro-
gresses, the best-performing individuals (according

dom to form evaluation pairs.

to fitness) from each subpopulation are chosen as
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Fig. 4 Illustration of the coevolution process

representatives for the purpose of fitness evalua-
tion. This coevolutionary mechanism allows both
populations to adapt in response to the evolving
strategies of the other, encouraging the emergence
of more effective and robust aircraft-task assignment

heuristics.
3.5 Genetic operators

In the proposed CoGP, two primary genetic op-
erators, crossover and mutation, are used to explore
and exploit the heuristic space. The overall pro-
cess of generating offspring using genetic operators
is shown in Algorithm 1. Specifically, crossover is
applied with a predefined probability p. to a pair of
selected parent individuals. During this operation,
a crossover point is randomly chosen on each par-
ent tree, corresponding to a particular node within
the tree structure. The subtrees (tree blocks) rooted
at these crossover points are then swapped between
the two parent trees, resulting in two new offspring
(Fig. 5). This subtree exchange allows for the effec-
tive recombination of structural and behavioral char-
acteristics from both parents, thereby enhancing the
quality of solutions within the population.

Mutation, on the other hand, is performed on an
individual tree with a certain probability py,. Specif-
ically, a mutation point is randomly selected within
the individual’s tree structure. A newly generated
random subtree is then created and replaces the orig-
inal subtree rooted at the mutation point (Fig. 6).
This operator introduces new genetic material into
the population and helps prevent premature conver-
gence by exploring previously unvisited regions of
the heuristic space.

Note that to select parent individuals for
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Algorithm 1 Breeding(P, =)

Require: Population P; training instances =
Ensure: One individual of offspring S’
1: rm < random(0,1)
2: if rm < pc then
// Crossover
S1,S2 + LexicaseSelection(P, =)
S’ < crossover (S, 92)
: else if p. <rm < pc + pm then
// Mutation
S’ + mutation(LexicaseSelection (P, Z))
else
10:  // Reproduction
11: S’ + copy(LexicaseSelection(P, =)
12: end if
13: return S’

o

Crossover pl int I

Parent 1

Parent 2
Crossover

Offspring 1

Offspring 2

Fig. 5 Illustration of how to generate a new tree
structure based on a crossover operator

crossover and individuals for mutation, we employ
the Lexicase Selection operator, which promotes di-
versity by selecting solutions based on their perfor-
mance across randomly ordered test cases.

3.6 Computational complexity analysis

After training, CoGP yields a best-performing
individual that is used as a reactive heuristic for air-
craft task allocation during testing. The testing-
time cost is dominated by evaluating terminal fea-
tures, each of which can be computed in (near)
constant time. Consequently, the overall time com-
plexity scales primarily with the number of aircraft
(|K|) and the average number of tasks (|C|), i.e.,
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Mutation

Fig. 6 Illustration of how to generate new subtree
blocks using a mutation operator

O(]K|-|C]). In practice, the testing-phase complex-
ity of CoGP is effectively linear in the number of air-
craft and tasks, making it well-suited for real-time
allocation in large-scale settings.

4 Experiments
4.1 Dataset

The experimental evaluation is conducted
on 23 publicly
of the multi-depot capacitated vehicle routing
problem (MDVRP), which can be accessed at
http://www.bernabe.dorronsoro.es/vrp/. These in-
stances cover problem sizes ranging from 50 to 360

customers and 2 to 9 depots. To better reflect real-

available benchmark instances

world operational conditions and the practical con-
straints of drone-based rescue missions, the bench-
mark instances are adapted following the methodol-
ogy in Guo et al. (2025a). Specifically, all coordinates
are normalized within a 0-20 km range, and cus-
tomer payload demands are rescaled to lie between
0 and 2.3 kg. Each drone is assumed to have a curb
weight of 6 kg and a maximum payload capacity of 3
kg. Each drone is equipped with a battery capacity
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of 504 Wh. The cruising speed of the drones varies
with payload: 32 km/h when fully loaded and 48
km/h when empty.

Moreover, to more accurately capture the dy-
namic and uncertain nature of real emergency re-
sponse scenarios, the static customer information in
each instance is partially withheld at the start of
each simulation. Specifically, only 80% of customer
locations and demands are revealed initially, while
the remaining 20% are introduced progressively over
time to mimic the ongoing discovery of new res-
cue tasks. For each benchmark instance with |C|
tasks, we designate Kq = max{1,|0.2C"} tasks as
dynamically revealed, where |] indicates rounding
up. We uniformly sample without replacement an
index set S C {1,2,...,Nq} with |S§| = Kq4. For
every ¢ € S, the location and demand are exactly
those provided by the original benchmark (no per-
turbation); i.e., dynamic tasks are consistent with
the initial static specification. Reveal times are as-
signed at equal intervals over the planning horizon
[to,tena): if S = {i1,i2,...,ik,} (any fixed order),
then

tend — to

’f’i)\:tO‘i‘)\'A, A:m,

where 7;, denotes the revealed timestep of customer
T)-

Thus, dynamic arrivals are uniform in time. All
non-selected tasks {1,2,..., Ng} \ S are available at
to. A summary of the detailed characteristics for
all benchmark instances employed in this study is
provided in Table 2.

4.2 Experimental settings

The CoGP algorithm for learning reactive
scheduling heuristics is implemented using the dis-
tributed evolutionary algorithms in Python (DEAP)
framework (Fortin et al., 2012). The function set
for both trees includes basic arithmetic operators
{+,—, x,+} (protected division) and min/max op-
Conditional functions such as if-then—else
are also included to enable complex priority heuris-
tics. This function set is commonly used in GP for
allocation/scheduling (e.g., job-shop scheduling, arc
routing, and robot task allocation). During initial-
ization (ramped half-and-half), functions are sam-
pled uniformly from the function set under type
safety and arity constraints. During evolution, func-

erators.
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Table 2 Instance characteristics

Instance Instance Number Number Number
index name of tasks of depots of aircraft
1 P01 50 4 50 4 16
2 P02 50 4 50 4 8
3 P03 75 5 75 5 15
4 P04 100 2 100 2 16
5 P05 100 2 100 2 10
6 P06_100 3 100 3 18
7 P07 100 4 100 4 16
8 P08 249 2 249 2 28
9 P09 249 3 249 3 36
10 P10_249 4 249 4 32
11 Pl1_249 5 249 5 30
12 P12 80 2 80 2 10
13 P13 80 2 80 2 9
14 P14 80 2 80 2 8
15 P15 160 4 160 4 20
16 P16 160 4 160 4 19
17 P17 160 4 160 4 18
18 P18 240 6 240 6 30
19 P19 240 6 240 6 28
20 P20 240 6 240 6 26
21 P21 360 9 360 9 45
22 P22 360 9 360 9 40
23 P23 360 9 360 9 35

tion operator usage emerges from selection. Pa-
rameter settings are chosen according to conven-
tional practices in the literature (Nguyen et al., 2013;
Liu YX et al., 2020). Specifically, the population
size is set to 1000, and the algorithm is run for 50
generations as the stopping criterion. The crossover,
mutation, and reproduction rates are set to 0.8, 0.15,
and 0.05, respectively. The maximal depth of each
GP tree is limited to 8. For each test scenario, the
CoGP algorithm is executed independently 30 times
to ensure robust statistical evaluation. All exper-
iments are conducted on computers equipped with
an Intel Core i7-6700 CPU at 3.40 GHz.

4.3 Experimental studies

To comprehensively evaluate the effectiveness of
the proposed CoGP approach for MATA problems,
we compare it against three groups of baselines.

4.3.1 Manually designed reactive heuristics

We design four intuitive and rule-based heuris-
tics based on domain knowledge, where the first two
heuristics are used for task prioritization and the
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latter two for aircraft selection.

1. NNT: select the task with the nearest distance
to the aircraft.

2. MinD: select the task with the minimum cur-
rent demand.
3. MaxC:
remaining capacity.

select the aircraft with the maximal

4. MaxE: select the aircraft with the maximal
remaining energy.

By combining each TPH (NNT or MinD) with
each ASH (MaxC or MaxE), we construct four dis-
tinct heuristics for MATA, including MNT MaxC,
MNT MaxE, MinD MaxC and MinD MaxE.
These combinations provide interpretable and prac-
tical baseline solutions that represent standard
decision-making strategies in dynamic task alloca-
tion. The comparison results can be found in Table 3.
The experimental results include the mean value and
standard deviation of evaluation metrics, and the ¢-
tests results in which the significance level is set to
0.05.

As shown in Table 3, the proposed CoGP frame-
work consistently outperforms all manually designed
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reactive heuristics—MNT MaxC, MNT MaxE,
MinD MaxC, and MinD MaxFE—across all 23
benchmark instances. For instance, in instance 17,
the total arrival time is reduced from 10 625.8 s
(MNT MaxC) to 10 409.7 s (CoGP). The superior
performance arises because the CoGP algorithm au-
tomatically discovers heuristics that exploit complex
problem structures and dynamically evolving con-
ditions, which human-designed rules may overlook.
Unlike fixed heuristics that remain static through-
out deployment, CoGP continuously refines both
task prioritization and aircraft selection decisions
simultaneously, effectively capturing interdependen-
cies and optimizing system-wide performance in dy-
namic environments.

Fig. 7 illustrates the task allocation process for
instance P06 100 3. At the early stage, only a few
As time progresses, new tasks
The
dispatching rules evolved by CoGP can promptly

tasks are available.
continuously appear and require assignment.

adapt to these changes and efficiently generate up-
dated solutions to accommodate the newly emerging
tasks.

Table 3 Performance comparison of CoGP and manually designed reactive heuristics

Instance Total arrival time of all customers (s)
index CoGP MNT _MaxC MNT _MaxE MinD_ MaxC MinD_ MaxE
1 942.8 (16.7) 966.9 (17.7) (+) 999.0 (18.8) (+) 977.5 (17.4) (+) 992.6 (20.0) (+)
2 1465.3 (27.4) 1516.5 (31.3) (+) 1566.9 (26.9) (+) 1547.9 (27.6) (+) 1550.3 (28.9) (+)
3 1512.7 (29.7) 1564.7 (26.1) (+) 1586.1 (32.6) (+) 1635.7 (27.8) (+) 1617.7 (28.7) (+)
4 2752.9 (54.0) 2779.2 (49.8) (=) 2809.2 (52.5) (+) 2852.6 (47.8) (+) 2870.2 (47.2) (+)
5 3532.2 (74.5) 3556.2 (57.3) (=) 3675.6 (65.1) (+) 3676.2 (69.9) (+) 3696.3 (73.8) (+)
6 2214.0 (35.7) 2231.9 (45.9) (=) 2270.0 (36.1) (+) 2299.4 (40.1) (+) 2288.1 (38.5) (+)
7 2420.5 (46.4) 2461.1 (39.9) (+) 2496.2 (46.3) (+) 2505.9 (49.2) (+) 2541.5 (47.5) (+)
8 16 787.6 (306.1) 17 052.3 (296.6) (+) 17 267.2 (285.3) (+) 17 560.8 (308.2) (+) 17 570.3 (285.8) (+)
9 13 519.9 (263.0) 13 756.1 (278.0) (+) 13 813.3 (243.3) (+) 14 047.3 (283.7) (+) 14 150.8 (259.1) (+)
10 13 455.2 (223.2) 13 562.2 (254.2) (+) 13 737.2 (221.2) (+) 13 931.8 (243.1) (+) 14 024.2 (236.2) (+)
11 14 015.2 (264.1) 14 181.5 (227.8) (=) 14 342.6 (261.1) (+) 14 605.9 (269.6) (+) 14 616.1 (247.5) (+)
12 5017.9 (86.7) 5138.8 (88.1) (+) 5211.0 (103.8) (+) 5348.1 (106.3) (+) 5330.8 (93.5) (+)
13 5627.8 (106.1) 5736.8 (94.7) (+) 5811.1 (96.5) (+) 5994.4 (127.1) (+) 5995.7 (128.6) (+)
14 6425.7 (123.7) 6493.8 (135.3) (=) 6576.3 (130.7) (+) 6677.1 (133.2) (+) 6725.7 (133.8) (+)
15 9483.4 (181.3) 9586.7 (166.2) (+) 9688.8 (182.8) (+) 9812.8 (176.8) (+) 9904.2 (198.2) (+)
16 9820.9 (167.3) 9972.1 (186.5) (+) 10 071.2 (201.5) (+) 10 192.5 (163.2) (+) 10 249.3 (176.2) (+)
17 10 409.7 (196.7) 10 625.8 (182.7) (+) 10 812.8 (205.7) (+) 10 903.8 (178.1) (+) 11 027.5 (187.2) (+)
18 13 687.7 (234.6) 13 906.5 (257.7) (+) 13 993.1 (251.8) (+) 14 244.9 (252.1) (+) 14 319.9 (258.1) (+)
19 15 109.1 (271.1) 15 501.6 (274.9) (+) 15 610.7 (282.1) (+) 15 791.8 (265.2) (+) 15 934.5 (272.1) (+)
20 16 116.2 (309.9) 16 516.8 (273.3) (+) 16 721.7 (299.8) (+) 17 038.2 (288.9) (+) 17 162.6 (298.2) (+)
21 19 730.7 (349.2) 20 095.7 (379.1) (+) 20 374.7 (336.2) (+) 20 682.7 (368.9) (+) 20 751.9 (374.2) (+)
22 22 061.6 (404.1) 22 484.5 (391.2) (+) 22 741.7 (399.1) (+) 23 029.2 (414.2) (+) 23 234.9 (427.7) (+)
23 25 890.2 (412.4) 26 400.8 (429.1) (+) 26 690.1 (464.2) (+) 27 056.3 (489.7) (+) 27 291.5 (465.2) (+)

Each row represents a single test instance, and the columns correspond to different task allocation methods.
reported in terms of the mean, standard deviation, and significance test.

The results are
The symbol (+) means that CoGP is significantly

better than the compared algorithm. The symbol (=) means there is no significant difference between CoGP and the compared

algorithm, which is met when the t-test results are above 0.05
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Fig. 7 Visualization of the task allocation process: (a) 5 s; (b) 25 s; (c¢) 55 s; (d) 75 s. Different colors represent
rescue fleets departing from different depots. References to color refer to the online version of this figure

4.3.2 Existing state-of-the-art reactive heuristics

We benchmark CoGP against several repre-
sentative state-of-the-art reactive algorithms widely
adopted in the literature, including the recruitment
method (RECRU) (Gao et al., 2022), dynamic de-
ployment (DD) (Chen et al., 2022), and auction-
based assignment (AUCT) (Chen et al.,, 2022).
These methods are selected for their demonstrated
effectiveness and relevance to dynamic task and re-
source allocation scenarios. To ensure comparison
fairness, the hyperparameters of all the baselines are
run with the originally reported settings from their
papers.  The comparison results are presented in
Table 4.

In comparison with RECRU, AUCT, and DD
approaches, CoGP again exhibits superior overall ef-
ficacy across all 23 test scenarios (Table 4). Recruit-
ment and auction mechanisms generally perform well
in early-stage task assignment but degrade when sys-
tem congestion increases, as their decisions depend
on localized or immediate reward estimations. Sim-
ilarly, DD relies on predefined heuristic templates,
limiting its adaptivity. Conversely, CoGP evolves

decision-making heuristics through a coevolution-
ary learning process that internalizes both short-
term gains and long-term impacts of each alloca-
tion, achieving strategies that remain efficient under
varying operational intensities and stochastic task
arrivals.

4.3.3 Single-tree GP methods

To further evaluate the effectiveness of the dual-
population coevolution, we compare CoGP with the
following four variants with single-tree GP. Specif-
ically, we conduct two types of single-tree GP
experiments.

1. Ablation-TPH-only: GP is used to evolve
only the TPH, combined with either MaxC or MaxE
as the aircraft selection rule;

2. Ablation-ASH-only: GP is used to evolve only
the ASH, combined with either NNT or MinD as the
task prioritization rule.

This design enables us to isolate and eval-
uate the impact of evolving each decision phase
independently, relative to the coupled coevolution-
ary approach.
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Table 4 Performance comparison of CoGP and the existing state-of-the-art reactive heuristics

Instance Total arrival time of all customers (s)
index CoGP RECRU DD AUCT
1 936.0 (18.4) 969.1 (16.7) (+) 968.4 (19.8) (+) 972.1 (19.0) (+)
2 1468.0 (25.6) 1510.1 (33.2) (+) 1512.1 (28.1) (+) 1511.0 (24.9) (+)
3 1538.5 (32.5) 1585.0 (29.6) (+) 1586.5 (27.8) (+) 1582.7 (29.8) (+)
4 2758.6 (53.1) 2822.2 (52.1) (+) 2824.3 (55.6) (+) 2807.2 (46.1) (+)
5 3499.1 (71.4) 3619.5 (66.6) (+) 3607.8 (68.3) (+) 3616.2 (65.1) (+)
6 2217.7 (46.2) 2280.5 (46.1) (+) 2274.1 (40.6) (+) 2266.8 (37.6) (+)
7 2408.4 (39.4) 2479.6 (47.7) (+) 2484.1 (50.4) (+) 2497.4 (45.3) (+)
8 16 888.5 (292.6) 17 152.3 (294.9) (+) 17 289.2 (357.2) (+) 17 360.1 (280.5) (+)
9 13 609.6 (243.6) 14 015.9 (248.7) (+) 13 967.1 (299.3) (+) 13 850.0 (298.4) (+)
10 13 016.9 (274.1) 13 443.4 (239.3) (+) 13 445.0 (283.3) (+) 13 487.8 (296.3) (+)
11 13 958.8 (304.7) 14 169.1 (261.0) (+) 14 292.0 (299.8) (+) 14 253.4 (241.7) (+)
12 5024.2 (109.2) 5143.8 (89.8) (+) 5162.6 (101.1) (+) 5212.2 (88.6) (+)
13 5578.7 (111.7) 5726.9 (100.1) (+) 5728.8 (115.5) (+) 5715.9 (123.5) (+)
14 6322.4 (135.2) 6536.6 (132.8) (+) 6527.4 (109.5) (+) 6473.5 (121.2) (+)
15 9373.4 (164.7) 9655.4 (160.4) (+) 9656.5 (166.4) (+) 9723.4 (174.2) (+)
16 9656.5 (186.0) 10 019.3 (190.6) (+) 9994.6 (166.2) (+) 10 073.3 (221.5) (+)
17 10 448.2 (207.1) 10 763.6 (185.0) (+) 10 699.9 (192.7) (+) 10 725.7 (192.3) (+)
18 13 778.1 (295.6) 14 040.9 (306.0) (+) 14 085.3 (284.6) (+) 14 182.1 (311.9) (+)
19 15 251.3 (292.1) 15 636.6 (252.5) (+) 15 559.1 (260.2) (+) 15 549.4 (253.0) (+)
20 16 170.7 (276.3) 16 657.2 (295.6) (+) 16 651.5 (339.0) (+) 16 673.8 (337.8) (+)
21 20 022.5 (369.8) 20 274.0 (393.7) (=) 20 469.0 (329.5) (+) 20 475.3 (410.0) (+)
22 22 284.3 (446.4) 22 574.9 (444.0) (=) 22 769.4 (463.8) (+) 22 973.0 (458.8) (+)
23 26 095.4 (460.7) 26 816.0 (571.2) (+) 26 708.7 (511.1) (+) 26 521.2 (518.2) (+)

Each row represents a single test instance, and the columns correspond to different task allocation methods. The results are
reported in terms of the mean, standard deviation, and significance test. The symbol (+) means that CoGP is significantly
better than the compared algorithm. The symbol (=) means there is no significant difference between CoGP and the compared
algorithm, which is met when the t-test results are above 0.05
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Fig. 8 Runtime comparison of different methods across four instances: (a) instance 2; (b) instance 6; (c)
instance 11; (d) instance 22
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Table 5 Performance comparison of CoGP and single-tree GP methods

Instance Total arrival time of all customers (s)
index CoGP GP_MaxC GP_MaxE GP_MNT GP_MinD
1 945.5 (15.7) 958.1 (20.7) (+) 956.6 (20.7) (+) 947.9 (20.2) (=) 949.3 (19.6) (=)
2 1480.6 (26.9) 1504.8 (24.9) (+) 1498.9 (28.9) (=) 1487.4 (32.2) (=) 1502.1 (28.6) (+)
3 1539.2 (30.3) 1566.7 (29.7) (+) 1561.4 (30.6) (+) 1559.7 (27.9) (=) 1559.1 (27.8) (=)
4 2748.1 (50.7) 2787.0 (47.2) (+) 2808.9 (57.4) (+) 2774.9 (51.1) (=) 2779.8 (45.4) (+)
5 3522.7 (71.4) 3595.4 (63.4) (+) 3568.1 (64.5) (=) 3566.1 (67.1) (=) 3585.0 (58.9) (=)
6 2235.2 (41.9)  2265.2 (38.5) (1)  2268.1 (38.8) (+)  2236.5 (41.8) (=)  2250.1 (41.5) (+)
7 2414.2 (40.3) 2447.7 (43.8) (+) 2444.8 (43.0) (+) 2430.3 (47.2) (=) 2450.0 (48.6) (+)
8 16 736.4 (363.9) 17 045.9 (315.9) (+) 17 161.7 (317.7) (+) 16 973.8 (362.5) (+) 16 959.9 (320.9) (+)
9 13 711.9 (291.9) 13 828.0 (268.4) (=) 13 846.7 (239.2) (=) 13 774.6 (260.4) (=) 13 753.5 (243.3) (=)
10 13 121.0 (226.8) 13 258.0 (275.6) (+) 13 303.6 (242.4) (+) 13 183.2 (265.9) (+) 13 221.3 (279.0) (+)
11 13 917.7 (234.3) 14 087.3 (302.4) (=) 14 078.2 (282.5) (=) 14 016.6 (257.0) (=) 14 024.1 (292.4) (+)
12 5029.4 (106.8) 5132.9 (82.6) (+) 5126.5 (108.4) (+) 5072.7 (99.9) (+) 5103.8 (94.0) (=)
13 5564.1 (111.2) ~ 5692.1 (114.1) (+)  5647.8 (116.8) (+)  5612.3 (109.6) (+) 5665.6 (91.4) (+)
14 6391.6 (108.0)  6435.6 (114.9) (=) 6503.6 (106.6) (+) 6415.4 (121.4) (=) 6433.1 (116.4) (=)
15 9408.1 (159.5)  9558.4 (187.0) ()  9565.5 (172.9) (+) 9482.4 (207.4) (=) 9499.2 (162.7) (=)
16 9679.2 (160.9)  9898.2 (195.9) (+) 9950.8 (188.1) (+) 9778.2 (187.4) (=)  9868.2 (209.9) (+)
17 10 408.4 (195.0) 10 664.4 (217.8) (4) 10 610.9 (177.2) (+) 10 557.2 (203.0) (=) 10 620.8 (181.4) (+)
18 13 743.0 (301.6) 13 940.7 (232.2) (+) 13 963.5 (252.9) (+) 13 790.5 (283.5) (=) 13 868.3 (275.3) (=)
19 15 229.1 (278.2) 15 410.4 (326.7) (=) 15 449.4 (280.8) (=) 15 318.4 (263.7) (=) 15 426.7 (304.9) (=)
20 16 264.1 (266.0) 16 452.2 (281.3) (1) 16 671.9 (307.3) (+) 16 462.2 (341.1) (+) 16 544.1 (281.2) (+)
21 19 955.3 (328.0) 20 148.8 (425.5) (=) 20 350.9 (408.3) (+) 19 981.0 (386.7) (=) 20 166.9 (381.0) (+)
22 22 280.7 (453.7) 22 439.1 (426.3) (+) 22 512.0 (427.9) (+) 22 405.7 (391.3) (+) 22 439.3 (459.0) (+)
23 26 169.7 (530.2) 26 473.2 (545.0) (=) 26 498.5 (539.8) (=) 26 321.7 (425.7) (=) 26 348.1 (506.9) (=)

Each row represents a single test instance, and the columns correspond to different task allocation methods.
reported in terms of the mean, standard deviation, and significance test.

The results are
The symbol (+) means that CoGP is significantly

better than the compared algorithm. The symbol (=) means there is no significant difference between CoGP and the compared

algorithm, which is met when the t-test results are above 0.05

When compared with conventional single-tree
GP variants, CoGP consistently achieves the best
performance across all 23 instances (Table 5). Single-
tree GP methods that independently evolve TPH or
ASH yield inferior outcomes because they neglect
the mutual dependencies between these decisions.
The explicit coevolutionary structure in CoGP—
where TPH and ASH evolve jointly and are eval-
uated through pairwise fitness attribution—allows
the algorithm to learn synergistic policies that opti-
mize both phases simultaneously. This interdepen-
dent learning substantially enhances robustness, as
observed in large-scale dynamic scenarios with fre-
quent task insertions, where CoGP maintains consis-
tent superiority while other approaches exhibit per-
formance degradation.

4.4 Comparison of runtime

To assess the real-time decision-making capa-
bility of different algorithms, we conducted a run-
time comparison experiment across four benchmark
instances of varying scales, namely, instance 2,
instance 6, instance 11, and instance 22. For each

instance, we measured the average runtime required
for a single decision step under identical hardware
and thread configurations. The results are summa-
rized in Fig. 8, where the mean runtime is reported
over multiple independent runs.

As expected, the runtime of most algorithms
increases with instance scale, reflecting the higher
computational demand of larger problem sizes.
Among the compared methods, the heuristic ap-
proaches constructed using greedy priority rules
(i.,e., MNT_ MaxC, MNT MaxE, MinD MaxC,
and MinD MaxE) exhibit the fastest response, typ-
ically within 1.0-2.0 s per decision step. The
intermediate group, including RECRU, DD, and
AUCT, shows moderate decision latency (approx-
imately 1.5-2.3 s), while the GP-based algorithms
(GP_MaxC, GP_MaxE, GP_MNT, GP_MinD,
and CoGP) require slightly longer processing times,
up to about 3.0 s. This can be attributed to their
more sophisticated decision logic, where additional
intermediate variables are computed to evaluate the
relative priorities of tasks and aircraft.
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Nevertheless, across all four scales, the per-
decision runtimes remain within a narrow range
(below 3.0 s), demonstrating that all algorithms—
including the proposed CoGP—are capable of
making real-time decisions under dynamic condi-
tions. These results confirm that the CoGP frame-
work achieves competitive computational efficiency
while maintaining its superior decision quality.

5 Conclusions

In this study, we develop a CoGP approach to
automatically generate effective MATA strategies for
emergency delivery operations in post-disaster sce-
narios. In such missions, multiple aircraft must
rapidly deliver supplies to spatially dispersed and
time-sensitive locations under stringent resource and
operational constraints. The proposed CoGP frame-
work achieves this objective through the design of
informative terminal sets, a low-level heuristic tem-
plate, and a two-population coevolutionary scheme
that simultaneously develops effective heuristics for
both task prioritization and aircraft selection. Com-
prehensive experiments on public benchmark in-
stances demonstrate that CoGP consistently outper-
forms existing state-of-the-art GP and heuristic ap-
proaches.
GP methods, CoGP exploits more effectively the in-
teractive information between the two decision pro-
cesses, thereby enhancing adaptability and decision
quality in dynamic mission environments.

While the ideal-
ized conditions, such as perfect communication,
uninterrupted task execution, and sufficient flight
endurance, the proposed framework can be extended
to more realistic operational settings. Future work

Compared with conventional single-tree

current study assumes

will incorporate additional real-world considerations,
including mid-mission return-to-base for refueling,
safety redundancy, and online route adjustment
mechanisms. In addition, a hierarchical two-layer
optimization framework will be explored, where the
upper layer focuses on robust strategy evolution and
the lower layer addresses dynamic event responses in
real time.
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