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Abstract—With the vigorous development of e-commerce, the
timeliness requirements for logistics distribution have been con-
tinuously elevated. Customers’ specific demands for delivery
time windows have rendered it crucial to complete delivery
services within the specified timeframes. However, in large-
scale urban scenarios characterized by dense customer distribu-
tion and complex delivery environments, traditional distribution
models are struggling to meet the demands for efficient and
on-time logistics. Additionally, delivery time windows, as hard
constraints, narrow the scope of feasible solutions and increase
the difficulty of path planning. To address these challenges, this
study explores the Truck-Drone Collaborative Delivery Problem
with Multiple Time Windows (TDCDP-MTW) and its solution
algorithms. A hybrid distribution model is proposed, which
categorizes customers into two types: dense and sparse. For dense
customer clusters, fixed trucks are employed as UAV (Unmanned
Aerial Vehicle) deployment centers; for sparse customer areas,
trucks carry UAVs for delivery. This approach enhances UAV
utilization and delivery efficiency. Meanwhile, by integrating deep
reinforcement learning and attention mechanism, an encoder-
decoder architecture is constructed to capture spatiotemporal
dependencies. This architecture is applied to optimize path
planning schemes in large-scale customer scenarios, improving
computational efficiency and generalization ability. Experimental
results demonstrate that this study provides a collaborative path
planning solution that balances efficiency and flexibility for high-
density urban logistics, and resolves the coupling dilemma be-
tween multi-objective optimization and dynamic decision-making
in large-scale scenarios.

Index Terms—truck-drone collaborative delivery; multi-
objective optimization; deep reinforcement learning; path plan-
ning

I. INTRODUCTION

The application of truck-drone collaborative delivery has
covered multiple fields in production and daily life [1]. This
collaborative model is commonly referred to as the ”truck-
drone system” [2], which has been extensively researched and
applied in the logistics field [3]. For instance, in disaster relief,
the synchronous delivery mode of trucks and drones combines
the large capacity of trucks with the speed and flexibility

of drones, enabling the rapid transportation of emergency
supplies to disaster-stricken areas [4]. For target monitoring
tasks, a truck carries multiple drones to a designated location
and deploys them for real-time monitoring of multiple targets.
After completing their tasks, the drones return to the truck [5].
In last-mile logistics, the collaborative delivery of trucks and
drones is explored by considering both route selection and time
windows to optimize the delivery process [6]. These applica-
tions highlight the potential advantages of the collaboration
between trucks and drones in various fields [7].

In recent years, with the rapid development of e-commerce,
people’s requirements for the timeliness of logistics deliv-
ery have been continuously increasing. For example, some
customers may have specific requirements for delivery time
points. To meet such customer needs, it is necessary to
complete delivery services within the specified time windows.
Therefore, it is essential to incorporate delivery time win-
dows into the specific model constraints. References [8] and
[9] consider completing delivery services within given time
windows and improve delivery efficiency through optimization
algorithms, achieving the goal of completing deliveries as soon
as possible while meeting customer requirements. Maghfiroh
et al. [10] discussed the truck-drone path planning problem
involving time windows and improved customer satisfaction
and operational efficiency by balancing the minimization of
travel distance and the satisfaction of time window constraints.
The aforementioned studies on truck-drone collaborative sys-
tems with time windows only limit the earliest or latest service
execution time through additional constraints. It can be seen
that delivery time windows are treated as hard constraints of
the model and must be satisfied. On the one hand, the increase
in hard constraints narrows the feasible region of the problem,
leading to difficulties in solution search; on the other hand, in
actual delivery, violations of delivery time window constraints
often occur due to the impact of external uncertain factors.
Therefore, it is more reasonable to evaluate services under



scenarios that allow for time window violations.
To address these challenges and considering the character-

istic of concentrated customer distribution in urban scenarios,
customers are divided into two categories: dense and sparse,
and different delivery methods are adopted for these two types
of customers. In dense customer areas, frequent short-distance
movements of trucks are unfavorable for the recovery and
subsequent launch of drones. In this case, trucks are more
suitable for remaining stationary as mobile deployment centers
for drones, thereby improving the utilization rate of drones.
However, the deployment of trucks requires time; thus, for
areas with sparse customer density, the mode of trucks carrying
drones for joint delivery is adopted. Therefore, this hybrid
truck-drone collaborative delivery mode is more suitable for
high-density urban delivery environments while also meeting
the delivery needs of low-density areas.

In recent years, the attention mechanism has been widely
applied in the Traveling Salesman Problem (TSP). Peng et
al. [11] successfully solved the Vehicle Routing Problem
by combining the attention model with deep reinforcement
learning algorithms, and their algorithm demonstrated excel-
lent generalization ability. Compared with traditional heuristic
algorithms, the attention mechanism can help the model focus
on key information, thereby significantly improving compu-
tational efficiency. Based on this advantage, this study will
adopt the method of combining deep reinforcement learning
with MONSNSA to solve the truck-drone collaborative path
planning problem in large-scale customer scenarios.

II. PROBLEM DESCRIPTION

In densely populated areas, by deploying trucks as mobile
UAV (Unmanned Aerial Vehicle) service centers, the advan-
tages of UAVs in flexibility and efficiency for ”last-mile”
delivery can be fully exploited. As shown in Figure 1, the
coverage area of each service center is determined by the
maximum flight distance of UAVs, with a radius set to half of
the maximum flight distance. This deployment strategy enables
UAVs to efficiently serve customers within their coverage
areas, and then enter a collaborative delivery mode with trucks
to jointly complete delivery tasks in the surrounding areas
before moving to the next service center location.

A. Time Window Model

The definition of customer satisfaction is as follows: the
satisfaction function µi(t) serves as an indicator that meets
customer expectations and is related to the arrival time of
delivery services. If the service time of customer i falls within
the time window [ai, bi], there is no loss of satisfaction.
However, when the arrival time of the delivery service is within
the intervals [ei, ai] and [bi, li], the satisfaction will change
linearly with the arrival time.

µi(t) =


t−bi
li−bi

, bi < t ≤ li

1, ai ≤ t ≤ bi
ti−ei
ai−ei

, ei ≤ t < ai

0, otherwise

(1)

Fig. 1. Schematic Diagram of Truck-UAV Collaborative Delivery Mode.

Fig. 2. Schematic Diagram of Customer Time Windows.

B. Objective Model

In the discussion of this chapter, considering the scenario
introduced in Chapter 4 where a UAV service center serves
customers, it is essential to emphasize the operational mech-
anism of the system. As the UAV service center adopts an
operational model using fixed trucks as bases, the UAVs
will provide delivery services to surrounding customers with
these trucks as the center. This configuration offers significant
operational advantages. In terms of cost analysis, the delivery
cost primarily consists of two core components: the first
is the collaborative routing cost between the truck and the
UAV, Costcollab, which includes the cost of the truck moving
to the service center positioning point and the collaborative
operational cost between the UAV and the truck, CostDS ;
the second is the flight cost of the UAV from the service
center, which mainly involves the flight distance and energy
consumption from the service center to the customer points.
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This cost model is composed of three main components:
first, cdd

′
ijy

d
ij represents the basic flight cost of the UAV

between customer points i and j, where cd is the unit distance
flight cost coefficient, d′ij is the actual flight distance, and ydij
is the path selection decision variable; second, (cdd′ij + cl)a

d
ij

denotes the additional takeoff cost, cl is the additional cost
coefficient for the takeoff phase, and adij is the takeoff decision
variable; finally, cdd′ijb

d
ij indicates the landing cost, and bdij is

the landing decision variable. Therefore, the total delivery cost
can be expressed as:

f1 = Costcollab +
∑

k∈NDS

CostkDS (3)

where NDS represents the total number of UAV service
centers, and the sum of the costs of all UAV service centers
can be expressed as: ∑

k∈NDS

CostkDS (4)

In the analysis of customer satisfaction, it is necessary to
take into account the differences in service area density and
service methods. Thus, the customer satisfaction model can be
divided into two main parts: the satisfaction under the service
of UAV service centers, and the satisfaction under the truck-
drone collaborative service in sparse areas. For the service
areas of UAV service centers, customer satisfaction mainly
depends on whether UAVs can complete services within the
time windows specified by customers. The satisfaction formula
for customers served by the truck-drone collaborative delivery
mode can be expressed as follows:

Satcollab =
∑
i∈N

∑
j∈N

xijuj(rj)+∑
d∈D

∑
k∈V

∑
i∈N

∑
j∈N

(adkij + bdkij + ydkij )uj(rj)
(5)

The sum of satisfaction of all customers can be expressed
as:

f2 = Satcollab +
∑

k∈NDS

SatkDS (6)

Specifically,
∑

k∈NDS
SatkDS represents the total satisfac-

tion of all customers independently served by UAV service

centers, which reflects the service quality of UAVs in dense
areas, and SatDS denotes the sum of satisfaction of all
customers under a single UAV service center. Satcollab char-
acterizes the total satisfaction of customers served by the
collaborative mode in sparse areas.

This chapter also focuses on the UAV path optimization
problem based on reinforcement learning in large-scale urban
scenarios, aiming to construct a bi-objective optimization
model: on the one hand, minimizing the maximum operational
cost, and on the other hand, maximizing the overall customer
satisfaction. To effectively guide resource allocation decisions,
this chapter unifies these two mutually restrictive objectives
into a single optimization framework by constructing a reward
function, thereby achieving the overall optimization of system
performance.

The planning process of UAV service paths can be rep-
resented by the Markov Decision Process (MDP). First, we
define the state vector st = (vt, ct, rt). Here, vt represents
the customer points that have been visited before step t. ct
represents the current location of the drone at a customer
point. rt represents the remaining endurance of the drone for
this flight. At each step t, the decision-maker, based on the
current state, selects the next action at, which is the next
customer the drone will fly to. When the drone arrives at the
next customer,the path cost incurred in this process is Costt,
and the satisfaction obtained after the UAV serves the customer
is Satt. The visited customer point is incorporated into vt.

In the scenario of multi-drone service centers, modeling the
flight cost of drones requires consideration of multiple key
factors. Assume there are multiple drone service centers in a
certain area. A drone service center can be denoted as DS, ,
and the set of customers served by the k-th service center is
denoted as Ck

DS . CostDS represents the maximum operational
cost within the drone service center, and SatDS represents the
overall satisfaction of customers served by the drone service
center. The flight cost CostDS for a single drone service center
can be modeled as follows:

CostDS =
∑

t∈CDS

Costt (7)

Under this model, due to the relatively concentrated distri-
bution of customers, the response time and service efficiency
of drones are typically high. The satisfaction level of the drone
service centers can be modeled as the sum of satisfaction levels
across all drone service centers, which can be specifically
expressed as:

SatDS =
∑

t∈CDS

Satt (8)

In fact, there is often a trade-off between these two ob-
jectives: excessively pursuing cost minimization may lead
to a decline in service quality, while blindly pursuing the
improvement of customer satisfaction may cause a sharp surge
in operational costs. Based on the above analysis, this chapter
defines the reward function as:



R = −α · log CostDS

β
+ (1− α)

SatDS

CDS
(9)

Among these, α and β are weighting coefficients for cost
and satisfaction, respectively. Their values reflect the decision-
maker’s relative emphasis on the two objectives. β is used to
control the sensitivity to cost.

III. MONSNSA RL FRAMEWORK

This section elaborates on the Multi-Objective Drone Ser-
vice Network Scheduling Algorithm combined with Deep Re-
inforcement Learning (MONSNSA RL). The core innovation
of this algorithm lies in integrating the Multi-head Attention
Mechanism with the Gated Recurrent Unit (GRU) and ap-
plying this combination within the MONSNSA framework to
effectively enhance its efficiency in handling large-scale truck-
drone collaboration problems.

Specifically, during the encoding phase, the algorithm draws
on the Multi-head Attention Mechanism proposed by Kool et
al. (2018). This structure enables the simultaneous capture of
spatial correlation information between different drone service
centers. During the decoding phase, a GRU is employed for
sequential decision-making. The memory characteristics of
its hidden state effectively handle the temporal dependencies
between successive actions.

The design of this encoder-decoder architecture stems from
the importance of relative positional information for path
planning in the Traveling Salesman Problem (TSP): the hidden
state of the GRU can store historical information of past
decisions, offering distinct advantages over stateless attention-
based decoders when dealing with sequential decision-making
problems. Research by Wu et al. (Reference [5]) also validated
the effectiveness of the GRU decoder in single-vehicle routing
problems, further supporting our architectural choice.

The specific implementation process of the MONSNSA RL
algorithm is shown in Table I Algorithm 4.1, which employs
a phased optimization strategy to achieve coordinated truck-
drone delivery route planning. First, based on Kernel Density
Estimation (KDE), spatial clustering analysis is performed
on the customers. Multiple high-density customer regions
CDS are delineated according to the geographical distribution
characteristics of the customers. Each region defines a service
area centered around a specific customer point acting as a
drone service center. This partitioning method considers the
actual distribution characteristics of customers in the real-
world scenario (Line 2). Simultaneously, a set Ccollab is
defined, which includes other customer points not assigned
to any CDS and the customer points serving as drone service
centers. These points will utilize the truck-drone collaborative
delivery mode.

Next, initial routes are created using the nearest-neighbor
method. Route planning for the truck-drone collaborative
delivery is performed for the customer points in Ccollab, gener-
ating the initial population P0 (Line 3). It is important to note
that in this phase, only the customer points in Ccollab are pro-
cessed, excluding those within the CDS regions. Subsequently,

TABLE I
ALGORITHM 4.1 MONSNSA RL

Input: Population size m, map size s, initial customers C,
maximum iterations Max− iter
Output: Pareto solution set PF
1: Initialize: PF ← ∅
2: Collab, CDS ← KDE partition drone service centers(C)
3: P0 ← Create initial paths(m, s,Ccollab)
4: t← 1
5: while t ≤Max− iter do:
6: Qt−1 ← GV NS(Pt−1)
7: Qt−1 = TransGRU(Qt−1, CDS)
8: Qt−1 ← Repair(Qt−1)
9: Pall ← Pt−1 ∪Qt−1

10: F = Non− dominated− sort(Pall)
11: F = EliteSelection(F )
12: PL ← LocalSearch(F )
13: PL ← Repair(PL)
14: Pall ← F ∪ PL

15: Pall ← RemoveDuplication(Pall)
16: F = Non− dominated− sort(Pall)
17: Pt = EliteSelection(Pt)
18: t = t+ 1
19: end
20: PF ← F

the customer points in Ccollab within the population P0 are
optimized through neighborhood transformation operations,
generating a new population Qt−1. This step aims to enhance
the initial population diversity, providing a better starting point
for subsequent optimization searches.

After planning the routes for the Ccollab customer points,
the TransGRU model is used to plan the routes for the drone
service centers CDS within the population Qt−1 (Line 7). The
model takes the coordinate locations and time windows of
the customers as input and outputs the optimal drone route
planning scheme for each drone service center. The TransGRU
model combines the attention mechanism of the Transformer
with the sequence modeling capability of the GRU, enabling it
to capture both spatial correlations and temporal dependencies,
thereby generating route plans that better align with practical
requirements.

Upon completing the route planning for both the Ccollab

and CDS customer groups, the algorithm enters the iterative
optimization phase. Its core lies in improving solution quality
through a multi-strategy optimization mechanism. Specifically,
repair operations are first performed on the delivery routes for
the Ccollab customers (Lines 8-11). This step ensures that the
generated routes satisfy all constraint conditions.

Subsequently, the newly generated populations Pt−1 and
Qt−1 are merged, and a non-dominated sorting strategy is
applied to evaluate the combined population. This provides a
high-quality starting point for subsequent optimization (Line
12). Building upon this, a local search is performed on the non-
dominated solution set F (Lines 13-14), exploring strategies
such as neighborhood search to seek potential superior solu-
tions. This step aids in escaping local optima and enhancing
the global quality of the solutions. Following this, a repair



operation is conducted on the new solution PL obtained from
the local search, and it is merged with the non-dominated
solution set to form a new candidate solution set Pall (Line
15). To ensure population diversity, duplicate solutions are
removed from Pall. This strategy helps prevent the population
from becoming homogenized and maintains the exploration
capability within the search space. Finally, non-dominated
sorting and elite selection are performed on the population
(Line 16), retaining the best individuals from the current
iteration as the input solutions for the next iteration. This elite
retention strategy ensures the convergence of the algorithm.

After completing the route planning for both the Ccollab

and CDS customer groups, the algorithm enters the iterative
optimization phase, aiming to enhance solution quality through
a multi-strategy optimization mechanism. Specifically, repair
operations are first performed on the delivery routes for the
Ccollab customers (Lines 8-11) to ensure the generated routes
satisfy all constraints, thereby eliminating infeasible solutions.
Subsequently, the newly generated populations Pt−1 and Qt−1

are merged, and the combined population is evaluated using
a non-dominated sorting strategy (Line 12). A local search is
then conducted on the non-dominated solution set F, employ-
ing strategies such as neighborhood exploration to seek supe-
rior solutions, which helps escape local optima and improves
the global quality of the solutions (Line 13). The new solutions
PL obtained from the local search undergo repair operations
and are merged with the non-dominated solution set to form a
new candidate solution set Pall (Lines 14-15). To maintain
population diversity, duplicate solutions are removed from
Pall. This strategy prevents population homogenization and
preserves the exploration capability within the search space
(Line 16). Finally, non-dominated sorting and elite selection
are performed on the population (Lines 17-18), retaining the
best individuals from the current iteration as input solutions
for the next iteration, thereby ensuring the convergence of the
algorithm.

IV. TRANSGU ALGORITHM FRAMEWORK
A. Composition of the TransGRU model

Traditional Transformer models have demonstrated strong
performance in time-series prediction tasks, but their effective-
ness in combinatorial optimization problems still has certain
limitations, primarily manifested in handling complex con-
straints and prediction accuracy. This paper proposes an im-
proved TransGRU model that emphasizes the temporal corre-
lations among customer satisfaction, time window constraints,
and location information. The core innovation of the model lies
in integrating the sequential decision-making capability of the
Gated Recurrent Unit (GRU) with the attention mechanism
of the Transformer. The memory characteristics of the GRU’s
hidden state effectively handle temporal dependencies between
subsequent actions, while the attention mechanism captures
long-range dependencies, thereby enhancing the model’s per-
formance in complex optimization problems.

In Table I Algorithm 4.1, we first employ Kernel Density
Estimation (KDE) to perform spatial clustering analysis based

on customer locations, selecting multiple drone service cen-
ters. To further optimize the route planning for these drone
service centers, we construct a TransGRU model based on an
encoder-decoder architecture, as illustrated in Figure 3. This
model consists of four core modules: an embedding layer, an
encoder, a decoder, and a training strategy. The embedding
layer is responsible for mapping customer location information
and time window information into a high-dimensional feature
space. The encoder uses a multi-head attention mechanism
to extract information from the embedded hidden layers. By
computing multiple attention heads in parallel, the model
can capture the diversity of customer features from different
subspaces. The decoder, leveraging the sequential decision-
making capability of the GRU, gradually generates the optimal
route.

Fig. 3. TransGRU Model.

B. Encoder

The network framework begins with node embedding,
whose core function is to transform the input raw information
into high-dimensional vector representations, laying the foun-
dation for subsequent feature extraction and computational
processing.The location information of each customer can
be represented as two-dimensional coordinates (xi, yi), while
each customer also includes time window information, namely
the start time ai and end time bi of the time window. To map
the node’s coordinate information and time window informa-
tion into a high-dimensional feature space, the model performs
an initial embedding operation through a linear transformation
formula, expressed mathematically as:

h0
i = W [xi; yi; ai; bi] + b (10)

Here, W and b are the trainable weight matrix and bias term,
respectively, belonging to the customer set CDS . This formula
generates the initial embedding vector h0

i by combining the
node’s coordinate information and time window information
with learnable parameters. This embedded representation not
only preserves the spatial and temporal characteristics of the



original data but also provides a foundation for subsequent
feature extraction and processing.

The attention mechanism obtains the attention distribution
by computing the Query, Key, and Value. The Query typi-
cally comes from the feature representation of the currently
processed position, while the Key and Value are derived from
the features at different positions of the input data. As shown
in Figure xx, the attention score for each position is obtained
by calculating the similarity between the Query and each Key.
These scores are then normalized to produce attention weights,
and finally, a weighted sum of the Value is computed based
on these weights to yield the attention-based output. Given an
input sequence hi with dimension dh, the attention mechanism
uses learnable weight matrices WQ,WK ,WV ∈ Rd×dk to
generate the Query, Key and Value vectors:

qi = h0
iWQ

ki = h0
iWK

vi = h0
iWV

(11)

This paper employs the dot product to compute attention
scores uij =

qTi kj√
dk

. The attention weights are calculated based
on the similarity scores between the query vector and the key
vectors at each position, which are then normalized via the
Softmax function to form the attention weight distribution:

αij =
exp(uij)∑n
exp(uij)

(12)

This weight indicates the importance of the j position in the
input sequence when generating the output at the i position.
The final output is the weighted sum of the value vectors at
all positions:

hi =

n∑
j=1

αijvj (13)

In the TransGRU model, we employ a Multi-Head Attention
(MHA) mechanism to enhance the richness of feature rep-
resentation. This mechanism projects the input features into
M distinct subspaces, thereby capturing feature dependencies
across different dimensions. For each customer node i, the
computation process of the multi-head attention mechanism
can be expressed as:

h′
i = MHA(hi) (14)

In this context, h′
i is the feature representation processed

by the multi-head attention mechanism, which integrates
information from different subspaces, thereby generating a
new, comprehensive feature representation for each node. The
output of the multi-head attention sublayer, h′

i , undergoes a
residual connection with the input features hi, followed by
batch normalization to enhance the model’s training stability
and feature representation capability:

ĥi = BN(hi + h′
i) (15)

This operation not only mitigates the vanishing gradient
problem but also accelerates the model’s convergence process.
Subsequently, the output of the batch normalization, ĥi, is
fed into a fully connected feed-forward network (FFN). This
network consists of two linear transformations with a ReLU
activation function in between:

FFN(ĥi) = W2 · ReLU(W1 · ĥi + b1) + b2 (16)

Here, W1 and W2 are trainable weight matrices, and b1
and b2 are bias terms. The output of the feed-forward network
again undergoes a residual connection with the input features
ĥi, followed by batch normalization, to produce the final node
feature representation:

hi = BN(ĥi + FFN(ĥi)) (17)

C. Decoder

To fully utilize the node embeddings generated during
the encoding phase, we employ a concatenation operation
to integrate the embedding vectors of all customers into a
global representation. Specifically, for each customer node i,
its embedding vector h̄i is combined into a global embedding
vector h̄0 through the concatenation operation. The mathemat-
ical expression is as follows:

h̄0 = [h̄1; ...; h̄i] (18)

where h̄0 represents the global embedding vector of all
customer nodes, and h̄i denotes the embedding vector of
the current customer node i where the UAV is located, with
i ∈ CDS , preserving the individual characteristics of each
node. To further model the temporal dependencies in UAV
path planning, we introduce a Gated Recurrent Unit (GRU)
network. The GRU integrates the current node embedding
vector h̄i with the hidden state Ht−1 from the historically
visited nodes by the UAV, generating the current hidden
state Ht and an updated node embedding vector h̃i. The
computation process can be expressed as:

h̃i, Ht = GRU(h̄i, Ht−1) (19)

The hidden state output by the GRU and the embedding
vector of the node where the UAV is currently located are
processed through an attention mechanism. Additionally, the
satisfaction level and travel distance from the current UAV to
other reachable customer points are embedded to obtain hij ,
which is also fed into the attention mechanism. This process
yields the attention weight αij of customer point i relative to
other customer points.

Subsequently, we integrate the hidden state hi output by the
GRU with the global embedding vector hg via the attention
mechanism. At the same time, we incorporate the satisfaction
level and distance information from the current UAV to other
reachable customer points, embedding them into a feature
vector hij . These features collectively serve as inputs to the
attention mechanism to compute the attention weight ûij of



customer point i relative to other reachable customer points j.
The specific calculation process is as follows:

ûij = W atanh(W θ[h̄0; h̃i;W
jhij ]) (20)

Here, W a, W θ, and W j are trainable parameter matrices,
h̄0 is the global embedding vector of all customer nodes,
h̃i is the embedding vector of the node where the current
UAV is located, and hij represents the embedding vector from
customer point i to other reachable customer point j. In this
context, j belongs to the set of customer points reachable by
the UAV in the current state, denoted as CDS\i, i.e., the set
of candidate customer points excluding the current customer
point i.

The computation of attention weights considers not only the
state information of the current node but also incorporates the
satisfaction and distance features of the target nodes, thereby
providing a more comprehensive decision-making basis for
path planning. After obtaining the attention weight âij , we
filter the candidate customer points based on the new action
and dynamically update the set of customer points reachable
by the UAV at customer point j through a mask mechanism,
ensuring the real-time nature of the path planning strategy.
In UAV path planning, the probability Pθ(at = j|st) of the
current UAV selecting the next customer point j from customer
point i at step t can be represented by the following conditional
probability distribution:

ûij = W atanh(W θ[h̄0; h̃i;W
jhij ]) (21)

Here, Ai denotes the set of customer points that are infea-
sible for customer point i, including points beyond the UAV’s
remaining battery range and already visited customer points. If
j ∈ Ai, then the probability from customer point i to customer
point j is 0, ensuring the feasibility of the path planning.

D. Model Training

To train the model more effectively, we adopt the Advantage
Actor-Critic (A2C) framework, as shown in Table II Algorithm
4.3. The update of the Actor network parameters θa follows
the policy gradient theorem:

Pθ(at = j|st) =

{
exp(ûij)∑

j∈CDS\Ai
exp(ûij)

: j ∈ CDS \Ai

0 : j ∈ Ai

(22)

where T represents the trajectory length, and the advantage
function A(st, at) is estimated by the Critic network:

A(st, at) =

T∑
k=t

γk−trk − Vθc(st) (23)

Within this framework, the actual training employs mini-
batch stochastic gradient descent, with the batch size defined
as B. The specific loss function and gradient computation
methods are as follows:

∇θaJ(θa) =
1

B

B∑
b=1

T∑
t=0

∇θa log πθ(a
b
t |sbt)(Rb − Vθ(s

b))

(24)
Here, the state feature sb encodes customer coordinates and

time windows [x, y, e, a, b, l], and logπθa(abt |sbt) is the policy
probability of the actor network selecting action ab in the
current state. Rb represents the reward obtained for the b-
th batch, which is evaluated here by the critic network and
denoted as V b. The loss function for the critic can then be
expressed as:

lossθ =
1

B

B∑
b=1

T∑
t=0

∇θ(R
b − Vθ(s

b))2 (25)

This loss function is used to optimize the parameters θc of
the Critic network, with the objective of minimizing the mean
squared error between the actual reward Rb and the value
V b
θc(sb) predicted by the Critic network.

TABLE II
ALGORITHM 4.3 MODEL TRAINING ALGORITHM

Input: Batch size B, maximum trajectory length T
1: Initialize: Reward R, initialize GRU initial state H0

2: Obtain initial state sb through environment reset,
maskb0 ← Env.Reset(B)

3: for b = 0 to B do
4: for t = 0 to T do
5: abt+1, Ht+1 ← πθa (s

b
t ,maskbt )

6: st+1,maskbt ← Env.Step(ast+1)

7: Rb ← Rb +Rb
t

8: Compute baseline value using Critic network: V b
θc (s

b)
9: Compute policy gradient and update (Actor)

dθa ← 1
B

∑B
b=1

∑Tb
t=0∇θa log πθa (a

b
t |sbt)(Rb − Vθc (s

b))
10: Compute critic loss and update (Critic):

dθc ← 1
B

∑B
b=1

∑T
t=0∇θc (R

b − Vθc (s
b))2

V. EXPERIMENTAL DESIGN AND ANALYSIS

This chapter presents a series of experiments designed to
validate the performance of the MONSNSA RL model and
evaluate its performance on the Solomon VRPTW benchmark
instances. Furthermore, we establish the key parameter settings
for the reinforcement learning module through experimenta-
tion. Building upon the task allocation method proposed in
Chapter 3, we conduct experiments from multiple perspectives
to comprehensively validate both the task allocation method
and the model’s performance.

A. Reinforcement Learning Module Performance Evaluation

To evaluate the performance of the reinforcement learning
module in the path planning task for UAV service centers,
we designed problem instances based on random generation.
We selected customer locations randomly generated within
a 100×100 area as the benchmark set, and generated time
windows of 0 20 minutes for them. All time windows were



set within the range of 8:00 to 12:00, with no restrictions on
the UAV’s flight distance.

During testing, we employed two methods to sample solu-
tions from the trained hybrid model.The first method is called
the Greedy Algorithm. Its core idea is to select the node with
the highest visitation probability at each timestep as the next
action. Although this method is computationally efficient, it
may converge to local optima. The second method is called
the Sampling Method, which independently samples multiple
solutions from the trained model and selects the sample with
the lowest cost as the final solution. By introducing random-
ness, this method can explore a larger solution space, thereby
having a higher probability of finding the global optimum.

To evaluate the computational efficiency of the model, we
measured the inference time of the reinforcement learning
model on different benchmark datasets using an NVIDIA
RTX 4060 GPU and an AMD 7945HX processor. During the
reinforcement learning training process, we performed 10,000
iterations on instances with 25 customer nodes. Among these,
random sampling was conducted with 100, 1000, and 4000
samples respectively to optimize the training results. Table III
shows the performance of different methods when handling
problems of varying scales (25, 50, and 100 nodes) in the UAV
service center path planning problem. Experimental results
indicate that as the number of samples increases, the random
sampling method demonstrates significant improvements in
both solution quality and customer satisfaction, but this is also
accompanied by a substantial increase in computation time.

TABLE III
RESULT OF RL-GREEDY AND RL-SAMPLING ON RANDOMLY

GENERATED TEST SETS

Algorithm 25 Customers
cost sat Time

RL-greedy 747.46 10.24 0.75s
RL-sampling(100) 755.23 11.13 1.24s
RL-sampling(1000) 786.09 15.38 16.40s
RL-sampling(4000) 771.31 18.10 38.08s

50 Customers
cost sat Time

RL-greedy 812.33 36.84 1.14s
RL-sampling(100) 822.54 39.04 1.64s
RL-sampling(1000) 946.74 43.00 36.72s
RL-sampling(4000) 807.41 41.38 95.35s

Figure 4 displays the schematic diagrams of route planning
generated using the RL-greedy and RL-sampling (with 1000
samples) algorithms, respectively, under the 25-node scale. In
the figures, the red cross symbols represent the base station
locations, the red dashed circle indicates the service range of
the UAV service center, and the blue lines depict the UAV
flight paths. By comparing the two figures, the differences
in route planning and customer coverage between the two
algorithms can be visually observed.

Although the path cost of the RL-sampling (1000) algorithm
is higher than that of the RL-greedy algorithm, its customer
satisfaction is significantly improved, being 43.5% higher

(a) (b)

Fig. 4. TransGRU Model.

than the RL-greedy algorithm. This result aligns with the
algorithm’s optimization objective: to maximize total customer
satisfaction while minimizing path cost where possible, rather
than solely pursuing the minimization of travel distance.
By increasing the number of samples, RL-sampling (1000)
explores a broader solution space, thereby achieving superior
results in customer satisfaction. In contrast, although the RL-
greedy algorithm offers higher computational efficiency, its
performance in customer coverage and route optimization may
be limited due to the constraints of its greedy strategy.

B. Comparative Experiments with the MONSNSA Algorithm

To validate the role of different modules in the MON-
SNSA RL algorithm, we designed a series of ablation ex-
periments. These experiments aim to evaluate the contribution
of the GRU module in the truck-drone path planning problem
by comparing the performance of MONSNSA RL noGRU,
which is the MONSNSA RL algorithm with the GRU module
removed, against the complete MONSNSA RL algorithm. The
experiments incorporate the Gaussian Kernel Density Estima-
tion (KDE) method proposed in Chapter 4 to scientifically
delineate service ranges and further verify the algorithm’s
effectiveness in larger-scale problems.

The experiments compare the following four methods:

(1) Randomly assigned center points + MONSNSA RL no
-GRU: This method selects service center points ran-
domly, using the same quantity as determined by KDE,
and performs path planning using the MONSNSA RL
algorithm with the GRU module removed.

(2) Randomly assigned center points + MONSNSA RL: This
method also employs randomly selected service center
points but uses the complete MONSNSA RL algorithm
(including the GRU module) for path planning.

(3) KDE method + MONSNSA RL noGRU: This method
delineates service center points based on KDE and per-
forms path planning using the MONSNSA RL algorithm
with the GRU module removed.

(4) KDE method + MONSNSA RL: This method combines
the KDE approach to delineate service center points and
employs the complete MONSNSA RL algorithm for path
planning.



In terms of experimental design, this study employs the
Hypervolume (HV) as the evaluation metric to comprehen-
sively assess the comprehensive performance of the algorithms
concerning path cost and customer satisfaction. Specifically,
the reference point is selected based on the maximum cost
and the minimum satisfaction observed across all test results.
The experimental dataset includes the RC201 instance from
the Solomon benchmark set, as well as the extended instances
RC2 2 1 and RC2 4 1 from the Homberger benchmark set,
corresponding to test scenarios with 100, 200, and 400 cus-
tomer points, respectively. This dataset encompasses customer
point distributions with different characteristics. The map size
is uniformly set to 100×100 to maintain consistent experimen-
tal conditions. Furthermore, soft time window constraints are
adopted, with the soft time window relaxation coefficient w set
to 0.25, simulating customer soft time windows in real-world
scenarios.

In the experimental setup, the UAV’s flight speed is set to
twice that of the truck. The configuration utilizes two trucks,
each carrying five UAVs. The unit movement cost for the
UAV is set to one-quarter of the truck’s cost, a design choice
aimed at balancing the cost-effectiveness between UAVs and
trucks.The Gaussian Kernel Density Estimation (KDE) method
is employed for the scientific delineation of UAV service
centers. Each minimal UAV service center must satisfy the
following condition: the circular area centered on the current
customer point, with a radius equal to half the UAV’s flight
endurance, must cover at least 5 customer points. The UAV’s
flight endurance is set to 15 unit distances. Each reported result
is the average of 10 independent runs.

TABLE IV
RESULT OF DIFFERENT ALGORITHMS IN LARGE-SCALE

SCENARIOS

Algorithm 100 Customers
HV Time

Random+ MONSNSA RL noGRU 0.42 1131.36s
Random+ MONSNSA RL 0.53 1204.75s
KDE+ MONSNSA RL noGRU 0.69 1242.58s
KDE+ MONSNSA RL 0.72 1283.69s
MONSNSA 0.74 1783.68s

200 Customers
HV Time

Random+ MONSNSA RL noGRU 0.37 1675.67s
Random+ MONSNSA RL 0.44 1794.34s
KDE+ MONSNSA RL noGRU 0.59 1724.95s
KDE+ MONSNSA RL 0.62 1879.18s
MONSNSA 0.66 4520.33s

400 Customers
HV Time

Random+ MONSNSA RL noGRU 0.31 3921.61s
Random+ MONSNSA RL 0.39 4230.49s
KDE+ MONSNSA RL noGRU 0.50 4102.21s
KDE+ MONSNSA RL 0.57 4631.27s
MONSNSA 0.43 -

Table IV shows the performance comparison of different
algorithms in large-scale customer scenarios, primarily evalu-

ated from the aspects of the HV metric and computation time.
As can be seen from the table, the algorithms using the KDE
method to delineate service centers, specifically KDE + MON-
SNSA RL noGRU and KDE + MONSNSA RL, demonstrate
higher HV values across all customer scales. This indicates
their ability to maintain good performance in customer popu-
lations with clustering characteristics. Particularly, the KDE +
MONSNSA RL algorithm achieves the highest HV value of
0.57 in the 400-customer scenario, proving its superiority in
large-scale settings.

In contrast, the algorithms based on randomly assigned
center points, namely Random + MONSNSA RL noGRU and
Random + MONSNSA RL, perform poorly in terms of the
HV metric. For example, the HV value of Random + MON-
SNSA RL noGRU is only 0.31 under the 400-customer sce-
nario. This indicates its ineffectiveness in adequately covering
the customer population when handling large-scale problems,
resulting in the UAVs’ inability to serve customers effectively.

It is worth noting that the MONSNSA RL algorithm
performs better in the HV metric compared to MON-
SNSA RL noGRU. This suggests that the GRU module helps
enhance the sequence modeling capability and long-term
dependency capture of the RL module, thereby optimizing
the path planning strategy more effectively. Furthermore, the
computation time of the MONSNSA algorithm is significantly
higher than other algorithms, reaching 4520.33 seconds for
the 200-customer scenario. This further indicates that the RL
module can effectively assist MONSNSA in solving path
planning problems for large-scale customer populations.

VI. CONCLUSION

This research addresses the truck-UAV collaborative deliv-
ery problem in large-scale urban scenarios by proposing a
Multi-Objective Non-Dominated Sorting Simulated Anneal-
ing algorithm combined with Deep Reinforcement Learning
(MONSNSA RL). Confronting the logistics timeliness chal-
lenges posed by e-commerce development and the limitations
of traditional delivery models in high-density urban environ-
ments, this study innovatively introduces a hybrid delivery
mode. Customers are categorized into dense and sparse types,
served by fixed trucks acting as UAV deployment centers and
trucks carrying UAVs for delivery, respectively. This strategy
effectively enhances UAV utilization and overall delivery effi-
ciency.

To further optimize path planning in large-scale customer
scenarios, this study developed the TransGRU model by inte-
grating deep reinforcement learning with an attention mech-
anism. By combining a multi-head attention mechanism and
Gated Recurrent Units (GRU), this model not only captures
spatial correlation information between different UAV service
centers but also handles temporal dependencies between sub-
sequent actions, thereby significantly improving computational
efficiency and generalization capability.

Experimental results validate the effectiveness of the pro-
posed method. When handling large-scale customer points, the
MONSNSA RL algorithm effectively reduces delivery costs



and improves customer satisfaction, demonstrating significant
advantages particularly in high-density urban environments.
Compared to traditional algorithms, MONSNSA RL shows
substantial improvements in both path planning quality and
computational efficiency, providing an efficient solution for
collaborative delivery problems in large-scale market scenar-
ios. This study not only theoretically enriches the applica-
tions of multi-objective optimization and deep reinforcement
learning but also offers new ideas and methods for practical
logistics distribution. Future research could further explore
incorporating more real-world factors (such as traffic conges-
tion, weather conditions, etc.) into the model to enhance the
algorithm’s practicality and robustness.
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