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Abstract—This paper studies how UAVs can efficiently deliver
parcels with trucks in rural areas. Due to the limited payload
of the UAVs, they can only serve the parcels under the pay-
load limitation, and the other parcels are delivered by truck.
Furthermore, the battery capacities of the UAVs are limited,
and they cannot deliver all parcels at once. The UAV will take
off from the truck to deliver parcels and then meet with the
truck to load new parcels and change the new battery for the
next trip. For UAV safety considerations, the truck must wait
at the rendezvous node for the UAV to land. Our paper aims to
deliver all the parcels as quickly as possible. Since the problem is
NP-hard, we proposed a three-stage heuristic algorithm to solve
this problem. The simulation results show that our proposed
algorithm outperforms the candidate algorithms in minimizing
task completion time.

Index Terms—Unmanned aerial vehicle, trajectory planning,
truck-UAV cooperation.

I. INTRODUCTION

Unmanned aerial vehicles (UAVs, also known as drones)
in various applications have gained more attention recently.
Unlike traditional vehicles, UAVs are not restricted by terrain
and do not require a human pilot. UAVs are fast, lightweight,
and easy to deploy. As a result, UAVs have been widely used to
support various civilian, commercial, and military applications,
including edge computing [1], data sensing and relay [2],
and UAV-assisted parcel delivery [3]. With the prosperity of
e-commerce, the logistics industry has become increasingly
important. The parcel delivery requirements have significantly
increased. Some parcels may be located at remote locations,
where the truck needs to pass obstacles, such as lakes and hills,
to reach destinations. The truck would need additional delivery
time, and fuel costs with long-distance driving will bring more
atmospheric pollution. The labor costs will also increase due
to the increasing delivery time. Thus, many researchers seek
more efficient ways to solve the delivery problem.

Some works provide joint car-sharing to deliver parcels [4].
However, the car may suffer traffic congestion and extend
the required delivery time. Since UAVs have high mobility
and low cost, UAVs have the potential to significantly reduce
the cost and time of making last-mile deliveries [5]. Many
enterprises, including Google, Amazon, and Federal Express,
have recently tried to add UAVs to their commercial package
delivery services. Some studies have used only UAVs to deliver
parcels [5], [6] . It can be seen that due to the power limitation
of the UAV, the area it can serve is limited. Furthermore,
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the UAV cannot deliver heavy parcels. Insufficient payload
and limited battery capacity make using only UAVs to deliver
parcels unsuitably. The truck has a large load capacity and
better endurance than UAVs. Trucks can serve as a mobile
depot to provide UAVs with a way to change batteries and
reload parcels, increasing UAVs’ flight range [7]. On the other
hand, UAVs can ignore most terrain restrictions and deliver
parcels, decreasing the delivery cost. Thus, the truck-UAV
cooperative delivery system seems more efficient than the
truck-only or UAV-only delivery system.

Some studies investigated leveraging trucks and UAVs to
collaborate in delivering parcels to customers [8], [9]. These
works assume UAVs can only deliver one parcel on each
flight. However, we do not need the restriction since current
UAV technology has allowed us to pick up small items,
such as vaccines and medicines, and deliver them one at a
time. So, without exceeding their load capability and battery
constraint, UAVs can carry several parcels and deliver them
in one flight [10], [11]. In this situation, UAVs save more
time between trips to and from the truck. When the UAV
can take multiple parcels, we must consider which parcels
will be delivered together. The latter problem becomes more
complicated compared to the former one. Besides using only
one UAV to collaborate with the truck, several works used
multiple UAVs to assist one truck in delivering parcels [12],
[13]. More UAVs can make deliveries faster, but scheduling
multiple UAVs makes the problem more complicated and
costly. So, it is often assumed that the truck can only dispatch
or recycle one UAV at a time.

This work considers a truck carrying a UAV and delivering
parcels in rural areas. The UAV can deliver multiple parcels
in one flight under payload and battery constraints. There are
two types of parcels. Some parcels are located where the truck
is inaccessible with terrain obstacles such as mountains, lakes,
and lanes. These parcels can only be delivered by the UAV,
which we name this type of parcel as UAV parcel (UP). The
second type of parcel can only be delivered by truck, which
we call a truck parcel (TP). Our main objective is to minimize
total parcel delivery time. The proposed scheme is composed
of three stages. First, we find a truck route to visit all the
TPs and model the route as a traveling salesperson problem
(TSP). Several rendezvous candidate nodes (RCNs) are on the
truck route for UAVs selected as take-off or landing nodes.
Second, we partition all the UPs into clusters according to
their distances and weights. Third, we choose take-off and
landing nodes from the truck route for each cluster to reduce
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the parcel delivery time. The simulation results show that the
proposed algorithm outperforms the baselines in minimizing
parcel delivery time.

The rest of this paper is organized as follows. Section II
introduces the system model and problem formulation. Section
III presents a three-stage heuristic algorithm to solve the
problem. Section IV shows the simulation results, and Section
V concludes.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

We consider a delivery network consisting of one truck with
one UAV to deliver n parcels. Let P = {p1, ..., pn} denote
the set of n parcels. As mentioned, there are two types of
parcels: the UAV parcel (UP) and the truck parcel (TP). Let
the first h parcels in P be UPs, and we name the set of UPs as
Pu = {pu1 , ..., puh}. The rest of n−h parcels are TPs, denoted
as Pt = {pt1, ..., ptn−h}. Let wi be the weight of parcel pi.
The truck will depart from the depot and deliver all the TPs
sequentially, and the truck can only travel on the roads.

On the other hand, the UAV can fly in any direction. In this
scenario, the truck can carry all parcels. However, the UAV’s
payload and battery capacity are limited. Therefore, the UAV
must take off or land on the truck to reload the parcels and
change its battery to serve all the UPs. The maximum payload
the UAV can carry is wmax, and the maximum distance the
UAV can fly is dmax. We set several RCNs along the truck
route for the UAV to take off or land from the truck. The
truck must reach the landing node before the UAV for safety
considerations. The speed of the truck and UAV are denoted
as vt and vu, respectively. In our system model, the UAV can
deliver several parcels as long as the weight does not exceed
its payload limit and its travel distance does not exceed the
distance constraint. The objective is to find the truck and UAV
routes that minimize total parcel delivery time. Fig. 1 shows
an example of the truck and UAV routes to deliver all parcels.

Fig. 1. An example of the truck and UAV routes to deliver parcels.

To solve the UAV-truck cooperation delivery problem, we
must find the UAV and truck routes to minimize the delivery
time. First, we focus on the truck route. Assume the truck

will go through some RCNs when it delivers the TPs. The
RCNs can be found when the truck route is determined. We
denote the RCNs withR = {r1, r2, ..., re}, where r1 represents
the depot, and the last position truck arrives at is re. Each
ri in R will correspond to a timestamp ti representing the
truck departure time from the RCN ri. And we denote these
timestamps as a set T = {t1, t2, ..., te}, where te is the time
all UPs and TPs have been delivered and UAV has returned
to the truck.

Second, we consider the UAV route. Because the UAV has
capacity and power limitations, it cannot deliver all UPs in
one flight. To serve all the UPs, the UAV is dispatched several
times, and each dispatched corresponds to a UAV subroute. We
denote all the subroutes as a set S = {S1, S2, ..., Sq} if the
number of subroutes is q. A subroute is a route from the take-
off node to deliver a set of UPs and return to the landing node.
Notice that the take-off and landing nodes could be different.
For subroute Sk, the take-off node’s index on R is denoted
by ok, and the landing node’s index on R is denoted by lk.
Furthermore, the UAV flying distance of each subroute Sk is
denoted by duk .

Since we assume the UAV arrives at the landing node after
the truck, the truck waiting time for subroute Sk to be served
is denoted by ak, which can be expressed as:

ak = (
duk
vu

)− (

∑lk−1
i=ok

d(ri, ri+1)

vt
), (1)

where d(ri, ri+1) is the truck travels distance between ri and
ri+1. For example, considering S1 in Fig. 1. The time for the
UAV to fly the subroute is du

1

vu
. At the same time, the truck

departs from the UAV take-off node r2 and goes to the landing
node r5, and the time it takes is

∑4
i=2 d(ri,ri+1)

vt
. So the truck

waiting time is du
1

vu
minus

∑4
i=2 d(ri,ri+1)

vt
.

When we calculate ti, we need to consider all the waiting
time at this landing node. Let zi,k ∈ {0, 1} denote whether
ri is the landing node of UAV for subroute Sk. Since an
RCN may be the landing node of multiple subroutes, we treat
them as different RCNs to represent our algorithm easily. For
example, in Fig. 1, the landing nodes of S2 and S3 are denoted
as r7 and r8, respectively. And their corresponding timestamps
are t7 and t8, respectively. We can express timestamp ti as:

ti =


0 i = 1

ti−1 + d(ri−1,ri)
vt

+
|S|∑
k=1

zi,kak otherwise,
(2)

where i = 1 is the depot, and d(ri−1,ri)
vt

is the time the truck
needs to travel from the previous RCN to the current RCN.
Note that each RCN can be the landing node of at most one
subroute.

B. Problem Formulation

Here, we aim to minimize our system’s total parcel delivery
time. In other words, we want to minimize te. The routing
problem can be formulated as follows:

Authorized licensed use limited to: National Tsing Hua Univ.. Downloaded on May 12,2025 at 15:16:15 UTC from IEEE Xplore.  Restrictions apply. 



min te (3a)
s.t. duk ≤ dmax,∀Sk ∈ S (3b)

ak ≥ 0,∀Sk ∈ S (3c)

Equation (3b) shows that UAV flying distance in each subroute
should not exceed dmax. Constraint (3c) ensures the truck
arrives at rendezvous nodes before the UAV.

To confirm our problem is an NP-hard problem, we assume
that the UAV can always perfectly rendezvous with the truck,
which means the truck will not need to wait for the UAV. The
TP locations in our problem can be mapped to the cities in
TSP. The objective of TSP is to find the minimum cost. Our
problem (3a) aims to minimize the total parcel delivery time,
equivalent to the minimum cost of TSP. Thus, TSP is a special
case of our problem. Since TSP is NP-hard, our problem is
also an NP-hard problem.

III. MINIMIZE PARCELS DELIVERY TIME (MPDT)
ALGORITHM

This section describes the proposed algorithm to minimize
the total delivery time of TPs and UPs. Several RCNs are
distributed on the roads for the UAV to take off or land on the
truck. The problem involves finding the truck route to serve all
TPs and UAV subroutes to serve all UPs. Here, we propose a
three-stage heuristic algorithm called minimize parcel delivery
time (MPDT).

In the first stage, we solve the truck routing problem. We
first determine the all-pairs shortest paths of all TPs and use
a heuristic algorithm to find the minimum traveling distance
for all the TPs. In the second stage, we cluster all UPs by
considering the distance between UPs first and then the UAV
payload limits. We construct every UAV subroute with the
clustering result in the final stage. The subroute consists of
a route of parcels’ locations, a take-off node, and a landing
node. We first determine the order of choosing each cluster’s
take-off and landing nodes. Then, we assign each cluster a
range of RCNs and select the take-off and landing nodes from
this range.

A. Truck Route Construction

In this stage, we need to find the TPs traveling order, which
is similar to TSP, except our truck does not need to return to
its starting node. Since the TSP is NP-hard, we propose the
following heuristic algorithm. First, we determine the distance
between all pairs of shortest paths of TPs. We can find the
all-pairs shortest paths by using the Floyd-Warshall algorithm
[14, Chapter 25]. The time complexity of the Floyd-Warshall
algorithm is O(|Pt|3), where |Pt| is the number of TPs. After
this algorithm, we have the shortest path and the corresponding
distance between every pair of TPs. Then, we can use a
heuristic method described in [14, Chapter 35] to solve the
TSP problem in polynomial time. The time complexity of the
heuristic algorithm is O(|Pt|2). When the truck delivers the
TPs order is determined, it will pass through several RCNs,
which is the set R.

B. UPs Clustering

Since the UAV cannot serve all UPs simultaneously, we
need to cluster UPs. The UAV will serve exactly one cluster in
one flight. We propose a two-step clustering algorithm. In the
first step, we cluster the UPs by distance. In the second step,
we divide these clusters into sub-clusters by the UP’s weight
to satisfy the UAV payload constraint. We try to separate as
few clusters as possible after the two steps. When delivering
in rural environments, some UPs may be far from the road,
which makes it take a long time for the UAV to take off from
the truck and back to the truck after delivery. Fewer clusters
mean the UAV can spend less time on round trips.

To avoid the UAV spending too much time traveling be-
tween UPs, in the first step, we cluster the UPs by considering
the distance between each other. We use k-means++ [15]
to cluster the UPs. Besides, we estimate the number of
clusters k based on the experiment result, which will show
in Section IV. The k-means++ is a variant based on k-means,
which has improved speed and accuracy in clustering. This
algorithm provides an O(log k)-competitive with the optimal
clustering. Unlike k-means chooses initial centroids randomly,
k-means++ tries to find k initial centroids, which keeps the
distance between each other as far as possible.

After the first step, we have k clusters clustered by the
distance. Due to UAV payload limitations, in the second
step, we divide every cluster into sub-clusters, such that the
sum of the UPs’ weight in each sub-cluster will not exceed
the UAV payload limit. Dividing a cluster into sub-clusters
is very similar to the bin-packing problem. The problem
becomes minimizing the number of clusters we divide. To
solve it, we apply the First-fit-decreasing (FFD) algorithm
[16]. After applying FFD for all clusters, assume we have
q sub-clusters, and C = {C1, C2, ..., Cq}. Furthermore, each
cluster in C satisfies the weight constraint.

After determining which UPs are inside which clusters, we
look for the UPs’ delivery order for each cluster. Since finding
a delivery order is analogous to TSP, we use the nearest neigh-
bor algorithm (NNA) [17] to solve the TSP problem, which
is efficient for small-size instances. After applying NNA, the
visit order of the UPs’ location in cluster Ci is denoted as set
{c1i , c2i , ..., c

f
i }, where cfi is the last UP’s location of Ci. The

UAV’s flying direction inside the cluster has not been decided.
K-means++ has an O(h2) time complexity, and FFD’s time
complexity is O(h log h), where h is the number of UPs.
The time complexity for NNA is O(h2). Therefore, the time
complexity of the two-step clustering algorithm is O(h2).

C. UAV Subroutes Construction

In stage 3, for each cluster Ci, we form the UAV subroute
Si with a take-off node oi and a landing node li. We will first
decide the order of the clusters to choose their take-off and
landing nodes. Let yi denote the centroid of cluster Ci in C. Let
gi be the index of RCN in R closest to yi and G = {g1, ..., gq}.
If the truck visits the RCN gi before RCN gj , the parcels of
cluster Ci are sent by the UAV before Cj . Therefore, Ci will
find its subroute before Cj . For ease of description, we relabel
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Algorithm 1 : Choosing Take-off And Landing Nodes
Input: Set of clusters C, Set of RCNs G that closest to the centroid

of each cluster
Output: Timestamp te

1: Initialize lb1 to 1, and rbq to e.
2: C′ ← ∅
3: for Ci in C do . Construct subroutes from i = 1 to |C|.
4: Set lbi as li−1 and rbi as b gi+gi+1

2
c’s index.

5: ai ←∞ . ai is shortest waiting time.
6: for j = lbi to rbi do
7: for k = j to rbi do
8: if ai > WT 1 then
9: Update ai to WT 1.

10: Record j as take-off node’s index oi.
11: Record k as landing node’s index li.
12: if ai > WT 2 then
13: Update ai to WT 2.
14: Record j as take-off node’s index oi.
15: Record k as landing node’s index li.
16: if ai 6=∞ then
17: Construct Si with Ci and the recorded take-off and

landing nodes.
18: C′ = C′ ∪ Ci
19: else
20: Divide Ci evenly into two sub-clusters.
21: Divide the choice range evenly into two parts.
22: For each sub-clusters, repeat lines 6 - 22.
23: Update the timestamp tα sequentially according to equation (2),

where 1 ≤ α ≤ e.
24: C = C′
25: while te is shorten do
26: for Ci in C do . Construct subroutes from i = 1 to |C|.
27: if lb

′
i < lbi or rb

′
i > rbi then

28: Set lbi as lb
′
i, rbi as rb

′
i.

29: Repeat lines 6 - 15.
30: Update the timestamp tα sequentially according to equation

(2), where 1 ≤ α ≤ e.
31: return te

Ci and its corresponding gi with the truck visiting order, for
i = 1, . . . , q. After that, C1 is the first cluster that can choose
the take-off and landing nodes to form a subroute, C2 is the
second, and so on. To guarantee all clusters have more than
one RCN to choose from as their take-off and landing nodes,
we assign a range of RCNs for each cluster to select its take-
off and landing nodes. For any cluster Ci, we set a left bound
(lbi) and a right bound (rbi) on R as the selection range. For
cluster Ci, lbi is the index of the landing node li−1 and rbi =
b gi+gi+1

2 c. We set lb1 of C1 to 1 and rb1 = b g1+g2
2 c. Assume

S1’s take-off and landing nodes are r1 and r3, respectively.
So C2’s left bound lb2 is 3, and rb2 = b g2+g3

2 c, which is 7.
Thus, C2 can choose take-off and landing nodes from the set
{r3, r4, r5, r6, r7}. For the last cluster Cq , the rbq is set to e,
which is the last index of RCNs in R.

In Algorithm 1, we construct subroute Si with the shortest
truck waiting time for each cluster Ci. We can find the shortest
truck waiting time ai in lines 6-15 for an exhaustive search
oi and li between the left bound lbi and right bound rbi.
Here, oi is set to j in line 6, and li is set to k in line 7,

respectively. Note that we can deliver UPs from c1i to cfi ,
the corresponding waiting time is WT 1 (lines 8-11), or from
cfi to c1i , and the corresponding waiting time is WT 2 (lines
12-15). The waiting time can be computed using equation
(1). After finding the shortest waiting time of a subroute,
the corresponding indices of take-off and landing nodes are
assigned to oi and li, respectively.

The cluster will split into two sub-clusters if a subroute
distance exceeds the UAV’s maximum flying distance. Since
clusters may increase during iterations, we use a new set C′
to store the clusters in line 18. In line 16, if there is a feasible
subroute that meets both constraints (3b) and (3c), we can form
the subroute Si with oi and li and insert this cluster into C′. In
line 19, if there is no feasible subroute for Ci, the cluster and its
corresponding range from lbi to rbi will be evenly divided into
two sub-clusters and two sub-ranges, respectively. Each sub-
cluster will keep splitting until we can find a feasible solution
for the sub-cluster. Once the solution is found, this sub-cluster
will add to set C′ in line 18. After completing the subroute
Si, we continue to build subroute Si+1 for next cluster Ci+1.
When we find the UAV subroutes for all UPs, we can compute
the total delivery time te by equation (2) in line 23 and update
set C to C′ in line 24.

Furthermore, we can shorten the waiting time ai of each
subroute Si after all the clusters choose their take-off and
landing nodes. First, we reset the lbi and rbi of cluster Ci
in C to the landing node’s index of subroute Si−1 and the
take-off node’s index of Si+1, respectively. Let lb

′

i = li−1 be
the new left bound and rb

′

i = oi+1 be the new right bound.
If lb

′

i < lbi or rb
′

i > rbi, it means we have more possible
combinations of take-off and landing nodes for Ci than original
ranges between lbi and rbi. Thus, we can repeat lines 6-15 to
search for a shorter waiting time ai and update Si. Once Ci
chooses new take-off or landing nodes, Ci−1’s right bound or
Ci+1’s left bound may change again, respectively. For example,
if we update Si’s take-off node, C1−1’s right bound may be
changed again. In line 25, we will repeat the process until
the last RCN’s timestamp te is not changed. We only need to
calculate those new subroutes generated by the new bounds to
save the calculation time.

After we constructed the truck route and the UAV subroutes,
all UPs and TPs can be served. The delivery completion time
is the output of Algorithm 1. The time complexity in Lines
3-22 is O(e2), where e is the number of RCNs in R. Since
the number of executions of line 25 is usually less than 10 in
our experiments, and the time complexity in Lines 26-29 is
also O(e2). The time complexity of Algorithm 1 is O(e2).
Therefore, the time complexity of our proposed algorithm
MPDT is O(|Pt|3) + O(h2) + O(e2) = O(|Pt|3 + h2 + e2).

IV. PERFORMANCE EVALUATION

A. Simulation Settings

According to Amazon Prime Air UAV [18], the UAV in
our experiments can deliver a maximum payload of 2.3 kg,
and its endurance distance is 16 km. As for the truck, it
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can travel up to 400 km with full fuel. Thus, the truck can
be assumed to finish daily parcel delivery without refueling.
Our experimental environment is an 8 km by 8 km area. The
road design references the rural terrain of the United States,
and RCNs are randomly deployed on the road. The distance
between two neighboring RCNs is a multiple of 200 m, and
the number of RCNs is set to 225. The total number of parcels
is 90. The ratio of TP sets to 30%, and UP sets to 70%. TPs are
distributed randomly on the road. UPs are randomly deployed
on the map, and the weight of each UP also follows the normal
distribution, with µ being 0.9 kg and σ being 0.45. In stage 2
of MPDT, the number of clusters k in k-means++ [15] is set
to 7 according to the elbow method. This number k is related
to the UAV endurance distance and the environment size. The
velocities of the UAV and truck are set to 50 km/hr and 30
km/hr, respectively.

Since no articles consider the same problem as ours, we
modify some existing algorithms [10], [19] as the baselines.
First, we assume all algorithms can obtain the truck route
through stage 1 of MPDT. Then, we compare the performance
of MPDT with three different algorithms: Randomized Iter-
ative best insertion (RISE) [19], Simulated Annealing (SA)
[10], and Greedy method. We first determine the UAV delivery
order of all UPs to construct the UAV subroutes for the Greedy
algorithm. We denote the RCN’s index closest to UP pui as ωi,
and Ω = {ω1, ..., ωh}, where h is the number of UPs. If the
truck visits the RCN ωi before RCN ωj , the parcel pui is sent
by UAV before puj . UAV departs from the closest RCN to the
first UP in the UAV delivery order at the beginning. It will
try to deliver the most UPs in the delivery order and land on
the last delivered UP’s closest RCN as long as the subroute
satisfies the constraints (3b) and (3c). After completing the
first subroute, we will take off from the RCN nearest the next
undelivered UP and construct the second subroute similarly.
This process will continue until all UPs are served.

For RISE and SA algorithms, we use the UAV subroutes of
the Greedy algorithm as the initial solution and then improve
the result of the UAV subroutes. We remove and insert multiple
UPs from the UAV subroutes for the RISE algorithm. The
UP can either insert into an existing subroute or let the UAV
build a new subroute to serve it. The route will be updated if
the result is better than the current result. The algorithm will
terminate until the above updating process has reached the
iteration limit. For the SA algorithm, we remove and insert
one UP from the UAV subroutes, and there are three modes
for insertion. The first two modes are the same as RISE. The
third mode is to exchange the delivery order of one UP with
another UP. The route will be updated if the result is better
than the current result.

B. Simulation Results

In this section, we compare the performance of MPDT
with the baselines. The performance is an average of 35
simulations. In Fig. 2, we show the task competition time for
different numbers of parcels. MPDT can achieve the shortest
task competition time compared to other algorithms. We can

see that the task competition time in all algorithms increases
when more parcels are in the system. However, since all the
algorithms have the same truck route, we use total truck
waiting time as our performance metric in the rest of our
simulations. The longer the truck waits, the less efficient the
algorithm is.

Fig. 2. Task completion time versus the number of parcels.

In Fig. 3, we show the truck waiting time for different
numbers of parcels. We can see that the truck waiting time in
all algorithms increases when more parcels are in the system.
MPDT can achieve the shortest truck waiting time compared to
other algorithms. The Greedy algorithm performs worst since
the UAV only returns to the RCN closest to the currently
delivered UP. When the UAV only delivers one UP, its take-off
and landing nodes are the same. And this makes the truck wait
for a long time. The SA algorithm keeps searching for a better
solution by removing and inserting. However, this algorithm
needs many iterations to get a good solution. The result of the
RISE algorithm is better than the SA algorithm. Unlike the SA
algorithm, RISE can remove at most three UPs simultaneously,
so more possibilities can be considered when inserting, and it
performs better.

Fig. 3. Total truck waiting time versus
the number of parcels.

Fig. 4. Total truck waiting time versus
UAV parcel ratio.

Fig. 4 shows the truck waiting time concerning different
parcel ratios. With a fixed number of parcels, we can see
that the truck waiting time becomes longer when the UAV
parcel ratio increases because more UPs need to be delivered.
When the UAV parcel ratio reaches 90%, the number of TPs
decreases, so the average truck path is shorter. Consequently,
the number of RCNs that the truck will pass through decreases.
With fewer RCNs, each cluster has fewer choices to construct
the subroute. So, the total waiting time of all algorithms is
close.

In Fig. 5, we show the truck waiting time concerning the
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Fig. 5. Total truck waiting time versus
number of RCNs.

Fig. 6. Total truck waiting time versus
maximum payload of the UAV.

number of RCNs. MPDT can achieve the shortest truck wait-
ing time compared to other algorithms. The Greedy method
has the worst performance. Greedy restricts the take-off and
landing nodes to the closest RCN that the UAV serves, so the
increase in the number of RCNs will not make more choices
for taking off and landing. The performance of the RISE
algorithm is better than SA since it can remove multiple UPs
at once. When the number of RCNs is small, each algorithm’s
total truck waiting time has little difference because the
number of RCNs that can be selected as the landing node and
the take-off node is limited. As the number of RCNs increases,
the gap between MPDT and other algorithms will gradually
increase. With more RCNs, MPDT has more choices of take-
off and landing nodes for each cluster, so the truck waiting
time decreases.

In Fig. 6, we show the truck waiting time for the different
maximum payloads of the UAV. The maximum payload varies
from 2.3 kg to 5.3 kg. RISE’s performance changes slightly
better when the UAV’s maximum payload increases. The
reason is that although the UAV can deliver more UPs per
subroute, the flight path inside the cluster is not planned, so the
increase in the UAV flying distance makes the truck wait for
more time. Unlike RISE, SA can exchange the delivery order
of one UP with another UP. By doing so, the flight distance
inside the clusters may be shortened, so SA’s truck waiting
time is shorter than RISE’s when the maximum payload of
the UAV increases. Compared with other algorithms, the truck
waiting time of MPDT decreases faster as the maximum
payload of the UAV increases. At the beginning of MPDT, we
used k-means++ to cluster UPs, so the close UPs are assigned
to the same cluster. This greatly reduces the possibility that
the UAV may have to fly far away to deliver the next UP.
Therefore, when the maximum payload of the UAV increases,
the UAV can deliver more UPs at one time and satisfy the
maximum flight distance limit.

V. CONCLUSION

This work studies the UAV-assisted truck for parcel delivery.
The UAV can deliver parcels to and from the truck. We
proposed a three-stage algorithm to minimize the delivery
time subject to UAV endurance distance and payload limit
constraints. First, we treat the truck delivering TPs as a TSP
and determine the delivery order by a heuristic algorithm.
Second, we cluster UPs by considering their distances and
weights. Third, we construct the UAV subroutes. We determine

the take-off and landing nodes of each subroute. Finally, the
simulation results show that our algorithm can achieve the
shortest truck waiting time compared to the baselines.
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