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Abstract: With the growth of maritime activities, the
number of computationally complex applications is growing
exponentially. Mobile edge computing ( MEC) is widely
recognized as a viable option to address the substantial need
for wireless communications and compute-intensive
operations in maritime environments. To reduce the
processing load and meet the demands of mobile terminals
for high bandwidth, low latency and multiple access, MEC
systems with unmanned aerial vehicles (UAVs) have been
proposed and extensively explored. In this paper, a maritime
MEC network that employs a top-UAV (T-UAV) for task
offloading supported by digital twin (DT) is considered. To
explore the task offloading strategy employed by the edge
server, the flight trajectory and resource allocation strategy
of the T-UAYV is studied in detail. The objective of this study
is to minimize latency costs while ensuring that the energy of
the T-UAV is sufficient to fulfill services. In order to
accomplish this objective, the joint optimization problem is
described as a Markov decision process ( MDP) . To
overcome this problem, the priority-based reinforcement
learning ( RL ) algorithm for computation offloading and
trajectory planning ( PRL-COTP ) is developed. The
simulation results demonstrate that the proposed approach
can significantly reduce the overall cost of the system in
comparison to other benchmarks.
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0 Introduction

During the past several years, the development and
the utilization of maritime resources have led to
unprecedented prosperity, giving rise to innovative
applications such as intelligent port marine monitoring
systems and maritime rescue'''. To keep up with the
rapid development of emerging maritime applications,

Received date; 2024-02-09

there is an urgent need for wireless communication and
computing systems that provide less delay and optimal
dependability. Among current methods of
communication, satellite communications are expensive
and time-consuming, while land-based base stations
provide only limited access”'. Furthermore, the non-
fixed operating area of maritime users (MUs) creates a
significantly  different communication environment
compared to land-based users, which includes long-
distance communication and unstable channels'®. To
tackle these challenges, it is crucial to employ maritime
communication systems that can effectively manage big
data, guarantee high-speed data transmission, and
maintain a low operational cost.

Mobile edge computing (MEC) has been recognized
as a viable and efficient solution for fulfilling computing
needs in resource-constrained and time-sensitive
environments. MEC improves system capabilities by
strategically positioning servers near the network edge,
reducing communication distance and latency. With the
increasing popularity and ease of deployment of
unmanned aerial vehicles (UAVs) '™ | integrating UAVs
into MEC is considered a prospective approach to
constructing maritime MEC systems'® .

The main advantage of using UAVs in MEC is that
UAVs can establish line-of-sight (LoS) connections with
sea terminals, which has the potential to improve network
performance. In addition, UAVs are also suitable for a
wide range of operational environments due to their
flexibility and ease of deployment. UAVs can improve
the communication speed by adjusting their distance from
maritime terminals through effective trajectory planning.
Peng et al. "' utilized the feature of UAVs to maximize
the number of connected edge devices. However, UAVs
have limited energy capacity and require energy
management strategies to extend their service time. Lin
et al. "® considered the energy efficiency of the UAV-
assisted MEC and proposed a deep Q-network (DQN)-
based reinforcement learning ( RL )  approach.
Meanwhile, the concept of the digital twin ( DT) has
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emerged as a significant technique for the 6G era. The
virtual model generated by DT contains the capability to
accurately represent physical entities within the network
and actively observe the overall network’ s condition in
real-time. The combining of DT and MEC enables the
task offloading module in MEC systems to obtain the
operational status of MEC servers without requiring
continuous interaction with the real-time environment'”
Zhang et al.'" utilized DT to describe the
communication of vehicles and develop a social model.
Sun et al. """ utilized DT technology in Internet of Things
(IoTs) to achieve a dynamic balance between computing
energy consumption and communication energy
consumption in industrial production.

The preceding discussion has demonstrated the
significant value of combining DT and UAV-MEC. We
concentrate on the task offloading problem in maritime
MEC assisted by a top-UAV (T-UAV). We use deep
reinforcement learning ( DRL ) for task offloading
management to minimize total latency. The main
contributions can be summarized as follows.

1) We explore the concept of a UAV-assisted
maritime MEC network with DT framework. Equipped
with a MEC server, the T-UAV in our system provides
computing capabilities to MUs with time-sensitive tasks.

2) We propose a DRL algorithm, i.e. , the priority-
based reinforcement learning ( RL ) algorithm for

computation offloading and trajectory planning, named
the PRL-COTP algorithm to handle the task offloading
and trajectory planning problem of the T-UAV, ensuring
that all tasks of MUs can be successfully completed while
minimizing the overall service latency and improving the
overall work efficiency.

3) The simulation experiments show that the PRL-
COTP algorithm is highly effective in providing task
offloading services for MUs. In terms of total time
latency and convergence, the PRL-COTP algorithm
outperforms other benchmark algorithms.

1 System Model

As shown in Fig. 1, we propose a UAV-assisted
maritime MEC network assisted by DT that can fulfill the
requirements of MUs’ tasks. We assume that all the MUs
move freely within the coverage range of the T-UAV,
and their positions are randomly distributed. Each MU
has a task to offload that is divisible and computation-
intensive during each time slot. The T-UAV provides
both split-mission, communication and computing
services to all MUs, allowing for efficient coordination
and collaboration among all parties involved. The
utilization of digital representations of UAV, MUs and
other components in the DT layer serves to augment the
system’ s dynamic operational capabilities.
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System model of DT assisted maritime MEC networks
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1.1 Network model

We investigate a UAV-assisted maritime MEC
network with DT framework. Due to the limited
processing power of the T-UAV, we assume that the
T-UAV will only be able to connect to one MU at one
time slot'"?! and the connections follow the constraint:

2] a (0)=1, (1)
wherei € 7= {1,2,---,I} denotes the set of MUs; k
denotes the T-UAV; «, (t) indicates the MU i’ s
connection established with the T-UAV.

The position of MU i at time slot ¢ is denoted as
q.(t)=[x,(t), y,(t), 0] and the position of T-UAV at
time slot ¢ is denoted as ¢,(¢) = [x.(?), y.(#), H],
where H is the height of T-UAV. The distance between
MU ; and T-UAV at time slot ¢ is calculated as

di,k(t): qu(I) _q,'(t) Hz’ (2)

where | -| is the Euclidean norm of a vector.

The flight direction of T-UAYV is determined as 6 €
(0, 27 ], and the flight speed v is determined asv € [0,
v__]. We can calculate the location at next time slot as

x(t+1)=x(t)+v(t) ™ cos(0(1) ), (3)

y(t+1)=y(t)+v(1)™sin( (1)), (4)

where 1™ is the flight slot length of T-UAV.
1.2 Resource model

The demand for different task resources is increasing
as the types of tasks for marine equipment become more
diverse. The topology of the MEC network and the
distribution of resource access requests will become more
complicated and dynamic. It is essential to ensure the
best performance and reliability of the whole system.
This paper focuses on optimizing the storage resources of
T-UAV to ensure that they meet the requirements of each
task and are capable of handling task offloading demands.

The task created by MU i is modelled as a tuple {s,,
¢c,} , where s, means the whole data size needed to be
processed and ¢, represents the CPU cycle quantity
required. The T-UAV creates resource allocation choices
based on the task information received from the MU,
with each decision containing the flight direction, the
flight speed, the offloading ratio, and the computing
resource allotted to the MU. We use {C;",C;"} and {C",
C:*} to denote the T-UAV’s and the MU i ’ s computing
resource and cache resource. For the offloading ratio of
each MU ¢, we have the constraint ;

Bi(1) + B (1) =1, B(1), B (1) e [0,1], (5)

where B°(¢) and B(t) denote the offloading task
proportions calculated by MU i and the T-UAV
respectively.

Considering that the data size of all tasks should not
exceed the maximum load of the T-UAV during
offloading, we have

2 @ (BT (Ds(0) < ¢ (6)
1.3 DT model

In this paper, we examine two distinct forms of
DTs, namely twin MUs and twin T-UAVs. The purpose
of these DTs is to keep the raw information from each
network member and to monitor the present operational
condition of the network.

DTs are virtual clones of their physical counterparts,
with whom they interact in real time. DTs are used to
adjust the network architecture of the MEC system in
response to current environmental conditions. There is a
certain degree of estimation bias with respect to the real
values of the physical entity and the values represented by
the DT.

Similar to Ref. [9], the bias of DTs is denoted by
a stochastic variable. The DT models D" and D, ™" for
MU ¢ and T-UAV can be formulated as

DM(1)=O(C(1),C(1)) Vied, (7)
DI (1) = 0(Cr (0, E7(1) (8)

where C:°(t) denotes the variation in CPU frequency

between MU j and its DT; C{°(¢) denotes the variation in
the CPU frequency between the T-UAV and its DT;
O(-) denotes the actual value following the interplay
between the estimated value of the ideal model and the
deviation affected by the DT model.
1.4 Communication model

We suppose that the MU ¢ and the T-UAV establish
communication via a wireless link that exhibits LoS
features while performing task offloading' "', and that the
FDMA protocol is used to send data between them'''.
Using the free-space path loss model for the channel
power gain h, (t) that connects the MU i and the T-UAV
delivers the following description ;

5 2 P

e PROEPTRY
where p,, is the power received at a distance of 1 m for the
transmission level of 1 W in the free-space path loss
model.

Based on the Shannon ’ s capacity'”, the
communication uplink rate R, (¢) from MU i to the
T-UAV can be calculated as follows:

hi,k(tz)Pi) ’ (10)
ag

Ri,k(t) :Bi,k(z)Ing(l +
where B,,, P, and o’ denote the spectrum resource
allocated to MU i by T-UAV, the power of the
transmission at the MU i and the noise power at the
T-UAV, respectively.

1.5 Delay analysis

The computing task is first determined to decide
whether to solve it locally or partially send it to T-UAV
for computation. Considering the tiny amount of task
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results’ size, we ignore the transmitting delay of the
calculation results to MUs.
1.5.1 MU transmiting to T-UAV delay
The transmitting delay from the MU i to the T-UAV
can be given by
B (1), (1)
T' (t)=—— 11
0= (11)
1.5.2 MU computing delay

Considering the part of the task to be computed
locally, the estimated MU computing delay for the
completion of the task is given by

B e(D)
()=t (12)
C(1)

According to Ref. [16], we use AT;°(¢) to denote
the MU computing delay difference between the actual
value and the DT estimate, and it is calculated as
follows ;

B e, (1)C (1)
AT = S T ()
Ci' (Z) [Cz (t) _Ci (Z) ]

The computing delay for local execution of MU i is
T (1) =T (1) + AT (1). (14)

1.5.3 T-UAV computing delay
Similar to MU, the estimated T-UAV computing
delay can be described as

B¢ 1)
RO

(1) (15)

The delay in T-UAV’ s computation between the actual
value and the estimated DT is defined as

B (1), (1) C(1)
ROIRORENGN

Finally, the total computing delay for local
execution of MU i to the T-UAV is expressed as

Ty (e) =T (0) + AT (1). (17)

AT (1) = (16)

Considering the parallel execution of the local and
remote T-UAV computing, the overall delay is the
maximum value between the local and remote
computations. It can be denoted as

T.(t) = max{T7,(¢) ,T7(¢) + T (e) . (18)

1.6 UAYV energy consumption analysis

Controlling energy consumption is essential to
extending the service period of the T-UAV since battery
capacity is limited.
1.6.1 Flight energy consumption

According to Ref. [ 17], we denote the flight
energy consumption by

EX(t)=¢lo(i) I, (19)

where ¢ = 0. 5M, ™ ,M, means T-UAV’ s weight, and ¢"
means the time consumed by the flight.
1.6.2 Computing energy consumption
In this paper, we use k(C")” to denote the CPU
energy usage in T-UAV'"™ . And the computation of the
energy consumption E,"(¢) is described as
E(1)= X e, (Ox(CO) T, (20)
iel
where k represents the effective switched capacitance, and
it varies with different CPU architectures.
1.6.3 Transmission energy consumption
The T-UAV’ s receiving energy consumption when
receiving task data from MU i, denoted as £} (¢) , can be
provided by
, - PiB (1)s.(1)
EX() = X a, ()PPT ()= Y, ———2, (21)
R, (1)
where P is the received power of the T-UAV.
The total energy consumption of the T-UAV is

E(1)=EX(1) + EL(n) +EP(0). (22)

iel ied

On the basis of the details given above, we can
compute the remaining energy of the T-UAV in the
following time slots as follows:

E:»ml(t + 1) =E:)m1(t) _ Ek(t) s (23)

total

where £ () is the T-UAV’ s remaining energy.
1.7 Problem formulation

We jointly optimize the T-UAV trajectory 6 and
velocity v, as well as the communication resource
management parameters &, ,, B, and B}, to minimize the
processing latency for all MUs. The optimization problem
is formulated as

P, min T.(t 24
i ’
00 (1) (0. 7y Gy
B B

Constraint 1 s.t. Y, o, (1) =1,
=
2 6(1) e [0
3 0(1) € [0,0,,],
Constraint 4 E™(1) = E, (1),
5 Bi(1) +Br(1)=1,
D o (DBF(1)s(1) < ),

ied

Constraint 7 D?IU(t)= @(C‘;’(t),b;"(t)) ,Viel,

’211-) ’

Constraint

Constraint

Constraint

Constraint 6

Constraint 8 D" (1) =0O(C(1),C (1)) .

Constraint 1 guarantees that the T-UAV can only serve
one MU at one time slot; Constraints 2 and 3 indicate
the angle range and the speed range within which the
T-UAV can fly; Constraints 4 means that the energy T-
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UAV cannot be empty at every time slot; Constraint 5
represents the sum of the parts processed by T-UAV
and MU is a complete task; Constraint 6 ensures that
the size of the task offloaded to T-UAV at any time
does not exceed the storage limit of T-UAV;
Constraints 7 and 8 represent the deviation caused by
DT at each time slot.

Based on the observation of problem P , it is
evident that the connection establishment decision is
discrete, while the trajectory and computation offloading
decisions are both continuous. And the battery level also
changes dynamically in response to these decisions. This
means that problem 7, is a non-convex and mixed integer
nonlinear optimization problem, which has big challenges

for conventional methodologies. To simplify the
difficulty of solving the problem, the objective of

minimizing 2 Z T.(t) can be converted to an MDP,

ted i€l

and DRL is a powerful approach to solve it. In the
following parts, we will propose a DRL algorithm to
solve this problem.

2 Proposed Algorithm

In order to solve the problem of delayed convergence
and the difficulty of fully examining the action space, we
propose the PRL-COTP algorithm. The PRL-COTP
algorithm framework is shown in Fig. 2.

| S A 2 A
| Physical entity layer | | PRL-COTP training with DT environment |
| | | |
| | | |
: : : Actor Critic :
| | | _ |
I 1 1| Pfareet nolicy net. 7 (si+1) i I
| 1 | get policy nef Target policy net |
| : :
| | | Soft update Soft update |
I s I an =7 (sn|87) ) Update I
. . radient . .
: : : Online policy net Online policy net :
: : (S.A.R.S) : ai = (si) l :
Policy Policy

: : : gradient Update gradient Update :
: MU/ : : Optimizer Optimizer :
| | | |
| | | |
| T-UAV | | Store |
| | | (5A4RS) |
| | | |
I I | '

| riority Y o |
: : : replay memory — Mini-batch —>  Normalization :
S P J D e e e i s e e e e e s et e e s e e s e s s s i J

Fig.2 PRL-COTP algorithm framework

2.1 Principle of PRL-COTP algorithm

Based on the actor-critic (AC) framework, the deep
deterministic policy gradient ( DDPG) algorithm trains a
neural network policy function with two sub-networks,
i. e. , the double policy and the neural dynamics. DDPG
is an approach that uses the deterministic strategy 7 to
generate precise behaviors which can be described as

a,=m(s, [B7), (25)
where s, represents both the state of environment and the
input for the agent; 8" denotes the parameter of actor
network in the AC framework, which means that the actor
network represents the strategy 7 of the intelligent agent.

Once deterministic actions are obtained, DDPG
employs the critic network to estimate the action value
function corresponding to 77, where the output of the actor

network is combined with the state as the critic network
input. It can be represented by

w, =0Q(s,,a, |B%),

where B8 is the critic network parameter in the AC
framework. It finally generates a value that functions as

(26)

an evaluation of the actor network’ s output by executing
mathematics on the action and state combinations.

In DDPG, the networks of actors and critics are
constructed independently, and their respective target
networks gradually converge towards the online network
through a soft update mechanism. The update equation
can be formulated as

w<—T0+ (1l -1T)ow, (27)

where 7 € (0,1) denotes the update rate of the network ;
w is the parameter in the neural network. In the actor
network, @ =87 ; in the critic network, o = 8°.

The design of the objective function follows the
deterministic policy gradient theorem, which can be
expressed in the following formula;

Ved =E [ V:0.(5,,7(5,)) ]
=E o, [V:0(s,ap°)

S Y oGal B
=y X V0G.al B9

.&=slz,(t:ﬂ(x,|B7)]

mery V(s 1 B[, (28)

where »™ denotes the distribution of s,. The ultimate
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objective is to use 7 to determine the action « that
maximizes the value Q(s,a).

The target of updating the DDPG network is the
minimization of the loss function, which is represented as
the MSE formula.

1 &
L= 2 (0 = QCsia, 1 B (29)

where Q"' =r, + yQ (s,.,,m (s,1 87 ) 1 B* ) denotes
the updating of the target; r, denotes the reward.
2.2 Prioritized experience replay

An effective approach to optimize the performance
of the DDPG algorithm is to establish an experience pool
and use the experience replay technique to randomly
extract samples from the pool. This random selection can
reduce the likelihood of dependencies and correlations
between experiences, which can help the algorithm
converge more quickly.

In this paper, we present the prioritized experience
replay technique, which involves selecting samples
based on their priority rather than using random selection
in experience replay. Unlike traditional DRL methods
that employ an array to retain the agent’ s interactions
with the environment, we use SumTree "’ as the data
structure for storing these experiences. Due to this
specific design, each experience has a priority, which
will be ordered based on priority during the random
sampling process.

According to our approach, a sample is more likely
to be chosen for neural network parameter updates if it
has a greater loss value. The probability of selecting a
sample P(j) can be mathematically expressed as

N . .
P(J)=7,E,V]€], (30)
P;

J
where p; denotes the probability of experience; v denotes
the total quantity of prioritization used.

Through the use of this scheme, our algorithm can
achieve enhanced efficiency in the training process and
speed up the process of convergence. To address the risk
of overfitting and achieve a more balanced sample
selection, the sampling process has been augmented with
a degree of randomness.

2.3 Problem transformation

Our system model suggests that the end position of
the T-UAV at the previous time slot is the starting point
of the next time slot, indicating that the T-UAV flight
trajectory exhibits Markovian characteristics.

Consequently, it is possible to optimize the trajectory of
the T-UAV using the DRL method in both the continuous
state and action spaces. In the DRL framework, the
interaction between the T-UAV and its environment is
represented by a four-tuple (S, A, R, S'), where S
represents the state ; A represents the action selected in this
state; R and S’ represent the reward obtained and the next
state when taking action A in the state S. Therefore, we
transfer the problem P, to the following modules.
2.3.1 State space

The state of our maritime MEC system contains three
dimensions, i. e., the coordinates of the T-UAV, the
coordinates of the MUs, and the task details associated
with each MU.

The state of the maritime MEC can be formulated in
a multi-dimensional space as the following vector
representation ;

S(t) = [qk(t) 7q1(t) v"'vqi(t) s
{Sl(t),Cl(l‘)%,"',%Si([),ci([)}J. (31)

2.3.2 Action space

The action can be represented as a combination of
the direction and speed of the T-UAV’ s flight, the T-
UAV’ s choice of connection to MUs, and the proportion
of tasks offloaded, and is denoted as

A)=[0(1) w(t), a, (0), -, o, (1), BT, ==, BT ] (32)

We only output 8:°(¢) inA(t) , because we could compute
BY(t) according to the constraint 8(¢) + (1) = 1.
2.3.3 Reward design

The reward r(¢) is used to estimate the effectiveness
of strategy taken by the agent. The formula (24 )
accurately determines the main value in reward. The
representation of the reward can be described as

(1) == T T(0) +p (1) +p2(0), (33)

where p' indicates that the storage space of the T-UAV is
insufficient to finish the task offloading choice; p’
indicates that the remaining power of the T-UAV is
insufficient to support the completion of all operations.
2.3.4 Training process

In Algorithm 1, the operation of PRL-COTP
algorithm depends on the input data provided by the
environment. The utilization of s(¢) as the direct input to
DNN could result in an unbalanced training set.
Consequently, we employ the min-max scaler
transformation method' ™ to process all input data,
thereby converting each element to the range of [0,1].
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Algorithm 1 Training process of PRL-COTP algorithm

Input: system state that requires to be normalized: S(¢)
Output: the optimal PRL-COTP network for MEC-offloading

1. Initialize the critic network Q and the actor network 7 with random parameters 8” and 87 ;
2. Initialize the target network through copying 87 «— 8" and 8¢« Y

3. Initialize the priority replay memory R and the mini-batch size;

4. for episode = 1, 2, ---, Edo

5. Initialize the priority replay memory R and the mini-batch size;

6 fort =1,2, -, Tdo

7 Get state and take the actiona, = 7 (s, | B7) + V;

8 Update the state s(¢ + 1) and get the reward r(¢) ;

9. Calculate the priority probability according to Eq. (30) ;

10: Store (S,A,R,S’) and priority in the replay buffer R ;

11. if R’ s size exceeds the mini-batch size then

12, Sample random mini-batch of transitions from R ;

13; Update the critic network 8”7 by minimizing the loss;

14, Update the actor policy 8¢ by using the sampled gradient;;
15; Update the total target networks according to Eq. (27);
16: end if

17. end for

18. end for

Note: a represents a random sequence with a value range of (0,1).

hidden layer consists of [ 400, 300, 50 ] neurons. The

3 Simulation and Ana|yseS learning rate for the Actor network is configured at 1 X

107", while the learning rate for the critic network is set

3.1 Experimental setup to 2x10™". In our simulation, we created a marine

This section focuses on evaluating the performance working area of 100 mXx100 m. The initial coordinates of

of the proposed PRL-COTP algorithm. The simulations the T-UAV are specified as [ 50, 50, 100 ]. The

are conducted using Python 3.7.16 and TensorFlow locations of MUs are randomly distributed within the

1.14.0. The proposed PRL-COTP algorithm uses a working area. The other related parameters are set as
neural network architecture with five layers, where the Table 1.

Table 1 Simulation parameters

Parameter Description Value
1 The quantity of MUs 4
M, /kg The weight of T-UAV 9.5
Po The channel power gain 1.42x107*
o’ /dBm The power spectrum density -100
H/m The height of T-UAV 100
K The effective switched capacitance 1x1077
™ The flight slot length of T-UAV 1
U, 7 (m/8) The maximum flight speed of T-UAV 25
ESM(0) /KI The initial energy level of T-UAV 500
s; /Mbits The data quantity of MU i [2.5, 3]
¢, /( cycle/bit) The required CPU cycles per bit [800, 1200]
C /GHz The computing resource of MU i 0.6
C’/GHz The computing resource of T-UAV 1.2
3.2 Performance analyses DDPG, using cumulative rewards as a metric. The
As shown in Fig. 3, we compare the PRL-COTP cumulative reward data indicates that all algorithms

algorithm with other benchmarks, i. e., DQN and display random behavior at first, as they lacked prior
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knowledge. This results in relatively low cumulative
rewards at the beginning of the training episode.
However, as the number of experience samples increases,
all algorithms begin to use these samples to train their
respective networks. Obviously, the total reward of all
algorithms increases gradually, and eventually the PRL-
COTP algorithm converges to the highest reward. This is
because the PRL-COTP algorithm can utilize the AC
framework to perform continuous operations, while DQN
is unable to convert continuous operations into discrete
operations. Meanwhile, the final training results of the
PRL-COTP algorithm outperform those of DQN in high-
dimensional output scenarios.

-100 |
T 150t
=3
3]
= 200
L
=
g 250f
3
Q
< =300 + — DON
— DDPG
350t . : , e
0 200 400 600 800 1000

Number of episodes

Fig.3 Accumulated reward in training process

As shown in Fig. 4, DQN exhibits a more rapid
convergence rate in comparison to the PRL-COTP
algorithm. The DQN network achieves convergence after
approximately 7 000 steps, while PRL-COTP requires
around 125 000 steps to reach convergence. The reason
for this is that DQN utilizes only two neural networks,
and the PRL-COTP algorithm needs four neural
networks. However, the PRL-COTP algorithm displays
lower loss during convergence and ultimately attains
superior performance. In summary, the PRL-COTP
algorithm performs better in complex optimization
problems while DQN is an effective choice for discrete
scenarios with low precision needs.
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Fig.4 Convergence performance in training process
As shown in Fig. 5, based on the experimental setup

of the experiment, we vary the size of the memory pool
and evaluate the effectiveness of priority memory pool by

analyzing the algorithm’s convergence. The graph
illustrates the smooth results of the processing, indicating
that the algorithm reaches a state of convergence after
around 10 000 training steps. The graph illustrates the
smooth results of the processing. Regardless of the size of
the memory pool, whether it is 8 192 or 512, the training
process can still maintain rapid convergence. Finally, we
choose 4 096 as the final size of priority memory pool
according to the experiment result.
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Fig.5 Memory pool performance in the training process

In Fig. 6, we conduct a comparative analysis of the
total average latencies related to the use of the PRL-
COTP algorithm in comparison with alternative
algorithms. Due to its foundation on the AC framework,
the PRL-COTP algorithm provides a more detailed task
offloading strategy. As the time slot increases, it is
evident that the PRL-COTP algorithm consistently
achieves the lower total average latency compared to other
algorithms. The total task process latency of our
algorithm is about 26. 7% less than that of the DQN
algorithm. The constraints imposed by discrete space
limitations cause the DQN algorithm to perform worse
than the PRL-COTP algorithm. After comparing the
results of the analyses, we can definitively determine that
the PRL-COTP algorithm is both effective and superior
for task offloading.
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Fig. 6 Performance of total latency among episode steps

In Fig. 7, we analyze the total latency when the
T-UAV has different computational resources. For the
sake of fairness, all T-UAVs operated by the algorithms
originate from the same takeoff location. With the
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exception of the local-only method, all algorithms show a
decrease in total latency when the processing resource of
the T-UAV increases and the PRL-COTP algorithm
consistently maintains the lowest total latency in every
scenario. The reason for this is that the T-UAV has a
greater  capacity for computational capabilities.
Furthermore, we observe that the PRL-COTP algorithm
consistently maintains the lowest overall latency across
every case. This result further confirms the efficiency and
the scalability of the PRL-COTP algorithm.
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Fig. 7 Performance of total latency among different computing abilities

4 Conclusions

In this work, we primarily focused on solving the
task offloading problem in maritime-UAV MEC assisted
by DT. The T-UAV was used specifically for trajectory
planning and task offloading, leading to expedited task
completion within a given time slot. With the objective
of minimizing overall latency, we proposed a DRL
algorithm named the PRL-COTP algorithm which utilized
the prioritized replay to accelerate the training process.
This algorithm effectively handled the high-dimensional
continuous action space challenge. The PRL-COTP
algorithm exceeded other benchmark algorithms in
simulation tests. With the effectiveness of this algorithm,
it is expected to be applied to various maritime work
situations in the future, and we will further investigate
adding multiple UAVs to enhance the total maritime MEC
system performance.
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