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To solve the bottleneck of power Internet of Things terminals in remote areas in terms of communication
interruption, energy depletion and insufficient computing power, a Space-Air-Ground Integrated Power In-
ternet of Things communication and computing collaborative optimization framework is constructed, and a
communication optimization method based on Multi-Agent Distributed Deep Deterministic Policy Gradient
(MADS3PG) is proposed. Firstly, the energy replenishment and task offloading problem is modeled as a multi-
agent Markov decision-making process, and the Actor-Critic structure of centralized training and distribut-
ed execution is used to jointly optimize cross-agent trajectories, power allocation, user association and other
strategies. Secondly, a hybrid offloading strategy and a shared result cache pool are introduced to reduce re-
peated calculations, and wireless information and energy simultaneous transmission technology are com-
bined to collaboratively execute task transmission and energy replenishment. The results showed that when
the MAD3PG was deployed in a 10km? area, the average communication throughput reached 28.65Mbps,
the minimum user rate remained at 4.12Mbps, the total system energy consumption was only 4.82kJ, the
task offloading success rate reached 99.1%, and the edge computing resource utilization rate was 85.2%. The
research method can provide a set of high-efficiency, low-energy consumption and adaptive communication
optimization solutions for the communication-empowered power Internet of Things, which is of great value
in ensuring the long-term stable operation of new power systems with new energy as the main body.

KEYWORDS: Reinforcement Learning, Agent Model, Markov Strategy, Power Internet of Things, Commu-
nication, Task Offloading
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1. Introduction

With the advancement of the "double carbon” goal,
the new power system with new energy as the main
body is accelerating. Distributed energy stations such
as wind energy and solar energy are often deployed
in remote areas. Their inherent intermittency and
volatility have brought serious challenges to the safe
and stable operation [13]. To achieve comprehensive
and accurate perception and intelligent control of all
aspects of power system generation, transmission,
distribution and utilization, the deployment of large-
scale Power Internet of Things (PIoT) has become
key [21]. The computing power and battery capacity
of PIoT devices are extremely limited, which great-
ly restricts high-computing tasks and threatens the
long-term stable operation [11, 23]. Strengthening
PIoT communication optimization and providing
solutions for its computing offloading and energy
supplement have become the key to the current de-
velopment of the PIoT. The Space-Air-Ground Inte-
grated PIoT (SAG-PIoT) uses Low Earth Orbit (LEO)
satellites and Unmanned Aerial Vehicles (UAVs) to
provide ubiquitous communication coverage and
computing resources, which can effectively make up
for the shortcomings of the ground network [18, 25].

Therefore, to solve the communication interruption
and resource waste faced by PIoT equipment in re-
mote areas, the research first builds a communication
and computing collaborative optimization frame-
work based on the SAG-PIoT architecture. Secondly,
the research uses multi-agent Deep Reinforcement
Learning (DRL) to achieve power IoT communi-
cation optimization. That is, the Multi-Agent Deep
Deterministic Policy Gradient (MADDPG) is used
to solve the UAV decision variable, and the observed
action information is used to dynamically balance
system energy consumption and task delay. The im-
proved Multi-Agent Distributed Deep Deterministic
Policy Gradient (MADS3PG) is taken to realize hybrid
task offloading and decision-making selection in the
shared mode to better improve the utilization effi-
ciency of edge computing resources in the SAG-PIoT
architecture. Although the unified modeling of hybrid
action spaces and the integration of shared cache
pools are not entirely novel paradigms in reinforce-
ment learning, the contribution of the research lies in
constructing a unified multi-agent decision-making
model for joint energy-delay optimization in PIoT,
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encompassing discrete communication mode se-
lection, continuous power control, and continuous
UAV trajectory planning. By adaptively extending
and modifying existing MARL frameworks, the study
effectively addresses this highly coupled hybrid deci-
sion-making problem. Specifically, the research pro-
poses a unified hybrid action space mapping mecha-
nism that integrates multiple heterogeneous decision
variables into an end-to-end MARL framework. Ad-
ditionally, it introduces task-oriented shared cache
pools as part of the state in MARL, demonstrating
their effectiveness in reducing redundant compu-
tations during multi-agent collaboration. The supe-
riority of research algorithms is rooted in their core
framework of "centralized training and distributed
execution”. During the training phase, the central-
ized Critic can obtain the global state and actions of
all agents, which not only effectively overcomes the
problem of environmental non stationarity caused by
policy interaction in multi-agent systems, but more
importantly, it achieves accurate credit allocation.
This enables intelligent agents to learn complex col-
laborative behaviors, rather than the short-sighted
decisions of single agent DDQN or greedy strategies,
thereby driving the system to converge towards Pa-
reto optimality. The research aims to provide a set of
efficient, reliable and adaptive communication opti-
mization solutions for the future PIoT empowered by
mobile communication technology to ensure the safe
and stable operation.

2. Related Work

Inresponse to high energy consumption and low rout-
ing efficiency in IoT wireless sensor networks, Han
et al. [7] used an improved ant colony algorithm to
optimize routing selection and find the optimal path
by optimizing transition probability and pheromone
concentration. The results showed that this method
significantly improved performance on energy con-
sumption, delay and network throughput [7]. In view
of the resource constraints of the air-ground integrat-
ed heterogeneous PIoT, Qin et al. explored the task off-
loading, and decomposed the original problem through
Lyapunov optimization, effectively reducing the ener-
gy consumption of PIoT equipment [15]. Faced with
energy consumption caused by node failures and
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route changes in wireless sensor networks supporting
the Internet of Things (IoT), Vazhuthi et al. designed
a hybrid adaptive neuro-fuzzy inference system rep-
tile optimization algorithm to identify optimal routes.
This method reduced energy consumption to 0.01J at
a thousand-level node scale [22]. To solve the power
supply of large-scale IoT nodes, Portilla et al. explored
the potential of using large-area electronic technology
to develop wireless power supply solutions, providing
atechnical path for realizing environmentally friendly
and battery-free IoT devices [14].

To optimize the efficiency of federated learning in
the wireless IoT, Chen et al. built a framework to
optimize communication efficiency and resources,
which improved model training efficiency while pro-
tecting data privacy through client scheduling and
power bandwidth allocation [3]. To analyze the en-
ergy efficiency of device-to-device communication,
Su et al. optimized UAV positioning and resource
allocation, and achieved significant improvement
in system energy efficiency under the Simultaneous
Wireless Information and Power Transfer (SWIPT)
mechanism [19]. To solve the energy consumption,
Al-Abiadetal. proposedaresource allocation scheme
that combined IoT, power allocation and computing
frequency, which greatly reduced the overall energy
consumption of the federated learning process [1].
Liu et al. coordinated the scheduling and trajectory
of multiple UAVs in IoT services through fair energy
efficiency resource optimization, ensuring the bal-
ance of energy efficiency distribution [9]. To solve
the spectrum scarcity and energy constraints, Guo
et al. combined cognitive IoT with radio frequency
energy harvesting to propose a transmission algo-
rithm based on DRL to maximize long-term uplink
throughput [6]. Na et al. analyzed the physical layer
security of UAV relay communication, and effective-
ly improved the minimum average confidentiality
rate and communication fairness by optimizing UAV
trajectories and resource allocation [12].

In recent years, research on IoT communication
optimization has mainly focused on routing, task
offloading, and energy management. For example,
physical layer energy efficiency models and wire-
less information energy simultaneous transmission
technology, multi-agent reinforcement learning, and
intelligent algorithms such as Harris Eagle and Gray
Wolf are used to achieve task offloading and power
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communications. Most work focuses more on im-
proving energy consumption efficiency and mission
successrate in static topology and stable channel en-
vironments, without taking into account real-time
decision-making under "highly dynamic topolo-
gy, random channel, and strong energy-computing
coupling”. There are challenges such as insufficient
strategy coordination under cross-layer commu-
nication coupling, weak training stability, and low
robustness in dynamic environments. Therefore, to
take into account communication fairness, energy
efficiency and task delay, a communication optimi-
zation method for the PIoT based on MADDPG is
proposed, and energy supply and task offloading are
discussed and analyzed, aiming to provide a better
reference for the development of the PIoT.

3. Design of Communication
Optimization Method for PloT

3.1. Design of Multi-agent Collaborative
Framework for SAG-PIoT

The energy supplement of PIoT equipment is a key
bottleneck that restricts its long-term stable op-
eration in remote areas. The traditional method is
susceptible to weather changes, and its stability and
sustainability are difficult to guarantee. Therefore,
depending on the flexible and easy-to-deploy char-
acteristics of UAYV, equipped with SWIPT technol-
ogy, it provides reliable wireless power supply and
communication relay services for PIoT devices in
remote areas. Figure 1 presents the PIoT device.

Figure 1
PIoT device architecture.
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From Figure 1, the framework includes a fixed Ser-
vice Point (SP), a group of UAVs and a group of
ground PIoT devices. SP provides SWIPT services
(charging) and edge computing services for UAYV,
while UAV provides energy supplement and data re-
lay for PIoT devices.

The study assumes that the system contains M UAVs
and N PIoT devices, whose sets are expressed as
r={1,2,...M} and U={1,2,...,N}, respectively. Each
PIoT device ue U is fixed on the power facility, its
position is L =(x,, y,, z,), and the position of the SP is
L=(x,, y,, z,). Al UAV equipment flies at a fixed alti-
tude H. The total task cycle T, is divided into 7 dis-
crete and equal-length gaps, the set is T={1,2,...,T},
and the length of each time slot is J=T,,,/T. Since
0,is small enough, the position of the UAV within a
single time slot remains unchanged. Therefore, un-
der the time slot t€ T, the 3D spatial coordinates of
the UAV is presented in Equation (1) [24].

L(t) = (0(0), (1), H) - &)

In Equation (1), (x,(#),y(?)) is the horizontal coordi-
nate of UAV v. The distances between the UAV v and
the PIoT device u and the SP are D...(t) = ||Lu - Lv(t)"2
and Ds,(¢) = | Ls— Lv(t)"Z, respectively. To avoid PIoT
communication being limited by terrain, the study
considers Line-of-Sight (LS) and Non-Line-of-Sight
(NLS) transmission, and adopts the Rician fading
channel model. The channel gain £, (¢) between UAV
and PIoT devices is shown in Equation (2) [20].

hu,v(t) = L( LhLaS + 1 hnLoS) . (2)
D) VK +1 VK +1

In Equation (2), f, signifies the channel power gain
at areference distance of 1m. a signifies the path loss
index. K signifies the Rice factor. /1,  and £, ; are the
channel responses of LS and NLS components. In
time slot ¢, if the UAV transmits signals to the PIoT
device, the signal-to-interference-to-noise ratio at
the receiving end is presented in Equation (3).

Pu(t)hu(t)

/lu,vt = .
( ) ZkeV,k;:ka(z)h”’k(t) + 0-2

(6)
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In Equation (3), P (?) is the transmit power of the
UAV. P,(?) is the transmitting power of the transmit-
ter. o° signifies the additive. According to Shannon'’s
formula, the outgoing transmission rate of UAVs can
be expressed as Equation (4) [8, 2, 16].

Cu,v(t) e Wlog 2(1 + Au‘ \(t)) . (4)

In Equation (4), W is the channel bandwidth. PIoT
devices generate computing tasks within time slots,
which will generate corresponding transmission en-
ergy consumption during local calculation and off-
loading. Therefore, under the premise of satisfying
various constraints, the study jointly optimizes the
user association strategy 4={a, (¢)}, UAV transmis-
sion power P={P ()} and power allocation strategy
R={p ()} to maximize the weighted sum of the sys-
tem’s lowest average user rate and global energy ef-
ficiency. The optimization problem is expressed as
Equation (5).

.1 & 1Z -
max w:(mln?;Cm (t))+a)z(?;GEE(t)) . (5)

The objective function shown in Equation (5) bal-
ances communication fairness and system energy
efficiency goals. C¥(?) is the effective communica-
tion rate of user us in the time slot. GEE(?) signifies
the global energy efficiency of the system under the
time slot. T signifies the quantity of time slots in the
total task cycle. w, and w, are weight factors. PIoT
devices face limited network coverage, insufficient
computing power, and difficulty in energy acqui-
sition. Therefore, the research uses LEO satellites
and UAVs as aerial computing and communication
platforms to design a SAG-PIoT device architecture
[10]. Figure 2 presents the SAG-PIoT architecture.

In Figure 2, the architecture consists of LEO satel-
lites, multiple UAVs, ground base stations and mas-
sive PIoT devices. To avoid UAV collision, it is nec-
essary to ensure that its flight trajectory meets basic
constraints such as collision avoidance, speed limit
and periodic return. Considering that PIoT devices
are mostly deployed in open areas, and the channel
between UAV and PIoT devices is mainly LS, the
study uses the free space path loss model to calcu-
late the transmission energy, and uses orthogonal
frequency division multiple access to eliminate PI-
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Figure 2
Schematic diagram of the SAG-PIoT architecture.
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oT-UAV link interference [17]. Equation (6) is the
transmission rate C, () from PIoT device d to UAV
u in the PIoT-UAV link.

P ga.u(t)
O'o2

Ca,u(t) =Wuarlog2(1 + ). )

In Equation (8), W,,, signifies the channel band-
width of UAV. P} signifies the transmit power. o7 is
the noise power. g, () is the path loss index under LS.

Figure 3
The process of MADDPG algorithm.
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The core of a cache pool is the ability to uniquely
identify and quickly retrieve tasks and their results.
TaskID=(Device,y, Tasky, .Input,,;) vague task descrip-
tion can lead to cache pollution and incorrect hits.

3.2. Communication Optimization for PIoT
Based on Multi-agent Deep Learning

Considering that the decision variables faced in the
UAV collaborative process are relatively complex,
to better handle the objective function, the research
attempts to model the problem as a Markov Deci-
sion Process (MDP) and solve it based on the MAD-
DPG. Each UAV exerts as an agent, interacts with the
environment and learns the optimal strategy. The
MADDPG employs a "centralized training, distrib-
uted execution” framework. Each agent v includes
an Actor and a Critic. During the training phase, the
experience tuples (s,a,r,s") of all agents (where s, a
and s’ are the joint states, actions and next states of
all agents, and r is the immediate reward) are stored
in a shared experience pool. Data are sampled from
the pool to update the network. After training is com-
pleted, during the execution phase, each UAV agent
only needs to use its own Actor to make independent
decisions based on local observations to achieve effi-
cient distributed control. Su et al. proposed attention
loss adjustment priority experience replay and direct
attention loss adjustment priority experience replay,
using error compensation and incentive mechanisms
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to improve training performance [4, 5]. Figure 3 is a
schematic flow of the MADDPG algorithm.

From Figure 3, the MADDPG algorithm first initial-
izes the Actor-Critic and the experience pool. The
agent selects noisy actions based on observations,
interacts with the environment and stores experi-
ence. When the experience pool is full, the oldest ex-
perience will be replaced with a fixed strategy. Sub-
sequently, a mini-batch of samples is obtained from
the pool, the critic loss and the actor policy gradient
are calculated, and the network parameters are up-
dated to stabilize the training process.

To collaboratively optimize complex energy replen-
ishment and complete task offloading decisions, this
study further improves the MADDPG algorithm and
proposes to use the MAD3PG algorithm to model
and solve the mixed task offloading. Specifically, a
shared offloading strategy is designed to ensure that
each PIoT device can share the result pool data. A
structured task ID generation rule was designed
in the study, where when a PIoT device generates
a task, its task ID is defined as a triplet<DevicelD,
TaskType, DataHash>. Among them, DevicelD is
the unique identifier of the device that generates
the task; TaskType is the task type identifier, and
DataHash is a fixed length string obtained by hash-
ing the input data of the task. Only when the device
source, task type, and input data of two tasks are ex-
actly the same, are they considered to be the same
task. After the task is successfully unloaded, the se-
quence number of the task unit will be matched with
the cache pool and stored in the sequence pool based
on the matching result. The data and calculation
results of the power Internet of Things have strong
timeliness, so the study adopts an adaptive Time To
Live (TTL) setting mechanism based on task types,
which achieves better data matching and cleaning
by setting different adaptive TTL for different tasks.
The study uses a hybrid offloading strategy to ana-
lyze different situations and establish a unified cost
model for each decision considering delay and ener-
gy consumption. If the task is processed locally, the
execution delay 7% and energy consumption E},
can be expressed as Equation (7).

Sewr
loc __ loc __ co rploc -
T = JES =xa(Fa)“ T @)
d
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In Equation (7), F, is the CPU frequency of the
PIoT device. k, is the effective capacitance coef-
ficient of the chip. co signifies a constant. k is the
task generated by the PIoT device. S, and w, are the
data volume and computing density of PIoT device
tasks. The comprehensive cost of local calculation
is Costy;, = LT, + AEy;, where 1, and A, are the
weighting factors of time and energy, respectively.
When tasks are offloaded, there are two modes. One
is binary offloading. The entire task k is completely
offloaded to UAV or LEO. The total delay 77" , total

dukr
energy consumption E;"  and total cost Cos?)" of

d,
offloading to UAV can be expressed as Equation (8).

bin  __ roix comp
Td,u,k - T’d,u,k + T;,k
bin  _ pix comp
Ed,t:,k - Ed,u,k + Eu,k (€©)]

bin __ bin bin
Cost,, = AT, + AE

duk

In Equation (8), 7}, , and E;, are the transmission
delay and energy consumption. 7,;"” and E," are
edge computing delay and computing energy con-
sumption. When there is partial offloading, task £ is
divided, aproportion of data of 5, is offloaded, and the
remaining part (1-4,) is calculated locally in parallel.
Then, its total delay and total energy consumption
are T/ = max{T}% (1- f).T7, , () + T7" (f3n)} and
Ef = B (1- fo)+ EX,, (B + T (f4)} . Thecost

of partial offloading can be obtained by weighting the
total delay and total energy consumption.

To optimize the offloading problem, the goal is to
minimize the total cost of all PIoT, which is the sum
of the task processing cost and the wireless power
transmission service cost. The decision variables
include task offloading mode, offloading target,
charging request, etc. Therefore, the optimization
problem is displayed in Equation (9).

task wpt
max D> (costy™ (1) +Cost)™ (1)) . ©

tel deD

In Equation (9), @ is the set of all decision variables.
cost@(t) and Cost}7(t) are the task processing cost
and the wireless power transmission service cost.
This problem is a complex mixed integer non-con-
vex optimization problem, which is difficult to solve
by traditional optimization methods. The joint opti-
mization problem is transformed into a multi-agent



Information Technology and Control

MDP model (S, 4, P, R,y), where the state space S sig-
nifies the local observation state of the agent PIoT
device (including residual energy and channel gains
for all available UAVs) under the time slot. The ac-
tion space A4 includes the charging decision Char-
geReq, the unloading decision OffloadTarget and the
unloading mode OffloadMode, and its action a,(¢) is
presented in Equation (10).

ad(t) = {ChargeReq, OffloadTarget, OffloadMode}. (10)

The goal of all agents is to minimize the total cost, so
the reward function is taken to be the negative val-
ue of the total cost, at which time the reward is dis-
played in Equation (11).

r(t)=—(, cost;™ (t) + Cost," (1)) +Bonuses | Penalties . (17

deD

In Equation (11), Bonuses is the reward term. Pen-
alties is the penalty item. Mixed action space: The
study formalizes the mixed action space 4, of UAV
agent i as a Cartesian product: 4,=47+A4¢. The dis-
crete action space 4¢ contains task offloading deci-
sions, while the continuous action space 4¢ contains
communication power and flight speed/direction.
Considering that the action space defined by the
MAD3PG algorithm is a mixed space containing
continuous variables (transmission power) and
discrete variables (computing offloading decisions,
channel selection), the mapping mechanism is

Figure 4
Schematic diagram of MAD3PG architecture.
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studied to clarify that for each agent, its Actor net-
work outputs a continuous action vector. The first
element of the vector is directly activated by the
Sigmoid function and multiplied by the maximum
transmission power to obtain the final continuous
transmission power. Afterwards, discrete action
processing was performed, dividing the latter half of
the vector into channel selection and two parts. The
argmax function was applied to each of these two
sub vectors to achieve the mapping from continuous
output to discrete selection. The Actor network is
designed to have two parallel output heads: one uses
the Gumbel Softmax technique to output the proba-
bility distribution of discrete actions, and the other
directly outputs continuous action values (scaled to
a valid range using the tanh function). This design
unifies heterogeneous actions under the same policy
gradient update framework. Figure 4 is a schematic
diagram of the MAD3PG architecture.

In Figure 4, the MAD3PG algorithm uses the Ac-
tor-Critic framework of centralized training and
distributed execution, and outputs a value distribu-
tion in the Critic network, which can more accurate-
ly model the uncertainty of the environment. Multi-
ple parallel Actors interact with the environment to
produce experience data, which is uniformly stored
inaglobal experience pool to implement network up-
dates. To overcome the inherent training instability
ofthe MADDPG algorithm, a small coefficient 7=0.01
is used to slowly update the parameters of the target
network, i.e. 8« 10+(1-7)8' to suppress overestima-
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tion of the target Q value and reduce the oscillation = Actor network and the target Actor network is low-
of policy updates. At the same time, a delay strategy  er than that of the Critic network. Table 1 shows the
is adopted to ensure that the update frequency of the  pseudocode content of the research algorithm.

Table 1
Pseudo code content of MAD3PG algorithm.
MAD3PG algorithm
1 Initialization: For each intelligent agent i=1,..., N:
2 Initialize Actor network p, and its parameter 6,
3 Initialize Critic network @, and its parameter ¢,
4 Initialize the target Actor network p’; and its parameters 0',«—0,.
5 Initialize the target Critic network Q'; and its parameters ¢’ ;<.
6 Initialize the replay buffer D with a capacity of M.
7 for episode=1to max,, ., do
8 Initialize the environment and obtain the initial state s=(0'1,..., 0'N)
9 Initialize random noise N for exploration
10 for t=1to max,,; 4..—steps do
11 // Environmental interaction and data collection
12 For each intelligent agent i, select the action a’;=p; (0, based on the current observation o',
13 Execute the joint action a=(a_1,..., a_N) of all agents in the environment.
14 Obtain joint rewards r=(r,,..,, r) and the next state s=(0,,..., 0'y).
15 Store the experience quadruple (s, a, 1, s”) into the experience replay pool D
16 Update current status: s<—s’.
17 // Centralized training network
18 if the sample size in D is sufficient then
19 Randomly sample K samples (¢, a), ', s') from a mini batch of D.
20 for agenti=1to N do
21 // Update Critic Network
22 Calculate the next action predicted by the target netwodrk, a*=p’* (0%).
23 Calculate the target Q value: y'=ri+y*Q" (s}, a”,..., a’V)
24 Update Critic Network by Minimizing Loss Function
25 // Update Actor Network
26 // Update Actor Network with Sampling Strategy Gradient
27 end for
28 // Update all target networks
29 foragenti=1to N do
30 ¢t d+(1-D* ¢
31 @ —1*0+(1-1) * 0,
32 end for
33 end if
33 end for
34 endfor
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4. Testing and Application on
Communication Optimization
Results of PloT

4.1. Experimental Environment Parameter
Settings and Indicator Selection

To deal with the core problems such as communica-
tion interruption, energy depletion and computing
power bottlenecks faced by PIoT in remote areas, the
performance of the proposed MAD3PG power IoT
communication optimization algorithm is evaluated.
Table 2 presents the experimental parameters.

The communication physical layer modeling uses
MATLAB R2023b and NS-3 joint simulation frame-
work tobuild a simulation platform. The experimental
scenario is a power IoT deployment area in a remote
mountainous area of 10km x 10km, including 6 UAVs,
120 ground PIoT devices, one SP and one LEO. PIoT
device task requests follow Poisson arrival distribu-
tion (average 1=1.5/s). The MAD3PG is compared

Table 2
Experimental related parameters.
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with Lyapunov Optimization (LO), Robust Ener-
gy-Efficiency Maximization Resource Allocation Al-
gorithm based on Convex Optimization (ROBEEM),
Cluster Cooperative Jamming Strategy based on Im-
proved Genetic Algorithm (CCJS-IGA), Improved
Genetic Algorithm (IGA), IGWO algorithm, Indepen-
dent DDPG (IDDPG) and Multi-Agent PPO (MAPPO)
algorithms. Heuristic algorithm classes are used as a
reference for theoretical performance upper bounds,
assuming that all global and future information can
be obtained for offline optimization. They cannot en-
sure the consistency of hyperparameters with DRL
benchmark algorithms, but can ensure that the basic
parameter settings of similar algorithms are consis-
tent, such as learning rate, iteration times, etc. The
performance of the algorithm in terms of energy effi-
ciency, task offloading success rate, latency fairness,
UAV energy recovery balance and network through-
put rate is evaluated. The processing power or reward
mechanism of'the system is positively correlated with
the task load, and the average reward value can be ob-
tained at higher task throughput. To verify the robust-

Main server configuration

Node configuration

operating system
programming language
dependency library
UAV altitude

Maximum speed of UAV

Time gap interval

Total time gap length
Number of neurons per layer
activation function
Optimizer

Experience pool capacity

CPU: Intel Xeon Gold 6430
(32 cores, 2.1GHz)
Memory: 128GB

Each node is equipped with 2

Energy harvesting efficiency

0.75

Uniform distribution

Ubuntu 22.04 LTS Initial energy state Beta (3,2)
Python 3.10 Rice factor 6 dB
TensorFlow 2.15, PyTorch 2.3 Path loss index 2.2
150-250 m Task generation probability 07
20m/s Single task data volume [0.5,5] MB
1 second Calculate the number of [500, 1,509]
cycles Mcycle/bit
1,000 Initial energy of PIoT (J) [5,20]J
256 Learning rate 0.001
ReLU Discount factor 0.95
Adam Target network update cycle 100
1,000,000 Batch processing size 512
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Table 3
Parameter sensitivity analysis.

Average system energy

Hyperparameter = Test value

Hyperparameter

2026/3/55

Average system ener:
Test value £e 5y; &y

efficiency (bits/Joule) efficiency (bits/Joule)
0.01 1.65%107 0.90 1.69x10”
Learning rate 0.001 1.85%107 Discount factor 0.95 1.79x107
0.0001 1.78x107 0.99 1.85x10"
64 1.80x107 128 1.75x107
Batch Size 128 1.83x107 Number of hidden 256 1.85x107
layer neurons
256 1.85%107 512 1.81x107

ness of the algorithm and the impact of key parame-
ters on system performance, sensitivity analysis was
conducted on the learning rate and task arrival rate of
the Actor network. The results are shown in Table 3.

In Table 3, the model performing best when the val-
ue is 0.001. As the discount factor increases from
0.90 to 0.99, the system’s energy efficiency steadily
improves. The batch size of 256 achieves the best
balance between the accuracy of gradient estima-
tion and convergence efficiency, with an appropriate
model capacity of 256 neurons.

4.2. SAG-PIoT Equipment System
Communication and Transmission
Performance Analysis

Core communication performance is the primary in-

dicator to measure the effectiveness of the SAG-PI-

Table 4
Comparative analysis of core communication performance.

oT device system. The study first evaluated the sys-
tem average communication throughput rate and
the minimum user transmission rate, as presented
in Table 4. To ensure the scientific validity of the
conclusions, all performance indicators were based
on the mean of multiple independent experiments,
and p-values were calculated using a two sample
t-test compared to the research method (MAD3PG)
to quantify the statistical significance of its perfor-
mance advantages.

From Table 4, the average communication through-
putrate ofthe MAD3PG method reached 28.65Mbps,
which was 10.7% higher than that of the sub-optimal
MAPPO algorithm and 63.3% higher than that of
the traditional LO method. More importantly, the
data in the p-value column shows that MAD3PG has
extremely high statistical significance (p<0.01 or

Algorithm Average communication Mi.nir.num user trans-
throughput rate (Mbps) mission rate (Mbps)
MAD3PG 28.65 £ 041 412 +0.25

MAPPO 25.88 +0.62 (< 0.001) 3.51+0.34 (< 0.01)
IDDPG 2143 £1.15 (< 0.001) 2.15+0.51 (< 0.001)
CCJS-IGA 23.17 = 0.89 (< 0.001) 2.98 £ 042 (< 0.001)
IGA 22.56 + 0.95 (< 0.001) 2.81+045(<0.001)
IGWO 22.95+0.91 (< 0.001) 2.92 + 044 (< 0.001)
ROBEEM 18.91 142 (< 0.001) 1.88 + 0.65 (< 0.001)
LO 17.54 + 1.55 (< 0.001) 1.65 + 0.71 (< 0.001)

Rate fairness index Uplink utiliza- = Downlink utili-

(Jain’s) tion rate (%) zation rate (%)
0.95+0.01 89.5+15 92.3+11
0.91+0.02 (< 0.001) 841+21 86.7+1.9
0.78 £ 0.04 (< 0.001) 753 +£3.5 784 +32
0.85 + 0.03 (< 0.001) 80.2 +2.8 81.5+2.6
0.83 + 0.03 (< 0.001) 786+ 3.0 80.1+2.9
0.84 = 0.03 (< 0.001) 794 +£2.9 80.9+2.8
0.71 + 0.05 (< 0.001) 687 +4.2 70.2+4.0
0.67 + 0.06 (< 0.001) 65.1+4.8 67.9+45
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p<0.001) in terms of average throughput, minimum
user rate, and fairness index compared to all other
comparison algorithms. Table 5 shows the average
total task delay and task offloading success rate,
where the total task delay includes transmission de-
lay, queuing delay and calculation delay.

In Table 5, the MAD3PG algorithm compresses the
average total task latency to 85.6 ms, with latency
standard deviations of 6.8 ms and 14.2 ms for the
MAPPO and LO methods. The MAD3PG algorithm
has a task offload success rate 0o 99.1%. The p-values
in the table (all p<0.001) provide strong statistical
evidence that MAD3PG's leading advantage in these

2026/3/55

two core task processing indicators is extremely sig-
nificant. The study evaluated the single step average
decision delay and model parameter size of each al-
gorithm, and the results are shown in Table 6.

In Table 6, the MAD3PG method achieved an ex-
tremely low average decision delay of 18.5 ms, and
the p-value test (»<0.001) showed that this delay ad-
vantage is extremely significant. Traditional meth-
ods such as LO (Local Offloading) have the lowest
decision latency (5.2 ms), but this is almost at the
cost of sacrificing all communication and task pro-
cessing performance. To better evaluate the perfor-
mance of the research method, it was compared with

Table 5
Comparative analysis of task processing performance.
e, | St | el Wl | oS00 S
tasks (%) (%)
MAD3PG 85.6 +3.5 99.1+0.2 09+02 215+ 0.2 785+2.1
MAPPO 1024 + 6.8 (< 0.001) 97.8 + 04 (< 0.001) 22+04 26.8+ 04 732+ 3.5
IDDPG 145.2 +10.1 (< 0.001) 92.3+0.9 (<0.001) 77 +0.9 38.1+ 0.9 61.9+51
CCJS-IGA 1217 + 8.5 (< 0.001) 95.6 + 0.6 (< 0.001) 44 +06 31.5+ 0.6 68.5+4.2
IGA 128.9 £9.2 (<0.001) 94.9 + 0.7 (< 0.001) 51+0.7 33.2+ 0.7 66.8 £4.6
IGWO 124.5 + 8.8 (< 0.001) 95.2 + 0.6 (< 0.001) 48+06 324+ 06 676+44
ROBEEM 168.3 +12.5 (< 0.001) 88.7 +1.2 (< 0.001) 11.3+1.2 453+1.2 547 +6.2
LO 179.6 +14.2 (< 0.001) 86.5+ 1.5 (< 0.001) 135+15 496+ 1.5 504 +6.8
Table 6

Analysis of online computational complexity and decision latency.

Algorithm Average Decision Delay (ms)
MAD3PG 185+1.2
MAPPO 21.2+18
IDDPG 158+11
CCJS-IGA 357+25
IGA 41.3+31
IGWO 389+29
ROBEEM 554+ 45
LO 52+0.5

pvalue (vs. MAD3PG) Model parameter quantity

(in millions)

- 1.85
<0.05 2.10
<0.05 1.25
<0.001 173
<0.001 1.56
<0.001 1.89
<0.001 1.64

<0.001 131
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Table 7
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Comparative performance of different communication optimization algorithms.

Indicators MAD3PG | DDPG D3QN
Avg. System
Throughput (Mbps) 28.65 26.50 25.15
Avg. Task Processing 856 085 oo
Delay (ms)
Total System Energy
Consumption(kJ) 482 5.58 6.21
Task Offloading 99.1 08.2 o4

Success Rate (%)

Dueling Double Deep Q-Network (D3QN), Kalman
Filter based Adaptive Data Rate (KF-ADR), Deep
Deterministic Policy Gradient (DDPG), Adaptive
Scheduling Algorithm based on Multi Population
Co evolution (AS-MPCA), Hybrid CNN-LSTM with
MOIBO optimization (MOIBBO-CNN-LSTM), and
Chaos and Elite Reverse Learning Enhanced Spar-
row Search Algorithm (CERL-SSA) was compared,
and the comparison results are shown in Table 7.

In Table 7, the MAD3PG method achieved the high-
est average system throughput (28.65 Mbps) and task
success rate (99.1%), while minimizing delay (85.6
ms) and energy consumption (4.82 kJ). The DDPG
method exhibited a 15% increase in latency and a 16%
increase in energy consumption, highlighting the per-
formance penalties associated with the lack of direct
collaboration. The D3QN method with discrete action
space performed poorly in continuous control tasks,
with alatency of 29% higher than the MAD3PG meth-

CERL-SSA AS-MPCA | MOIBBO-CNN-LSTM KF-ADR
21.50 20.88 1940 16.25
135.8 1421 1554 180.5
5.90 6.85 7.52 8.10
94.5 95.1 92.0 88.6

od. To evaluate the fairness of different algorithms in
resource allocation more deeply and intuitively, the
study further calculated the distribution of cumu-
lative service volume obtained by all PIoT devices
throughout the entire simulation cycle. The research
algorithm was compared with three benchmark al-
gorithms: Random, Greedy, and Double Deep Q-Net-
work (DDQN). The results are shown in the Table 8.

In Table 8, the MAD3PG algorithm performs the
best in overall service level and balance, with the
highest average service volume (85.2) and the lowest
standard deviation (5.8) and coefficient of variation
(0.068) among all algorithms, indicating its high and
extremely uniform resource allocation efficiency. To
more intuitively evaluate the fairness of different
algorithms in resource allocation, the cumulative
service distribution obtained by each PIoT device
throughout the simulation cycle was studied and
statistically analyzed, and Table 9 was obtained.

Distribution Statistics of Cumulative Service Volume for PIoT Devices Under Different Algorithms.

Table 8
Statistical Metric MAD3PG
Mean Service Volume 85.2
Median Service Volume 84.5
Standard Deviation 5.8
Coeflicient of Variation 0.068
(Min Service Volume 721
Max Service Volume 96.3
Jain’s Fairness Index 0.991

DDQN Greedy Random
76.5 68.3 45.1
75.0 62.1 44.8
12.3 18.9 15.5

0.161 0.277 0.344
554 30.5 10.2
98.1 1057 80.3

0.953 0.902 0.856
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Table 9
Distribution statistics of cumulative service volume of PIoT devices under different algorithm.
Non statistical indicators MAD3PG
Average service volume 85.2
standard deviation 5.8
coefficient of variation 0.068
Jain's Fairness Index 0.991

In Table 9, the service standard deviation and coeffi-
cient of variation of MAD3PG algorithm are the low-
est among all algorithms, and Jain's fairness index is
the highest, which proves that through collaborative
strategy, it achieves optimal resource allocation fair-
ness while pursuing overall system performance, ef-
fectively avoiding the "Matthew effect”.

4.3. System Resource Utilization and
Application Robustness Analysis of
SAG-PIoT Equipment

Efficient resource utilization is the key to reducing
system operating costs and improving service capabil-
ities. The study evaluated the utilization performance
of the comparison algorithm, as presented in Figure 5.

In Figure 5(a), the MADS3PG algorithm achieves an
edge computing resource waste rate of 85.2% with a
utilization balance of 0.93, indicating that the com-
putational load is efficiently distributed to each edge
node. In Figure 5(b), the CPU cycle waste rate (4.1%)
and bandwidth resource waste rate (7.7%) shown
by the MAD3PGalgorithm were much smaller than

Figure 5

DDQN Greedy Random
76.5 68.3 451
12.3 18.9 15.5
0.161 0.277 0.344

0.953 0.902 0.856

those of other algorithms. Afterwards, the energy
consumption and transmission rate of the above al-
gorithms in the agent are compared and analyzed, as
shown in Figure 6.

In Figure 6(a), the MAD3PG algorithm consistent-
ly maintains the highest value, peaking at about
1.92x10%%, significantly outperforming MAPPO
(1.75x10°%) and CCJS-IGA (1.68x10°%). The en-
ergy efficiency of the ROBEEM algorithm and
LO does not exceed 1.30x10°%. In Figure 6(b),
MAD3PG has the highest average transfer rate
of about 1.85x10°® bit/s, followed by MITLXPM
(1.72x10°bit/s) and MAPPO (1.68x10°bit/s), while
the IGWO, ROBEEM, and LO algorithms all have an
average rate of no more than 1.5x10°bit/s. The fun-
damental reason why the success rate of energy re-
plenishment cannot reach 100% is the endogenous
conflict between physical and service constraints,
that is, the flight time and charging time of drones
are rigid. In some extreme cases, when multiple re-
mote devices simultaneously request charging, the
drone cannot arrive before all devices have deplet-
ed their power.

Comparison results of utilization performance of different algorithms.

Bandwidth resource Resource utilization
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Figure 6
Energy consumption efficiency and transmission rate of different algorithms.
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Figure 7
Convergence performance of different algorithms in power grid transmission environment.
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Then, the convergence performance of different In Figure 7(a), the MAD3PG algorithm had the
algorithms in the power grid transmission envi- highest reward value, while the IGWO, ROBEEM
ronment was compared in two scenarios (scenario and LO algorithms converged slowly, and the MAP-
1: early morning, scenario 2: noon). The higher the PO algorithm tended to converge after reaching
cumulative reward, the better the iterative selection 200 times. In Figure 7(b), the maximum reward
decision. The results are shown in Figure 7. value of the MAD4PG MO in scenario 2 exceeded
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Figure 8
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Algorithm robustness under different numbers of PIoT devices and UAVs.
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(a) The impact of different numbers of PIoT
devices on the total system cost

200, which was faster than that of the MAPPO al-
gorithm. The CCJS-IGA and MIT-LXPM algorithm
had slower convergence speeds and lower reward
values. Later, to verify the robustness of the MAD-
3PG when the network scale was expanded, the al-
gorithm performance under different numbers of
PIoT devices and UAVs was compared. The results
are shown in Figure 8.

In the results of Figure 8(a), the growth curve of
the MAD3PG algorithm is the most stable as the
devices increase. In a high-load scenario, with
100 PoT devices, the system cost is approximate-
ly 0.9 cost units, which is significantly lower than
other comparison methods. The initial 'upward’
stage is due to the agent gradually learning how to
balance communication power consumption and
computational benefits through exploration, ef-
fectively offloading tasks to edge nodes with good
channel conditions, thereby improving energy ef-
ficiency. Entering the ’stable’ stage indicates that
the agent’s strategy has converged and achieved
Pareto optimality in energy efficiency under the
current system load and resources. In the results
of Figure 8(b), the delay of MAD3PG is about 0.9
seconds when resources are limited and there are
only 3 drones, while the average task delay of the
LO algorithm is 1.8 seconds or more. Table 10 pres-
ents the performance scalability under changes in
the number of PIoT devices and UAVs.

In the results in Table 10, when the PIoT device is
boosted to 100, the average latency of the MAD-

(b) The impact of different UAV numbers
on average task latency

3PG algorithm remains at 115.8 ms, and the unin-
stall success rate remains at 98.3%, which is better
than other comparison algorithms. As the number
of drones increased from 3 to 7, the MAD3PG in-
creased its average throughput from 19.8Mbps to
30.1Mbps, improving energy efficiency by near-
ly 50%. Average latency dropped from 132.5ms to
78.3ms, and the uninstall success rate remained at
99.5%. Afterwards, in order to better test the per-
formance of the algorithm, the complexity, stabil-
ity, and security of the algorithm in conventional
environments were studied, and a probabilistic ob-
stacle model was introduced in the simulation. The
communication link had a certain probability of in-
stantaneous obstruction, and the channel switched
from Rayleigh channel to Rayleigh channel to simu-
late the dynamic changes in channel quality caused
by small displacements in real environments, that
is, the robustness results of the algorithm in de-
graded environments. Table 11 was obtained.

As shown in Table 11, MAD3PG shows extremely
high system stability and operational safety, with
a load volatility of only 0.15, which is much lower
than other comparison methods, and its UAV col-
lision avoidance safety rate is 99.98%, indicating
that it can effectively learn safe cooperative flight
strategies and integrate safety distance constraints
into the reward function or state space. In a deteri-
orating channel environment, the MAD3PG method
proposed in the study has the smallest performance
degradation, with an average throughput decrease
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Scalability of performance under changes in the number of PIoT devices and UAVs.

PIoT Devices quantity

20

40

100

UAV quantity

Algorithm
MAD3PG
MAPPO
IGWO
MAD3PG
MAPPO
IGWO
MAD3PG
MAPPO

IGWO

Algorithm

MAD3PG
MAPPO
LO
MAD3PG
MAPPO
LO
MAD3PG
MAPPO
LO
MAD3PG
MAPPO
LO
MAD3PG
MAPPO

LO

Changes in PIoT Devices quantity

Average delay (ms)
65.1
78.3
95.2
85.6
102.4
124.5
1158
1487

1831

Offloading success rate (%)
99.8
99.2
981
99.1
97.8
95.2
98.3
95.5

90.7

Changes in the number of UAV

Average throughput
rate (Mbps)

19.80
17.20
11.50
23.55
20.81
14.12
26.78
23.95
16.33
28.65
25.88
17.54
30.15
2732

18.61

Offloading success rate (%)

97.5
94.8
82.3
98.2
96.1
84.0
98.8
97.2
85.6
991
97.8
86.5
994
98.3

87.2
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Minimum speed (Mbps)
5.81
4.95
412
412
3.51
2.92
3.05
2.24

1.83

Energy efficiency (Mbit/J)

4.15
3.21
1.58
4.91
3.90
1.85
5.52
445
2.06
5.94
4.70
2.18
6.25
5.03

2.31
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Table 11
Performance results of algorithms in different environments.
Stability and Safety in Conventional Environments Robustnfass G
environments
i System UAV
Algorithm stability collision Average Network PIoT device LAY re'turn Average Dr.or.le
. X . charging collision
index (load @ avoidance task queue | congestion dropout on-time throughput safety rate
fluctuation | safety rate length rate (%) rate (%) (Mbps) Y
rate (%) (%)
rate) (%)

MAD3PG 0.15 99.98 2.1 1.2 0.3 99.5 24.11 99.98
MAPPO 0.23 99.91 3.5 2.8 0.9 98.7 20.87 99.91
IDDPG 041 98.50 7.8 8.5 31 92.1 18.34 98.50

CCJS-IGA 0.31 99.65 5.2 4.9 1.8 96.3 19.12 99.65
IGA 0.34 99.58 5.9 57 2.2 95.8 19.05 99.58
IGWO 0.32 99.61 5.5 5.2 2.0 96.1 20.04 99.61
ROBEEM 0.52 99.12 10.3 124 4.8 90.5 20.11 99.12
LO 0.58 99.01 11.8 141 5.6 88.9 13.98 99.01
Figure ©
Benefit results of mixed unloading.
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of only 15.8%, and the unloading success rate still 3PG can effectively dynamically compensate for un-
remains at a high level of 97.5%, indicating that the predictable environmental challenges and has high-
collaborative adaptive learning mechanism of MAD-  er stability.
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To quantify the difference between the hybrid off-
loading strategy (allowing partial offloading) and the
binary offloading strategy (only local or complete
offloading), the study limited the offloading mode of
MADSPG to binary offloading (Multi-Agent Distrib-
uted Deep Deterministic Policy Gradient-Binary off-
loading, MADDDPG-BU). Figure 9 shows the benefit
results of hybrid unloading.

In Figure 9(a), the MAD3PG algorithm performed
best, with an average delay of only about 85.6ms,
which was far lower than that of the LO algorithm
(about 179.3ms). In Figure 9(b), the task timeout
rate of MAD3PG was controlled at around 1%, show-
ing extremely high reliability. The timeout rates of
ROBEEM and LO soared to about 11% and 13%, re-
spectively, reflecting their inefficiency and instabil-
ity when handling complex tasks. In Figure 9(c), the
maximum throughput of MAD3PG was 35Mbps. To

Table 12
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further analyze the scalability of the algorithm, the
performance was compared under changes in the
number of PIoT devices and drones, and the results
are shown in Table 12.

In Table 12, as the system scale expands, the per-
formance of all algorithms decreases due to inten-
sified resource competition, with the MAD3PG
algorithm studied exhibiting the best scalability.
When the scale increased from (20,4) to (60,8), the
energy efficiency of MAD3PG algorithm only de-
creased by 21.9%, far better than the 46.4% reduc-
tion of heuristic algorithm CCJS-IGA, and the task
delay increase was significantly lower than that of
the comparison algorithm. Quantitative analysis
is conducted through ablation experiments to ex-
amine the independent contribution of each core
component. The experimental results are shown in
Table 13.

Scalability of Performance under Changes in the Number of PIoT Devices and Drones.

System scale (number of PIoT
devices, number of drones)

algorithm
MAD3PG
(20, 4) MAPPO

CCJS-IGA
MAD3PG
(40,6) MAPPO

CCJS-IGA
MAD3PG
(60, 8) MAPPO

CCJS-IGA

Table 13

Average system energy Average task completion

Core component ablation experiment and statistical significance test.

Average energy

Algorithm configuration e
MAD3PG 1.85x10"
MAD3PG w/o Cache Pool 1.62x107 (p=0.008)*
MADS3PG w/o Mixed Action 141x107(p=0.002)*
MADDPG 1.29x107 (p<0.001)*

efficiency (x107 bits/Joule) delay (ms)

2.15 75.3

1.98 88.1

1.81 95.6

1.85 85.6

1.62 1024

1.35 121.7

1.68 98.2

1.39 125.5

0.97 158.3

p-value Average task p-value
(vs. MAD3PG)* completion delay (s) (vs. MAD3PG)*
1.25 4.82 85.2

1.58 (p=0.011)* 571 731
1.89 (»p=0.003)* 5.35 79.5

2.15 (p<0.001)* — —
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Note: The "p* value represents statistical signifi-
cance compared to the complete MAD3PG model,
calculated based on a two sample t-test, and p<0.05
is considered significant.

In Table 13, compared with the core benchmark
MADDPG, the proposed MAD3PG model achieved
statistically significant performance improvements
in energy efficiency and latency (p<0.001). After
removing the ’'shared result cache pool’, the aver-
age energy efficiency of the model significantly de-
creased to 1.62x107, the average latency significant-
ly increased by 0.33s, the total energy consumption
increased by 18.5%, and the edge resource utiliza-
tion rate decreased by 14.2%. This indicates that the
caching mechanism plays a key role in reducing sys-
tem energy consumption and latency, and improv-
ing resource efficiency by avoiding duplicate calcu-
lations. After removing the ‘'mixed action mapping
mechanism’, there was also a statistically significant
deterioration in performance metrics. The average
energy efficiency decreased to 1.41x107, the latency
increased by 0.64s, and the total energy consumption
and resource utilization also performed poorly. This
confirms that the hybrid action space endows intel-
ligent agents with more refined control capabilities,
which is a necessary condition for achieving high
energy efficiency and low latency decision-making.

4. Conclusion

This study constructed a SAG-PIoT multi-agent col-
laboration framework and proposed the MAD3PG al-
gorithm to optimize PIoT communication. The aver-
age communication throughput of MAD3PG reaches
28.65Mbps, and the minimum user rate is guaran-
teed to exceed 4.12Mbps. The average speed of MAD-
3PG is the highest, about 1.85 x 10%bit/s, followed by
MITLXPM (1.72 x 105 bit/s) and MAPPO (1.68 x 105
bit/s). In high load scenarios with 100 PIoT devices,
the system cost of MAD3PG algorithm is approxi-
mately 0.9 cost units, significantly lower than other
comparison methods. The hybrid offload and shared
cache mechanism makes the resource utilization rate
of edge computing reach 85.2%, which is higher than
the comparison algorithm. Although there is still a
gap in latency for some extreme power protection
and control tasks that require sub millisecond re-
sponse. However, the average single step decision de-
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lay of MAD3PG algorithm is 18.5ms, which is much
lower than the second level iterative optimization
time required by traditional heuristic algorithms,
and fully meets the real-time requirements of most
task scheduling and network resource management
scenarios in the power Internet of Things (usual-
ly in the hundreds of milliseconds). The research
method transforms complex optimization problems
into lightweight online reasoning through offline
training, ensuring high performance and practical
deployment value. In terms of research methods, the
definition of state space (such as PIoT device energy,
specific channel models), the construction of action
space (such as task offloading mode for power data),
and the weights of each component in the reward
function are all tailored to solve SAG-PIoT commu-
nication optimization problems. The multi-agent
DRL method (MAD3PG) used for collaborative op-
timization of trajectories, resource allocation, and
discrete service selection under centralized training
and distributed execution paradigms, especially its
idea of handling mixed action spaces and learning
collaborative mechanisms through shared resource
models, is universal. It can be adapted to other multi
robot or distributed resource management scenarios,
such as smart logistics, smart agriculture, or public
safety networks. The fundamental reason for the
superior performance of research algorithms lies in
the deep application of multi-agent reinforcement
learning theory to overcome the key challenges of
collaborative decision-making. The “centralized
training, decentralized execution” framework allows
each agent to evaluate joint actions using global in-
formation during training, effectively solving the
problem of environmental non stationarity caused
by policy changes of other agents. This enables intel-
ligent agents to escape from local optima and learn
true global collaborative strategies, thus achieving
breakthroughs in throughput and fairness. In addi-
tion, the DDPG mechanism enables precise control
of continuous variables such as drone position and
power, endowing the algorithm with high robustness
in dynamic environments and ensuring its superior
performance and scalability.

Although the study has verified the effectiveness of
the algorithm, there are still some limitations and ar-
eas for improvement: firstly, the simulation environ-
mentis relatively idealized and fails to fully consider
the complex electromagnetic interference, weather
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changes, multipath fading and other channel effects
in the real physical world, and lacks a collaborative
obstacle avoidance mechanism between unmanned
aerial vehicles. Secondly, the system design ignored
the data synchronization latency and overhead in
real networks, and did not delve into data security
and privacy protection issues in depth. Again, the
scalability and deployment strategy of the algorithm
in larger or heterogeneous drone clusters need to be
validated. Therefore, future research will focus on:
1) constructing channel and energy consumption
models based on measured data, or building semi
physical simulation platforms for verification; 2) In-
troducing lightweight messaging mechanisms such
as MQTT to achieve efficient cache consistency
maintenance; 3) Explore more scalable multi-agent
algorithms and design collaboration and reward
mechanisms for heterogeneous clusters to address
more complex real-world deployment challenges.

Appendix A
Table of Formula Symbols.

Formula symbol
L
H

t

(x (D), ¥,(0))
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Meanwhile, integrating richer dynamic informa-
tion into the state space is expected to significantly
enhance the decision-making foresight and strat-
egy robustness of intelligent agents. For example,
introducing historical channel information will
transform intelligent agents from simple "reactive”
decisions to "predictive” decisions; Perceiving the
state of neighboring intelligent agents can promote
more efficient collaboration; Accurate energy con-
sumption prediction helps intelligent agents plan
long-term tasks. However, the expansion of this
state space also brings serious challenges, with the
most direct impact being a sharp increase in the
state dimension. Therefore, how to design an in-
formation rich and learning efficient state repre-
sentation that strikes a balance between improving
decision quality and controlling training costs is a
core challenge and important direction for future
research.

Meaning

The three-dimensional spatial coordinates of UAV

Height

Time slot

Horizontal coordinate of UAV

h, (1) Channel gain between UAV and PIoT devices
bo Channel power gain at a reference distance of 1 meter
o Path loss index
K Rice factor
hys Channel response of line of sight component
h,pos Channel response of non line of sight components
A (D) Signal to interference and noise ratio of the receiving end of UAV transmitting signals to PIoT devices
P (%) Launch power of UAV
P,(0) Transmitting power of the transmitter
o’ Additive Gaussian White Noise Variance at the PIoT Device End
C,.(0 Transmission rate
w Channel bandwidth
C(t) Effective communication rate of users in time slots
GEE(t) Global energy efficiency of the system in time slots
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Formula symbol Meaning
T The number of time slots in the total task cycle
w,, 0, weight factor
C,.(0) The transmission rate of PIoT devices to UAVs
Wi Channel bandwidth of UAV
P Transmission power of PIoT devices
0, noise power
2,0 Path loss index under line of sight
L(69) The loss function of Critic network
Tl Delay in task execution
Ej¢ Energy consumption of tasks
F, CPU frequency of PIoT devices
K, Effective capacitance coefficient of chip
co Constant
k Tasks generated by PIoT devices
S, The data volume of PIoT device tasks
Wy The computational density of PIoT device tasks
Cost s The comprehensive cost of local computing is
A Time weighting factor
A Energy weight factor
T Total delay of task offloading to UAV
Ej, Total energy consumption of task offloading to UAV
Th Transmission delay
Ef. Transmission energy consumption
T Edge computing delay
Egme Edge computing energy consumption
(O] The set of all decision variables
costk(r) The cost of task processing expenses
Cost) 7 (1) Cost of wireless power transmission service
ChargeReq Charging Decision
OffloadTarget Unloading Decision
OffloadMode Uninstall mode
a,t) The actions of intelligent PIoT devices
Bonuses Reward items
Penalties Penalty term
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