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Abstract: The detection and localization of radiation sources in urban areas present signifi-
cant challenges in electromagnetic spectrum operations, particularly with the proliferation
of small UAVs. To address these challenges, we propose the Multi-UAV Reconnaissance
Proximal Policy Optimization (MURPPO) algorithm based on a distributed reinforcement
learning framework, which utilizes an independent decision making mechanism and col-
laborative positioning method with multiple UAVs to achieve high-precision detection
and localization of radiation sources. We adopt a dual-branch actor structure for indepen-
dent decisions in UAV control, which reduces decision complexity and improves learning
efficiency. The algorithm incorporates task-specific knowledge into the reward function
design to guide UAVs in exploring abnormal radiation sources. Furthermore, we employ a
geometry-based three-point localization algorithm that leverages multiple UAVs’ spatial
distribution for precise abnormal radiation source positioning. Simulations in urban envi-
ronments demonstrate the effectiveness of the MURPPO algorithm, with the proportion of
successfully localized target radiation sources converging to 56.5% in the later stages of
training, approaching a 38.5% improvement over a traditional multi-agent proximal policy
optimization algorithm. The results indicate that MURPPO effectively addresses the chal-
lenges of the intelligent sensing and localization of UAVs in complex urban electromagnetic
spectrum operations.

Keywords: deep reinforcement learning; electromagnetic spectrum; localization; multi-UAV

1. Introduction

The electromagnetic spectrum represents a finite natural resource that has taken on
an increasingly crucial role in modern urban development [1]. As smart cities continue
to evolve and various wireless technologies and communication systems become more
widespread [2], electromagnetic spectrum monitoring and control have emerged as vital
components of urban infrastructure management [3]. To ensure the smooth operation of
smart cities, effective spectrum operations is essential for maintaining reliable commu-
nications and efficient city system operations. Such operation must also be capable of
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swiftly identifying potential sources of interference [4]. In densely populated urban areas
with complex electromagnetic environments, spectrum operations continue to face unique
challenges [5].

The rapid proliferation of small UAVs has introduced new challenges to smart city
management [6]. These devices, characterized by their accessibility, high mobility, and low
visibility [7], pose potential threats to urban airspace management and critical infrastruc-
ture security [8]. Consequently, substantial resources are being invested in developing
UAV detection and monitoring systems across various urban environments [9]. While
current systems incorporate advanced sensing technologies such as signal detection [10],
positioning systems, and artificial intelligence [11], developing rapid and robust closed-
loop perception and positioning strategies for unauthorized radiation sources (including
unregistered UAVs) in complex urban environments remains a crucial task that requires
urgent attention. Given these emerging challenges, conventional single-point or static
sensing [12] approaches are increasingly inadequate for complex urban environments. We
need a more flexible and comprehensive solution to ensure effective spectrum operations
and smart city security management.

To tackle the above challenges, we focus on multi-UAV electromagnetic spectrum
collaborative reconnaissance and countermeasures for key urban areas. The aim is to
achieve a closed-loop process of the detection, localization, and tracking of abnormal
radiation sources in complex electromagnetic environments. The contributions of this
paper are detailed as follows:

*  Advanced Multi-UAV Framework: We develop a distributed reinforcement learning
framework that enables independent decision-making while facilitating collaborative
positioning among multiple UAVs. This framework specifically addresses the chal-
lenges of radiation source detection and localization in complex urban environments.

e Innovative Algorithm Design: We propose the MURPPO algorithm, an innovative
approach that features a dual-branch actor structure to reduce decision complexity
and improve learning efficiency. The algorithm incorporates task-specific domain
knowledge into its reward function design, enabling effective guidance for UAVs
in their exploration tasks. Additionally, we develop a geometry-based three-point
localization method that leverages the spatial distribution of multiple UAVs to achieve
precise positioning of radiation sources.

*  Performance Validation: Our extensive simulations demonstrate that MURPPO
achieves a 56.5% successful localization rate in later training stages, showing a 38.5%
improvement over traditional multi-agent PPO algorithms with robust performance
in complex urban electromagnetic environments.

The remainder of this paper is structured as follows. Section 2 reviews related work.
Section 3 introduces the system model. Section 4 provides the problem definition and
analysis. Section 5 describes the proposed MURPPO algorithm. Performance analysis is
presented in Section 6. Finally, Section 7 concludes the paper.

2. Related Work

Current approaches to UAV perception and detection primarily fall into two categories,
traditional heuristic algorithms and reinforcement learning algorithms. This section reviews
key developments in both approaches and identifies existing research gaps.

2.1. Traditional Heuristic Algorithms

Traditional heuristic algorithms have demonstrated notable efficacy in specific, well-
defined environments [12]. These algorithms use specific problem information and heuristic
rules to find solutions. They incorporate concepts such as greedy strategies, local search,
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and simulations of natural processes to efficiently identify acceptable solutions for complex
problems. While these approaches are straightforward and efficient, they tend to become
stuck in local optima when dealing with complex problems and require extensive fine-tuning.

In the field of radiation source localization, significant contributions have been made
using various heuristic approaches. Abdelhakim [13] explored heuristic-based maximum
likelihood estimation for radioactive source localization. This is achieved through the
implementation of various optimization algorithms (FFA, PSO, ACO, ABC), k-sigma de-
tection method, and parameter estimation using sensor network readings, significantly
reducing computation time while maintaining localization accuracy. Yu et al. proposed
in [14] an Improved Multi-UAV Collaborative Search Algorithm based on Binary Search
Algorithm (IMUCS-BSAE), which supports multi-UAV collaborative search under UAV
energy consumption constraints, ensuring higher efficiency and stronger scalability of
the algorithm. Additionally, a Motion-encoded Particle Swarm Optimization algorithm
(MPSO) is proposed in [15], where UAV-based target search is converted into a probability-
based cost function optimization using Bayesian theory, significantly improving the search
efficiency for mobile targets.

2.2. Reinforcement Learning Algorithms

Recent years have seen major breakthroughs in artificial intelligence across fields like
reinforcement learning [16], natural language processing [17], and computer vision [18].
Meanwhile, significant progress has also been made in resource allocation, including multi-
UAV cooperative computing [19], intelligent decision-making [20], and reinforcement
learning-based optimization [21]. Additionally, artificial intelligence algorithms have
been successfully applied to radiation source sensing and localization [22]. As a key
branch of artificial intelligence, reinforcement learning has made significant strides in target
perception and detection, showing great promise in electromagnetic spectrum warfare with
several notable achievements [23].

In the context of single-agent reinforcement learning, Wu et al. [24] proposed an adap-
tive transition speed Q-learning algorithm, enabling UAVs to autonomously navigate and
plan paths for multiple search and rescue tasks in unknown environments. This is achieved
through a two-stage strategy (rapid task search and optimal path planning), enhanced state
and action space design, a composite reward function, and Q-table initialization. To address
the limitations of traditional Q-learning due to the size of the Q-table, deep Q-learning
can be employed for improvements. In [25], a multi-UAV control method based on deep
Q-learning is proposed, achieving high-precision, low-cost tracking of multiple emergency
responders in complex environments. This approach effectively addresses challenges such
as obstacles, occlusions, and measurement noise. The actor—critic reinforcement learning
algorithm [26] addresses the challenges of mathematical modeling and high-dimensional
value functions in UAV area coverage. By optimizing UAV action timing, it achieves more
energy-efficient coverage compared to traditional methods, providing a new solution for
efficient area coverage in complex environments.

In the field of multi-agent systems, Hou et al. [27] proposed a distributed collaborative
technique based on multi-agent deep deterministic policy gradient for UAV swarm search.
This approach combines scene decomposition with centralized training and distributed
execution, achieving high scalability and efficient collaboration in large-scale scenarios. It
enhances search coverage and task efficiency while significantly reducing computational
and communication resource consumption. Alagha et al. [28] developed a multi-agent deep
reinforcement learning framework for target localization under uncertainty. This is achieved
through PPO-based optimization for multi-agent decision making, a three-dimensional
action space design (search, detection, and reachability assessment), and transfer learning
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mechanisms for handling unreachable targets. Liu et al. [29] proposed a three-body coop-
erative active defense guidance law for air combat scenarios. This is achieved through a
small speed ratio perspective analysis, zero-effort-miss and zero-effort-velocity concepts,
and a sliding mode control method with overload constraints. These successful applica-
tions demonstrate the inherent flexibility and adaptability of reinforcement learning in
addressing complex problem domains.

2.3. Research Gaps and Our Approach

Compared to heuristic algorithms, reinforcement learning offers significant advan-
tages such as strong adaptability, consideration of long-term rewards, and model-free
characteristics. Reinforcement learning can automatically adjust its strategy through con-
tinuous interaction with the environment, adapting to dynamic changes. It focuses on
long-term rewards, enabling it to find optimal solutions in UAV perception and detection
problems. Additionally, this method does not rely on an explicit environmental model,
making it suitable for learning in unknown or complex situations.

A detailed analysis of existing reinforcement learning approaches reveals several spe-
cific limitations in current research. The work in [24] proposed adaptive transition speed
Q-learning, but it is constrained by Q-table size, which limits its scalability in complex
environments. While [25,28] introduced the multi-UAV control framework and multi-agent
DRL framework, respectively, both rely solely on single-point position estimation or sin-
gle UAV readings rather than utilizing multi-UAV triangulation for improved accuracy.
The approach in [26] handles high-dimensional value functions for energy-efficient area
coverage but is restricted to coverage tasks without closing the perception-localization
loop. Although [27] implemented centralized training with distributed execution, it pri-
marily focuses on reducing search overlap without leveraging multi-UAV cooperation
for precise localization. The three-body cooperative defense guidance proposed in [29]
lacks the incorporation of advanced intelligent optimization algorithms. These methods
are summarized in Table 1. Our proposed MURPPO algorithm addresses these identified
limitations through the following:

¢ Itestablishes a distributed multi-UAV collaborative perception and localization archi-
tecture to facilitate efficient cooperative operations.

¢ Itintegrates a branched actor network architecture for enhanced computational effi-
ciency while utilizing trilateration methods to exploit the spatial distribution of UAVs
for precise localization.

* it uses sophisticated reward mechanisms to ensure robust closed-loop perception and
detection.

Table 1. Comparison of different reinforcement learning approaches.

Reference  Main Contributions Key Limitations Proposed Solutions

. Adaptive  transition e Limited by Q-table size =~ Deep neural network

speed Q-learning . Only for single UAV sce- to handle large state
[24] e  Two-stage  strategy: narios spaces

rapid search and opti- Limited  state-action e Multi-UAV cooperative

mal planning space representation framework

. Multi-UAV control  * Relies solely on single- e Multi-UAV  triangula-

[25] framework point position estima- tion for improved accu-
tion racy
. . . The perception and lo- :
[26] . Handles high dimen- calization loop has not Closed-loop  control

sional value functions with real-time feedback

been closed
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Table 1. Cont.

Reference

Main Contributions

Key Limitations

Proposed Solutions

[27]

Centralized training,
distributed execution
Enhanced search cover-
age and efficiency

The focus is on reduc-
ing search overlap and
coverage, without using
multiple UAVs for pre-
cise triangulation

Cooperative triangula-
tion strategy
Optimized multi-UAV
positioning

[28]

Multi-Agent
framework
Transfer learning for
unreachable targets

DRL

Relies on single UAV
readings instead of
multi-UAV  triangula-
tion for better accuracy

Collaborative sensing
approach

Enhanced measure-
ment fusion algorithm

[29]

Three-body coopera-
tive defense guidance

Lacks intelligent opti-
mization algorithms

Adaptive DRL opti-
mization strategy

3. System Model

This section constructs environmental and UAV models. It establishes the environmen-

tal settings for critical urban areas, defines the UAV motion model, and sets the minimum

safe distances between UAVs, as well as between UAVs and obstacles to ensure operational

safety. For better readability, Table 2 provides definitions of the key mathematical sym-

bols and parameters used in this paper, including essential components related to UAV

movement, radiation detection, and the MURPPO algorithm framework.

Table 2. Principal mathematical notations and parameters in multi-UAV radiation source detection.

Symbol Definition

PT Position information table

ST Sensing information table

RT Radiation propagation table

P, Received radiation signal power

P Transmitted radiation signal power

B; Directional sensing matrix of UAV i

ST; Sensing information table for UAV i

d;(t) Distance from UAV i to radiation source at time f

pi(t) Position coordinates of UAV i at time ¢

¢i(t) Direction angle of UAV i at time ¢

v; (t) Speed of UAV i at time ¢

Pi(t) Sensor heading angle of UAV i at time ¢

M Set of valid positions within map boundaries

VM(t) Set of UAVs with valid measurements at time ¢

I(t) Indicator function for successful localization at time ¢
P Normalized advantage function of UAV i at time ¢

LSEIP (6;) Clipped policy loss for movement actions of UAV i

LSEIP (6)) Clipped policy loss for scanning actions of UAV i

S[7t, move Entropy of movement policy of UAV i

S[79, scan] Entropy of scanning policy of UAV i

LMURPPO (91)

Overall MURPPO objective function of UAV i

3.1. Environment Model

In the urban environment depicted in Figure 1, multiple UAVs engage in collaborative

search operations to locate anomalous radiation source targets. We construct an intelligent
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spectrum game platform for multi-UAV cooperation, integrating it with reinforcement
learning framework to train and evaluate multi-UAV models. The target search area is
characterized as a rectangular two-dimensional plane with dimensions X x Y, further
divided into grids. Let 7 = {0,1,..., T} denote the discrete time horizon. In the defensive
reconnaissance process, the red team has multiple UAVs with sensing and localization
capabilities, while the blue team has one anomalous radiation source. Each UAV is assigned
a unique identifier. The red team’s UAVs have movement and scan rotation capabilities,
equipped with both sensing and localization abilities. Initially, the red team’s UAVs are
distributed across the map at a fixed altitude H. The blue team’s radiation source is
randomly placed in certain critical areas of the urban map, hovering to gather intelligence,
also at a fixed altitude H. The red team’s UAVs perform sensing and detection operations in
the defense area to locate the blue team’s radiation source. When three or more red team'’s
UAVs successfully detect the target simultaneously, a three-point localization process is
triggered. The UAVs then continue to track and localize the target.

The urban electromagnetic spectrum model employs a layered information table
design, including position information table PT, sensing information table ST, and ra-
diation propagation table RT. The position table PT records the positions of UAVs and
environmental information, where the positions of UAVs are marked with their unique
identifiers (positive integers), obstacles are marked as —1, and actionable areas are marked
as 0. The sensing table ST records detection states, with 0 for undetected areas, 1 for
detected areas without radiation source, and 5 for areas with detected radiation signals.
The radiation propagation table RT is derived from the received power [30].

* Red Team

Perception

=2+ Blue Team .- .. .-~ VP
“r—“—__  Localization

P—

S
\ .
~-~"safe distance

A e
A i ) Data Flow
0 =1
-1 1

o< e
S x/ [T
4 \L - UI:V3 Strategy UAV /
\ ocation Table UAV1 - Defection —>Pote:tial
A Sensing Table - Range | Threat
Radiation Source

Table

Y
Data Flow

Figure 1. Urban electromagnetic spectrum model, consisting of UAV teams, multi-layered information
tables, and electromagnetic sensing systems.

To model the radiation signal propagation and detection in our system, we first
establish the relationship between transmitted and received power based on the Friis
transmission equation. The received power (P;) equals the transmitted power (P;) minus
the free-space path loss (L):

P, = Pt — [201og,,(d) 4 201og,,(f) +201og,,(47t/c)], 1)

where d represents the propagation distance, c is the speed of light (3 x 108 m/s), and f
denotes the signal frequency (2.4 GHz). This equation enables us to calculate the expected
signal strength at given distance from the radiation source, which is crucial for the detection
and localization process.
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Building upon the signal propagation model in Equation (1), we define the sensing
mechanism for each UAV. In the sensing process, each UAV i has a directional sensing
matrix B;. The sensing result ST; of UAV i at position (x;, ;) is defined as follows:

ST; = B; x RT, @)

where B; represents the sensor’s directional detection pattern (weights in different di-
rections). Their multiplication models how effectively the sensor detects radiation from
different directions at its current position. The sensing table ST is constructed by concatenat-
ing all individual sensing results ST; from each UAV. When a UAV receives signal strength
exceeding the predetermined threshold within its sensing range, the area is marked as
potentially containing a radiation source. To ensure localization accuracy, the system em-
ploys a multi-UAV cooperative verification mechanism: the three-point localization process
is triggered only when three or more UAVs simultaneously detect suspected radiation
sources within their respective sensing ranges. This design ensures detection reliability
while avoiding false judgments from individual UAVs.

3.2. UAV Kinematic Model

This section provides a detailed description of the UAV model’s movement, with par-
ticular focus on changes in speed and direction. We simultaneously establish a safe distance
model to ensure safe UAV operation in various environments, while exploring methods for
locating target radiation sources. To simplify, we use a 2D model instead of 3D, and make
it discrete to fit a map.

We begin by defining the position formula, followed by the introduction of speed and
direction sets based on real-world scenarios, which are used to update positions. The UAV
position is given by the following equations:

pi(t) = (xi(£), yi(t)), 3)

where p;(t) represents the UAV i position coordinates at time f. Based on Equation (3),
the UAV position update is given by the following equations:

pit+1) = pi(t) +vi(t) [[cos ¢;(1)], [singi()]]", 4)

where v;(t) is the speed, and ¢;(t) is the direction angle of UAV i at time t. This update
equation captures the discretized motion of UAVs in the 2D plane. To model realistic UAV
capabilities, the speed v;(t) is defined as follows:

vi(t) € {0,1}, (G))

where 0 represents that the UAV is hovering in place, and 1 indicates moving horizontally.
Each UAV has two types of physical constraints. For the onboard radiation detection
system, the sensing direction constraint is defined as follows:

|‘Pi(t + 1) - (Pz(t)| < A‘Pmax/ (6)

where Apmax is the maximum allowable change in angle per step. As shown in Equation (6),
this constraint ensures that the radiation detector’s orientation change remains within its
physical capabilities. For the UAV’s movement, the acceleration constraint is defined as
follow:

l0;(t+1) — v;(t)| < Avmax, 7)
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where Avpay is the maximum allowable change in speed per step, ensuring smooth transi-
tions in UAV motion control.

To ensure the safe operation of the red team’s UAVs, it is essential to maintain a
certain safe distance to protect it from external interference and potential hazards. This
approach effectively prevents damage from environmental factors and ensures normal
and stable operation. The safety constraints are formulated through three key equations.
Based on the position vectors defined in Equation (3), the physical-safe distance constraint
is formulated as follows:

pi(t) = pi(H) = D, ®)

where D is the minimum physical-safe distance between any two UAVs, and the constraint
applies for all pairs of different UAVs (i # j) at all time steps t. This safety constraint is
essential for collision avoidance in multi-UAV systems. Each UAV must remain within the
map boundaries:

pi(t) €M, )

where
M= {(x;]/) ’ 0 <x < Xmax,0 < y < Ymax}' (10)

This boundary constraint requires all UAV positions to stay within the valid region
at all times, restricting their movement when approaching these limits. Together,
Equations (8)—(10) establish comprehensive safety constraints that ensure both collision
avoidance between UAVs and containment within the operational area. This approach
establishes an appropriate safety margin for the red team’s UAVs, ensuring their optimal
operational effectiveness.

4. Problem Definition and Analysis

In Section 4, we focus on problem formulation for the multi-UAV collaborative sensing
and localization of anomalous radiation sources in urban environments and develop a
Markov Decision Process (MDP) model for this scenario. This section is divided into two
parts. First, it presents the problem formulation for sensing and localization along with its
associated constraints; then, it proceeds to MDP modeling.

4.1. Problem Formulation for Perception

The red team UAVs achieve continuous localization of the anomalous radiation source
through cooperation. To perform perception and detection of the anomalous radiation
source, certain requirements must be met. These include UAV motion constraints and
collision avoidance considerations to ensure safe operation. For localizing the anomalous ra-
diation source, successful perception by three or more red team UAVs is required to achieve
localization and detection. Therefore, a three-point localization algorithm is employed.

Each red team UAV i perceives the anomalous radiation source through Received
Signal Strength Indication (RSSI). The distance can be derived from the received RSSI
values [30]:

RSSI; (1)~ Py
di(t) =10 -10n (11)
where d;(t) represents the distance from UAV i to the radiation source at time ¢, RSSI;(#) is
the measured signal strength, Py is the RSSI value at the reference distance of 1 m, and # is
the path loss exponent. As shown in Equation (11), the exponential relationship between
RSSI and distance allows us to estimate the UAV’s distance from the radiation source. Due
to the limited sensing range of UAVs, the measurement is valid only when

di(t) < dmax/ (12)
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where dy is the maximum detection distance. Building upon the distance estimation
in Equation (11) and the range constraint in Equation (12), the set of UAVs with valid
measurements at time ¢t is defined as follows:

VM(t) = {i | RSSI;(t) > RSSL}, (13)

where RSSIy, is the threshold value for valid RSSI measurements. The three-point localiza-
tion method requires at least three spatially distributed measurement points to uniquely
determine the position of a radiation source through geometric triangulation. Therefore,
successful localization is only possible when |VM(t)| > 3, meaning three or more UAVs
have obtained valid RSSI measurements simultaneously. To simplify the model, each
UAV is equipped with a directional sensor that can be oriented in eight discrete directions.
The sensor heading angle 1;(t) of UAV i at time ¢ can only take values from a discrete set
of angles separated by 7r/4:

Y;i(t) €{0,71/4,7/2,3c/4, 1,57/4,30/2,77/4}. (14)

Combining all the measurement and sensing constraints defined in Equations (11)—(14),
our objective is to maximize the time duration I(f) when the radiation source can be
effectively localized. Therefore, we formulate the following optimization problem to
coordinate the UAVs” motion and sensing directions:

T
max I(t) (15)
{vi(t); (1), 9, ()} Vi t;
s.t. (4)—-(10),(12),(14), (15a)

1, if [VM(t)] >3

0, otherwise

I(t) = (15b)

This optimization problem aims to find the optimal velocity v;(t), heading angle ¢;(t),
and sensor orientation ;(t) for each UAV i over the time horizon 7, subject to the motion
and sensing constraints. At time ¢, the indicator function I () evaluates to 1 only when three
or more UAVs have valid measurements simultaneously, enabling three-point localization.
This condition may not be satisfied at all times as UAVs may temporarily lose detection due
to various factors such as distance, orientation, or environmental interference. By maximiz-
ing the sum of I(t), we seek to maximize the duration during which the radiation source
can be effectively localized.

4.2. Markov Decision Process Modeling

This section discusses the construction of a MDP model for electromagnetic spectrum
operations in complex urban environments and critical areas. The discussion is based on
an analysis of various factors and constraints that red team UAVs must consider when
perceiving and localizing anomalous radiation sources. The MDP framework is partic-
ularly suitable for capturing the sequential decision-making nature and environmental
uncertainties inherent in this problem. The interaction is illustrated in Figure 2.
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Figure 2. The MDP framework and its implementation: (a) standard MDP interaction framework;

(2)

(b) implementation in urban electromagnetic environment with red team UAVs as agents.

As shown in Figure 2, the framework follows a MDP where state S; represents the
agent’s observation of the environment at time step ¢, which transitions to the next state
St4+1 after the agent takes an action. Action A; defines the agent’s possible operations.
The reward signals include both immediate reward R; and the previous time step’s reward
Ry¢_1, providing feedback on the agent’s performance in both current and past states.
Through this temporal interaction loop, the agent learns to optimize its behavior based on
both current observations and historical experience. This MDP framework is implemented
in our urban electromagnetic environment where UAVs act as agents to perform sensing
and detection tasks. The key components of our MDP framework are detailed as follows:

e State: The state primarily focuses on the red team UAV’s current position (x,y),
distance d, detection direction dir, current time step t, the number of successfully
detected UAVs #n, the anomalous radiation source position of the most recent ef-
fective scan (xv,yv), and its distance d,. The state space is constructed as a set
(x,y,d,dir, t,n, xy,Yy,dy). Different UAVs have varying attributes and represent differ-
ent systems. Based on their specific characteristics, the state transitions for movement
and detection are configured accordingly;

¢ Action: The red team UAV’s actions are primarily divided into movement direction
my and detection direction d;, where 1, is determined by velocity v;(¢) and heading
angle ¢,(t), while d; is determined by sensor orientation #;(¢). For movement, the red
team UAV has nine options: moving in cardinal and diagonal directions or staying.
For detection, the red team UAV also has nine options: scanning or not scanning in
45-degree increments on the current plane. The action space is constructed as a set
(mg,dy). The actual radiation detection depends on both sensor orientation and RSSI
measurements. When three red team UAVs simultaneously detect the anomalous
radiation source (i.e., |[VM(t)| > 3), it triggers the three-point localization function;

*  Reward: The environment generates a scalar signal as reward feedback based on the
state and actions taken by the red team UAV. In this paper, we design rewards from
multiple aspects, providing rewards for individual UAV successful detection, first
successful detection, and successful three-point localization. This multi-faceted reward
design balances individual performance and team collaboration, while addressing
both task speed and accuracy. The individual detection reward keeps all red team
UAVs motivated, the first successful detection reward speeds up task completion
through competition, and the three-point localization reward encourages coopera-
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tion, enhancing localization accuracy. To effectively guide the UAVs’ behavior, we
design a distance-based reward function that provides continuous feedback during
the detection process:

R(d,rp) =1p-|1—e min /|, (16)

where 7, is the preset detection reward value, dj,, is the maximum cross-range
distance of the key protection area (or the diagonal length if the area is square), d". is
the minimum distance, and d is the distance calculated from RSSI using Equation (11).
By using this method, we link the successful detection reward for an individual UAV
to the distance, creating a dynamic reward mechanism. This guides the UAV to
approach the anomalous radiation source for better detection results. The total reward
for a corresponding action is then calculated. For the first successful detection and
successful three-point localization, additional rewards are assigned to each UAV.

*  Penalty: Due to the sparsity of rewards caused by the large spatial range, we imple-
ment penalties to encourage the red team UAVs to perform mobile detection behaviors.
A penalty is applied at each step when a UAV fails to detect the anomalous radiation
source. Additionally, a penalty is imposed if the UAV loses track of the detection target
in the time step immediately following a successful detection, and when collisions
occur between UAVs or with obstacles.

MDPs provide a powerful and flexible framework for modeling decision-making
problems. In this study, we have applied an MDP-based framework to the challenge of
detecting and localizing anomalous radiation sources. Building on this framework, we
showcase in later chapters the implementation of highly adaptive reinforcement learning
techniques. These techniques allow us to derive optimal strategies in environments that
are either unknown or only partially known.

5. Multi-UAV Reconnaissance Proximal Policy Optimization Algorithm

In Section 5, we first introduce commonly used reinforcement learning algorithms;
then, we propose the MURPPO algorithm and describe its network structure and algorith-
mic process. The proposed algorithm incorporates innovative improvements based on the
original algorithm. We analyze how these modifications might be beneficial for sensing and
localizing anomalous radiation sources within the environment described in this paper.

5.1. Reinforcement Learning Algorithm

Reinforcement learning leverages the framework of MDP, yet it does not require
prior knowledge of a complete model [31]. In our multi-UAV radiation source search
scenario, the objective is to find an optimal policy that guides UAVs to efficiently locate
the radiation source. To address the complex challenges in multi-UAV radiation source
search, we propose MURPPO, a novel variant of Proximal Policy Optimization (PPO)
algorithm. The PPO framework is particularly suitable for our scenario as it provides stable
policy updates while handling the uncertainties in radiation measurements and complex
multi-UAV coordination.

To train the value network effectively, we need a loss function that measures the
accuracy of our value predictions. The mean squared temporal difference (TD) error serves
as an ideal loss function as it quantifies the discrepancy between predicted and actual value
estimates. The value network loss function is as follows [32]:

L(w) = = (6)2. (17)

N —



Drones 2025, 9, 216

12 of 23

The core component of this loss function is the TD error é;, which measures the difference
between our current value estimate and a more accurate target value. The TD error is
calculated by comparing the current value estimate with the sum of the immediate reward
and the discounted value of the next state [33]:

S =r+vV(sii1) — Vise), (18)

where r represents the immediate reward, v is the discount factor, V (s;) is the value estimate
of the current state s;, and V(s;,1) is the value estimate of the next state s;,1. This TD error
enables the UAV to learn from immediate radiation measurements while accounting for
potential future detections.

During the policy optimization process, large policy updates can lead to performance
collapse, especially in scenarios with noisy measurements like radiation detection. To ad-
dress this challenge, the PPO algorithm [34] introduces a trust region-based approach that
limits the policy change in each update step. This stability is achieved through a clipped
objective function:

LEEP(9) = By [min(r(0) Ay, clip(r+(6),1 — €,1 4 €) Ar)], (19)
n.gew(ar‘st)
78 (ay|st)
is the advantage function evaluating the relative benefit of actions under the current policy,

where r¢(0) = represents the probability ratio of the new policy to the old policy, A;

€ is a small constant controlling the magnitude of policy updates, and clip(7+(6),1 —€,1+¢€)
constrains the ratio r¢(6) to the interval [1 — €, 1 + €] to prevent excessive policy changes.
This clipping mechanism helps stabilize the training process by preventing large policy
updates when the UAV receives varying radiation measurements.

The advantage function A; represents the relative superiority of an action in a given
state. It is calculated as the difference between the TD target and the current value estimate.
In the PPO algorithm, temporal difference methods are used to estimate the advantage
function, which then guides policy optimization. The formula is as follows [35]:

Arm 6 =11+ 97V (st41) — V(st). (20)

This advantage estimation helps the UAV evaluate whether its current actions contribute to
effective source detection compared to the estimated state value.

The overall objective of the PPO algorithm is to maximize the weighted sum of policy
loss, value function loss, and entropy bonus. The total objective function can be expressed
as follows [34]:

LPPO(0) = LR (0) — 1 LVF (w) + 5[] (6), 21)

where ¢ and ¢, are weight coefficients, S[7tg](s¢) represents the policy entropy that encour-
ages exploration, and LV (w) is the value function loss that minimizes the error between
estimated and actual returns. This objective function balances stable policy updates with
effective exploration, enabling the UAV to maintain consistent search patterns while dis-
covering optimal detection strategies.

5.2. MURPPO Based on Branch Training

Red team UAVs need to efficiently perceive the reconnaissance environment using
multiple devices simultaneously. In this scenario, multiple UAVs interact with the environ-
ment concurrently, known as multi-UAV reinforcement learning. System state transitions
are determined by the collective actions of UAVs, while rewards depend on their joint
actions. Multi-UAV systems can be categorized into centralized and distributed control.
Centralized control involves a central entity for information gathering and decision-making,
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with all UAVs following its instructions. This approach enables global optimization but
suffers from poor scalability. In contrast, distributed control allows each UAV to make
decisions independently, offering better scalability and fault tolerance.

This paper employs a MURPPO algorithm with distributed control and branched
training to learn complex decision-making tasks. Red team UAVs’ behavior is controlled
by the algorithm. Each UAV uses an independent algorithm model, and cooperation
in perception and localization is achieved through reward design. When three UAVs
simultaneously detect an anomalous radiation source, it triggers a three-point localization
function (i.e., [VM(t)| > 3), enabling the reconnaissance and localization of the anomalous
radiation source.

To implement our distributed reinforcement learning framework effectively, we design
the policy network with a dual-branch structure to reduce decision complexity and improve
learning efficiency. The policy network is improved through branched training, enabling a
single network to output both movement direction and detection suppression direction
actions. The branched structure enables separate optimization of movement and detection
tasks, where the first branch outputs the movement direction action in the movement
action space. The second branch outputs the detection direction action in the detection
action space. Since these two actions serve different purposes and have different gradient
directions, separate network parameters are required for each branch. The policy network
structure is illustrated in Figure 3.

128

R - nodes//
[ ‘/Output Layerl
— BLI
s ¢ | € .
\ ankodes k 512 7:'118\
g nodes N iV
€ p “~ Output Layer2
Fe \ BL2
FC

Figure 3. Network structure of the actor.

Additionally, a value network is designed that takes state information as input and
outputs a value to evaluate the policy network. The structure of this network is shown in
Figure 4. Based on Equation (17) and TD error in Equation (18), the value loss LVF(w;) is
designed for each UAV to optimize its value estimation. This network architecture, working
in conjunction with our task-specific reward design, forms the foundation of our MURPPO
algorithm’s capability in handling complex radiation source detection tasks.

In MURPPO, to enhance training stability, we normalize the advantage function from
Equation (20) for the i-th UAV by subtracting the mean and dividing by the standard
deviation. The formula for the normalized advantage function is defined as follows:

Api — Ma,
AP = Lo 22
b oa;i+1x10°8 22)

where 114 ; represents the mean of all advantage values, calculated as % YN, Ay, while

o4 is the standard deviation, computed as \/ % Zi\il(At,i — tai)?. By subtracting the
mean and dividing by the standard deviation, the advantages are scaled to have zero mean
and unit variance across the batch of experiences. The small constant 1 x 10~8 added to
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the denominator prevents potential division by zero, ensuring numerical stability. This
normalization is particularly important in radiation detection tasks as it helps stabilize the
training process.

' /ﬁ)utput Layer
© 256
- nodes

—

FC NL

Figure 4. Network structure of the critic.

Based on Equation (19), we modify the policy loss in MURPPO to account for the
dual-branch structure. As defined in Equations (23) and (24), the policy loss is calculated
separately for movement and scanning actions:

LEER (6;) = By [min(rtmove (6;) APS™, clip (rtmove (6;), 1 — €, 1+ €) AfS™)],  (23)

move

LEar (0;) = Er[min(rysean (0;) APS™, clip (riscan (6;), 1 — €, 1 + €) AP™)], (24)

scan
7753:1” (At action|st)

ng{d (”t,actionlst)

representing either movement (move) or scanning (scan) actions. The clipping parameter e

where 74 5ction (0;) = represents the policy ratio for the i-th UAV, with action

in policy loss function limits the magnitude of policy updates. When the probability ratio
between new and old policies exceeds 1 + € or falls below 1 — ¢, the clipping mechanism
prevents excessive changes. This mechanism is applied to both movement and scanning
policy branches independently, ensuring stable updates across both action spaces. The final
policy loss for the i-th UAV combines Equations (23) and (24):

Liatal (61) = Lincve(6:) + L’ (6): (25)

To maximize immediate rewards, a greedy policy often selects the currently known
best action, but it can become stuck in local optima. Therefore, this paper adopts a decaying
e-greedy policy [31] that primarily selects the best action based on the current policy, while
with a small probability ¢, it chooses a random action to promote exploration. Initially,
e is set to 1 and decays over time, allowing for extensive early-stage exploration while
gradually focusing on exploitation as the policy improves. As shown in Equation (26),
the action selection process follows a probability-based mechanism:

i output from the Actor,  with probability 1 — ¢,
Action = (26)

output a random action, with probability e.
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Incorporating task-specific knowledge, when a target is detected, the UAV maintains its
position and scanning direction to avoid losing the target. If no target is detected, the UAV
follows the action determined by the Actor network. With probability ¢, a random action is
selected, regardless of whether a target was detected. This design ensures sufficient explo-
ration during early training while optimizing performance in later stages by leveraging
both learned strategies and domain knowledge.

In MURPPO, to ensure effective exploration of both movement and scanning ac-
tions, we calculate the entropy loss separately for each action branch of the i-th UAV.
Equations (27) and (28) define the entropy losses for movement and scanning policies,
respectively:

S[”f),-,move] (st) = Et[H(nﬂi,move("st))]/ (27)

S[nei,scan] (St) = Et[H(n()i,scan('|St))]r (28)

where H is the entropy of the policy. The entropy loss encourages exploration by preventing
the policy from becoming overly deterministic. For our radiation detection scenario, this
is particularly important as it helps discover diverse movement patterns and scanning
strategies. As shown in Equation (29), the total entropy loss combines both branches:

S[”Gi](st) = S[Tfei,move](st) + S[”Gi,scan] (St>' (29)

To balance the learning progress between branches, MURPPO employs advantage function
normalization using Equation (22) to ensure both branches optimize in a comparable
way, while summing the entropy losses of both branches using Equation (29) unifies the
exploration pressure, preventing one branch from converging prematurely while the other
still requires extensive exploration.

Building upon the PPO objective function in Equation (21), MURPPO’s objective
function incorporates the specialized components discussed above. The complete objective
function for the i-th UAV in MURPPO is given by Equation (30):

LMURPPO(g,) = LCLIP(9,) — LYF(w;) 4 0.01 - [ ] (s¢), (30)

where ¢; = 1.0 and ¢; = 0.01. The value of ¢; ensures balanced learning between the
value function and policy, providing reliable advantage estimates for both movement and
scanning decisions. The small value of ¢, maintains sufficient exploration while preventing
it from overshadowing the primary learning objectives in the UAV target search task.

The MURPPO framework is implemented through multiple UAVs executing this
optimization process simultaneously in a distributed manner, enabling effective radiation
source localization when three or more UAVs have valid measurements (i.e., |VM(t)| > 3).
The detailed algorithmic procedure of MURPPO, incorporating the aforementioned com-
ponents, is presented in Algorithms 1 and 2. Due to its decentralized architecture, the al-
gorithm maintains computational efficiency with constant complexity O(1) for each UAV
regardless of team size, ensuring effectiveness across different scales of UAV teams.
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Algorithm 1 MURPPO Algorithm Update Process

: Input: Trajectories Tr, mini-batch size M, policy network 71y, value network Vy,

: Output: Updated parameters 6; and w; for the i-th UAV

: Initialize actor learning rate «, critic learning rate j

: Unpack trajectories Tr into states s;;, actions a;; = (af}o"e, aff,cta“), old log probabilities

old _ old old
log 7T9i - (log 7T91,move’ lOg 7T9,~,scan

forj=1,...,Mdo

new move |, new scan
Compute 7T@,‘,move <ai,t Slrt)’ nGi,scan(ai,t

Compute V(s;;) and V(s;t41) using Ve,

Compute advantages A}¢"™ using Equation (22)

Compute surrogate losses LSEI. (6;), LSLIT (6;) using Equations (23) and (24)
10:  Compute policy loss LSHP(6;) using Equation (25)

11:  Compute entropy bonus 5[y ] (s¢) using Equation (29)

122 Compute total policy loss L*F(6;) = LEHP(6;) 4 0.01 - S[7p,] (s¢)

13:  Update policy network parameters: 6; < 6; + a VoL (6;)

14 Compute value loss LV (w;) using Equation (17)

15 Update value network parameters: w; <+ w; — BV LVF (w;)

16: end for

B W N =

), rewards r; ;, next states Sit+1

si+) using 71,

© ® N 9

Algorithm 2 MURPPO Algorithm Execution Process

1: Input: system parameters
2: Output: localization time duration I(t)
3: Initialize: I(t) < 0, Tr < @, t «+ T
4: whilet > 0do
for each UAV i do
Observe current state s; ;
Select actions a;; = (af}°¢, a3{™") using € — greedy policy (26)
Compute log probabilities log Tl'gild = (log ngfffnove, gffé can)
Measure RSSI and calculate distance d;(t) using Equation (11)
10: Calculate 7; ; as the sum of immediate rewards and penalties
11:  end for
122 if [VM(t)| > 3 and d;(t) < dyax, where VM(t) is defined in Equation (13) then

log 7

o X N a

13: Execute three-point localization process

14: Update r; ; by distribute localization rewards

15: I(t) < I(t) +1

16:  end if

17 for each UAV i do

18: Observe next state s; ;11

19: Store (s;¢,a;t,log ngfd, tit, Sit+1) in trajectories Tr

20: end for
21:  if |Tr| = M then

22: 0;, w; < UpdateParameters (Tr, M, 71q,, Vi,) {See Algorithm 1}
23 Clear Tr
24:  end if

25: t+t—1
26: end while

6. Simulation Results

This section presents the simulation experiments for the proposed algorithm. We begin
by simulating the environment described in this paper, including configuration and param-
eter settings. We then conduct simulation experiments to evaluate the proposed algorithm’s
performance in terms of reward, localization rate, and KL divergence. The localization rate
of our algorithm is compared and analyzed against the baseline methods.
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6.1. Experimental Configuration and Parameters

In this section, we present the configuration of the experimental environment and
platform. The experiments were conducted using an Intel Core i9-12900K processor and
an NVIDIA RTX 3080 GPU with approximately 24 h of training time. The duration of
each round is 10 s, discretized into 100 time steps (0.1 s per step). At each time step, each
UAV executes a sequence of operations, including perception, localization, and decision-
making. The experimental platform used UAVs with a conservative setting of maximum
speed at 10 m/s (1 m/step) and maximum angular change of 7t rad/step, which are lower
than the actual UAV capabilities to ensure algorithm reliability. These parameters were
configured based on our discretized experimental design (1 m x 1 m grid) to ensure both
algorithm reliability and efficient performance evaluation. Each UAV was equipped with a
directional radiation detector operating at 2.4 GHz band, with a conservative maximum
effective radius of 200 m to ensure reliable detection in complex environments. The detector
could either rotate in eight directions at 71/4 intervals or be turned off, providing 360°
horizontal plane coverage while maintaining computational efficiency. The base station
was positioned outside the 1000 x 1000 m? operation area, utilizing the UAVs’ transmission
range to ensure stable communication throughout the missions. For different rewards and
penalties in the reward function, their weights are determined through systematic training
process and adjusted based on specific mission scenarios to achieve a balance between task
speed and accuracy. The simulation parameters are summarized in Table 3.

Table 3. Hyperparameter setting.

System Parameters Numerical Settings Description
XxY 1000 x 1000 (m?) map size
APmax 7t (rad/step) the maximum angle change per step
AVmax 1 (m/step) the maximum speed change per step
m 3 number of red UAVs
n 1 number of blue UAVs
episodes 1000 number of training episodes
T 100 time steps per round
€ 1.0 greedy factor
€min 0.1 minimum greedy factor
€decay 0.99 greedy factor decay rate
o 0.0001 actor learning rate
B 0.0005 critic learning rate
Eclip 0.2 clip ratio
Arax 200 (m) maximum detection distance
v 0.9 discount factor
p 0.5 perception reward
Ttp 0.5 first perception reward
Tpos 0.5 three-point localization reward
Py —0.2 penalty for non-detection
enalty for inconsistent action
Pff —02 ¥ ! after detection
Pe —0.2 collision penalty
D 1 (m) safe distance

This study develops a platform for multi-agent collaboration, deploying three red
team UAVs and one blue team UAV. During each mission evolution, the system logs
critical data. Figure 5a displays the global localization map, illustrating the distribution
of red and blue UAVs within the defense area; blue rectangles indicate blue team device
locations, while red rectangles represent red team UAV positions. Figure 5b shows the
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red team’s perception and detection map, where UAVs achieve flexible detection through
movement and orientation, with fan-shaped areas representing their sensing range. The red
areas indicate where blue team UAVs are detected within the sensing range, while the
orange areas show where blue team UAVs are not detected within the sensing range.
Figure 5c provides an illustrative example of possible UAV trajectories in a multi-UAV
scenario. The paths of four UAVs are shown, three red team UAVs and one blue team
UAV. The trajectories shown here represent connected line segments with position points
marked along their paths in a 2D coordinate system measured in meters, demonstrating
potential spatial relationships between UAVs in the operational area. The successful three-
point localization of the anomalous radiation source by UAVs is demonstrated as shown
in Figure 5d. When three UAVs simultaneously detect the anomalous radiation source,
the three-point localization function is triggered to precisely determine its position. In the
diagram, the three green UAVs represent the red team UAVs, serving as the centers of
dashed circles. The blue point indicates the location of the anomalous radiation source.
Red lines connect the green UAVs to the blue point, representing the distance relationships
calculated by the UAVs using Equation (11) based on the perceived RSSI, which also serve
as the radio of the dashed circles. The intersection point of the dashed circles corresponds
to the position of the blue point, demonstrating the localization result of the anomalous
radiation source.

Location Table Sensor Table
1000 1000
blue team UAV
800 | | 800
600 _ 600
E « " ij -
400 1red team UAVs 400 SCnsIng range
200 v\- 200
0 . 0
0 200 400 600 800 1000 0 200 400 600 800 1000
X/m X/m
(a) (b)
Trajectory Three-Point Localization
1000 : s 1000 - e
blue team UAV.
800 800
]
600 y 600
= o ¢ red team UAV 2 =
> — >
400 red team UAV 1 400
200 200
red team UAV 3
0 0 . a
0 200 400 600 800 1000 0 200 400 600 800 1000
X/m X/m
(c) (d)

Figure 5. Environment and information for intelligent spectrum warfare platform: (a) global location
information; (b) global sensing information; (c) UAVs’ movement trajectory; (d) schematic diagram
of three-point localization.
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6.2. Experimental Results and Analysis

In this section, we present the performance of the previously proposed MURPPO
algorithm based on branch training. All results were recorded via Tensorboard during the
training process. The reward curves for three red team UAVs are illustrated in Figure 6,
with the x-axis representing the number of training episodes and the y-axis showing the
corresponding reward values. Each episode consists of 100 time steps, and the reward
values represent the cumulative rewards obtained by UAVs through multiple mechanisms
including perception rewards, first detection rewards and penalties, as well as additional
localization rewards when three-point localization is achieved. Figure 6a—c individually
illustrate the reward progression for UAVs 1, 2, and 3, reflecting each UAV’s independent
learning performance. The learning process shows two distinct phases, a rapid improve-
ment phase in the first 200 episodes where the agents quickly learn effective strategies,
followed by a stabilization phase where the rewards fluctuate around converged values.
UAVs 1 and 2 converge to approximately 70 and 80, respectively, while UAV 3 exhibits
superior performance with more rapid convergence. Figure 6d displays the aggregate
rewards for all three UAVs, which ultimately stabilize around 250. The overall trend in-
dicates that, notwithstanding intermittent fluctuations, the system effectively enhances
task execution capabilities through multi-UAV collaboration, resulting in successful policy
convergence. Overall, the red team’s cooperative mechanism is effective, enabling them
to gradually gain a competitive edge in the complex electromagnetic environment. This
validates the effectiveness of multi-UAV cooperation and the algorithmic improvements.
The system demonstrates its ability to learn and adapt in a challenging, adversarial setting.

80
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60
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B 40 B
P _
P T 7 -
g UAVI 2 UAV2
=20 —-10
0 200 400 600 800 1000 0 200 400 600 800 1000
episodes episodes
(a) (b)
90 250
70
- w 150
% 50 °
E i ]
2 30 : 2 50 Total UAVs
g UAV3 <

0 200 400. 600 800 1000 0 200 400 600 800 1000
episodes episodes
(c) (d)

Figure 6. Rewards obtained by red team UAVs over 1000 training episodes: (a) rewards obtained by
UAV 1; (b) rewards obtained by UAV 2; (c) rewards obtained by UAV 3; (d) total reward.

Figure 7 demonstrates the superior performance of our proposed MURPPO algo-
rithm compared to baseline methods (MAA2C and MAPPO) over 1000 training episodes.
The horizontal axis represents the number of training episodes, while the vertical axis
indicates the localization rate. From an overall performance perspective, MURPPO demon-
strated the highest localization rate throughout most of the training phases, followed by
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MAPPO, while MAA2C’s performance was comparatively subpar. During the initial train-
ing period (approximately episodes 0-200), all three algorithms exhibited an upward trend,
with MURPPO showing the fastest convergence rate, surpassing both MAPPO and MAA2C.
As training progressed, the performance disparities among the algorithms became increas-
ingly apparent. In the later stages of training (after approximately 700 episodes), MURPPO’s
advantages became more pronounced, not only maintaining a high success rate but also ex-
hibiting exceptional stability. Although MAPPO'’s performance experienced some decline,
it generally remained superior to MAA2C. Notably, MURPPO's learning curve was the
most consistent, with minimal fluctuations. In contrast, MAPPO’s performance fluctuated
considerably, especially during the middle and later stages. While MAA2C exhibited
relatively small fluctuations, its overall performance consistently remained lower. In the
final 300 episodes of training, MURPPO achieved an average localization rate of 56.5%.
This was approximately 38.5% higher than MAPPO’s and 41.6% higher than MAA2C’s.
In summary, the MURPPO algorithm surpasses the benchmark algorithms in key metrics
such as localization rate, stability, and convergence speed.
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Figure 7. The comparison of localization time ratio per episode among the proposed algorithm and
two baseline methods.

Figure 8 presents a novel analysis of policy convergence stability through KL diver-
gence tracking for each UAV independently, offering unique insights into the training
dynamics of multi-agent systems in electromagnetic environments. KL divergence mea-
sures the difference between the current policy and the previous policy, where MURPPO
ensures training stability by limiting these changes. In the early stages of training, all UAV's
exhibit significant fluctuations in KL divergence, indicating substantial policy updates
consistent with the exploration process. As training progresses, KL divergence gradually
decreases and stabilizes, suggesting policy convergence for all three UAVs. This validates
the effectiveness of the MURPPO algorithm in balancing exploration and exploitation in a
complex, multi-UAV reinforcement learning environment.
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Figure 8. KL divergence trend of red UAVs over 1000 training episodes: (a) KL divergence of UAV 1;
(b) KL divergence of UAV 2; (c) KL divergence of UAV 3.
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7. Conclusions

This paper addressed the challenge of intelligent decision-making for UAV defense in
electromagnetic spectrum warfare within complex urban environments. It introduced a
MURPPO algorithm based on branch training. By applying Markov modeling to the task
process, this paper elucidated how UAVs performed closed-loop perception, localization,
and tracking of anomalous radiation sources under designed reward conditions. Simula-
tion results demonstrated that the MURPPO algorithm effectively perceived anomalous
radiation sources, achieved detection and localization through multi-UAV collaboration,
and attained stable convergence. Moreover, it outperformed baseline algorithms in key
metrics such as localization rate, stability, and convergence speed. The proposed algorithm
exhibited a 38.5% higher localization rate compared to MAPPO in the later stages of train-
ing. The MURPPO algorithm’s ability to handle sparse rewards and coordinate multiple
UAVs highlights its potential for enhancing autonomous decision-making capabilities
in challenging electromagnetic environments. Future research directions could explore
hierarchical structures and formation control to further improve performance in large scale
applications, as well as enhanced sensing capabilities with finer angular resolution or
multiple frequency bands for better source discrimination.
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Abbreviations

The following abbreviations are used in this manuscript:

UAV Unmanned Aerial Vehicle

PPO Proximal Policy Optimization

MURPPO Multi-UAV Reconnaissance Proximal Policy Optimization

FFA Firefly Algorithm

PSO Particle Swarm Optimization

ACO Ant Colony Optimization

ABC Artificial Bee Colony

IMUCS-BSAE Improved Multi-UAV Collaborative Search Algorithm
based on Binary Search Algorithm

MPSO Motion-encoded Particle Swarm Optimization

DRL Deep Reinforcement Learning

2D Two-Dimensional

MDP

Markov Decision Process



Drones 2025, 9, 216 22 of 23

RSSI Received Signal Strength Indication
FC Fully Connected Layer
NL Normalization Layer
BL Branch Layer
MAA2C Multi-Agent Advantage Actor-Critic
MAPPO Multi-Agent Proximal Policy Optimization
KL divergence Kullback-Leibler divergence
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