
E
r
F
S

A

K
U
E
S
A
M

1

p
i
t
p
c

o
t
m
1
i
c
a

p
t

h
R

Computer Networks 289 (2026) 112648 

A
1

 

Contents lists available at ScienceDirect

Computer Networks

journal homepage: www.elsevier.com/locate/comnet  

nhancing routing in dynamic and dense networks through UWB swarm 

anging for embodied intelligence
angyu Zhou , Yiqian Wang , Feng Shan ∗, Wenjia Wu
chool of Computer Science and Engineering, Southeast University, Nanjing 211189, Jiangsu, PR China

 R T I C L E  I N F O

eywords:
ltra-wideband
mbodied intelligence
warm ranging
d hoc network
ulti-point relay selection

 A B S T R A C T

Embodied intelligence has emerged as a key direction in Artificial Intelligence and is playing an increasingly 
significant role across various domains. Small embodied agents/robots, such as Unmanned Aerial Vehicles 
(UAVs), operate in swarm mode based on embodied intelligence and provide greater sensing and processing 
capabilities compared to individual agents/robots. However, they also introduce new challenges: dynamic and 
dense networks formed by resource-constrained embodied intelligent agents demand real-time, low forwarding 
overhead networking protocol. We leverage our previously proposed Ultra-Wideband (UWB) Swarm Ranging 
Protocol, and (1) propose a UWB-based link quality estimation method that leverages real-time inter-agent 
ranging to enable faster and more accurate estimation of link states, thereby mitigating the impact of 
network dynamics. We then (2) formulate a novel Multi-Point Relays (MPR) selection problem that aims to 
effectively reduce forwarding overhead while ensuring the Quality of Service (QoS) provided by selected relay 
nodes. An approximation algorithm is proposed, and its approximation ratio is analyzed. We also (3) design 
an integrated message format that combines ranging and routing functionalities, which is implemented on 
resource-constrained agents with a 168MHz MCU and 192KB memory. Lastly, both simulations and real-world 
experiments show that, our protocol shortens the round-trip time by approximately 54.7% compared to classic 
AODV protocol, while improving the packet delivery rate by approximately 17.3% over OLSR protocol. We 
also open-source our implementation on GitHub, providing a reproducible platform for further research and 
development: https://github.com/SEU-NetSI/crazyflie-firmware.git.
. Introduction

In recent years, embodied intelligence has emerged as a key
aradigm in artificial intelligence and robotics, emphasizing the tight 
ntegration of perception, control, and decision-making through con-
inuous interaction with the physical environment. Unlike purely com-
utational models, embodied systems operate in the real world via 
losed-loop sensorimotor feedback [1–4].
These systems have demonstrated significant potential in a variety 

f applications, including autonomous vehicles navigating complex 
raffic [5,6], rescue agents/robots operating in disaster zones [7,8], un-
anned aerial vehicle (UAV) swarms for environmental monitoring [9–
1], and deep-sea agents/robots performing mapping and recognition 
n extreme underwater environments [12,13]. Collectively, these appli-
ations underscore the growing importance of embodied intelligence 
cross land, air, and marine domains.
Small embodied agents/robots, such as UAVs [14–16], wheeled 

latforms [17], and quadrupeds [18], have gained increasingly atten-
ion for their low cost, mobility, and scalability. When deployed in 
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1 We use robots and agents interexchangably in this paper.

swarms, they can surpass monolithic systems by enabling distributed 
sensing, enhancing fault tolerance, and facilitating parallel task execu-
tion. Fig.  1 shows an application scenario in automated logistics. UAVs 
transport parcels between shelves and trucks, wheeled agents/robots 
handle ground delivery tasks, and robotic arms on conveyor belts man-
age sorting and packaging. Inspide of these, Quadruped agents/robots 
may assist in navigating complex terrains or supporting inspection 
tasks within warehouses. Together, these heterogeneous agents/robots 
from a collaborative swarm that improves efficiency and flexibility in 
modern supply chain operations, while simultaneously posing stringent 
requirements for reliable inter-agent1 communication and coordina-
tion.

However, this paradigm shift also presents significant challenges, 
particularly in the form of dynamic and dense communication net-
works, where frequent, low-latency data exchange is critical for effec-
tive coordination. Although Wi-Fi and 5G provide high-density con-
nectivity in everyday scenarios, they are often unsuitable for mobile 
robotic systems [19–21]. Limited Wi-Fi coverage, particularly in remote 
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 data mining, AI training, and similar technologies. 
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Fig. 1. Illustration of an automated logistics scenario where heterogeneous 
embodied intelligent agents/robots collaborate as a swarm: UAVs transport 
parcels between shelves and trucks, wheeled agents/robots carry out ground 
delivery, robotic arms on conveyor belts perform sorting and packaging, 
and quadruped agents/robots assist with navigation or inspection. These 
heterogeneous swarm collaborative operations require reliable inter-agents 
communication and coordination.

or infrastructure-poor areas, poses a challenge as it cannot accommo-
date the mobility of agents/robots beyond the range of fixed routers. 
Despite 5G’s broad coverage, its latency and high deployment cost 
hinder its application in agent/robot swarm systems with high real-time 
requirements. These constraints underscore the need for lightweight 
and infrastructure-free self-organizing networks.

On the other hand, high mobility leads to rapid topology changes, 
while dense deployments result in severe channel contention. These 
characteristics form what we term dynamic and dense networks, which 
impose stringent demands on the robustness, responsiveness, and scal-
ability of self-organizing network protocols. Traditional ad hoc pro-
tocols, originally designed for static or sparsely populated networks, 
perform poorly under such conditions. Heavy forwarding overhead and 
unreliable link estimation severely degrade communication efficiency 
and task performance.

Conventional multi-hop ad hoc routing protocols, such as Ad-hoc 
On-Demand Distance Vector (AODV) [22] and Optimized Link State 
Routing (OLSR) [23], exhibit notable limitations in such environments. 
AODV’s on-demand route discovery reduces maintenance overhead but 
introduces latency and is susceptible to frequent link breakages. OLSR 
improves adaptability through periodic broadcasts and proactive rout-
ing; however, the selection of Multi-Point Relays (MPRs) depends on 
statistical measurements of packet loss, which introduce considerable 
latency and limit real-time responsiveness. Inappropriately selected 
MPRs often cause the network to fail to meet Quality of Service 
(QoS) requirements, leading to substantial packet loss and network-
wide retransmissions [24]. Prior studies have proposed improvements 
to MPR selection by considering factors such as a relay node’s remain-
ing transmission time within the source’s communication range or its 
residual energy [25,26].

As a conclusion, previous research on conventional multi-hop ad 
hoc routing protocols does not apply directly to dynamic and dense 
networks. We identify the following key challenges in the context of 
embodied intelligent agents networking:

• In dynamic networks, traditional link-quality estimation methods 
introduce latency, delaying routing decisions and undermining 
real-time responsiveness.

• In dense networks, conventional topology discovery mechanisms 
incur excessive forwarding overhead, thereby degrading network 
efficiency.

• Existing routing protocols impose heavy resource demands, mak-
ing them unsuitable for resource-constrained embodied intelligent 
agents.
2 
1.1. Motivation and contributions

The motivation for this work stems directly from our previously pro-
posed Ultra-Wideband (UWB) Swarm Ranging Protocols [27,28]. In this 
protocol, through periodic broadcasting, each agent can simultaneously 
calculate its distance to neighboring agents.

The core idea of this paper is to incorporate these real-time distance 
measurements into (1) link-quality estimation, which reduces routing 
decision delays and achieves real-time responsiveness, and (2) MPR 
selection, which reduces forwarding overhead and increases network 
efficiency.

Another motivation comes from the fact that the Swarm Ranging 
Protocol relies on periodic ranging messages, while ad hoc routing 
protocols also employ periodic broadcast mechanisms. Thus, a fun-
damental idea is to embed routing control information into ranging 
messages to enable protocol implementation on resource-constrained 
agents.

The main contributions of this paper are summarized as follows.

• We propose a UWB-based, distance-aware link quality estima-
tion method that leverages real-time inter-agent ranging to en-
able faster and more accurate estimation of link states, thereby 
mitigating the impact of network dynamics.

• We formulate a novel MPR selection problem that aims to ef-
fectively reduce forwarding overhead while ensuring the QoS 
provided by selected relay nodes. An approximation algorithm is 
proposed, and its approximation ratio is analyzed.

• We design an integrated message format that combines ranging 
and routing functionalities. Together with a well-structured soft-
ware framework, a prototype system is implemented on resource-
constrained agents with a 168MHz MCU and 192KB memory.

• Both simulations and real-world experiments show that, our pro-
tocol shortens the round-trip time by about 54.7% compared to 
classic AODV protocol, while improving the Packet Delivery Rate 
(PDR) by about 17.3% over OLSR protocol. We also open-source 
our implementation on GitHub, providing a reproducible platform 
for further research and development: https://github.com/SEU-
NetSI/crazyflie-firmware.git.

The remainder of this paper is organized as follows. Section 2 
provides a review of related work. In Section 3, we present the system 
model and formally define the problem. Our methodology for data link 
quality estimation is introduced in Section 4. The optimization strategy 
for MPR selection is discussed in Section 5. Section 6 presents our 
prototype, including its message format and hardware/software imple-
mentation. Experimental evaluation is detailed in Section 7. Section 8 
concludes the paper.

2. Related work

In dynamic and dense networks, the highly variable topology and 
dense node distribution pose significant challenges for efficient rout-
ing. Current studies on routing protocols largely focus on optimizing 
and improving existing traditional protocols. Among them, the main-
stream approach is to enhance the OLSR protocol, with improvements 
generally categorized into two directions: enhancing the link quality 
estimation mechanism and optimizing the routing mechanism.

2.1. Link quality estimation

The original OLSR protocol proposed by the IETF in 2003 (RFC3626)
did not consider link quality. Instead, path cost was solely measured 
by hop count, where all directly connected nodes were considered 
equivalent. However, in practice, due to the complexity of wireless 
channels, links exhibit significant differences in terms of packet loss 
rate, delay, and bandwidth. Consequently, evaluating routes based 

https://github.com/SEU-NetSI/crazyflie-firmware.git
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solely on hop count often leads to suboptimal decisions. To address 
this limitation, the open-source implementation olsrd introduced link 
quality evaluation in 2004 [29]. By measuring the reception probability 
of HELLO messages periodically exchanged between neighbors, the 
protocol estimated both link quality and neighbor link quality. The 
combined metric was further transformed into the Expected Transmis-
sion Count (ETX), which better reflects the actual cost of a reliable 
transmission. Later, in 2014, IETF formally introduced the concept of 
link metrics in OLSRv2 (RFC7181) [30], validating the effectiveness of 
ETX-based link quality estimation.

Building upon this foundation, various enhancements have been 
proposed. For example, Rosati et al. incorporated positional infor-
mation and relative mobility into ETX computation, leading to the 
Predictive OLSR (P-OLSR) protocol [31]. By anticipating variations 
in link quality based on relative velocity, P-OLSR allows proactive 
adaptation of routing decisions, making it more suitable for dynamic 
scenarios. However, these approaches mainly rely on mobility trends or 
historical transmission statistics and are less sensitive to instantaneous 
variations. In contrast, jointly exploiting instantaneous distance and 
historical data opens up new possibilities for link-quality estimation in 
highly dynamic scenarios.

2.2. Routing mechanism

Parallel to improvements in link quality estimation, one major line 
of research has focused on refining the MPR selection mechanism. In 
the original OLSR design, the selection strategy relied solely on two-hop 
neighborhood coverage, without considering dynamic factors such as 
link stability, node mobility, or resource constraints. To address these 
limitations, researchers have introduced additional metrics to guide 
MPR selection while still operating within the two-hop neighborhood 
framework. For instance, Gangopadhyay et al. [32] incorporated resid-
ual energy and energy efficiency into the selection process, thereby 
improving routing performance in dynamic scenarios. Huang et al. [33] 
introduced relative position information obtained through GPS and 
optimized path selection using link duration, which enhanced packet 
delivery performance. In another approach, Zhang et al. [34] proposed 
a heuristic algorithm to reduce the number of MPR nodes in the net-
work, aiming to lower redundancy in data dissemination. Despite these 
improvements, the majority of MPR-related studies continue to rely 
on two-hop neighbor information, reflecting the inherent design con-
straints of the mechanism. Following this line, our study also restricts 
MPR optimization to the two-hop neighborhood.

Another line of research has focused on routing maintenance op-
timization. Zhou et al. [35] proposed an adaptive algorithm that dy-
namically adjusts the flooding frequency of topology control messages, 
while leveraging multiple antennas to sense signal quality for timely 
routing table updates. Building on the concept of link duration, Hong 
et al. [36] further introduced a dynamic adjustment of link state main-
tenance frequency, which helped reduce routing delay and improve the 
efficiency of channel resource allocation.

2.3. UWB communication

UWB offers a nanosecond-scale temporal resolution and very large 
occupied bandwidth, enabling centimeter-level time-of-flight ranging 
and robust operation in rich multi path environments [37]. These 
properties, together with low transmit power and short pulses, yield 
accurate, low-latency distance estimates [38] that are comparatively 
resilient to interference [37]. Standards such as IEEE 802.15.4a [39] 
and its enhancement 802.15.4z [40,41] explicitly support two-way 
and secure ranging while allowing data communication in the same 
physical layer, i.e., ranging and communication can proceed concur-
rently [42]. Collectively, these capabilities suggest a new design avenue 
for dynamic, dense multi-agent/robot networks: incorporate real-time 
UWB ranging into control messaging to reduce link-estimation latency 
and improve end-to-end reliability under rapid topology changes.
3 
Fig. 2. Redundant transmissions caused by flooding in a simple network 
topology. When node 𝑎 broadcasts a packet, its neighbors 𝑏, 𝑐, and 𝑑 may 
all rebroadcast it, leading nodes 𝑒 and 𝑓 to receive duplicate copies.

3. System model and problem formulation

3.1. Background

Any ad hoc networking protocol must address the following fun-
damental question: how should a packet be forwarded to reach a given 
destination? The common approach is to construct a routing table, 
which specifies the next hop for each possible destination. Such a 
routing table is typically derived from global topological information, 
usually computed using a shortest-path routing algorithm.

This leads to a further question: how can a node obtain global 
topological information? A straightforward method is for each node 
to flood its local neighborhood information throughout the network. 
However, it often results in excessive redundant transmissions. For 
example, in Fig.  2, when agent 𝑎 broadcasts a packet, its neighbors 
𝑏, 𝑐, and 𝑑 may all rebroadcast the same packet. As a result, nodes 
𝑒 and 𝑓 receive duplicate copies. While such redundancy can enhance 
the QoS at the receivers, it also significantly increases overall network 
forwarding overhead. We therefore aim to address the following key 
research questions:

• Multi-point relay selection. The objective is to select an ap-
propriate subset of one-hop neighbors as forwarding nodes to 
minimize data packet redundancy while ensuring the guaranteed 
QoS.

• Link quality estimation. To achieve reliable relay selection, as 
well as build real-time routing table, it is essential to estimate link 
quality in real time, particularly in terms of packet loss rate.

• Implementation for resource-constrained agents. To reduce 
resource consumption, we investigate the design of an integrated 
message format that simultaneously supports both swarm ranging 
and ad hoc routing.

These key research questions fall within the scope of the link layer 
and the network layer, as illustrated in Fig.  3.

3.2. System model

To reduce transmission redundancy, OLSR introduces the MPR 
mechanism, which selects a subset of nodes to forward packets. Only 
the selected one-hop neighbors participate in packet forwarding. How-
ever, the classic OLSR [23] does not consider link quality, and therefore 
cannot guarantee satisfactory Quality of Service (QoS)—in particular, 
the PDR performance. Although the enhanced OLSRv2 [43] introduces 
link-quality-related metrics, it incurs a significant delay in obtaining 
them. Consequently, our work focuses on the broadcast problem of 
balancing redundancy and PDR in real time.
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Fig. 3. Base on physical-layer UWB technology and link-layer swarm ranging, 
our work optimizes link quality estimation and MPR selection, implements 
and validates the proposed protocol on resource-constrained hardware, and 
releases the implementation as open source.

Fig. 4. Illustration of two-hop neighbor PLR calculation in a simple swarm 
topology. Dashed lines indicate the wireless links, meaning that the connected 
nodes are a pair of one-hop neighbors.

In this paper, we assume a swarm of embodied agents form a 
communication network, which can be represented by an undirected 
graph 𝐺(𝑉 ,𝐸), where 𝑉  denotes the set of agents and 𝐸 denotes the 
set of communication links. Two agents can communicate if and only if 
their distance is less than 𝑅𝑐 , i.e., edge (𝑢, 𝑣) ∈ 𝐸 if and only if 𝑑𝑢,𝑣 < 𝑅𝑐 . 
Since each agent executes the broadcast process independently, without 
loss of generality, we assume that the current source agent is 𝑢. Let 
𝛤1 = {𝑤|(𝑢,𝑤) ∈ 𝐸} denote the set of one-hop neighbors of 𝑢, and 
𝛤2 = {𝑣|(𝑣,𝑤) ∈ 𝐸,𝑤 ∈ 𝛤1, 𝑣 ∉ 𝛤1, 𝑣 ≠ 𝑢} denote the set of two-hop 
neighbors. For instance, Fig.  4 illustrates a simple topology in which 
the communication links between nodes are represented by double-
headed arrows. For node 𝑢, 𝛤1 = {𝑏, 𝑐, 𝑑, 𝑒, 𝑓 , 𝑔} and 𝛤2 = {ℎ, 𝑖, 𝑗, 𝑘, 𝑙, 𝑚}. 
Inspired by the MPR mechanism in OLSR, node 𝑢 selects a subset of its 
one-hop neighbors, denoted as 𝑆, to forward the broadcast message. We 
aim to reduce the transmission redundancy through reduce the number 
of selected forwarders, i.e., |𝑆|.

Although reducing the number of forwarders helps decrease redun-
dancy, it often also leads to reduced QoS, e.g., PDR, from 𝑢 to its 
4 
two-hop neighbors. Therefore, we first evaluate the probability that a 
two-hop neighbor 𝑣 ∈ 𝛤2 fails to receive a packet from 𝑢, under the 
given set of forwarders 𝑆 ⊆ 𝛤1.

Let 𝑃𝑢,𝑣 ∈ [0, 1] denote the Packet Loss Rate (PLR) on the direct link 
from node 𝑢 to node 𝑣, and let 𝑄𝑢,𝑣 ∈ [0, 1] be the end-to-end PLR that 
node 𝑣 fails to receive a packet from node 𝑢 over two or more hops, 
𝑢 ≠ 𝑣. And the PLR satisfies 𝑃𝐿𝑅 + 𝑃𝐷𝑅 = 1. A separate section is 
presented to estimate link quality 𝑃𝑢,𝑣 in Section 4.

Assume that failures of different links are independent, which is 
generally considered acceptable in network models [44–46]. The loss 
on a single path occurs if any link along it fails. Thus, the PLR on a 
single two-hop path 𝑢 → 𝑤 → 𝑣 is given by 𝑃𝑢,𝑤 + (1 − 𝑃𝑢,𝑤)𝑃𝑤,𝑣, where 
𝑤 ∈ 𝛤1, 𝑣 ∈ 𝛤2. For a pair of nodes 𝑢 and 𝑣 ∈ 𝛤2, there may exist 
multiple two-hop paths from 𝑢 to 𝑣. And the packet loss occurs only 
if all these paths fail. Take Fig.  4 as an example. A packet sent from 
node 𝑢 can reach node ℎ via two paths: 𝑢 → 𝑏 → ℎ and 𝑢 → 𝑐 → ℎ. 
Since these two paths share no common links, the PLRs along them are 
independent. Therefore, the overall PLR 𝑄𝑢,ℎ is the product of the PLRs 
along each path, 
𝑄𝑢,ℎ = (𝑃𝑢,𝑏 + (1 − 𝑃𝑢,𝑏)𝑃𝑏,ℎ) ⋅ (𝑃𝑢,𝑐 + (1 − 𝑃𝑢,𝑐 )𝑃𝑐,ℎ). (1)

More generally, given the sender 𝑢 and receiver 𝑣 ∈ 𝛤2, we consider 
any two paths 𝑢 → 𝑤 → 𝑣 and 𝑢 → 𝑞 → 𝑣 such that 𝑤, 𝑞 ∈ 𝛤1 and 
𝑤 ≠ 𝑞. These two paths share no common links because of (𝑢,𝑤) ≠ (𝑢, 𝑞)
and (𝑤, 𝑣) ≠ (𝑞, 𝑣), and thus the PLRs along them are independent. 
Therefore, given the non-empty set of selected one-hop neighbors 𝑆 ⊆
𝛤1, the overall PLR 𝑄𝑢,𝑣 can be computed as follows: 

𝑄𝑢,𝑣 =
∏

𝑤∈𝑆

(

𝑃𝑢,𝑤 + (1 − 𝑃𝑢,𝑤)𝑃𝑤,𝑣
)

, ∀𝑣 ∈ 𝛤2. (2)

Since 𝑄𝑢,𝑣 ∈ [0, 1], it follows that each product term in Eq. (2), i.e.,
(𝑃𝑢,𝑤+(1−𝑃𝑢,𝑤)𝑃𝑤,𝑣), also lies within [0, 1]. Moreover, because of 𝑆 ⊆ 𝛤1, 
𝑄𝑚𝑖𝑛

𝑢,𝑣  serves as a lower bound of 𝑄𝑢,𝑣 when 𝑆 equals to 𝛤1, which can 
be computed as follows: 
𝑄𝑚𝑖𝑛

𝑢,𝑣 =
∏

𝑤∈𝛤1

(

𝑃𝑢,𝑤 + (1 − 𝑃𝑢,𝑤)𝑃𝑤,𝑣
)

, ∀𝑣 ∈ 𝛤2. (3)

In addition, to ensure the desired QoS, we impose a lower bound on 
the PDR, which is equivalently expressed as an upper bound on 𝑄𝑢,𝑣, 
given by 
𝑄𝑢,𝑣 ≤ 𝛾𝑄𝑚𝑖𝑛

𝑢,𝑣 , ∀𝑣 ∈ 𝛤2, (4)

where 𝛾 > 1 is a gain factor that controls the acceptable PLR degrada-
tion.

The main notations used throughout this paper are summarized in 
Table  1.

3.3. Problem formulation

Given a node 𝑢, with its one-hop neighbor set 𝛤1 and two-hop 
neighbor set 𝛤2, we aim to minimize the number of forwarding nodes 
while ensuring that the PLR for all two-hop neighbors remains below 
a specified threshold. The broadcast problem can be formulated as 
follows: 
 ∶ min

𝑆
|𝑆|, (5)

𝐬.𝐭. ∅ ≠ 𝑆 ⊆ 𝛤1, (5a)
∏

𝑤∈𝑆

(

𝑃𝑢,𝑤 + (1 − 𝑃𝑢,𝑤)𝑃𝑤,𝑣

)

≤ min(𝛾𝑄min
𝑢,𝑣 , 1), ∀𝑣 ∈ 𝛤2,

(5b)

 where the Constraint (5a) specifies that the selected forwarding nodes 
must be one-hop neighbors of 𝑢, and the Constraint (5b) ensures that 
the selected 𝑆 achieves a two-hop PLR no greater than min(𝛾𝑄𝑚𝑖𝑛

𝑢,𝑣 , 1).
To simplify the multiplicative Constraint (5b), a logarithmic trans-

formation is applied to convert it into an additive form: 
∑

𝑤∈𝑆
log𝜌

(

𝑃𝑢,𝑤 + (1 − 𝑃𝑢,𝑤)𝑃𝑤,𝑣
)

𝑚𝑖𝑛
(6)
≥ log𝜌 min(𝛾𝑄𝑢,𝑣 , 1), ∀𝑣 ∈ 𝛤2,
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Table 1
Main notations and definitions.
 Notation Definition

 𝐺 Undirected graph, formed by agent nodes and communication links 
between them

 

 𝑉 Set of agent nodes  
 𝐸 Set of communication links  
 𝛤1 , 𝛤2 Set of one-hop and two-hop neighbors of a node, respectively  
 𝑛 = |𝛤1|, number of one-hop neighbors  
 𝑘 = |𝛤2|, number of two-hop neighbors  
 𝑄𝑢,𝑣 End-to-end PLR from node 𝑢 to node 𝑣  
 𝑃𝑢,𝑣 PLR on the direct link from node 𝑢 to node 𝑣  
 𝛾 Gain factor for PLR upper bound  
 𝐭 = [𝑡1 , 𝑡2 ,… , 𝑡𝑘]𝑇 , target vector  
 𝐂 Contribution matrix  
 𝐜𝑗 𝑗th column vector of 𝐂  
 𝜏 Time slot index  
 𝑃 𝜏

𝑢,𝑣 Observed PLR on the direct data link from node 𝑢 to node 𝑣 at 
time 𝜏

 

 𝑃 𝜏
𝑢,𝑣 Estimated PLR on direct the data link from node 𝑢 to node 𝑣 at 

time 𝜏
 

 𝑃 𝑢,𝑣(𝑑) Predicted PLR on the direct data link from node 𝑢 to node 𝑣 at 
distance 𝑑

 

 𝑃 𝜏
𝑢,𝑣(𝑑) Corrected predicted PLR on the direct data link from node 𝑢 to 

node 𝑣 at time 𝜏
 

 𝑑𝑢,𝑣 Distance between node 𝑢 and node 𝑣  
 𝛼 Weighting coefficient for current observation  
 𝛽 Correction coefficient  

where 𝜌 ∈ (0, 1) is a predefined base. This transformation maps the 
multiplicative terms into the additive logarithmic domain, so that 
log𝜌 min(𝛾𝑄𝑚𝑖𝑛

𝑢,𝑣 , 1) serves as the log-scale lower bound for the target 
two-hop PLR. Let 𝑘 = |𝛤2| be the number of two-hop neighbors of 
𝑢, and 𝛤2(𝑖) be the 𝑖th two-hop neighbor in 𝛤2. Similarly, let 𝑛 =
|𝛤1|, and 𝛤1(𝑗) be the 𝑗th one-hop neighbor in 𝛤1. The target vector 
𝐭 = [𝑡1, 𝑡2,… , 𝑡𝑘]𝑇  is constructed to represent the constraint in Eq. (6), 
where 𝑡𝑖 = log𝜌 min(𝛾𝑄𝑚𝑎𝑥

𝑢,𝛤2(𝑖)
, 1), 1 ≤ 𝑖 ≤ 𝑘. Moreover, in Eq. (6), the 

left-hand side of the inequality satisfies the lower bound constraint 
incrementally.

To this end, we define the matrix 𝐂 ∈ R𝑛×𝑘 to represent the incre-
mental contribution of each one-hop neighbor, and define 𝐜𝑗 as the 𝑗th 
column vector of 𝐂. Specifically, 𝐶𝑖,𝑗 = log𝜌(𝑃𝑢,𝛤1(𝑗)+(1−𝑃𝑢,𝛤1(𝑗))𝑃𝑤,𝛤1(𝑖))
represents the incremental value provided by one-hop neighbor 𝛤1(𝑗) to 
two-hop neighbor 𝛤2(𝑖). Accordingly, the Eq. (6) can be rewritten as: 
∑

𝛤1(𝑗)∈𝑆
𝐶𝑖,𝑗 ≥ 𝑡𝑖, ∀𝑖 ∈ [1, 𝑘]. (7)

Here, we can reformulate the original problem  as  ′. 
 ′ ∶ min

𝑆
|𝑆|, (8)

𝐬.𝐭. ∅ ≠ 𝑆 ⊆ 𝛤1, (8a)
∑

𝛤1(𝑗)∈𝑆
𝐜𝑗 ≥ 𝐭. (8b)

 By definition, column 𝐜𝑗 represents the contributions of 𝛤1(𝑗) to all 
two-hop neighbors, while the 𝑖th row of 𝐂 specifies the contributions of 
all one-hop neighbors to 𝛤2(𝑖). Under this transformation, the original 
problem is equivalent to selecting a minimum number of columns of 
𝐂 such that their element-wise sum meets or exceeds the given target 
vector 𝐭.

The key techniques proposed for enhancing routing in dynamic and 
dense networks through UWB swarm ranging for embodied intelligence 
are presented in Fig.  5.

4. Data link quality estimation

In embodied intelligence agent networking, the swarm of agents is 
typically dynamic and dense, leading to highly time-varying wireless 
communication links between agents. Under such conditions, accu-
rately and promptly estimating intra-swarm link quality is crucial. It 
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enables the routing protocol to maintain an up-to-date network view, 
select multi-point relays and stable routes, reduce packet loss and 
latency, and ultimately improve the efficiency of collaborative swarm 
task execution.

Conventional methods mainly rely on large volumes of probe pack-
ets to statistically infer reception success rates. Although effective in 
static settings, these methods exhibit inherent limitations in highly 
dynamic swarm environments. The repeated transmission of probes 
not only introduces latency that hinders the capture of rapid link 
variations, but also increases communication overhead, which further 
reduces estimation accuracy and compromises routing reliability when 
link quality is already poor.

To overcome these limitations, we propose a real-time link quality 
estimation method that leverages relative distance information ob-
tained during the swarm ranging process, jointly considering the tem-
poral trends in distance variation and historical communication per-
formance. This design enables timely and adaptive estimation without 
additional probing traffic, offering superior responsiveness and adapt-
ability in resource-constrained and fast-changing swarm scenarios.

To improve the real-time performance of link quality estimation, 
practical implementations often employ an exponentially weighted 
moving average (EWMA) that combines historical packet loss data with 
the most recent observations to estimate the PLR of the data link, as 
expressed in the following equation, 
𝑃 𝜏
𝑢,𝑣 = 𝛼𝑃 𝜏

𝑢,𝑣 + (1 − 𝛼)𝑃 𝜏−1
𝑢,𝑣 , 0 ≤ 𝛼 ≤ 1, (9)

where 𝑃 𝜏
𝑢,𝑣 and 𝑃 𝜏

𝑢,𝑣 denote the observed and estimated PLR on the data 
link from node 𝑢 to neighboring node 𝑣 at time 𝜏, respectively, and 𝛼 is a 
weighting coefficient that determines the relative importance assigned 
to the current observation.

Although EWMA can partially enhance the timeliness of link quality 
estimation, the observation of PLR still depends on multiple transmis-
sions and receptions of probe packets. When the link quality degrades, 
resulting in intermittent or continuous loss of probe packets, the local 
estimation of link quality becomes inaccurate due to the lack of timely 
updates. To address this issue, our work incorporates relative distance 
information between nodes into the link quality estimation process. 
By leveraging the real-time and high-precision distance measurements 
obtained from swarm ranging, the accuracy and responsiveness of 
intra-swarm link quality estimation can be significantly improved.

Specifically, under line-of-sight (LoS) conditions with reliable com-
munication quality, we empirically measure the PLRs between nodes 
at varying distances using UWB communication. Fig.  6 shows the 
relationship between communication distance and PLR, where the data 
points represent the average PLR sampled at different communication 
distances in real-world measurements. When the distance is less than 
4 m, the observed PLR values remain close to 0 and nearly constant. 
Beyond 5 m, however, the PLR fluctuates and increases exponentially, 
eventually approaching one at approximately 8 m. The relationship 
between communication distance and PLR is modeled by Eq. (10), 
enabling real-time prediction of the current link PLR based on relative 
distance information: 
𝑃 𝑢,𝑣(𝑑) =

1
𝑒𝑎𝑑+𝑏 + 𝑐

, (10)

where 𝑃 𝑢,𝑣(𝑑) denotes the predicted PLR between any pair of one-hop 
neighbor nodes 𝑢 and 𝑣 at their relative distance 𝑑. The model is fitted 
from the aforementioned measurements, with 𝑎 = −1.61, 𝑏 = 9.97, and 
𝑐 = 1.01 as fitting parameters.

Considering that swarm networks are often deployed in diverse 
environments, and that complex scenarios such as urban areas may 
involve non-line-of-sight (Non-LoS), multipath, and other interference 
conditions, a purely distance-based model is insufficient to accurately 
capture instantaneous link quality. Therefore, we introduce a correction 
mechanism that leverages real-time packet loss observations to improve 
the accuracy of the predicted PLR by compensating for unmodeled 
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Fig. 5. In dynamic and dense networks (e.g., UAV swarms) where agent positions change rapidly, we estimate link quality based on inter-agent distance and 
embeds it into ranging messages, from our previously proposed Swarm Ranging Protocol [27,28], thereby reducing overall packet overhead. To reduce network 
forwarding overhead in dense agent communication, our proposed GRR algorithm (Section 5) minimizes the number of forward nodes while maintaining QoS. 
Furthermore, the system is implemented on resource-constrained hardware operating at 168 MHz with 192 KB memory, demonstrating its lightweight design.
Fig. 6. PLR prediction model based on communication distance. The data 
points represent measured average PLRs at different distances under LoS 
conditions using UWB communication. The curve shows the fitted model, 
where PLR remains near zero below 4 m, increases sharply beyond 5 m, and 
approaches 1 around 8 m.

impairments. Specifically, the distance-based PLR prediction in Eq. (10) 
serves as a lightweight trend estimator, while the final PLR used by the 
protocol is obtained by fusing this prediction with the current packet 
loss estimation, as formulated in Eq. (11), 

𝑃 𝜏
𝑢,𝑣(𝑑𝑢,𝑣) = 𝛽𝑃 𝑢,𝑣(𝑑𝑢,𝑣) + (1 − 𝛽)𝑃 𝜏

𝑢,𝑣, 0 ≤ 𝛽 ≤ 1, (11)

where 𝛽 is a correction coefficient that quantifies the relative confi-
dence in the predictive model compared to the EWMA-based estima-
tion. This hybrid design enables the prediction model to retain low 
computational complexity while maintaining robustness and accuracy 
in dynamic and dense environments.

By combining our proposed prediction model, i.e., Eq. (11), with 
high-precision relative distance measurements obtained through swarm 
6 
ranging, the PLR can be predicted in real time. In deployment envi-
ronments with severe Non-LoS propagation, interference, or multipath 
effects, the LoS-fitted distance model in Eq. (10) can be recalibrated or 
replaced by an environment-specific PLR estimator. This substitution 
does not affect the later use of PLR, which only requires an estimated 
value for each link.

5. Greedy round-robin selection algorithm and approximation ra-
tio analysis

In this section, we design a greedy round-robin (GRR) selection 
algorithm to address the broadcast problem  ′, and theoretically derive 
its approximation ratio. In addition, we employ an optimal selection 
algorithm based on depth-first search to obtain the optimal solution to 
 ′.

5.1. Greedy round-robin selection algorithm

First, we consider a simple case where the target vector is one-
dimensional, i.e., there is only one two-hop neighbor, 𝑘 = |𝛤2| = 1. 
Then the solution can be simply obtained by selecting the columns 
of 𝐂 in descending order and accumulating their values until the sum 
reaches or exceeds the target value 𝑡1. However, in practice, there are 
often multiple two-hop neighbors. The contribution of a single one-
hop neighbor can vary significantly across different two-hop neighbors, 
making it challenging to establish a unified criterion for ranking all one-
hop neighbors. To address this challenge, we propose a GRR selection 
algorithm that aims to minimize the number of selected one-hop neigh-
bors while ensuring that the target vector is satisfied. The core idea of 
that iteratively selects the most contributive one-hop neighbor for each 
two-hop neighbor in a round-robin manner until the target vector is 
satisfied.

The pseudocode of the GRR selection algorithm is shown in Algo-
rithm 1. 𝑆 is initially empty. To facilitate the selection of the most 
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Algorithm 1: Greedy Round-Robin Selection Algorithm
Input : contribution matrix 𝐂, target vector 𝐭
Output: forwarding node set 𝑆

1 𝑆 = ∅;
2 for 𝑖 = 1, 2,… , 𝑘 do
3 Sort the 𝑖-th row of rank matrix 𝐑 such that 

𝐶𝑖,𝑅𝑖,1
≥ 𝐶𝑖,𝑅𝑖,2

≥ ⋯ ≥ 𝐶𝑖,𝑅𝑖,𝑛
;

4 end 
5 for 𝑗 = 1, 2,… , 𝑛 do
6 for 𝑖 = 1, 2,… , 𝑘 do
7 if 𝛤1(𝑅𝑖,𝑗 ) ∉ 𝑆 then 𝑆 = 𝑆 ∪ {𝛤1(𝑅𝑖,𝑗 )} ;
8 if Constraint (8b) is satisfied then  return 𝑆 ;
9 end 
10 end 
11 return 𝑆;

contributive one-hop neighbor in each iteration, we introduce an ad-
ditional rank matrix 𝐑 to represent the relative contribution order of 
each row in 𝐂. Specifically, each row satisfies 
𝐶𝑖,𝑅𝑖,1

≥ 𝐶𝑖,𝑅𝑖,2
≥ ⋯ ≥ 𝐶𝑖,𝑅𝑖,𝑛

, ∀𝑖 ∈ [1, 𝑘], (12)

where the indices in 𝐑 indicate the columns of 𝐂 sorted in descending 
order. In each iteration, for each row of 𝐂, the node with the largest 
value 𝐶𝑖,𝑅𝑖,𝑗

 is selected in turn if it has not been selected before; other-
wise, it is skipped. The algorithm terminates when the Constraint (8b) 
is satisfied and then returns 𝑆.

5.2. Approximation ratio analysis

Let 𝑆 be the solution obtained by GRR and 𝑆∗ be the optimal solu-
tion. Theorem  1 provides a problem-specific worst-case approximation 
bound for GRR, which depends on the number of two-hop neighbors 𝑘.

Theorem 1.  For problem  ′, let 𝑆 be the solution obtained by the GRR 
selection algorithm and 𝑆∗ be the optimal solution. The GRR selection 
algorithm achieves an approximation ratio of 𝑘, i.e., |𝑆|

|𝑆∗
|

≤ 𝑘.

Proof.  When each contribution 𝐶𝑖,𝑗 ∈ {0, 1} and 𝑡𝑖 = 1,  ′ reduces to 
the classical set cover problem. Here, 𝐶𝑖,𝑗 is instead a continuous link-
quality-dependent contribution, so the classical set-cover proof based 
on binary coverage cannot be directly applied. Let 𝑆𝑖 denote the set of 
forwarding nodes selected by Algorithm 1 on the 𝑖th row of 𝐂. It is clear 
that ∪𝑘

𝑖=1𝑆𝑖 = 𝑆 and 𝑆𝑖 ∩ 𝑆𝑖′ = ∅, 𝑖 ≠ 𝑖′. Define 𝑙𝑖 as the smallest integer 
satisfying that ∑𝑙𝑖

𝑗=1 𝐶𝑖,𝑅𝑖,𝑗
≥ 𝑡𝑖,∀𝑖 ∈ [1, 𝑘]. Let 𝑙𝑚𝑎𝑥 be the maximum 

among all 𝑙𝑖, i.e., 𝑙𝑚𝑎𝑥 = max(𝑙1, 𝑙2,… , 𝑙𝑘).
We prove that 𝑙𝑚𝑎𝑥 is a lower bound of |𝑆∗

| in the following. Since 
𝑆∗ is a feasible solution, we have ∑𝛤1(𝑅𝑖,𝑗 )∈𝑆∗ 𝐶𝑖,𝑅𝑖,𝑗

≥ 𝑡𝑖,∀𝑖 ∈ [1, 𝑘]. 
Now, we consider the relaxed problem only for a single row 𝑖, making 
it simpler. 
 ′

𝑖 ∶ min
𝐽

|𝐽 |, (13)

𝐬.𝐭. ∅ ≠ 𝐽 ⊆ {1, 2,… , 𝑛}, (13a)
∑

𝑗∈𝐽
𝐶𝑖,𝑅𝑖,𝑗

≥ 𝑡𝑖. (13b)

We claim that the optimal solution value is 𝑙𝑖, and 𝐽 = {1, 2,… , 𝑙𝑖} is 
an optimal solution. This claim is proved by contradiction. Suppose on 
the contrary, that 𝐽 = {1, 2,… , 𝑙𝑖} is not optimal. Then, there must exist 
at least one element 𝑥 ∈ {𝑙𝑖+1, 𝑙𝑖+2,… , 𝑛} such that each 𝑥 can replace 
one or more elements in {1, 2,… , 𝑙𝑖}. Let 𝑌 ⊆ {1, 2,… , 𝑙𝑖} be the set of 
replaced elements and 𝑋 be the set of replacements. We have 𝑌 ∩𝑋 = ∅
because of 𝑌 ⊆ {1, 2,… , 𝑙𝑖} and 𝑋 ⊆ {𝑙𝑖 + 1, 𝑙𝑖 + 2,… , 𝑛}. Then the size 
of new set 𝐽 − 𝑌 + 𝑋 would be smaller, i.e., |𝐽 − 𝑌 +𝑋| < 𝑙 , thereby 
𝑖
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|𝑌 | > |𝑋|. According to Eq. (12), we have 𝐶𝑖,𝑅𝑖,𝑥
≤ 𝐶𝑖,𝑅𝑖,𝑦

,∀𝑥 ∈ 𝑋,∀𝑦 ∈
𝑌 . Select a subset 𝑍 ⊆ 𝑌  such that |𝑍| = |𝑋|, and thus we have 

∑

𝑗∈𝐽−𝑌+𝑋
𝐶𝑖,𝑅𝑖,𝑗

≤
∑

𝑗∈𝐽−𝑌+𝑍
𝐶𝑖,𝑅𝑖,𝑗

. (14)

Because 𝑙𝑖 is defined as the smallest integer such that 
∑𝑙𝑖

𝑗=1 𝐶𝑖,𝑅𝑖,𝑗
≥ 𝑡𝑖, 

it follows that ∑𝑙𝑖−1
𝑗=1 𝐶𝑖,𝑅𝑖,𝑗

< 𝑡𝑖. Then we have, 

∑

𝑗∈𝐽−𝑌+𝑍
𝐶𝑖,𝑅𝑖,𝑗

<
𝑙𝑖−1
∑

𝑗=1
𝐶𝑖,𝑅𝑖,𝑗

< 𝑡𝑖. (15)

Hence, according to Eqs. (14) and (15), it can be concluded that 
∑

𝑗∈𝐽−𝑌+𝑋 𝐶𝑖,𝑅𝑖,𝑗
< 𝑡𝑖. Therefore, the new set 𝐽 − 𝑌 + 𝑋 does not 

satisfy the Constraint (13b), which contradicts the assumption. Thus, 
𝐽 = {1, 2,… , 𝑙𝑖} is optimal.

Since problem  ′
𝑖  only considers one dimension of problem  ′, we 

have 
|

|

𝑆∗
|

|

≥ |

|

{1, 2,… , 𝑙𝑖}|| = 𝑙𝑖, ∀𝑖 ∈ [1, 𝑘]. (16)

Eq. (16) holds for all 𝑖, so, we have |𝑆∗
| ≥ 𝑙𝑚𝑎𝑥. According to the 

definition of 𝑆𝑖, we have |𝑆𝑖| ≤ 𝑙𝑖,∀𝑖 ∈ [1, 𝑘]. Therefore, we have 

|𝑆| =
𝑘
∑

𝑖=1
|𝑆𝑖| ≤

𝑘
∑

𝑖=1
𝑙𝑖 ≤ 𝑘𝑙𝑚𝑎𝑥 ≤ 𝑘|𝑆∗

|, (17)

which is equivalent to |𝑆|
|𝑆∗

|

≤ 𝑘. □

The time complexity of the greedy algorithm can be analyzed as 
follows. First, each row of 𝐑 must be sorted, which requires 𝑂(𝑘𝑛 log 𝑛)
time, where 𝑛 and 𝑘 are the numbers of one-hop and two-hop neigh-
bors, respectively. Subsequently, the algorithm verifies whether each 
selected node is already contained in the set, which can be performed 
in 𝑂(1) time using a hash table. This part therefore incurs a total cost 
of 𝑂(𝑘𝑛). Combining both parts, the overall time complexity of the GRR 
selection algorithm is 𝑂(𝑘𝑛 log 𝑛).

Beyond computational complexity, the number of two-hop neigh-
bors 𝑘 also has a direct impact on the selection performance of GRR. 
As 𝑘 increases, which is common in dense UAV swarm networks, 
each one-hop neighbor tends to cover a smaller fraction of the two-
hop neighborhood. This reduces the marginal contribution of each 
candidate node and makes the greedy selection less effective in approx-
imating the optimal solution. Consequently, more forwarding nodes 
may be required to satisfy the QoS constraint, leading to a gradual 
degradation of the approximation performance of GRR as 𝑘 grows.

6. Implementation on low resource agents

In this section, we employ a swarm of resource-constrained micro-
UAVs to form a multi-agent system. By employing the proposed GRR 
selection algorithm as the implementation of the MPR mechanism, 
we developed an improved OLSR protocol. In conjunction with the 
swarm ranging protocol, this further enhanced the accuracy of link-
state estimation. Then we implemented a prototype system on micro 
UAVs.

6.1. External communication

In our previous work [27,28], we developed a UWB swarm ranging 
protocol to accurately measure the relative distances among UAVs in 
dynamic and dense swarms. In this subsection, we extend the ranging 
unit of this protocol to carry additional information alongside the 
distance measurements, as illustrated in Fig.  7. Specifically, the ranging 
unit is extended with two additional fields: (i) the Packet Loss Rate
field, which records the PLR of one-hop neighbors; (ii) and the binary
Flags field, which indicates the status of the communication links. To 
enable the mutual notification of relay node selections for populating 
subsequent topology control (TC) messages, the protocol specifies that 
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Fig. 7. Extended format of the ranging unit in the UWB swarm ranging 
protocol.

Fig. 8. Format of the topology control message.

when the Flags field is set to 1, it indicates that the sending node has 
chosen the corresponding neighbor as a relay node for forwarding TC 
messages.

Using the GRR selection algorithm, each node selects an appropriate 
subset of its one-hop neighbors to forward the topology information it 
maintains. This information is included in the TC message. As shown 
in Fig.  8, the TC message consists of two parts: the message header 
and the message body. The header includes metadata of TC message:
Message Type, Time to Live, Source Address, Message Sequence Number, 
and Message Length. The message body is composed of multiple topol-
ogy control units with identical structures. Each unit corresponds to 
a one-hop neighbor that has selected the message sender (i.e., the 
current node) as its relay node. It includes the Neighbor Address of 
the corresponding neighbor, the Topology Sequence Number used to 
distinguish the freshness of the topology information, and the Expected 
Transmission Time.

6.2. Internal communication

In this system, all software functional modules of the UAV platform 
operate as tasks within the embedded real-time multitasking operating 
system, such as FreeRTOS. All internal system tasks are uniformly 
scheduled by the preemptive scheduler provided by RTOS. The internal 
communication module is primarily responsible for UWB data trans-
mission, reception, and scheduling. Considering that both the swarm 
ranging module and network communication module depend on the 
internal communication module, this work adopts the Actor concur-
rency model. The UWB sends/receives operations from each module 
are transformed into read/write operations on blocking queues, thus 
avoiding tight coupling between modules, as illustrated in Fig.  9.

The internal communication module consists of a data receiving 
task and a data sending task. The DW3000 extension board designed 
and implemented in this system writes received UWB packets into a 
global receiving queue in a non-blocking manner. The data receiving 
task reads UWB packets from the global receiving queue using blocking 
reads and dispatches the packets to the corresponding receive queues of 
the appropriate functional modules based on the packet type. The data 
sending task, in turn, reads UWB packets written by functional modules 
8 
Fig. 9. Design of the internal communication module based on the Actor 
concurrency model.UWB send/receive operations from different modules are 
converted into read/write operations on blocking queues, enabling decoupled 
communication among tasks scheduled by FreeRTOS.

Fig. 10. Unified UWB packet format for the internal communication module.

Fig. 11. Interaction between the swarm ranging module and the internal 
communication module. The ranging module registers a receive queue and 
callback functions for its message type, while the internal communication 
module relies on DW3000 interrupt interfaces to handle packet transmission 
and reception, triggering the corresponding callbacks to enable UWB-based 
interactions among UAV modules.

from the global sending queue via blocking reads and sends them one 
by one through the DW3000 board.

To implement this packet dispatching mechanism, a unified UWB 
packet format is defined for the internal communication module, as 
shown in Fig.  10. In this format, the Message Type field enables packet 
dispatching within the system; the Message Length field supports parsing 
of variable-length payloads; and the Source Address and Destination 
Address fields decouple the upper-layer MAC frame addresses from the 
internal UAV addressing scheme. The payload size can dynamically 
vary depending on the upper MAC frame format and the DW3000 
configuration, with a maximum capacity of 1018 bytes in this system.

Based on the above design, this system defines a set of interaction 
interfaces for the internal communication module, as shown in Table  2. 
Any functional module in the system only needs to register a reception 
queue for its corresponding message type via the Register interface. 
Subsequently, it can send and receive messages using the Send and
Receive interfaces. When communication is no longer required, the 
module can deregister its queue using the Deregister interface to 
free associated resources.

Taking the interaction between the ranging module and the in-
ternal communication module as an example, shown in Fig.  11, the 
ranging module registers a receive queue for its specific message type 
using the uwbRegisterListener interface. It also provides callback 
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Table 2
Interface definitions and descriptions of the internal communication module.
 Interface Definition

 Register (type, rxQueue) Registers rxQueue as the receive queue for messages of type type  
 Deregister (type) Deregisters the receive queue associated with message type type  
 Send (message, timeout) Sends the message message to the global send queue using blocking writes; timeout specifies the 

blocking duration
 

 Receive (type, timeout) Retrieves messages of type type from the corresponding receive queue using blocking reads;
timeout specifies the blocking duration

 

Fig. 12. Hardware setup of the UAV platform.

functions for sending and receiving events related to ranging packets, 
allowing extension of ranging functionality. The internal communi-
cation module uses external interrupt interfaces UWB_IRQ_TX and
UWB_IRQ_RX from the DW3000 board to transmit and receive packets 
and triggers the corresponding registered callback functions upon in-
terrupts. In this way, UWB-based packet interactions between various 
functional modules within the micro-UAV swarm are realized.

6.3. Hardware implementation

The hardware composition of the UAV swarm used in this study 
mainly includes the micro-UAV platform and the monitoring platform. 
The micro-UAV platform is based on the Crazyflie 2.1 developed by 
Bitcraze and supports both officially provided and custom-developed 
extension decks. In this study, we integrate the Athena computing 
deck along with other extension decks to form a versatile hardware 
development platform. Developers can embed different types of ex-
tension decks into the Crazyflie 2.1 in a hardware-pin-compatible 
manner, allowing flexible extension and combination of functionalities. 
This highly customizable and open micro-UAV ecosystem is widely 
adopted in various applications for building UAV systems. The UAVs 
communicate with each other via UWB signals using the UWB extension 
decks, and each UAV is equipped with the ranging protocol described in 
Section 6.1 and the MPR selection algorithm presented in Section 5.1. 
The monitoring platform mainly consists of a computer and peripheral 
auxiliary equipment. The computer interfaces with the UAVs through 
USB serial ports or 2.4 GHz signals via auxiliary devices to obtain 
real-time UAV status, logs, and position information from external 
positioning systems.

The hardware devices used in the implementation and deploy-
ment of the proposed system were presented in Fig.  12, including the 
Crazyflie and its various extension decks.
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Table 3
Configuration parameters of Crazyflie 2.1.
 Hardware configuration Parameter  
 Weight 27 g  
 Max Payload 15 g  
 Processor STM32F405  
 Frequency 168MHz  
 Memory 192KB  
 Compatible Buses UART/SPI/USB 
 Battery Capacity 250mAh  

Fig.  12(a) shows the main UAV Crazyflie 2.1 used in this paper, with 
body dimensions of 92 × 92 × 29mm, a net take-off weight of only 27 g, 
and a maximum payload of 15 g. It is powered by a 250mAh battery. 
Crazyflie 2.1 is equipped with an STM32F405 microprocessor as its core 
computing unit, operating at 168MHz with 192KBytes of SRAM and 
1MB of Flash. Additionally, it includes an nRF51822 microprocessor 
as the communication core, operating at 32MHz with 16KBytes of 
SRAM and 128KBytes of Flash, mainly used for communication with 
the external base station via 2.4 GHz signals. Detailed configurations 
of Crazyflie 2.1 are presented in Table  3.

Fig.  12(b) shows the Athena v3.2 computing deck mounted on the 
Crazyflie 2.1 UAV, which consists of a computing core, a communi-
cation unit, and a storage unit. The computing core is a low-power 
computing unit using the STM32L496RGT6 microcontroller, operating 
at 80MHz with 320KBytes of SRAM and 1MB of Flash. It supports 
multiple bus protocols such as I2C, SPI, and UART, and consumes about 
91 μA/MHz in run mode.

Fig.  12(c) shows the Flow Deck mounted at the bottom of the 
Crazyflie 2.1, equipped with a PMW3901 optical flow sensor that can 
perceive the distance to the ground and relative planar displacement, 
providing relative altitude and motion information to support base 
station flight control of the UAV.

Fig.  12(d) shows the DW3000 UWB deck mounted on Crazyflie 2.1 
and driven by the Athena low-power computing core. The DW3000 
deck integrates the DWM3000 UWB module produced by Decawave, 
which complies with the IEEE 802.15.4z standard. In this system, the 
Athena computing deck communicates with the DW3000 chip via SPI 
by using a self-implemented UWB driver to configure the chip and 
send/receive UWB signals through register read/write.

7. Experiments

7.1. Simulation settings and baseline algorithms

Extensive experiments were conducted to evaluate the performance 
of the proposed method. In the simulations, the wireless communi-
cation radius of agents is set to 𝑅𝑐 = 2m, and the gain factor for 
PLR upper bound is set to 𝛾 = 1.2. For Eq. (10), we set 𝑎 = −1.61, 
𝑏 = 9.97, and 𝑐 = 1.01, which are fitted from the measurements. The 
UAVs are uniformly distributed in the simulation area, resulting in 
diverse network topologies. Since the location information of each node 
is known, the distance between any two nodes can be easily calculated, 
and the link quality can then be estimated using the PLR model defined 
in Eq. (11).

The proposed GRR selection algorithm is compared with the follow-
ing four algorithms:
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Fig. 13. Average number of forwarding nodes under different swarm sizes.

• Depth-first search based selection algorithm, referred to as 
DFS. For a given sender node, this algorithm explores all feasible 
combinations of one-hop relay node combinations and selects the 
one with the minimum size that satisfies Constraint (8b). The time 
complexity of this algorithm is 𝑂(𝑘2𝑛).

• Link-quality-aware routing variant, referred to as COP. This 
algorithm is implemented as a simplified version inspired by [47]. 
Specifically, it estimates link duration solely based on inter-node 
distance and selects forwarding nodes according to the predicted 
link duration.

• MPR selection algorithm employed in OLSR protocol, referred 
to as OLSR-MPR [23]. This algorithm selects an optimal forward-
ing set of one-hop neighbors with minimum size to cover all 
two-hop neighbors, without considering link quality. It is a greedy 
algorithm that aims to minimize the number of forwarding nodes.

• Flooding broadcast algorithm, referred to as FLOODING. This 
is a classical flooding algorithm where each node forwards the 
received message to all its one-hop neighbors, without any selec-
tion of forwarding nodes. This algorithm is used as a baseline for 
comparison.

7.2. Simulation results

We evaluate the performance of the algorithms based on the number 
of selected forwarding nodes, as this metric directly reflects the scale 
of UAV involvement in the packet forwarding process. Specifically, a 
node is counted if it is chosen by any neighbor as a forwarder. A smaller 
number of forwarding nodes indicates lower packet redundancy in the 
network.

For each specified swarm size, i.e., the number of micro-UAVs, we 
randomly generated ten instances. Fig.  13 shows the average number 
of selected forwarding nodes across these instances among all nodes. 
As the swarm size increases from 10 to 50, FLOODING selects all 
nodes as forwarders, meaning every node except the source node itself 
rebroadcasts the packet. In contrast, OLSR-MPR consistently yields the 
smallest forwarding set because it greedily minimizes the number of 
forwarding nodes without considering the link quality. COP selects a 
number of forwarding nodes that lies between FLOODING and GRR, 
mainly because it adopts a simplified design and considers only the ef-
fect of distance on link quality. As a heuristic, GRR selects slightly more 
forwarders than DFS, which is consistent with expectations. It should be 
noted, however, that DFS only ensures minimality within each node’s 
one-hop neighborhood, but it does not necessarily minimize the global 
forwarding count across the entire swarm. For example, as a swarm 
size of 40, GRR slightly outperforms DFS on average. Overall, both GRR 
and DFS, which account for link quality, select more nodes than OLSR-
MPR in terms of the number of forwarding nodes. However, they still 
choose fewer forwarders than COP, another link-quality-aware method, 
and achieve a reduction in forwarding compared to FLOODING.
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Fig. 14. Sum of the number of forwarding nodes selected by each node. If a 
node is selected by multiple neighbors, it is counted multiple times.

Fig. 15. Average two-hop PLR under different swarm sizes.

The first experiment measures the number of forwarding nodes 
selected by a single node on average. However, since each node in-
dependently selects forwarding nodes independently, a node may be 
selected by multiple neighbors. Therefore, we calculate the total num-
ber of forwarding selections across all nodes, where a node selected by 
multiple neighbors will be counted multiple times.

The average result over ten instances is presented in Fig.  14. At 
a swarm size of 50, the total number of selections for FLOODING 
is around 250, indicating that each node is selected by about five 
neighbors on average. In contrast, the corresponding values for DFS, 
COP, OLSR-MPR, and GRR are markedly lower. Among these, OLSR-
MPR performs the best, followed by DFS and then GRR, while COP 
performs the worst. Unlike in the first experiment, DFS consistently 
outperforms GRR in this metric. This is because the total selections 
count directly reflects redundant selections, that is, how frequently 
nodes are selected, whereas the global forwarding count from the first 
experiment depends on interactions among local selections.

Although OLSR-MPR minimizes the number of forwarding nodes, 
it ignores link quality, leading to potential degradation in end-to-end 
reliability. To assess broadcast reliability, we therefore evaluate the 
average PLR experienced by two-hop neighbors under each algorithm. 
The results are presented in Fig.  15. As shown in the figure, FLOODING 
achieves the lowest PLR due to its maximal redundancy, whereas OLSR-
MPR yields the highest PLR as a direct consequence of its disregard for 
link quality. Both GRR, DFS and COP, which incorporate link quality 
information into the selection process, improve delivery reliability 
over OLSR-MPR and achieve performance comparable to FLOODING. 
Moreover, the average PLR decreases with increasing swarm size, since 
a larger swarm provides more one-hop neighbors and alternative paths, 
increasing the probability of high-quality routes.

In summary, the proposed GRR selection algorithm selects a for-
warding set whose size is close to that of the optimal set obtained by 
DFS, while reducing redundant transmissions compared with FLOOD-
ING and COP. By explicitly accounting for link quality, GRR also 
achieves markedly better broadcast reliability than the OLSR-MPR 
heuristic.
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Fig. 16. Performance under different parameters. The number of forwarding nodes is annotated above each Node Sum data point, while average two-hop PLR 
is presented in dash lines.
7.3. Parameter sensitivity analysis

To evaluate the robustness of the proposed algorithm with respect to 
parameter variations, we conduct a sensitivity analysis under the same 
simulation settings as in the previous Section 7.2, with a swarm size 
of 50. Specifically, while keeping all other parameters fixed, we vary 
the gain factor 𝛾 and the correction coefficient 𝛽 over five values each 
to examine their impact on performance. The parameter 𝛾 ranges from 
1.0 to 1.4 with a step size of 0.1, while 𝛽 ranges from 0.5 to 0.9 with 
the same step size. The results are shown in Fig.  16. The number of 
forwarding nodes is annotated above each Node Sum data point, while 
the other two metrics are represented using different colors.

As shown in Fig.  16(a), with the increase of the gain factor 𝛾, both 
the number of forwarding nodes and the sum of selected forwarding 
nodes by each node decrease, while the average two-hop PLR increases. 
This is because 𝛾 controls the lower bound of acceptable PLR in the 
greedy forwarding node selection process. A larger 𝛾 allows a higher 
PLR threshold, enabling some previously selected forwarding nodes 
to be excluded, which leads to fewer forwarding nodes but higher 
PLR—consistent with the observed results.

In contrast, Fig.  16(b) shows the correction coefficient 𝛽 does not 
exhibit a clear positive or negative correlation with the performance 
metrics, and its overall impact is relatively limited. This is because 𝛽
determines the relative weighting between the distance-based predicted 
PLR and the EWMA-based estimated PLR, thereby affecting the accu-
racy of PLR estimation and, consequently, the algorithm’s performance. 
The optimal value of 𝛽 typically depends on the specific environment. 
For example, in our experimental setting, 𝛽 = 0.7 yields the most accu-
rate PLR estimation. Nevertheless, the results also show that even when 
𝛽 deviates from its optimal value, the performance degradation remains 
moderate, demonstrating the robustness of the proposed method.

7.4. Real world experiments

To evaluate the performance of the proposed algorithm under real-
istic conditions, we conducted real-world experiments with a swarm 
of micro-UAVs. In these experiments, each UAV performed random 
movements within a 1 m × 1 m planar grid, as well as collective 
formation maneuvers at speeds ranging from 0.2 m/s to 1.0 m/s, 
while maintaining a fixed altitude of 0.5 m. The experiments took 
place in a 6.5 m × 6.5 m × 3 m flight arena, as shown in Fig. 
17. This configuration was designed to simulate network topology 
dynamics in collaborative swarm scenarios. Our protocol was based on 
the OLSR protocol, with the proposed GRR selection algorithm as the 
implementation of the MPR mechanism.
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Fig. 17. Experimental scenario for real-world validation. UAVs performed 
random 1 m × 1 m grid movements and formation maneuvers at speeds of 
0.2 m/s to 1.0 m/s within a 6.5 m × 6.5 m × 3 m flight area.

We first evaluated the Round-Trip Time (RTT) of application-layer 
packets in a five-UAV swarm. Each UAV periodically sent 100-byte 
application-layer packets to randomly selected destinations at 50 ms 
intervals. The transmission and reception timestamps of these packets 
were recorded to compute the RTT between UAVs. The average RTT 
across the swarm is presented in Fig.  18. In comparison to AODV, 
whose routing performance degraded significantly as the swarm topol-
ogy became more dynamic, our protocol demonstrated stronger adapt-
ability to highly dynamic topological changes. On average, it reduced 
the RTT by approximately 54.7% compared to AODV, benefiting from 
the inherent advantages of proactive routing in maintaining up-to-date 
routes and reducing route discovery delays.

We also measured the PDR of the swarm. In this experiment, each 
UAV was configured to periodically transmit a 100-byte application-
layer packet at 20 ms intervals to a randomly selected UAV (excluding 
itself) within the swarm. Each packet contained information on histor-
ical transmissions and receptions, allowing the PDR to be calculated 
as the ratio of successfully received packets to the total sent. The TC 
message interval was set to 500 ms for both our protocol and OLSR, 
while link probe message intervals were tested at 200 ms and 500 ms.

The results are presented in Fig.  19. For a fixed swarm size, the PDR 
generally decreased with increasing mobility. Conversely, at a given 
flight speed, shorter link probing intervals enabled nodes to detect local 
topology changes more rapidly, which improved the PDR. Notably, 
in Fig.  19(c), the network became heavily congested, making packet 
loss the dominant factor limiting delivery performance. Under these 
congested conditions, when the flying speed was 0.4 m/s, longer probe 
intervals yielded better performance by reducing probing overhead and 
alleviating channel contention. However, as the flying speed increased 
further and topology changes accelerated, timely topology awareness 
again became the primary determinant of routing performance.

Compared to OLSR, our protocol improves local topology aware-
ness via a distance-based, real-time link-quality estimation model and 
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Fig. 18. Average RTT under different UAV mobility.

Fig. 19. PDR of the swarm under different UAV mobility and link probe 
intervals, comparing our protocol with typical OLSR.
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reduces TC flooding overhead by leveraging link-quality information 
in forwarding decisions. As a result, under highly dynamic conditions, 
our protocol achieves an average PDR improvement of approximately 
17.3% over OLSR, thereby providing more reliable routing paths within 
the swarm.

8. Conclusion

This paper investigates the problem of reliable communication in 
dynamic and dense embodied agents networks. The nature of dynamic 
network and high node density collectively cause rapid changes of 
network topology and increased packet collisions. To address these 
issues, we propose an MPR selection mechanism based on data link 
quality estimation and a greedy rotation algorithm, and analyze its 
approximation ratio with respect to the optimal solution. We further de-
sign a corresponding message format, implement a software prototype, 
and deploy it on micro-UAV hardware. Finally, both simulations and 
real-world UAV experiments are conducted to evaluate the proposed 
protocol, confirming its effectiveness and advantages in dynamic and 
dense networking scenarios.
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