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Abstract

In dense urban environments and large-scale events, Internet infrastructure often becomes
overloaded due to high communication demand. Many of these communications are
local and short-lived, exchanged between users in close proximity but still relying on
global infrastructure, leading to unnecessary network stress. In this context, delay-tolerant
networks (DTNs) offer an alternative by enabling device-to-device (D2D) communication
without requiring constant connectivity. However, DTNs face significant challenges in
routing due to unpredictable node mobility and intermittent contacts, making reliable
delivery difficult. Considering these challenges, this paper presents a hybrid Beyond 5G
(B5G) DTN architecture to provide private context-aware routing in dense scenarios. In
this proposal, dynamic contextual notifications are shared among relevant local nodes,
combining federated learning (FL) and edge artificial intelligence (AI) to estimate the
optimal relay paths based on variables such as mobility patterns and contact history. To
keep the local FL models updated with the evolving context, edge nodes, integrated as part
of the B5G architecture, act as coordinating entities for model aggregation and redistribution.
The proposed architecture has been implemented and evaluated in simulation testbeds,
studying its performance and sensibility to the node density in a realistic scenario. In high-
density scenarios, the architecture outperforms state-of-the-art routing schemes, achieving
an average delivery probability of 77%, with limited latency and overhead, demonstrating
relevant technical viability.

Keywords: Beyond 5G; delay-tolerant networks; federated learning; communication
offloading; edge Al

1. Introduction

The rapid proliferation of mobile applications and connected services has led to
an unprecedented increase in Internet traffic [1]. Services such as high-definition video
streaming, real-time location-based updates, augmented reality guides, and interactive
tourist applications now dominate mobile bandwidth consumption [1]. This trend is further
driven by user-centric and time-sensitive services that depend heavily on cloud-based
infrastructures for content retrieval and interaction.

This surge in demand places considerable strain on communication infrastructure. In
high-density areas such as stadiums, transportation hubs, tourist landmarks, and cultural
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festivals, cellular networks frequently experience congestion, resulting in high latency,
packet loss, and degraded quality of service [2,3]. These limitations persist even with the
deployment of 5G technologies, particularly when thousands of users attempt to connect
simultaneously within a confined geographic area [3].

A notable and under-addressed characteristic of many of these communications is
their locality and short-term relevance. For example, information shared between people
within the same crowd, such as route changes, local event updates, or ephemeral multi-
media, often pertains only to those physically present at that moment [3]. However, these
communications are still commonly routed through global infrastructure and cloud servers,
introducing unnecessary overhead and increasing dependency on centralized systems [3].

This architectural mismatch between global routing and local communications high-
lights the need for decentralized, context-aware alternatives that can offload traffic, preserve
privacy, and improve responsiveness in dense environments. In this context, Delay Tolerant
Networks (DTNs) emerge as a promising paradigm for enabling communication in local
environments, operating with limited or intermittent connectivity [4-6]. By relying on
opportunistic contacts and a store-carry-forward model, DTNs are well suited to support
local communication in urban hotspots and dense crowd scenarios, offering an alternative
to alleviate infrastructure congestion [6]. Their decentralized nature and minimal reliance
on continuous connectivity make them attractive for offloading traffic from the core Internet
infrastructure, especially for local interactions.

Communication in DTN relies on the asynchronous contact of nodes to transmit
information, using dynamic routing [6]. However, despite their potential, the performance
of a DTN depends heavily on the ability to select appropriate relay nodes, which is compli-
cated by dynamic mobility patterns, unpredictable contact timings, heterogeneous node
behaviors, and variable resource constraints such as battery life or buffer availability [3,6,7].
These challenges require the adoption of strategies to mitigate the effects of these limiting
factors. In this regard, the integration of new approaches such as Beyond 5G (B5G) emerges
as a promising solution.

The development of B5G architectures emphasizes a shift toward intelligent, dis-
tributed, and context-aware communication models [8]. B5G envisions the integration of
heterogeneous networks, edge intelligence, and human-centric design to support respon-
sive systems in complex environments [8]. These systems must learn from local interactions,
adapt to contextual changes, and make autonomous decisions without compromising pri-
vacy or depending on continuous backhaul connectivity [8].

Recent work has already brought several B5G enablers to local communication, in-
cluding edge computing for on-site analytics that align with distributed, context-aware
design [8]; device-to-device (D2D) links for short-range, low-latency proximity services [9];
local breakout via the User Plane Function (UPF) to steer traffic toward edge applications;
and edge AI/ML for adaptive behavior [10]. Related efforts have also explored Federated
Learning (FL) in DTNs, notably for proactive content caching at the wireless edge [11,12]
and for FL-powered routing in opportunistic environments [13]. Nevertheless, gaps re-
main for dense, ephemeral exchanges: many systems still depend on continuous backhaul
connectivity or 5G base-station scheduling and degrade under congestion [8,14]; D2D
operation commonly assumes base-station-assisted resource allocation, limiting autonomy
in partially connected or overloaded scenarios [15]; and learning-based routing often cen-
tralizes training, requiring raw data aggregation with privacy and bandwidth costs, and is
misaligned with DTN intermittency [16,17].

Given this scenario, a gap persists between the theoretical potential of DTN for local,
ephemeral exchanges and the practical demands of B5G ecosystems, where congestion,
intermittency, and privacy must be handled jointly. We aim to bridge this gap by keep-
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ing forwarding local and opportunistic while using edge resources only for lightweight
coordination that does not rely on backhaul or centralized data collection.

DTN routing needs a model that can be trained from local encounters, tolerate inter-
mittent connectivity, and avoid sharing raw data. FL satisfies these constraints: training
happens on-device, and only model weights are exchanged during brief contacts with
the serving smart pole; aggregation at the pole provides a crowd-level prior that shortens
warm-up and reduces flooding; periodic aggregation tracks crowd drift without centralized
logs; and privacy is preserved because encounter vectors never leave devices [18-21]. In
contrast, alternative techniques are less suitable in this setting: centralized ML requires
continuous backhaul and raw data collection [20]; purely local learning lacks knowledge
transfer and converges slowly [21]; and split learning assumes stable links between clients
and a coordinating server [22].

Building on this, this paper presents a hybrid BSG-DTN architecture for contextual
offloading in dense scenarios. DTN forwarding remains D2D. Smart poles act as edge
coordinators: they aggregate model updates and dispatch delivery feedback without
collecting raw encounter data. We design a destination-agnostic FL routing mechanism.
Each node runs a lightweight regression model that scores encounters from contact-level
features. Labels are obtained retrospectively from delivery paths reported at the edge.
Models are aggregated with the standard Fed Avg algorithm. We implement a proof of
concept by integrating The ONE simulator with an external Python 3.13.7 FL core via a
REST interface, linking per-node models with the aggregated model. We evaluate the
approach in a Macau district scenario, varying density to assess performance against
state-of-the-art routing.

Considering the described content, the paper is organized as follows. The Section 1
explains in detail the relevance of local communications and their impact on Internet
infrastructure. Then, the Section 2 summarizes the most relevant approaches aimed at
enhancing local transmissions, addressing the role of FL and B5G in local contexts. After
that, the architecture is described in detail, including an overview of the proposal, the
components of the architecture, and the normalization of the FL model. Next, the Section 4
presents the implemented proof of concept, the testbed scenarios, and the obtained results.
Finally, the Section 5 provides the main findings of the proposal and outlines future work.

2. Related Work

The proposed work presents an architecture to support ephemeral communications
in local contexts, where all entities involved are physically present in the environment.
For this purpose, disciplines such as DTN, B5G, and FL are combined to explore their
potential for local communications. Next, the most relevant approaches within this scope
are discussed.

2.1. Paradigms for Local Communications

In scenarios characterized by high user density, limited infrastructure availability,
and short-lived information needs, several communication paradigms can support local
exchanges [23]. These include infrastructure-based networking [8], peer-to-peer (P2P)
overlays [24], D2D communication [9], and DTNs [7].

Infrastructure-based approaches, such as cloud messaging or centralized publish and
subscribe systems, offer efficient message delivery for local interchanges [8]. However,
works such as [25] propose alternatives that become highly dependent on stable backhaul
connections and centralized resources. In crowded environments, such as festivals or
tourist zones, they often suffer from congestion and fail to meet real-time requirements for
local dissemination [26,27].
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P2P networks enable localized exchanges in a variety of contexts. Works such as [28]
successfully explore the role of peer-to-peer connections for local energy management.
Other proposals extend the application of these networks to dynamic scenarios, such as
coordinating autonomous vehicles [29]. However, P2P networks often assume continuous
connectivity and suffer from low routing efficiency under mobility [24]. Works such as [30]
present a system designed for unstructured P2P over ad hoc networks, highlighting how
peer mobility, battery constraints, and network dynamics significantly impair routing ef-
fectiveness. Similarly, D2D communication in 5G provides low latency, short-range links
between nearby devices [31]. Studies such as [9] have achieved notable progress in this
area, demonstrating successful integration of D2D communication in demanding local en-
vironments. However, there remains a strong dependence on base station coordination [14],
which limits its autonomy in partially connected or overloaded scenarios [15].

In the case of DTN, they operate under the assumption of intermittent connectivity
and leverage the store-carry-forward paradigm to transfer data between nodes through
physical encounters [8,32]. This approach aligns well with local, contextual communi-
cations in urban or crowd-based settings, where information relevance is both location
and time bound, helping to avoid infrastructure saturation [33]. Works such as [34,35]
demonstrate the potential of DTNs in isolated rural areas, including use cases like video
streaming [36,37]. DTNs have also been evaluated in real-life testbeds [6,38], showing
promising performance. Moreover, studies such as [5,39] have successfully integrated
these networks with demanding paradigms such as Digital Twins. Considering this, DTNs
emerge as a suitable alternative for local communications, although they still face rout-
ing challenges due to mobility uncertainty [32,40]. In this regard, the application of ML
techniques to routing decisions represents a significant advancement.

2.2. ML in Local Networking

The use of ML in networking has gained considerable attention, particularly for
routing in mobile and dynamic environments [17]. In the context of DTN, several studies
have explored centralized ML-based routing, where a central server collects mobility or
contact data from nodes and trains a model to predict suitable relays [16,17,41]. These
models typically employ supervised or reinforcement learning to capture patterns in node
encounters, buffer usage, or delivery success rates.

While centralized ML approaches can yield improved performance over heuristic-
based methods, they face critical limitations [42]. First, they require continuous data
collection and transmission to a central controller, introducing significant privacy concerns
and bandwidth overhead [16]. Second, they suffer from generalization issues: a model
trained in one scenario may perform poorly in another environment with different mobility
dynamics [41]. Finally, centralized solutions represent a single point of failure and are
incompatible with the disconnected and distributed nature of DTNs. Considering this, FL
emerges as a privacy-preserving alternative.

FL allows model training to be carried out locally on devices without transferring raw
data. In networking, FL has been applied to mobile edge computing, Internet of Things
(IoT) environments, and vehicular networks, where devices collaboratively train models
while relying on edge nodes for aggregation [10]. The main advantages of FL include
privacy preservation, as local data remains on the device; adaptability to local context,
allowing per-device personalization; and scalability, since training is distributed and does
not depend on a constant connection with a central controller.

Recent advances improve the communication efficiency of FL through compression
and server-side optimization. Distillation with quantization reduces uplink payloads while
preserving accuracy. Works such as FedDT combine knowledge distillation with ternary
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compression [43]. Furthermore, other works focus on server-centric sharpness optimization,
cutting client communication by exploiting global gradients, such as FedGloSS [44]. These
techniques are complementary to our design: the edge poles that coordinate aggregation
can incorporate compressed updates or sharpness-aware routines to shrink air-interface
costs in dense deployments.

Personalization for heterogeneous devices has also progressed, especially for personal-
ized IoT. Cedar integrates FL with layer-wise adaptive uploads to deliver domain-adaptive,
privacy-preserving personalization across personalized IoT tasks [45]. Closer to classic FL,
dynamic-weight aggregation tailors global models to per-client data without sharing raw
samples [46]. These mechanisms become disruptive techniques that enhance the coordina-
tion at the edge. In the case of our proposal, these methods enable keeping all encounter
data on devices, aligning with the DTN setting’s privacy and intermittency needs.

Furthermore, several works optimize the client—server interaction layer itself. Informa-
tion-centric networking has been shown to accelerate FL exchanges versus host-centric
transports and to improve the robustness of model dissemination [47]. Modular, resilient
edge frameworks report lower overheads with protocols such as Zenoh and maintain con-
vergence under worker churn [48]. Mobility and resource-aware client selection improve
round completion and stability in dynamic IoT [49]. These directions fit naturally with B5G
strategies as local coordinators in crowded areas.

In addition to these contributions, prior work has already explored FL within DTN.
Early efforts studied FL-based proactive caching at the edge, where models guide which
content to pre-position near users [12]. Building on this direction, [11] propose a feedback
delay-tolerant proactive caching scheme that uses federated training at the wireless edge
to update caching decisions under intermittent connectivity. Closer to forwarding, the
work [50] investigates FL-based routing for opportunistic network environments, showing
that collaborative on-device training can inform relay selection without centralizing raw
contact data. Our work complements these studies but targets a different axis: we use a
destination-agnostic, contact-level regression that scores each encounter for relay usefulness;
we obtain labels retrospectively from delivery paths reported at the edge; and we keep D2D
forwarding autonomous, using B5G smart poles only for short model uploads/downloads
and aggregation. This design fits dense, ephemeral exchanges while preserving privacy
and minimizing backhaul dependence.

Considering this, FL fits as a router enhancer for DTNs. However, in spite of its
distributed nature, the aggregation of the models requires a coordination with a core entity
in charge of handling the addition of new nodes and their training. For this, B5G becomes
a potential middleware to combine FL with DTNs.

2.3. Possibilities of B5G in Local Communications

The evolution toward B5G networks introduces new architectural and functional
paradigms that are particularly well suited for supporting localized, contextual, and
ephemeral communications. Central to B5G’s potential in local communication is the
deployment of edge computing nodes in the form of smart poles or street cabinets. These
nodes not only provide coverage and routing functions but also offer on-site computing
capabilities, enabling context-aware services such as real-time processing and localized
alert dissemination.

This paper situates its proposed architecture within the B5G vision, leveraging static
edge nodes as FL coordinators and using mobile devices as opportunistic nodes to consume
local information.
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2.4. Contributions

Despite the promise of ML and FL in communication systems, significant gaps remain—
particularly in applying FL to routing for ephemeral communications and B5G-localized
services. To address these gaps, this manuscript proposes a hybrid BSG-DTN architec-
ture with FL-based routing. The system enables local, context-aware communication
offloading while preserving privacy and adapting to mobility dynamics. Our specific
contributions are:

e Hybrid BSG-DTN architecture. We preserve D2D forwarding and use smart poles
solely to aggregate federated model updates and to dispatch binary delivery feedback,
avoiding uploads of raw encounter data.

*  Routing mechanism. A lightweight, destination-agnostic FL scheme that scores en-
counters via regression on contact-level features; labels are derived retrospectively
from successful delivery paths; aggregation uses Fed Avg.

e Implementation. A proof-of-concept integrating The ONE simulator with an ex-
ternal Python FL core via a REST API, synchronizing per-node models with the
aggregated model.

¢  Evaluation. An empirical study in a realistic Macau tourist district scenario against
state-of-the-art routing protocols, reporting delivery probability (up to 92%, average
77%), latency, overhead, hop count, and FL model metrics.

Considering the contributions of the proposed work, the next section provides the
details of the proposal.

3. Hybrid B5G-DTN Architecture for Contextual
Communication Offloading

3.1. System Overview

As Figure 1 shows, the architecture identifies two main components: (1) the DTN,
which includes the set of dynamic nodes in the scenario, such as senders, intermediate
nodes, and destinations; and (2) the B5G pole, which hosts the edge computing node
responsible for aggregating the FL. model.

. DTN. During crowded scenarios, the DTN comprises the set of devices involved in
local communications. In this way, it is possible to identify four distinct roles:

—  Sender node. Responsible for generating punctual local information and trans-
mitting it to the relevant destination at the current moment. To do this, the sender
can define criteria to select destination nodes within the crowd, such as their
intended path, in order to notify them about route changes.

—  Destination node. These are the devices identified as relevant for receiving the
information. They are dynamically selected based on a specific filter defined by
the sender, such as their direction of travel. This allows them to receive punctual
contextual communications (e.g., notifications about road closures, contextual
advertisements, or changes in the metro schedule).

-  Intermediate nodes. These devices act as relays for information between the
sender and the destination. They are dynamically identified as non-destination
nodes because they do not meet the filter criteria set by the sender. Therefore,
they can serve as intermediate nodes, forwarding information using the FL. model
integrated into their device. For this purpose, information such as previous
contacts and the destination path is considered to estimate a relevance score for
data forwarding.
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—  Provisional intermediate nodes. These nodes are not classified as destination or

intermediate nodes due to the low reliability of their destination path estimation.
As a result, the architecture considers them provisional intermediate nodes.

B5G pole. This infrastructure is responsible for running the edge node that aggregates
the weights of the FL models executed by the network nodes. To achieve this, devices
communicate with the pole to stay updated with the latest model, while the pole also
keeps track of the most relevant events in the network. It becomes a critical element
for maintaining model updates and enhancing the training of FL. models. To support
this process, the edge node feeds the DTN with communication outcomes by tagging
whether messages were delivered to their destinations or not, enabling autonomous
training of the models on each node.

d 9

®” » " B5G pole

Destination nodes

Provisional intermediate nodes.

Figure 1. Overview of the B5G-DTN architecture.

This approach enables the transmission of punctual communications to relevant

destinations in local contexts, avoiding the involvement of the entire communication
infrastructure stack. Considering the different steps involved in the architecture, the next
subsection outlines the operational workflow of the proposal.

3.2. Operational Workflow

The architecture is based on a set of phases that enable the application of FL to the

routing process of contextual information in a local setting. To achieve this, the model must
undergo training, supported by the intervention of the edge node running on the B5G pole.
The phases are described below.

Phase 0. Initialization. This phase begins when mobile devices enter the coverage area
of the B5G smart pole, becoming nodes in the DTN. To enable communication, each
node receives an anonymous identifier. If the pole has a global FL model available,
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nodes load it locally and are ready to use it for routing. However, if the pole does not
have a global model, nodes operate without one.

*  Phase 1. Message creation and role assignment. Once nodes are present in the local
context, a relevant profile (e.g., a verified source or official institution) acts as the
sender node, generating a contextual message. This message includes both content
and a receiver filter based on destination segmentation (e.g., nodes heading toward a
landmark). As a result, four groups of nodes are identified: the sender, as the origin
of the message; destination nodes, which meet the filter criteria; intermediate nodes,
which clearly do not meet the criteria; and provisional intermediate nodes, whose
destination is unknown and therefore cannot be confidently classified.

*  Phase 2. Blind dissemination and data gathering. After generating the message and
segmenting the nodes, opportunistic routing begins. Initially, as the nodes lack a
trained model, the message is disseminated indiscriminately, flooding the network.
Meanwhile, each node logs contact information locally, including the identifier of the
encountered node, timestamp, contact duration, mobility vector, buffer state, battery
level, and whether the destination matched. To support this, nodes exchange context
vectors at each contact, forming the basis for local FL training data. Since delivery
success is not yet known, these samples remain unlabeled.

e Phase 3. Retrospective labeling and local FL training. When a destination node receives
the message, it sends a delivery report to the B5G pole, including the anonymized
relay path with a list of node identifiers and the message identifier. The B5G pole
then notifies each node on the path with a success label for that contact/ message pair.
Nodes not involved in the delivery path provisionally label their related encounters as
failed. In this way, each node builds a labeled dataset of context features and associated
success or failure labels. Once enough examples are collected, local training begins.

¢  Phase 4. FL-based routing begins. After training their local model, nodes begin using
it to score future encounters with provisional or intermediate nodes. Messages are
forwarded only if the estimated score exceeds a predefined threshold (e.g., 0.7). If a
destination node is identified, the message is forwarded directly, bypassing the model.
Meanwhile, nodes track whether their predictions match the actual delivery outcomes,
as later reported by the B5G pole. This enables nodes to monitor the accuracy of
their models.

¢ Phase 5. Model aggregation and dissemination. Once a node’s model reaches a
sufficient accuracy threshold, it transmits its model weights to the B5G pole. The edge
node on the pole performs federated aggregation to produce an updated global model.
This global model is then distributed to nodes currently connected to the B5G pole,
as well as to newly arriving nodes, allowing them to begin with a pretrained model
rather than training from scratch.

In this workflow, the architecture combines DTNs with B5G and leverages FL for
routing. The FL. models compute a local relay score for each encounter, enabling nodes
to share information directly without relying on intermediate infrastructure. B5G smart
poles act as edge nodes that facilitate effective training of local models rather than serving
as intermediate nodes for cloud-based communication. Consequently, transmissions that
might otherwise involve remote servers are executed locally when they are relevant to a
specific moment and place, shifting traffic away from the Internet toward local links. Each
B5G pole coordinates FL training and aggregation, providing nodes with delivery labels
to enrich individual records for supervised learning. After local training, nodes briefly
contact an edge node to upload weights; the pole produces an aggregated model for nodes
to download. As a result, forwarding decisions are made locally and selectively, redundant
copies are reduced, and airtime shrinks—offloading the infrastructure. Crucially, nodes
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continue exchanging messages autonomously even when a pole is temporarily unreachable;
they resynchronize the model at the next brief contact.
The next subsection details each architectural component, its role, and its responsibilities.

3.3. Architecture Components

The architecture presents a hybrid B5G-DTN system in which mobile DTN nodes
interact locally through wireless interfaces. These devices periodically synchronize with a
B5G pole via 5G for FL coordination and feedback exchange. As shown in Figure 2, each
device includes a set of internal components that communicate for different purposes.

MEC Runtime
Q
"8 Aggregated FL Model B3G Pole
SD E FL Aggregator %Model distributor I
=
g APath auditor
o
g @ Path collector Label dispatcher l
Q
3 Radio Access Layer
20
S [4] Uplink [¥] Downlink
v4 Context monitor oca ode
C i _ || @) Local FL Model
0 %]
A Supe‘rwsed § @5d Local trainer
learning evaluator ks
= Contact evaluator |
3 Mobile
o ﬁ Encounter logger > @ Relay Decision devices
M) — Engine
outer
> -— R
Z. D2D Local wireless interface
in ownli
E [4]  Uplink Y] Downlink

Figure 2. Architecture components in the hybrid BSG-DTN approach.
3.3.1. Edge Computing Node

The edge computing node runs on a B5G pole. This component serves as the central
aggregation and feedback point for the federated system, equipped with 5G interfaces and
edge computing capabilities. The relevant components are described below:

*  Mobile Edge Computing (MEC) Runtime. This layer contains the software environ-
ment running on a B5G pole. It is responsible for executing the aggregated FL. model
and the path auditor, providing their services through an Application Programming
Interface (API).

- Aggregated FL Model. This component forms the core of the federated system,
providing aggregation and distribution functions. The FL aggregator receives
updated model weights from mobile nodes and performs the aggregation process
using a customized technique (e.g., FedAvg). In addition, the model distribu-
tor sends the aggregated model back to participating nodes, enabling them to
improve their local inference capabilities.
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- Path Auditor. This component supports the local topology by maintaining up-
dated information about communication performance. The path collector receives
details about successful message delivery paths, including the identifiers of the
involved nodes. The label dispatcher then notifies those nodes about successful
deliveries. Together, these functions allow tagging of interactions to support
supervised learning in mobile nodes.

Radio Access Layer. This layer handles the physical communication between the pole
and mobile nodes. The 5G interface manages uplink communication from DTN nodes
to the pole, as well as downlink communication from the pole to the DTN nodes.
Control and UPF. This component is responsible for forwarding user traffic to the edge
application. Specifically, the UPF component routes selected traffic from DTN nodes
to the local MEC node, which runs the FL model and the path auditor. This layer
also manages IP addressing and DNS processes, enabling the execution of services
deployed within the local environment of the pole.

3.3.2. DTN Nodes

Along with the B5G pole, the mobile devices within its coverage area rely on a compo-

nent stack to operate within the proposed architecture. The components of the DTN nodes

are described below:

Context Monitor. This component runs on mobile devices acting as DTN nodes in the
local environment. It uses the local wireless interface to gather information about the
node’s physical encounters and is also responsible for notifying the edge node about
message receptions.

- Encounter Logger. This module monitors the interactions over the local interface,
collecting details about contacts, including message receptions. It keeps the vector
dataset updated with new interaction records.

—  Supervised Learning Evaluator. This module communicates with the B5G pole to
report message receptions, including their routing paths. This allows the edge
node to remain informed about significant encounters, while intermediate nodes
receive feedback to label their interactions as effective or not, depending on their
role in the message delivery.

Vector Dataset. This internal database stores information about node interactions and
contextual variables. The received vectors from encountered nodes are saved and
labeled according to their contribution to successful message delivery.

Local FL Model. This layer represents the FL model running on the device. To keep it
updated and applicable for routing decisions, it includes two main components: the
local trainer and the contact evaluator.

—  Local Trainer. This component handles training operations for the FL. model.
Using the received weights from the B5G pole and the device’s internal dataset, it
maintains the model’s accuracy for encounter evaluation.

—  Contact Evaluator. This module processes the variables from the training dataset
and outputs a continuous score for each encounter. The resulting value, ranging
from 0 to 1, is used in the routing process to assess the suitability of potential
intermediate nodes.

Relay Decision Engine. This component is responsible for defining the routing logic in
the local context. Based on the local model, it can use the contact evaluator to predict
encounter scores and select the next hop accordingly. A custom threshold can be
configured for this decision.
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e D2D Local Wireless Interface. This component represents the physical communication
layer for local data exchange. For D2D transmissions, limited-range technologies such
as Bluetooth, Bluetooth Low Energy (BLE), or WiFi may be used. Two main data flows
are supported: uplink, to receive data vectors from encountered nodes, and downlink,
to transmit the node’s contextual variables.

3.3.3. Communication Links

Considering the components described in the architecture, a set of communications
is required to operate the FL model and apply it to support local transmissions. Table 1
presents these communication flows.

Table 1. Communications involved in the proposed architecture.

Source Component Target Component Interface Type Data Transmitted Purpose
. Collect and prepare
Encounter Logger Local FL. Trainer (same Internal (device) Context vector data for local model
(DTN Node) node) ..
training
Send weights for
Local FL. Model (DTN FL Aggreg;.;ltor (MEC 5G Uplink Local model weights federated aggregation
Node) Runtime)
at the edge node
Model Distributor Local FL. Model (DTN 5G Downlink Aggregated model Provide updated global
(MEC Runtime) Node) weights model to DTN nodes

Contact Evaluator
(DTN Node)

Relay Decision Engine

Evaluate whether to

Internal (device) forward the message

(same node) Relay score

Relay Decision Engine

Transmit message

(DTN Node) Peer DTN Node D2D Wireless Message payload oppﬁ)rj;n;;t;:fell}sl via
Destination Node Path Collector (MEC . Anonymized message Report suce essful
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training

The communications carried out in the architecture enable the operational phases
of the workflow. As a result, the internal processes within the devices are essential for
functioning in the local context, while the external communications between nodes and
B5G poles support the application of the FL model.

In addition to the components involved in the architecture, several important factors
must be considered in the FL. model, as its application to encounter evaluation involves
strict requirements. The following section addresses these aspects.

3.4. FL-Based and Edge Al Routing for Opportunistic Relay Selection

The proposed routing strategy relies on a lightweight FL. model deployed on edge Al
nodes to optimize relay decisions. To avoid blindly broadcasting messages, intermediate
and provisional nodes use the trained model to assess whether an encountered node
is a suitable relay based on contextual features. The model is trained both locally and
collaboratively using supervised data collected during message dissemination events.
This subsection details the node segmentation process, the model’s input variables, the
regression approach, and the scalability and effectiveness of the proposed solution.
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3.4.1. Decision Tree for Node Segmentation

Routing is applied only to non-destination nodes. To simplify decision boundaries,
the network is logically segmented by the B5G edge infrastructure at the time of message
injection. The sender node specifies a criterion for message relevance (e.g., destination
location). Based on this filter, the B5G pole classifies all active nodes into three categories:

*  Destination nodes. These nodes match the defined criterion and always receive
the message.

* Intermediate nodes. These nodes clearly do not match the criterion.

*  Provisional nodes. These nodes provide insufficient information, as they do not
declare a destination.

Only intermediate and provisional nodes apply the FL model. This segmentation
simplifies the routing decision process, as the model focuses exclusively on relay selection
rather than destination prediction.

3.4.2. Model Input Variables

The FL model is trained to estimate the likelihood that an intermediate node will
contribute to successful message delivery, using only encounter-level context. The goal
is to identify reliable relays without embedding assumptions about specific messages or
targeting logic. Therefore, the input vector is constructed using features that remain valid
regardless of the sender’s segmentation criteria, which may vary across transmissions.
This design ensures that the model remains relevant and effective over time, even as the
sender’s rules change.

The input vector was defined by domain expertise, guided by prior DTN and routing
ML literature and by the operational constraints of our setting. In delay-tolerant networks,
encounter-driven signals, such as frequency, recency of contacts or contact duration; re-
source state, such as buffer availability; and mobility stability are established predictors or
surrogates for deliverability and centrality under intermittency [6,17,32,40]. We therefore
select features that (i) are measurable on-device without external infrastructure, (ii) remain
available under short, opportunistic contacts, (iii) are invariant to the sender’s transient
segmentation, and (iv) fit small context vectors suitable for brief exchanges and FL aggrega-
tion at the edge. This yields the set in Table 2: contact duration as a proxy for successful
exchange windows; buffer and battery as availability indicators; path fidelity and mobil-
ity flag as stability cues; encounter frequency and time since last contact as connectivity
indicators; and a provisional status flag to capture uncertain path intent.

To preserve privacy and reusability across broadcasts, we intentionally exclude vari-
ables tied to message semantics or explicit recipient profiles, such as declared destination
or interests, and avoid absolute geolocation traces. These choices ensure the model can
generalize across different sender filters, keep sensitive data on devices, and operate with
minimal uplink/downlink overhead when synchronizing with the serving pole.

All features are extracted locally during node encounters, individually normalized,
and periodically updated as nodes move. Importantly, no information related to the
message’s intended recipient profile (e.g., declared destination or interest category) is used
as input to the model. Instead, the model relies on structural, temporal, and behavioral
characteristics observable during encounters, which both preserve privacy and support
model reusability. These variables are described in Table 2.

This feature design supports a model that is agnostic to destination criteria, focusing
on persistent contextual variables that enable generalization without requiring retraining
from scratch, thus promoting model reusability. Once these variables are input into the
model, a regression calculation is performed to estimate the relevance of the relay in the
communication. The following subsection details this process.
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Table 2. Input features for FL-based relay scoring model.
Feature Justification Data Type
Ave;iiitigﬁtact Longer contact windows increase the likelihood of successful data exchange. Float
Buffer availability Indicates th node’s capacity to store messages and forward them later. A Float
limited buffer may restrict acceptance of new messages.
Battery level A low battery level may lead to dlsclzon.n.ectlon or shutdown, reducing Float
node reliability.
Fidelity to path Measures whether the node is fouowmg a predictable and stable Float
local trajectory.
Encounter A high number of previous encounters may indicate strong connectivity and Intecer
frequency centrality within the network. &
Tlmsosrll?:ci last Provides insight into the stability and regularity of node interactions. Float
Mobility flag Identifies the type of movement (e.g., pef:l.estrlan, static, vehicle) to estimate Categorical
relay stability.
- Marks nodes with undefined paths or ambiguous status that may still function
Provisional flag Boolean

as opportunistic relays.

3.4.3. Regression Model over Classification

The architecture uses a regression approach to predict a continuous score representing
the estimated usefulness of a contact for relaying. This technique is preferred over binary
classification, as it allows for flexible thresholding that can adapt to network conditions or
message priority. Additionally, it avoids rigid binary decisions, which may be unreliable in
noisy, real-world environments. The regression output € € [0, 1] represents the expected
probability of successful message delivery if relayed through the encountered node. The
following subsection provides a formalization of the model.

3.4.4. Model Formalization

Let each node n; observe a set of encounters E; = {ey, ey, . .., ¢}, where each encounter
¢j is represented by a feature vector in Equation (1):

xj = [Xj1,Xj2, -, Xjm]| € R™ 1)

These features include contextual variables such as contact duration, buffer availability,
battery level, path fidelity, or encounter frequency, all normalized to the range [0, 1]. Next,
Equation (2) represents this:

(norm) _ Xjk — min(xk)
ik max(xy) — min(xy)

(2)

The goal is to learn a function fy : R™ — [0, 1] parameterized by 6, as Equation (3)
describes:

9; = fo(x;) 3)

where ; is the predicted relay usefulness score, the probability that the encounter leads to
a successful delivery.

Each sample is labeled using retrospective feedback from the B5G edge node, as
Equation (4) describes:
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1 if encounter e; was on a successful delivery path

yi= 4)

0 otherwise

The local loss function for node n; is the mean squared error (MSE), as Equation (5)
describes:

L;i(0) =

=

K
2(f9(xj) —}/j)2 (5)
=

Each node updates its local model fy by minimizing £; and periodically sends its
weight update 6; to the B5G edge node. The edge node performs federated aggrega-
tion under an elected algorithm, such as Federated Averaging (FedAvg), represented in
Equation (6):

p(global) _ ﬁ _ 1D
-1 Z]‘IL |Dj

where D; is the local training set size at node 7;, and N is the number of contributing nodes.

0; (6)

The updated global model 6(81°P2) is then broadcast to all participating nodes in the
coverage area.

The decision rule at runtime is done when a node 7; encounters another node n;, it
computes § = fp(x;j), and transmits the message only if § > T, where T € [0, 1] is a tunable
threshold, e.g., T = 0.7, chosen to balance delivery ratio and redundancy.

3.4.5. Scalability and Effectiveness in Persistent Crowds

Considering the functioning of the architecture, the proposed model is particularly
well suited for temporally extended, high-density environments (e.g., crowded public
spaces, holiday events, tourist weekends). These scenarios offer favorable conditions in
which node behavior tends to follow repetitive and predictable mobility patterns (e.g., back
and forth movement along pedestrian corridors). Similarly, encounter patterns often show
temporal regularity, enhancing the model’s ability to learn and generalize relay suitability.

A larger population of mobile nodes contributes to a more diverse and abundant set
of federated training instances, enabling improved local adaptation and more robust global
models. As the number of interactions grows, the system becomes increasingly effective at
distinguishing reliable relays from unreliable ones, without requiring central orchestration.

Importantly, to maintain reusability and scalability, the model must exclude any variables
directly tied to the segregation or destination criteria defined by the sender. This is essential
because segregation rules may vary from one broadcast to another, and embedding them
in the model would result in obsolescence and reduced generalization. Instead, the model
focuses on contact-level and contextual metrics that remain valid across different messages
and operational conditions. This approach ensures that the federated learning process remains
specific to the local context but agnostic to the defined criteria, making the system effective
and resilient across varying broadcast intents within the same crowd environment.

Considering these design variables, the architecture applies the FL. model as an en-
hancement to DTN routing for local communications. To further explore the role of edge
computing and B5G infrastructure in this process, the following subsection examines the
function of this component in detail.

3.5. Edge Computing in the B5G-Enhanced Architecture

The edge node plays a critical orchestration role in the proposed hybrid BSG-DTN
architecture, acting as the computational and coordination backbone for FL and context
dissemination. Deployed within a smart pole of the B5G infrastructure, the edge node is
positioned close to end users, enabling real-time responsiveness with minimal dependence
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on the backhaul. This subsection addresses the physical deployment considerations, the
node’s contribution to the FL model, its role as a feedback dispatcher, and key aspects
related to scalability.

3.5.1. Deployment in B5G Poles

Edge nodes are integrated into B5G poles located in high-density urban areas, such as
tourist hotspots or large event venues. These poles not only provide high-speed wireless
connectivity but also host lightweight computing environments capable of executing feder-
ated learning aggregation, contact validation, and message path tracing. Their geographical
distribution enables localized model training and deployment while preserving isolation
between distinct communication contexts.

Within the architecture, the coordinator is the smart pole serving the area where the
crowd forms. Mobile devices attach to the serving 5G cell as usual; the pole associated
with that cell provides the edge computing runtime that aggregates model updates and dis-
patches delivery feedback within its coverage area. If a device hands over to a different cell,
it resynchronizes with the new pole and obtains the latest aggregated model. The coordina-
tor, running on the B5G smart pole, handles only the reception of model weights, federated
aggregation, distribution of the updated model, and delivery-label notifications. As a result,
the coordinating pole neither routes payload messages nor collects raw encounter data.

3.5.2. FL Aggregator and Feedback Dispatcher

The edge node serves as the aggregation point for FL. models trained locally on mobile
devices. Once nodes accumulate sufficient encounter data and complete local training,
their model weights are transmitted to the edge node. Using techniques such as Fed Avg,
the node aggregates these updates into a global model, which is then redistributed to both
newly joined and existing participants. This process enables learning from contextual
interaction histories without transferring sensitive personal data or location information.

Another crucial function of the edge node is to receive path success reports from
destination nodes. When a destination node receives a message, it sends an anonymized
record of the encounter path to the edge node. This allows the edge to notify all participating
nodes whether their forwarding decisions contributed to a successful delivery. Such
retrospective labeling is essential to ensure that local models are accurately updated with
reward signals, thereby improving routing quality over time.

The edge node is also responsible for distributing the most recent global model to
newly arrived nodes within its coverage area. When a node enters the local context, it
checks for the availability of a trained global model. If one is available, the model is
downloaded and integrated into the node’s local inference loop. This ensures that routing
decisions are informed by prior experiences in the same context, significantly improving
communication efficiency from the outset.

3.5.3. Scalability and Applicability

The deployment of edge nodes in BSG poles introduces both significant opportunities
and practical limitations in terms of scalability and applicability across different contexts.
The proposed architecture inherently supports horizontal scalability through the spatial
distribution of B5G poles. Each edge node operates autonomously within its coverage area,
performing localized aggregation and coordination. This design enables the system to scale
geographically without introducing a centralized bottleneck.

In this context, edge-based orchestration is particularly effective in persistent, high-
density environments such as:

¢  Tourist districts with recurring mobility flows (e.g., two clearly defined directions).
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¢  Transportation hubs (e.g., airports, metro stations).
¢ Large event venues with well-defined temporal boundaries.

Despite these applicability scenarios, the potential of the system is reduced in transient,
low-density, or rural environments. This is especially due to the potentially insufficient
node density to generate reliable FL training data, as well as the limited presence of B5G
poles. These conditions can lead to delayed encounter feedback, hindering meaningful
retrospective labeling.

Based on the explanations provided in this section, the proposed architecture offers a
viable alternative for enabling local communications in crowded environments. To evaluate
its effectiveness, the next section presents the implementation of a proof of concept and
discusses the outcomes obtained in a realistic scenario.

4. Results

This section evaluates the technical viability and operational performance of the
proposed architecture. To this end, a proof of concept has been implemented, focusing on
the assessment of the FL. model and its integration as the routing core. Additionally, two
realistic scenarios have been simulated to demonstrate a potential application of the system
under two conditions: low node density and high node density. The following subsections
present the details of the proof of concept, the simulation setup, the obtained results, and a
discussion of the findings.

4.1. Proof-of-Concept Implementation

To evaluate the proposed hybrid B5G DTN architecture, a proof of concept imple-
mentation has been developed (https://github.com/Bear-the-box/Hybrid-B5G-DTN-arch,
accessed on 28 August 2025). For this purpose, a modified version of The ONE (Oppor-
tunistic Network Environment) simulator [51] has been used, along with a Python-based
FL core responsible for routing model training, local instantiation of FL. models, and ag-
gregation. As shown in Figure 3, the implementation is based on the integration of these
two components.

Macau scenario
b
The ONE Simulator Core implementation server
a Report @ Aggregated FLL Model
T Customized — E FL Aggregator
encounters report %
e Individual FL Models
@ Routing model §
- i — || N =
FL-based routing =] ZIIS 2 =

Figure 3. Architecture components integrated into the proof-of-concept.

In the case of The ONE simulator, two main integrations have been implemented:
logging encounters between nodes and incorporating FL. models into the routing decisions.


https://github.com/Bear-the-box/Hybrid-B5G-DTN-arch

Future Internet 2025, 17, 392

17 of 28

¢ Interaction report. To support the variables required by the model for training and
generalization, a monitoring component has been integrated into The ONE. It logs each
encounter along with the contextual information vector exchanged between nodes.

*  FL-based routing. A routing algorithm has been implemented to perform two main
tasks: while the local FL model is not yet trained, the node floods the network upon en-
countering intermediate nodes. Once the model becomes available, the corresponding
FL model instance is invoked to compute a relevance score for the encounter.

On the other hand, a Python-based core implementation has been integrated to repre-
sent the core implementation server. This involves two main entities: the FL core model
representing the B5G pole and the individual FL models running on the simulated nodes.
Additionally, a REST APl is provided to facilitate interactions between the simulation and
the learning models.

e  REST API This component enables interaction between the model core and the simula-
tion, allowing nodes to invoke their individual FL models to estimate encounter scores.

¢ Individual models. This array of models corresponds to the set of nodes involved in
the simulation, ranging from Node 1 Model (N1M) to Node n Model (NnM). Each
node is able to call its corresponding FL. model instance for inference.

e  Aggregated model. The core model of the implementation performs aggregation and
distribution operations involving the individual models. It updates its weights by
incorporating the training results from participating nodes. The Fed Avg algorithm is
used for this purpose due to its simplicity, compatibility, and proven effectiveness [52].

Based on this proof of concept, the implementation has been evaluated in an exper-
imental setup using a simulated scenario of the Macau tourist district. The following
subsection presents the execution details, simulation conditions, and the outcome variables
considered for analysis.

4.2. Experimental Setup

The experimental setup description focuses on the variables defined for the scenario
and the evaluation metrics selected for performance assessment.

4.2.1. Scenario Variables

The experimental setup corresponds with a simulation based on the touristic district
of the city of Macau. This city is popular worldwide because of its unique history and
cultural mixture, factors that make Macau a top touristic destination for many travelers.
However, this situation drives to high requirements for touristic planification to handle
traffic, crowd flow, and notification about route changes. In this context, the proposed
architecture aligns with the problematic, becoming a potential resource to deal with local
contextual communications. To evaluate the impact of node density on the proposal’s
performance, we consider two realistic urban-mobility scenarios in which crowd flows
naturally converge around key tourist landmarks (e.g., the Ruins of St. Paul’s): one low-
density and one high-density. Both contexts, shown in Figure 4, simulate low and high
density events with varying pedestrian behaviors, including;:

*  Destination goers: Nodes actively navigating toward a specific landmark.
*  Passersby: Users moving randomly without a defined destination. This category also
includes stationary individuals or those engaged in other activities (e.g., shopkeepers).

Considering these specifications, Table 3 presents the most relevant variables used in
the simulation. The scenario is designed to virtually represent a busy day in the tourist
district of Macau. To reflect this, the simulation runs for 12 h, corresponding to the typical
commercial schedule of the area. Regarding communication, DTN nodes are equipped
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with a Bluetooth interface with a theoretical range of 100 m [53]. This value also enhances
the likelihood of node interactions during the experiment.
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Figure 4. Simulation scenario: (a) Node distribution heatmap indicating areas of higher density.
(b) Simulation environment in The ONE, illustrating node mobility patterns around the
tourist district.

Table 3. Simulation variables used in the experimental setup.

Variable Value
Simulation length 43,200 s (12 h)

DTN interface type Bluetooth

Bluetooth range 100 m

Number of node groups 3
Mobility model MapRouteMovement
Mobility speed 0.5-1.5m/s
Message generation interval 3600/7200/14,400 s

Validation threshold Score > 70%

In addition to these variables, the scenario includes three node groups whose distri-
butions emulate a busy urban environment as well as a lower-density setting for a fair
comparison. After a sensitivity analysis, we selected the following group sizes.

In the low-density scenario, we use one static sender, 50 destination nodes, and
100 intermediate nodes. In the high-density scenario, we use one static sender, 126 destina-
tion nodes, and 300 intermediate nodes. Regarding mobility, all nodes, except the sender,
follow the MapRouteMovement model in both scenarios, strictly adhering to street paths.
Walking speed reflects a standard pedestrian pace.

Finally, the simulation considers two key variables that significantly influence perfor-
mance: the message generation interval and the validation threshold for the FL. model.

¢ The message generation interval includes three different values: 3600 s, 7200 s, and
14,400 s. This means that the sender generates a new message over the network each
time the specified interval elapses. These values align with potential notifications
related to traffic updates and route limitations in the area. Additionally, the use
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of varying intervals introduces different levels of network traffic, allowing for an
assessment of its impact on performance.

The validation threshold refers to the minimum score a contacted node must reach to
be considered a potential intermediate node. This value acts as a selective criterion,
enforcing a stringent threshold for routing decisions.

In addition to this configuration, simulations are also performed using alternative

well-known protocols to compare the baseline behavior of the proposed algorithm:

Epidemic routing [54]. This algorithm serves as the standard flooding technique for
broadcasting information in local contexts, providing a density-sensible approach.
First contact [55]. This strategy provides a single-copy greedy baseline. Thus, it is
useful to contextualize gains from learning or replication.

PRoPHET [56]. This contribution is based on classic probability, performing contact-
history routing. It becomes relevant to assess with the FL-based approach.

MaxProp [57]. This strategy is based on queue management and path calculation. Con-
sidering its outstanding overhead performance, it is relevant to address in the scenario.
Spray-and-wait [58]. This algorithm provides multi-copy routing, following a clean
delivery/overhead trade-off.

Considering these comparative strategies, the next subsection details the considered

evaluation metrics.

4.2.2. Evaluation Metrics

The metrics obtained in the assessment relate to two main elements of the proposal:

routing performance and FL model accuracy.

For routing, Quality of Service (QoS) metrics are used to evaluate the impact of the

routing strategy on communications. Specifically, four key statistics are considered:

Delivery probability. This metric relates the number of received messages to the
number of sent messages. As such, it strongly reflects communication success and
serves as a key performance indicator for the scenario.

Average latency. This metric measures the average time required to transmit a message
from the sender to the destination.

Average overhead. This metric compares the number of message copies sent across
the network to the number of received messages. It serves as a useful indicator of
channel utilization.

Average hop count. This metric calculates the average number of nodes involved in
forwarding a message from the sender to the destination.

For the aggregated FL model, a regression calculation is performed. To evaluate its

performance, four key metrics are considered:

MSE. As mentioned in Equation (5), this variable measures the average of the squares
of the errors, that is, the average squared difference between predicted and ac-
tual values. It penalizes larger errors more heavily and is a standard metric for
regression tasks.

Root Mean Squared Error (RMSE). The square root of MSE, providing an error metric
in the same units as the predicted variable. It offers more interpretable insights into
error magnitude in real-world units.

Mean Absolute Error (MAE). Calculates the average of the absolute differences be-
tween predicted and actual values. Unlike MSE, MAE treats all errors equally and is
more robust to outliers.
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e R-squared (R?). Indicates the proportion of variance in the dependent variable that
is predictable from the independent variables. A higher R? signifies that the model
explains a greater portion of the variance in the data.

These metrics provide a balanced and comprehensive evaluation of the FL. model’s
ability to accurately predict encounter scores, helping to quantify how well the model
generalizes across diverse network conditions and nodes. Considering these variables, the
next section presents the obtained results.

4.3. Results

The results are organized into two evaluated scenarios—low-density and high-density
contexts. For each setup, we report routing QoS metrics and FL. model performance.

4.3.1. Low Density Scenario

This scenario serves as a baseline to test the proposal’s performance. It is a challenging
setup with fewer nodes and a lower probability of contact. We next analyze its impact on
routing QoS and FL model performance.

Routing QoS Evaluation

Figure 5 presents the QoS metrics obtained from the low-density simulated scenario.

Figure 5a displays the delivery probability regarding the message generation interval.
With sparser contacts, FL underperforms comparative strategies. PRoPHET and Max-
Prop deliver the highest ratios, followed by Spray-and-Wait. Epidemic improves with a
lighter load but remains below the history-aware schemes. The FL-based approach trails
in this regime, reflecting fewer labeled encounters and slower model maturation. First
Contact becomes the lowest. All curves rise with the message interval, consistent with
reduced contention.

Figure 5b represents the latency regarding the message generation interval. Delays are
overall high but decrease as the interval grows. Flooding is fastest here because it exploits
the first available paths. PROPHET /MaxProp are close, while FL shows a larger penalty
under sparsity due to selective forwarding plus slower learning. Finally, First Contact is
consistently the slowest.

Figure 5c represents overhead regarding the message generation interval. All methods
achieve a moderate consumption. Epidemic becomes the highest, while FL-based routing
is less efficient than alternative multi-copy schemes, being outperformed by PRoPHET,
MaxProp, and Spray-and-Wait. The increase for FL-based routing relative to these base-
lines aligns with its weaker scoring under limited feedback. First Contact stays near the
minimum by construction.

Figure 5d displays hop count over the message generation interval. The value rises as
the interval increases. FL-based routing remains in an intermediary band. First Contact is
similar but a touch lower at small intervals, consistent with single-copy forwarding that
sometimes stalls rather than exploring longer chains.

In low density, contact scarcity slows FL-based labeling and aggregation, so
PRoPHET /MaxProp, which rely on encounter predictability and aging, achieve higher
delivery and lower overhead. At the same time, Epidemic minimizes delay at the cost of
airtime. These results are consistent with the design of the architecture: the FL-based ap-
proach lacks the required dataset of encounters, degrading as signals are sparse. Potential
mitigation includes adaptive forwarding thresholds during cold start, limited exploration
budgets, or warm-starting models from prior contexts. These proposals will be involved in
future works.



Future Internet 2025, 17, 392

21 of 28

100%
< 90% 120
(=)
= 80% .
5 C)
_f.g 70% § 100
T 60% 8
=
= w
_g 50% 80
©
O 40%
30% 60
3600s 7200s 14,400s 3600s 7200s 14,400s
Message Interval (s) Message Interval (s)
@ Fl-based routing # MaxProp <k Spray-and-Wait @ Fl-based routing #& MaxProp =¥ Spray-and-Wait
#l Epidemic 4 PROPHET -}- First Contact #l Epidemic 4 PROPHET -}- First Contact
(a) (b)
2.7 B
2
2.6 Y
60 'y * e
X
° = 25 7
o =
% 40 854
a
= o
© T23
20
2.2
0 2.1
3600s 7200s 14,400s 3600s 7200s 14,400s

Message Interval (s)

@ Fl-based routing # MaxProp ¥ Spray-and-Wait
#l Epidemic 4 PROPHET -}- First Contact

(o)

Message Interval (s)

@ Fl-based routing # MaxProp <K Spray-and-Wait
# Epidemic 4 PROPHET -} First Contact

(d)

Figure 5. QoS outcomes comparison in low density sceanario: (a) Delivery probability versus message
generation interval. (b) Average latency versus message generation interval. (c) Average overhead
ratio versus message generation interval. (d) Average hop count versus message generation interval.

FL Model Assessment

With only 50 destinations and 100 intermediates, labeled encounters are scarce and
noisy, which slows convergence and leads to underfitting. As a result, errors increase and
explanatory power drops compared to the dense case. Table 4 summarizes the aggregate
training+validation results for the low-density scenario:

The RMSE and MAE indicate wide dispersion and large absolute errors, while R?
shows limited variance explanation, consistent with reduced label density. A high class
imbalance due to more failed than successful relays and fewer repeated contacts per node
drives the model to a low performance. This weaker fit aligns with the routing outcomes:
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under sparse contacts, the FL scoring is less discriminative, which raises latency and
overhead relative to PROPHET /MaxProp and lowers delivery probability.

Table 4. FL model performance in low density scenario.

Variable Value
MSE 0.168
RMSE 0.410
MAE 0.336
R-squared 0.12

4.3.2. High Density Scenario

The high-density scenario provides a realistic, insightful context to test the real purpose
of the proposed architecture. This setup represents the ideal situation to deploy the
architecture. Aiming to fully assess the performance of the proposal, the next subsections
analyze the QoS impact and the FL. model outcomes.

Routing QoS Evaluation

Figure 6 presents the QoS metrics obtained from the high-density simulated scenario.

Figure 6a shows the delivery probability obtained for the routing strategies regarding
the message generation interval. Across all intervals, the FL-based scheme attains the
highest delivery. History-aware multi-copy baselines, MaxProp and PRoPHET track closely,
especially at low traffic (14,400 s), where PRoPHET nearly matches FL. Spray-and-Wait
is lower, while Epidemic improves with a lighter load but remains below these methods.
First Contact is the weakest. In all cases, delivery increases as the message interval grows,
reflecting reduced contention.

Figure 6b shows the average latency in relation to the message generation interval. In
this case, latency falls as load decreases for every algorithm. At higher load (3600-7200 s),
Epidemic is slightly faster than FL, whereas at 14,400 s FL becomes competitive and
PRoPHET is lowest. MaxProp is close to FL throughout. Spray-and-Wait is slower, and
First Contact is consistently the slowest, consistent with single-copy waiting.

Figure 6c¢ displays the average overhead ratio with respect to the message generation
interval. In this case, FL yields the smallest overhead among multi-copy schemes, dropping
from 63.93 to 8.70 as the interval increases. PROPHET and MaxProp are close, while Spray-
and-Wait is higher. Epidemic incurs the largest overhead by design. As expected, First
Contact’s overhead is near the minimum but at the cost of delivery and delay.

Figure 6d shows the average hop count relative to the message generation interval.
In this case, the outcomes are similar across methods and rise modestly with the interval.
FL remains low to moderate (2.00—2.39), comparable to PRoOPHET /MaxProp and below
Epidemic at higher intervals.

In this high-density scenario, the FL-based relay scoring achieves the best delivery with
the lowest multi-copy overhead, trading only a small latency penalty under heavy load and
matching leading heuristics at lighter load. History-aware baselines, such as PROPHET and
MaxProp, degrade gracefully and approach FL as traffic eases, while Epidemic offers lower
delay early but at prohibitive overhead. First Contact minimizes overhead by construction
but suffers in both delivery and latency. Overall, the results support FL-guided, edge-
coordinated DTN routing as an effective offloading strategy for local, ephemeral exchanges
in crowded areas.
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Figure 6. QoS outcomes comparison in high-density scenario: (a) Delivery probability versus message
generation interval. (b) Average latency versus message generation interval. (c) Average overhead
ratio versus message generation interval. (d) Average hop count versus message generation interval.

FL Model Assessment

Table 5 presents the results obtained for each performance variable of the model, after
the training and evaluation in the high-density scenario. The MSE and RMSE represent
the average squared and root mean squared deviations from the true values, respectively.
Given that the predicted scores range between 0 and 1, such as contact success probability or
encounter quality, an RMSE of approximately 0.31 indicates moderate dispersion around the
actual values. The MAE shows that, on average, predictions deviate by about 24%, which
may be significant depending on the application. An R-squared value of 0.41 indicates
that the model explains only 41% of the variability in the outcome variable. While this
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performance is better than random guessing, it suggests that the model struggles to capture
the full complexity of the relationships within the dataset.

Table 5. FL model performance in high-density scenario.

Variable Value
MSE 0.095
RMSE 0.308
MAE 0.246

R-squared 0.41

The regression fit of the encounter-score model is moderate, but routing performance
depends primarily on ranking and selective pruning rather than precise probability calibra-
tion. The forwarding rule applies a threshold on the score, so preserving a coarse ordering
between weak and plausible relays suffices to suppress low-value transmissions. Moreover,
labels are assigned from realized delivery paths and thus contain path-dependence and
counterfactual noise: encounters that could have led to delivery under slightly different
queue/timing conditions are labeled as failures. Such noise penalizes squared-error metrics
even when the ranking used for decisions is adequate.

4.4. Discussion

In the high-density setting, the FL-based router attains consistently high delivery and
clear channel-use savings. Delivery probability improves over the alternative strategies at
all intervals and approaches the best heuristic baselines at long intervals and heavier-traffic
cases. Latency shows a modest trade-off at short intervals but becomes competitive as traffic
eases. Taken together, the dense-scenario outcomes indicate that learning encounter scores
and forwarding selectively can sustain delivery while curbing redundant copies, which
directly contributes to offloading. The obtained results demonstrate strong performance
for the FL-based routing model, achieving a high delivery probability while outperforming
the comparative testbeds in terms of overhead and hop count.

In the case of the low-density setting, all methods face sparser contacts and longer
paths, and the relative ranking shifts. Heuristic multi-copy schemes such as PRoOPHET
and MaxProp lead delivery and latency, whereas the FL-based router trails in delivery and
shows higher latency. Overhead decreases system-wide under sparsity; however, FL is no
longer the lowest among multi-copy strategies. These results align with the learning signal
available in this regime: fewer successful paths and fewer repeated encounters reduce label
density and diversity, weakening score discrimination.

The FL model metrics corroborate this picture. In the dense case, RMSE indicates
underfitting due to scarce, imbalanced labels and limited repetition across nodes. Even
so, the FL router maintains reasonable hop counts and bounded overhead and remains
competitive with the alternative strategies at longer intervals, while PRoOPHET /MaxProp
becomes preferable when crowds thin.

Opverall, the study suggests a clear operating region for the proposal: persistent crowds
with abundant local interactions, where edge-assisted aggregation plus local scoring yield
both offloading and delivery gains. In sparser contexts, performance needs to be improved.
In future works, density-aware operations, such as relaxing the forwarding threshold,
lengthening aggregation windows, and using a heuristic fallback when local validation
degrades, will be explored.

Considering the performance of the proof of concept, the results strongly support
further research and development of the prototype. Despite the addressed challenges in
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both testbed scenarios, the current proof of concept demonstrates the technical viability of
the architecture, providing a solid foundation for subsequent development.

5. Conclusions

This paper presents an FL-driven architecture for opportunistic communication in
crowded local environments, supported by edge Al, B5G poles, and DTN principles. By
leveraging edge-assisted aggregation and contextual relay scoring, the system enables adap-
tive routing without requiring centralized data collection. The proposed model operates
effectively in dynamic, large-scale scenarios such as urban tourism, where mobility patterns
and connectivity are highly variable. The architecture also demonstrates how edge comput-
ing can coordinate mobile nodes without compromising their autonomy, while ensuring
privacy-preserving learning and sensitivity to context during message propagation.

The proof-of-concept simulation based on Macau’s downtown layout confirms the
feasibility of the design: in dense scenarios, a delivery probability of 92% is achieved,
with an average value of 77%; latency reaches an average of 58.5 s, while maintaining
reduced overhead compared to state-of-the-art routing. In low-density scenarios, the
proposal faces challenges to generalize, achieving a performance lower than comparative
benchmarks. Considering these results, several research directions remain open to address
practical limitations and scalability concerns. These include providing density-aware
operation, supporting online and continual learning for real-time adaptation, refining node
segmentation to improve routing decisions, and introducing crowd sensing mechanisms to
increase environmental awareness and response accuracy. Together, these improvements
will advance the architecture towards a resilient and scalable communication system for
next-generation intelligent urban networks.
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