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Abstract—Natural disasters in archipelagic regions
often disrupt communication networks, particularly in
geographically isolated islands where terrestrial infras-
tructure is limited and highly vulnerable. Hence, adap-
tive, infrastructure-independent solutions are required
to maintain connectivity during emergencies. The re-
search proposes an adaptive routing protocol for De-
lay Tolerant Network (DTN), named Q-learning-based
Forwarding Routing (QFR), designed to enhance data
delivery performance in disaster scenarios characterized
by intermittent connectivity and constrained resources.
QFR employs a lightweight, tabular Q-learning frame-
work to make intelligent forwarding decisions based on
real-time state information, including buffer occupancy,
encounter history, and local node density. The protocol
further integrates adaptive replica control and priority-
based scheduling mechanisms to regulate congestion and
optimize bandwidth and buffer utilization. Performance
evaluation is conducted using the ONE Simulator with
realistic maritime mobility traces derived from vessel
movement patterns around Madura Island, Indonesia,
representing inter-island emergency communication con-
ditions. The results indicate that QFR consistently out-
performs benchmark protocols such as Epidemic and
PRoPHETv2, particularly in maintaining a high delivery
ratio under heavy traffic loads while keeping routing
overhead moderate and latency stable. Time-series anal-
ysis further demonstrates QFR’s ability to improve its
performance over time as the agent learns. The key
finding is that a lightweight, adaptive algorithm based
on a tabular Q-learning framework provides a practical
and effective solution for reliable communication in
resource-constrained emergency networks, avoiding the
computational complexity of deep reinforcement learning
approaches.
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I. INTRODUCTION

INDONESIA, with over 17,000 islands, faces sig-
nificant challenges in maintaining reliable commu-

nication during natural disasters, particularly in remote
maritime regions like Madura Island and its surround-
ing islets (Sapudi, Ra’as, and Poteran) [1]. These ar-
eas often lack robust telecommunication infrastructure,
and disasters such as earthquakes and storms further
exacerbate connectivity issues. For example, the 2018
Sapudi Island earthquake disrupted communications.
It isolated the communities and hindered disaster re-
sponse [2].

The geological setting further aggravates this
situation. The Rembang–Madura–Kangean–Sakala
(RMKS) Fault Zone contributes to recurring seismic
activity in the region, including the moderate yet
disruptive earthquakes recorded in 2018 (Madura Mw
4.3 and Situbondo Mw 6.3) [3]. Even under normal
conditions, signal coverage in maritime areas remains
uneven, as indicated by independent measurements
reported by nPerf [4]. These observations suggest that
communication fragility in the region is not solely
a disaster-induced phenomenon but also a structural
issue tied to geography and infrastructure distribution.
Consequently, networking approaches that assume
continuous connectivity may not be appropriate for
such environments.

Delay Tolerant Networking (DTN) provides an al-
ternative perspective by accepting intermittent con-
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nectivity as an operational constraint rather than a
failure condition. Through the store–carry–forward
mechanism, nodes temporarily buffer messages and
forward them when encounter opportunities arise. In
the Madura maritime setting, regularly operating ves-
sels, like fishing boats and inter-island ferries, fol-
low relatively predictable routes and schedules. These
mobility patterns can be repurposed as opportunistic
communication carriers, reducing reliance on central-
ized infrastructure and avoiding costly deployment of
additional base stations [5].

DTN-based communication has been explored in
disaster response [6], rural internet access [7], Inter-
net of Things (IoT)-assisted healthcare [8], and re-
mote monitoring applications [9]. However, determin-
ing which node should forward which message remains
a persistent challenge. In maritime environments, node
encounters are sparse, buffer capacity is limited, and
energy resources are constrained. Traditional routing
schemes, such as Epidemic [10], PRoPHET [11],
MaxProp [12], and Spray-and-Wait [13], attempt to
improve delivery through replication or probabilistic
encounter estimation. While effective in certain sce-
narios, these approaches rely on fixed heuristics that
may not adapt well to fluctuating traffic load and ir-
regular contact patterns typical of island-based disaster
conditions.

To overcome these limitations, the researchers pro-
pose an adaptive routing protocol for DTN that lever-
ages Q-learning, a foundational, model-free reinforce-
ment learning algorithm. The core idea behind Q-
learning is to learn a policy that tells an agent which
action to take under specific circumstances. It achieves
this by learning a state-action value function (the ‘Q-
function’) that estimates the expected future rewards
for taking a specific action in a given state. In the
context of DTN routing, each node acts as an agent
that learns to make optimal forwarding decisions. It
learns which encounters are more “valuable” for suc-
cessful message delivery by continuously updating its
Q-values based on feedback from the network envi-
ronment. The research introduces the Q-learning-based
Forwarding Routing (QFR) protocol, which applies Q-
learning using a lightweight, tabular approach specif-
ically designed for the dynamic, resource-constrained
conditions of disaster-prone archipelagic environments.

A. Related Studies

DTN is communication architectures designed to
operate under conditions of intermittent connectivity,
long delays, and sparse infrastructure. Their store-
carry-forward model enables data to be temporarily
held at intermediate nodes until a suitable forwarding

opportunity arises. It makes them highly suitable for
scenarios such as disaster response, vehicular ad hoc
networks, space communications, and rural connectiv-
ity [14].

In recent years, the integration of Machine Learning
(ML) and Reinforcement Learning (RL) into DTN
routing has attracted considerable attention. These ap-
proaches aim to move beyond static heuristics by en-
abling routing decisions to adapt to mobility patterns,
network density, and resource availability. Early studies
have explored predictive routing strategies using histor-
ical delivery data. For example, previous research has
utilized delivery history within the IBR-DTN frame-
work to estimate potential next-hop nodes [15] , while
another research has incorporated geographic predic-
tion to capture the influence of node mobility in ve-
hicular DTN environments [16]. Previous research has
also further introduced reinforcement learning-based
routing with topic-aware forwarding and congestion-
awareness, emphasizing the prioritization of mission-
critical data [17].

Subsequent research has investigated more adap-
tive and context-driven mechanisms. It has proposed
Context-Adaptive Reinforcement Learning based rout-
ing (CARL-DTN), which combines Q-learning with
fuzzy logic to regulate message replication based on
contextual and density-related information. This ap-
proach demonstrates improved delivery performance
and reduces overhead under varying conditions [18].
Another work has surveyed a broad range of ML
techniques applied to DTN routing, highlighting the
effectiveness of classifiers such as Naı̈ve Bayes, Ran-
dom Forest, and XGBoost [19]. In more specialized
environments, previous research has explored deep
reinforcement learning for congestion control in deep-
space DTNs, emphasizing energy efficiency and trans-
mission reliability [20].

Further developments have explored ensemble learn-
ing and adaptive decision models. Previous research
has applied ensemble classifiers to refine routing strate-
gies [21] , while another study has proposed real-
time ML-based adaptive routing in vehicular DTNs,
achieving improvements in both delivery ratio and
latency [22]. Research on High-Rate DTN (HDTN)
has also incorporated neural networks and Bayesian
models to enhance throughput and adaptability un-
der high-load scenarios [23]. In addition, the Baton-
relay protocol is introduced. It is a lightweight and
privacy-aware routing strategy that leverages mobility
context to improve buffer utilization and delivery effi-
ciency [24].

While these approaches have advanced the field,
they often present limitations in the context of
archipelagic disaster response. For example, deep RL
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Fig. 1. System model of disaster response scenario.

methods, while powerful, typically demand significant
computational resources, making them less suitable for
the low-power devices expected in an emergency net-
work. Protocols like CARL-DTN may rely on complex
metrics such as social contex. It can be impractical to
compute in sparse maritime networks where interac-
tions are unpredictable. The novelty of the proposed
QFR protocol lies in its lightweight RL framework,
specifically tailored for maritime disaster scenarios
with minimal infrastructure. QFR distinguishes itself
from more complex models, such as CARL-DTN, by
using a lean state-action model that intentionally avoids
complex social or geographic metrics. Instead, its state
is defined by immediately available, low-cost data,
namely buffer occupancy, encounter history, and local
node density, making it highly efficient for resource-
constrained environments. This focus on simplicity
and practicality is further reflected in its use of a
standard Q-learning algorithm with a simple, binary
action space (forward or not forward), which mini-
mizes computational overhead. In contrast to deep RL
approaches that require more intensive processing, this
design choice ensures QFR is practical for deployment
on basic IoT devices and mobile nodes. Furthermore,
the protocol’s maritime-specific adaptation is evident
in its reward system and adaptive replica management,
which are explicitly designed to balance delivery re-
liability with resource conservation in the dynamics
of maritime disaster networks, particularly in sparse,
unpredictable environments.

II. RESEARCH METHOD

A. System Model

The proposed communication system is modelled as
a dynamic network composed of mobile nodes, specif-
ically fishing vessels acting as message carriers (i.e.,
routers) within a DTN. These mobile nodes facilitate
data exchange among islands lacking permanent Inter-
net infrastructure by employing a store-carry-forward
mechanism inherent to DTN. As illustrated in Fig. 1,
the study area encompasses Madura Island and several
smaller surrounding islands in East Java, Indonesia,
namely Poteran, Sapudi, and Brakas Islands. These
islands are geographically dispersed and particularly
vulnerable to communication isolation during natural
disasters, such as earthquakes, high tides, and tropical
storms. To address this challenge, the researchers inte-
grate IoT sensors deployed on each island to monitor
environmental parameters in real time, including sea
level, wind speed, and other disaster-related indicators.

The sensor data collected from these IoT devices is
transmitted via the DTN infrastructure, where fishing
boats serve as opportunistic mobile relays (data mules).
These vessels, which naturally traverse inter-island
routes as part of their daily operations, are leveraged
to carry and forward data between isolated islands and
central emergency coordination hubs. By exploiting
the semi-regular movement patterns of these boats, the
system aims to ensure reliable, energy-efficient data
delivery even in the absence of a fixed communication
infrastructure. This architecture provides a scalable,
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context-aware solution for enabling disaster-resilient
communication in remote archipelagic regions.

Formally, the DTNs is represented as a time-varying
graph G(t) defined as:

G(t) = (V,E(t)). (1)

In a network in Eq. (1), V denotes the set of nodes,
comprising both mobile nodes (i.e., fishing vessels)
and stationary nodes (i.e., island-based IoT gateways).
Meanwhile, E(t) represents the set of active commu-
nication links at time t, which are inherently time-
dependent due to node mobility.

Given the intermittency of inter-node connectivity,
the set of edges E(t) is defined dynamically as:

E (t)−
{

(u, v)u, vϵV,
u ̸= v, and u, v in range on time t

}
. (2)

In Eq. (2), each node v ∈ V is equipped with a
finite buffer capacity Bmax to temporarily store mes-
sages under the store-carry-forward paradigm. Mes-
sages are associated with a predefined Time-to-Live
(TTL), which they are discarded if not successfully
delivered. The message size and the remaining buffer
capacity significantly influence forwarding decisions
and overall network performance, thereby requiring
efficient scheduling and buffer management strategies
in resource-constrained environments. The u represents
a source node within the set of vertices V . This node
may correspond to a mobile node (e.g., a fishing
vessel) or a stationary node (e.g., an island-based
IoT gateway). Meanwhile, v represents a neighboring
(receiving) node within the set of vertices V that has
the potential to establish a communication link with
node u at time t.

B. Adaptive Reinforcement Learning-based Routing
Protocol

The RL provides a framework for developing adap-
tive behavior in dynamic environments. However,
many advanced RL approaches, particularly those
based on deep neural networks, require substan-
tial computational resources and are unsuitable for
resource-constrained DTN nodes. Therefore, tabular Q-
learning is adopted as a lightweight and efficient alter-
native. The proposed protocol utilizes the Q-learning
framework to dynamically optimize routing decisions
based on experiential feedback while maintaining low
computational overhead.

C. Q-Learning Algorithm

The Q-learning algorithm iteratively updates a state-
action value function Q(s, a) stored in a lookup table

(Q-table). This function estimates the expected cumu-
lative reward obtained by taking action a in state s.
The update mechanism is driven by the Temporal Dif-
ference (TD) error, defined as the difference between
the current estimate and the newly observed reward.
The update rule is expressed as:

Q(s, a)← Q(s, a) + α
[
r + γmax

a′
Q(s′, a′)

Q(s, a)
]
. (3)

In Eq. (3), s is real-time network state representing
perceivable attributes of the surrounding environment
and a is a chosen action (forwarding decision). Then, r
is immediate reward obtained after executing action a.
It also has s′ as subsequent state after action execution,
α ∈ [0, 1] as learning rate controlling the magnitude of
updates, and γ ∈ [0, 1] as discount factor determining
the importance of future rewards.

Here, the term [δ = r + γmaxa′ Q(s′, a′)Q(s, a)]
represents the TD error. The parameter α, also known
as the learning rate, determines the extent to which this
error contributes to updating the Q-value. This iterative
process enables the agent to refine its value estimates
even in the absence of an explicit environmental model
and eventually converge toward an optimal forwarding
policy.

In Q-learning, learning is fundamentally error-
driven, where the “error” is quantified using
the TD formulation. Specifically, the term
[r + γmaxa′ Q(s′, a′) − Q(s, a)] captures the
discrepancy between the current estimate of the state-
action value Q(s, a) and the newly observed estimate
based on the immediate reward r and the predicted
future value. The learning rate α regulates how much
the previous Q-value is adjusted in response to this
discrepancy.

Through repeated updates, the Q-learning process
performs an incremental optimization analogous to
gradient descent. It aims to minimize the TD error
and progressively improve the accuracy of value es-
timation. Consequently, the agent is able to learn an
effective forwarding policy and converge toward the
optimal solution over time.

D. State Representation

The state s is defined as a feature vector that
integrates relevant networking and node conditions to
facilitate forwarding decisions. Formally, the state is
represented as:

s = (M,E,D). (4)

In Eq. (4), M denotes the number of messages cur-
rently stored in a node, representing the buffer status
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and indicating the level of network congestion. The
parameter E corresponds to the historical encounter
count with a prospective forwarding node and serves
as a proxy for delivery predictability. Finally, D rep-
resents the local node density, defined as the num-
ber of neighboring nodes available for forwarding in
the surrounding area. By jointly incorporating buffer
occupancy, contact history, and local topology, the
proposed state representation enables the routing agent
to make informed forwarding decisions under dynamic
and resource-constrained network conditions.

E. Action Space

To optimize the decision-making process at each
node, the protocol restricts the action space to a
binary decision set. Specifically, the agent can either
forward the message to a neighboring node or retain
it. Formally, the action space is defined as:

a ∈ {0, 1}. (5)

In Eq. (5), a = 1 denotes forwarding the message to
a neighboring node, and a = 0 denotes not forward-
ing the message. This deliberate simplification of the
decision structure reduces computational complexity
and accelerates the learning process of the RL agent.
Consequently, the agent can efficiently learn the value
of forwarding decisions and progressively improve
overall message delivery performance.

F. Reward Design

The reward function is designed to encourage suc-
cessful message delivery while penalizing failures and
excessive network congestion. A positive reward is
assigned when a message is successfully forwarded
and received, whereas negative rewards are imposed
for omission and unsuccessful transmissions. Formally,
the reward function is defined as:

r =


+5, if a message forwarded and received,
−3, if forwarding fails,
−0.2D, if D > 5.

(6)

In Eq. (6), D denotes the local node density. The
density-dependent penalty is introduced to mitigate
congestion in highly dense network regions, which
may lead to increased collisions, packet loss, and
degraded overall network performance. By incorporat-
ing both delivery success and congestion awareness,
the reward mechanism enables the routing agent to
learn a balanced forwarding strategy. Consequently, the
system converges toward an equilibrium state in which
resource consumption is minimized while maintaining

effective multi-hop connectivity and delivery perfor-
mance.

G. Exploration–Exploitation Trade-off

To balance exploration and exploitation during rout-
ing decisions, an ϵ-greedy strategy is employed for
action selection. The exploration probability decreases
over time according to:

ϵt+1 = max (ϵmin, ϵt × δ) . (7)

In Eq. (7), ϵmin denotes the minimum exploration rate,
and δ ∈ (0, 1) represents the decay factor. This mech-
anism allows the agent to initially explore the action
space through random decisions and gradually shift
toward exploiting learned optimal forwarding policies
as training progresses.

H. Adaptive Replica Management

To improve the efficiency of network resource uti-
lization, the proposed protocol employs a dynamic
replica management mechanism that adjusts the max-
imum number of message replicas according to the
local node density D. The replica limit is adapted as
follows:

Rmax(D) =


3, D > 10,

5, 5 < D ≤ 10,

10, D ≤ 5.

(8)

In Eq. (8), Rmax denotes the maximum allowable
number of message replicas. In high-density scenarios
(D > 10), the system restricts replication to three
copies to mitigate bandwidth contention and buffer
saturation. Adaptive replication control based on con-
textual network conditions has been shown to improve
efficiency in DTN environments [18]. For moderate-
density conditions (5 < D ≤ 10), up to five repli-
cas are permitted to balance delivery reliability and
transmission overhead. In sparse networks (D ≤ 5),
the protocol allows up to ten replicas to compensate
for infrequent encounters and intermittent connectivity.
The numerical thresholds adopted in the research are
designed and evaluated empirically through simulation.

I. Message Scheduling and Buffer Management

Message scheduling focuses on the order of relay
activities based on whether messages are likely to
be delivered within their assigned TTL. A priority
metric is defined as Eq. (9). Messages with higher
priority values, indicating longer traversal relative to
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the remaining TTL, are transmitted first to reduce the
risk of expiration.

Priority(m) =
HopCount(m)

TTL(m)
. (9)

For buffer management, a drop-oldest policy is
adopted. When the buffer reaches its capacity, the
message with the smallest remaining TTL (i.e., closest
to expiration) is discarded to accommodate incoming
messages with higher delivery potential. This strategy
ensures efficient utilization of limited storage resources
while maintaining delivery performance under con-
strained network conditions.

III. RESULTS AND DISCUSSION

To evaluate the proposed protocol, the ONE Sim-
ulator [25], a widely accepted and standard tool for
evaluating DTN routing protocols, is used. Its primary
advantage provides a controlled, repeatable environ-
ment, which is essential for isolating the performance
of the routing algorithm from external, uncontrollable
variables. While a real-world deployment is more com-
plex, this simulation environment is appropriate for a
rigorous comparative analysis of protocol logic.

Given the disaster-response focus of the research,
the simulation scenarios are designed to closely mir-
ror actual maritime operations around Madura Island
and its neighboring islands, particularly Sapudi and
Ra’as, using the VesselFinder application (https://www.
vesselfinder.com/), as shown in Fig. 2. Moreover, for
slight fishing vessel movements that are not detected by
VellesFinder, the movement patterns are derived from
structured interviews with local fishermen, reflecting
real-world navigational behavior. These patterns are
implemented using the Map-Based Movement model
provided by the ONE Simulator. Geographic data are
integrated using actual maps of the study area to ensure
spatial accuracy in vessel routes, as illustrated in Fig. 3.

The simulation is run for 24 hours, a timeframe
selected to be sufficient to capture the typical daily
operational cycles of the fishing vessels as mobile
nodes. This duration allows for a significant number of
opportunistic encounters, providing enough data for the
QFR protocol to demonstrate its adaptive capabilities
and for performance differences between protocols to
become evident. The network traffic is generated by
sending messages between nodes across the islands,
simulating the need for inter-island communication
during an emergency. The randomness in the sim-
ulation arises not from client routing, but from the
inherently opportunistic and unpredictable nature of
node encounters due to mobility, which is the core
challenge in DTN.

TABLE I
SIMULATION PARAMETERS.

Parameter Value

Simulation Duration 24 Hours
Number of Fishing Vessels 50 Nodes
Wi-Fi Transmission Range 300–500 m
Wi-Fi Transmission Speed 563 kbps
Message TTL 720 s
Vessel Buffer Size 10 MB
Generated Messages 1000–5000
Warm-Up Duration 1800 s
Routing Protocols Epidemic, QFR, PRoPHET V2,

SNHD, SNW
L Value (SNHH & SNW) 9 messages
Learning Rate (α) 0.1
Discount Factor (γ) 0.9
Exploration Rate (ϵ) 0.3

Note: Time-to-Live (TTL), Q-learning-based Forwarding Routing
(QFR), Spray and Hop Distance (SNHD), and Spray-and-Wait
(SNW).

Table I summarizes the simulation parameters. Their
configuration is intended to approximate realistic op-
erational conditions typically encountered in maritime
disaster-response scenarios, where bandwidth is lim-
ited, storage capacity is constrained, and node avail-
ability is highly intermittent. Such constraints are de-
liberately incorporated to ensure that the evaluation
reflects practical deployment challenges rather than
idealized network assumptions.

The configuration of the Q-learning mechanism fo-
cuses on three principal parameters: the learning rate
(α), the discount factor (γ), and the exploration rate
(ϵ). These parameters are not selected arbitrarily but
are refined through iterative experimentation to achieve
stable learning behavior under dynamic network con-
ditions. The learning rate (α) is set to 0.1 to prevent
abrupt policy shifts and support gradual adaptation
during early training. The discount factor (γ) is set to
0.9 to emphasize long-term delivery outcomes, which
are particularly relevant in sparse DTN environments
where successful forwarding often depends on delayed
opportunities.

To maintain a balance between exploration and
exploitation, the exploration rate (ϵ) is initially set
to 0.3 and then reduced by a factor of 0.995. This
configuration encourages broader exploration during
the initial phase of learning while allowing the routing
policy to stabilize as the agent accumulates experience.
Such a strategy is essential in DTN environments,
where routing decisions must continuously adapt to
changing mobility patterns and encounter dynamics.
The sensitivity of the proposed routing mechanism to
variations in these parameters is further analyzed in the
discussion section.

Next, performance evaluation is conducted using key
metrics that reflect both the efficiency and reliability
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Fig. 2. Fishing vessel movement based on Vesselfinder application (https://www.vesselfinder.com/).

Fig. 3. Implementation of Madura Island Map into the ONE Simulator.

of the routing protocol in the context of emergency
communications. The proposed QFR protocol is com-
pared against widely adopted DTN routing schemes,
including Epidemic, PRoPHET V2, Spray-and-Wait,
and Spray and Hop Distance (SNHD) [26]. The follow-

ing performance indicators are used to examine routing
behavior.
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Fig. 4. Message delivery ratio under varying traffic loads. Note: Epidemic (EP), PRoPHETv2 (PV2), Q-learning-based Forwarding Routing
(QFR), Spray-and-Wait (SNW), and Spray and Hop Distance (SNHD).

A. Delivery Ratio

The ability to deliver messages despite network
challenges is a fundamental performance indicator in
DTN environments. The simulation results, as depicted
in Fig. 4, clearly indicate that QFR demonstrates a
remarkable capability for maintaining a high delivery
ratio, especially when network congestion intensifies.
While protocols like Epidemic show initial promise
in low-traffic scenarios, they experience a catastrophic
performance collapse under heavy loads. In contrast,
QFR not only sustains its performance but consistently
outperforms all benchmark protocols in high-traffic
environments, establishing itself as a highly reliable
and scalable solution.

The primary reason for QFR’s superior performance
lies in its intelligent and adaptive forwarding strategy,
which is powered by the Q-learning algorithm. Un-
like the indiscriminate “blind flooding” approach of
Epidemic routing, QFR enables each node to learn
from its interactions with other nodes. By analyzing the
state vector in Eq. (4), a node can make an informed
judgment about whether forwarding a message to a
neighbor is a high-value action. The agent learns to
prioritize nodes with a strong historical encounter rate
(E), as these nodes are statistically more likely to carry
the message closer to its destination. This experience-
based decision-making process ensures that network
resources are used purposefully.

Furthermore, QFR’s design incorporates a crucial
congestion avoidance mechanism that is vital for scal-
ability. The protocol’s reward function is engineered

to actively discourage behaviours that lead to network
saturation. When a node detects that the local density
(D) of neighbouring nodes is high, a penalty is applied
for forwarding actions, teaching the agent to hold back
its messages to prevent overwhelming the network. It
stands in direct opposition to the Epidemic protocol,
which continues to flood messages regardless of net-
work conditions, leading to severe buffer overflows and
widespread message loss. QFR’s ability to recognize
and adapt to network congestion is therefore a key
factor in its robust delivery performance under stress.

B. Overhead Ratio

The overhead ratio provides critical insight into the
efficiency and resourcefulness of a protocol, quantify-
ing the amount of redundant network traffic generated
for each successful delivery. The results in Fig. 5
highlight a clear distinction in efficiency among the
protocols. Epidemic and PRoPHETv2 are shown to be
highly inefficient, generating an enormous amount of
overhead that grows with network traffic. In contrast,
QFR maintains a controlled and moderate level of
overhead, proving to be significantly more efficient
than its flooding-based counterparts.

QFR’s efficiency is an emergent property of two core
design principles: a reward system that incentivizes
resource conservation and an explicit mechanism for
replica control. The Q-learning agent’s fundamental
objective is to maximize its cumulative reward, which
is only granted upon the final, successful delivery of
a message. There is no reward for simply relaying a
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Fig. 5. Overhead ratio for each protocol under varying traffic loads. Note: Epidemic (EP), PRoPHETv2 (PV2), Q-learning-based Forwarding
Routing (QFR), Spray-and-Wait (SNW), and Spray and Hop Distance (SNHD).

message multiple times. Consequently, the agent learns
over time that indiscriminate, redundant transmissions
are wasteful actions that consume resources without
contributing to its goal. This learned behavior naturally
suppresses the tendency to flood the network.

This learned resourcefulness is powerfully aug-
mented by the adaptive replica management algorithm,
which acts as a hard backstop against excessive trans-
missions. This mechanism dynamically adjusts the
maximum number of message copies based on real-
time local node density. For example, in a densely
populated area where it is D > 10, the protocol strictly
limits a message to only three replicas. This explicit,
context-aware rule operates in tandem with the learned
policy to ensure that overhead is kept low. Therefore,
it prevents the network-clogging behavior that renders
flooding-based protocols inefficient and impractical in
resource-constrained environments.

C. Average Latency

Average latency measures the end-to-end delay of
messages, a critical factor in time-sensitive emergency
communications. The simulation results in Fig. 6 re-
veal that QFR offers a balanced and stable latency
performance. While a protocol like Spray-and-Wait
can occasionally achieve lower latency due to its
direct delivery strategy, QFR consistently outperforms
the high-latency Epidemic and PRoPHETv2 protocols,
demonstrating greater stability across varying traffic
loads.

QFR’s moderate latency is the result of an intel-
ligent trade-off between delivery speed and delivery
reliability. Instead of forwarding a message to the very
first node it encounters, the QFR agent may decide to
wait for a more optimal opportunity. It uses its learned
Q-values to assess whether a current neighbor is a
truly reliable forwarder (e.g., one with a high historical
encounter value). Holding a message slightly longer to
find a better carrier may incrementally increase its la-
tency. However, this strategy substantially increases its
overall probability of reaching the destination, avoiding
the much longer delays associated with inefficient,
multi-hop paths.

To ensure that this calculated waiting does not result
in excessive delays, QFR integrates a priority-based
message scheduling system. This mechanism priori-
tizes messages within the buffer based on the ratio of
their Hop Count to their remaining TTL, formulated
in Eq. (9). Messages that are older or have already
travelled far are given higher priority for transmission.
This proactive scheduling prevents urgent messages
from being delayed by newer ones, ensuring a smooth
flow of data and effectively managing the trade-off
between cautious forwarding and timely delivery.

D. Average Buffer Time

The average buffer time indicates how long mes-
sages reside in the memory of intermediate nodes, a
key indicator of buffer utilization and network fluidity.
As shown in Fig. 7, protocols that rely on a “wait”
strategy, such as Spray-and-Wait, exhibit extremely
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Fig. 6. Average message latency under varying traffic loads. Note: Epidemic (EP), PRoPHETv2 (PV2), Q-learning-based Forwarding
Routing (QFR), Spray-and-Wait (SNW), and Spray and Hop Distance (SNHD).

Fig. 7. Average buffer time under varying traffic loads. Note: Epidemic (EP), PRoPHETv2 (PV2), Q-learning-based Forwarding Routing
(QFR), Spray-and-Wait (SNW), and Spray and Hop Distance (SNHD).

long buffer times as they hold messages until they meet
the final destination. Conversely, QFR consistently
demonstrates one of the lowest average buffer times,
particularly in high-traffic scenarios, highlighting its
efficiency in managing this critical resource.

QFR’s ability to maintain low buffer times is a
direct consequence of its dynamic and efficient mes-
sage handling. The Q-learning agent is incentivized
to find effective forwarding opportunities quickly. It

learns to avoid accepting messages that it is unlikely
to deliver and actively seeks out reliable nodes to pass
messages to. This behavior creates a continuous and
efficient “flow” of data through the network, preventing
messages from becoming stagnant in any single node’s
buffer for extended periods.

QFR’s proactive buffer management policies further
support this fluid routing. The protocol employs a
drop-oldest policy, where a message with the smallest
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Fig. 8. Performance of routing protocols on delivered messages over time. Note: Epidemic (EP), PRoPHETv2 (PV2), Q-learning-based
Forwarding Routing (QFR), Spray-and-Wait (SNW), and Spray and Hop Distance (SNHD).

remaining TTL is discarded to make space when the
buffer is full. It is combined with the priority schedul-
ing mechanism, which works to transmit high-priority
messages out of the buffer as quickly as possible.
Together, these strategies ensure that buffer space is
utilized efficiently, turnover is high, and the risk of
message loss due to buffer overflow, a critical problem
in other protocols, is significantly minimized.

E. Time-Series Performance Analysis

Figure 8 shows a comparison of the cumulative
number of messages delivered as a function of sim-
ulation time over 24 hours (86,400 seconds), with a
total of 4,000 generated messages. This visualization
dynamically illustrates how each protocol behaves and
adapts throughout the entire scenario. From the plotted
curves, it is evident that while several protocols show
initial strength, QFR and SNHD consistently emerge
as the most resilient and effective protocols by the end
of the simulation, with QFR ultimately delivering the
highest number of messages.

The QFR curve (teal line) reveals the hallmark char-
acteristics of a learning-based algorithm. In the initial
stages of the simulation (i.e., before 20,000 seconds),
QFR’s performance does not significantly differ from
that of the other protocols. It can be attributed to
the exploration phase of the Q-learning algorithm,

where the agent is actively trying various actions,
including random ones, to gather data and “learn”
about the network environment. However, an apparent
acceleration in QFR’s performance curve occurs as
time progresses, particularly in the latter half of the
simulation (after approximately 50,000 seconds). This
increasing rate of delivery is visual proof that the
learning process has been successful. The Q-table has
been populated with accurate values, and the agent
begins to shift into the exploitation phase, consistently
making intelligent forwarding decisions based on its
accumulated knowledge. This ability to improve its
effectiveness over time is what distinguishes QFR as a
truly adaptive system.

QFR’s dynamics become even more apparent when
contrasted with the other protocols. The Epidemic
protocol (orange line), for instance, shows a power-
ful initial performance due to its aggressive message
replication. However, its curve is marked by several
long periods of stagnation (flat lines), which represent
moments when the network has become saturated,
leading to buffer overflows and delivery failures. This
highlights the weakness of a non-adaptive strategy that
cannot handle network congestion. Similarly, the per-
formance of PRoPHETv2 (pink line), while adaptive,
appears to fade over time, suggesting its probabilistic
model may not adapt quickly enough to the highly
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Fig. 9. Learning rate evaluation of Q-learning-based Forwarding Routing (QFR) routing.

dynamic node encounters in this scenario. Therefore,
this graph not only confirms QFR’s superiority in
total deliveries but, more importantly, proves that its
strength lies in its ability to learn and dynamically
optimize its strategy, making it a uniquely robust
solution for long-duration and unpredictable network
conditions.

F. Learning Rate (α) Evaluation
A simulation study with a constant workload of

4,000 messages is designed to explore the QFR pro-
tocol’s sensitivity in learning rate (α) variations. Five
distinct learning rates are chosen to represent the range
of cautious to aggressive learning: 0.1, 0.3, 0.5, 0.7,
and 0.9. The primary performance metric, like before,
is the number of messages delivered.

Figure 9 summarizes the performance results, which
demonstrate the apparent sensitivity of the QFR pro-
tocol’s performance to learning rate. In particular, the
peak delivery performance of QFR is observed with a
learning rate of α = 0.5, which results in slightly less
than 1,600 messages being delivered. This result indi-
cates that a balanced rate enables a Q-learning agent
to successfully balance exploration of new forward-
ing strategies with exploitation of previously effective
ones. In a rapidly changing network environment, such
adaptation of routing policies can significantly improve
the reliability of message delivery.

Learning rates of α = 0.1 and α = 0.3 also perform
strongly, yielding a comparable number of messages,
albeit slightly lower than α = 0.5. This result suggests
that more conservative learning rates can still allow for

robust performance, as the agent steadily updates its
Q-values, which in turn facilitate learning and lead to
consistent and steadfast forward decisions. The small
gap in performance between lower learning rates and
α = 0.5 supports the QFR protocol’s versatility and
effectiveness across a broader spectrum of conservative
to moderate learning behaviors.

In comparison, increased learning rates of α = 0.7
and α = 0.9 result in a sharp decrease in performance.
At these rates, the number of messages delivered
decreases. This result suggests that exceedingly high
learning rates may result in unstable Q-value updates.
With high learning rates, the agent tends to “overre-
ward” recent interactions, resulting in highly volatile
policies that make effective generalization impossible.
In this case, the delivery outcomes will be more
variable and less reliable as the agent attempts to use
unstable forwarding strategies.

The assessment verifies that the QFR protocol per-
forms adequately across a range of learning rates.
Even so, its efficiency can be enhanced, sometimes
dramatically, by adjusting the α parameter. Of the
values tested, α = 0.5 is the best option. This learning
rate maintains an equilibrium between the rigidity of
learning and the flexibility required to forward mes-
sages in environments such as DTN, which has spo-
radic connections and minimal infrastructure. Hence,
α = 0.5 is the optimal choice for these challenging
conditions.
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Fig. 10. Discount factor evaluation of Q-learning-based Forwarding Routing (QFR).

G. Discount Factor (γ) Evaluation

To further understand the behavior of the QFR proto-
col, an evaluation is conducted to analyze its sensitivity
to the discount factor, γ, as shown in Fig. 10. This
parameter is fundamental to the Q-learning algorithm,
as it determines the extent to which future rewards
are valued in comparison to immediate ones. The
experiment is performed under a fixed network load
of 4,000 messages and with the previously optimized
learning rate (α = 0.5) to isolate the impact of γ. The
graph displays the total number of delivered messages
for five distinct γ values ranging from 0.1 to 0.9. The
results reveal two key findings. First, the QFR protocol
demonstrates considerable robustness, performing well
across the entire spectrum of tested values. Second, a
clear trend emerges, indicating that higher values of
γ yield superior performance, with the peak delivery
ratio achieved at γ = 0.9.

The observed trend, where performance improves
as γ approaches 1, can be attributed to the nature
of the DTN environment. A low discount factor (e.g.,
γ = 0.1) makes the learning agent “myopic,” causing it
to heavily prioritize immediate rewards over long-term
gains. In a DTN context, it translates to a strategy of
forwarding messages to any available node as quickly
as possible, without sufficient consideration for that
node’s actual utility in the delivery chain. Conversely,
a high discount factor (e.g., γ = 0.9) makes the agent
“farsighted”. It learns that the significant, cumulative
reward of a successful future delivery is more valuable
than any small, immediate benefit from a premature

hand-off. It encourages the agent to adopt a more
patient and strategic policy, such as carrying a message
for a longer duration until it encounters a highly
reliable relay node, which is a crucial strategy for
success in sparse and disconnected networks.

Beyond the optimal performance at γ = 0.9, the
graph also highlights the protocol’s impressive robust-
ness. Even at the lowest discount factor of γ = 0.1,
QFR delivers over 1,550 messages. The high number
indicates that the protocol does not suffer a catastrophic
failure even with a sub-optimal parameter setting. This
resilience suggests that other mechanisms within the
QFR framework, such as the adaptive replica man-
agement and the use of encounter history in the state
representation, provide a strong baseline performance
that mitigates the adverse effects of a myopic policy.
This robustness is a significant practical advantage.
It implies that QFR can be deployed effectively in
real-world scenarios without requiring exhaustive and
precise parameter tuning, making it a more reliable and
flexible solution for dynamic emergency networks.

H. Exploration Decay (δ) Evaluation
Figure 11 illustrates the evaluation of the explo-

ration decay factor, δ, on the performance of the
QFR protocol. This parameter governs the speed at
which the agent transitions from an initial phase of
exploration (taking random actions to learn) to a
phase of exploitation (using the best-known strategies
to maximize rewards). The experiment is run with
a fixed network load and the previously determined
optimal values for the learning rate (α = 0.5) and
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Fig. 11. Exploration decay evaluation of Q-learning-based Forwarding Routing (QFR).

discount factor (γ = 0.9). The graph presents the
total delivered messages across five different δ values,
from a relatively fast decay (0.9) to a very slow decay
(0.999). The most striking takeaway from these results
is the remarkable robustness of the QFR protocol. At
the same time, a slight peak performance is observed
at δ = 0.95. The overall performance remains highly
consistent and effective across the entire range of tested
values.

The subtle variations in performance reveal the nu-
ances of the exploration-exploitation trade-off within
this specific DTN environment. The peak at δ = 0.95
suggests that this value strikes an optimal balance for
the 24-hour simulation period. It provides a sufficiently
long initial exploration phase for the agent to discover
a diverse set of effective forwarding routes within the
dynamic network. Subsequently, the exploration rate
(ε) decays at a moderate pace, allowing the agent
to shift decisively towards exploiting its accumulated
knowledge for the majority of the simulation, thereby
maximizing the number of successful deliveries. The
slightly lower performance at very slow decay rates
(δ = 0.99 and 0.999) indicates that prolonged explo-
ration, while helpful in adapting to volatility, intro-
duces a degree of inefficiency by causing the agent to
continue making random, sub-optimal decisions even
after a good policy has been found.

Ultimately, the most significant finding from this
analysis is the protocol’s high degree of stability and
its low sensitivity to the precise tuning of the decay
parameter. The fact that the difference between the best
and worst outcomes is minimal (less than 2%) demon-

strates the robustness of the overall QFR framework.
This result implies that the core learning mechanism,
driven by the state representation and reward function,
is powerful enough to guide the agent towards an
effective policy regardless of the specific exploration
schedule. It is a highly desirable characteristic for
a real-world protocol, as it suggests that QFR does
not require meticulous and fragile parameter tuning to
function effectively. This inherent stability increases
its practical value, making it a reliable and deployable
solution for unpredictable emergency communication
scenarios.

I. Computational Overhead Analysis
A critical factor for protocols in resource-

constrained environments is their computational over-
head. QFR is intentionally designed to be lightweight.
The protocol’s core logic relies on a tabular Q-learning
approach, where the primary computational task is
updating a Q-table. The complexity of this operation
is directly tied to the size of the state-action space.

To ensure feasibility on low-power devices, the state
representation is kept deliberately simple and discrete.
For instance, the number of messages and encounters
is capped during state mapping to limit the total
number of states. The action space is a simple binary
choice (forward/do not forward), further constraining
complexity. As a result, the Q-table remains small
and manageable, and the update calculation, as shown,
is computationally inexpensive, involving only basic
arithmetic operations. This low overhead makes QFR
significantly more practical for the TTGO LoRa32
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V2.1 ESP32, as implemented in [27], compared with
CARL-DTN, which requires the computational power
for neural network forward passes.

IV. CONCLUSION

The research develops QFR, a Q-learning-based
forwarding protocol for DTN in disaster-prone
archipelagic regions. It adapts its routing decisions
by leveraging buffer occupancy, encounter history, and
network density to overcome intermittent connectivity.
Simulations confirm its reliability for emergency com-
munications, showing that QFR achieves a superior
delivery ratio of up to 1602 messages at α = 0.5, with
moderate overhead and stable latency. However, these
findings are based on simulations, which cannot fully
capture the complexities of a real-world deployment,
thus presenting several avenues for future work. To
build upon these promising results, the future efforts
will focus on addressing real-world constraints, such as
hardware limitations and energy consumption, through
a real-world implementation using TTGO LoRa32
V2.1 ESP32 devices with DTN7. It will involve de-
veloping energy-aware routing logic, for instance, by
modifying the reward function to penalize energy-
intensive transmissions, thereby making the protocol
sustainable on battery-powered nodes.

Furthermore, future work will focus on mitigating
dynamic environmental factors, such as severe weather
or signal interference, which are not previously mod-
eled, by incorporating environmental data into the state
representation to enable more robust decision-making.
A more thorough investigation into the impact of the
discount factor (γ) and exploration decay (δ) is also
planned to enhance the protocol’s adaptability across
a broader range of disaster scenarios. In addition, the
learning rate (α) will be explored as an adaptive pa-
rameter, allowing it to change dynamically in response
to network stability. Through these directions, QFR is
expected to evolve from a robust simulation frame-
work into a field-tested solution for enhancing disaster
resilience in isolated archipelagic communities.
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nology. Évora, Portugal: Springer, Oct. 5–6,
2020, pp. 57–68.

[9] E. Yaacoub, K. Abualsaud, T. Khattab, and
A. Chehab, “Secure transmission of IoT mHealth
patient monitoring data from remote areas using
DTN,” IEEE Network, vol. 34, no. 5, pp. 226–
231, 2020.

[10] G. Koukis, K. Safouri, and V. Tsaoussidis, “All
about Delay-Tolerant Networking (DTN) con-
tributions to Future Internet,” Future Internet,
vol. 16, no. 4, pp. 1–21, 2024.

[11] S. H. Park, S. Cho, and J. R. Lee, “Energy-
efficient probabilistic routing algorithm for Inter-
net of Things,” Journal of Applied Mathematics,
vol. 2014, no. 1, pp. 1–7, 2014.

[12] A. Lohachab and A. Jangra, “Opportunistic In-
ternet of Things (IoT): Demystifying the effec-
tive possibilities of opportunisitc networks to-
wards IoT,” in 2019 6th International Conference
on Signal Processing and Integrated Networks
(SPIN). Noida, India: IEEE, March 7–8, 2019,
pp. 1100–1105.

[13] L. Wu, S. Cao, Y. Chen, J. Cui, and Y. Chang,
“An adaptive multiple spray-and-wait routing al-
gorithm based on social circles in delay tolerant
networks,” Computer Networks, vol. 189, 2021.

[14] Y. Yahara, A. Kato, M. Takai, and S. Ishi-
hara, “On interactions between evacuation behav-
ior and information dissemination via heteroge-
neous DTN,” Journal of Information Processing,
vol. 30, pp. 120–129, 2022.

[15] H. Liang, Y. Shang, and S. Wang, “[retracted]
study on DTN routing protocol of vehicle ad

hoc network based on machine learning,” Wire-
less Communications and Mobile Computing, vol.
2021, 2021.

[16] S. Datta and S. K. Madria, “Prioritized content
determination and dissemination using reinforce-
ment learning in DTNs,” IEEE Transactions on
Network Science and Engineering, vol. 9, no. 1,
pp. 20–32, 2021.

[17] S. Bajpai and A. Chauhan, “Evolution of machine
learning techniques for optimizing delay tolerant
routing,” in 2022 4th International Conference on
Advances in Computing, Communication Control
and Networking (ICAC3N). Greater Noida,
India: IEEE, Dec. 16–17, 2022, pp. 294–299.

[18] F. Y. Yesuf and M. Prathap, “CARL-DTN:
Context adaptive reinforcement learning based
routing algorithm in delay tolerant network,”
2021. [Online]. Available: https://arxiv.org/abs/
2105.00544

[19] P. G. Buzzi, D. Selva, and M. S. Net, “Au-
tonomous delay tolerant network management us-
ing reinforcement learning,” Journal of Aerospace
Information Systems, vol. 18, no. 7, pp. 404–416,
2021.

[20] S. C. K. Tekouabou, Y. Maleh, and A. Nayyar,
“Towards to intelligent routing for DTN protocols
using machine learning techniques,” Simulation
Modelling Practice and Theory, vol. 117, 2022.

[21] S. Liu, H. Shen, B. L. Smith, and V. Fessmann,
“Machine learning based intelligent routing for
VDTNs,” in 2023 32nd International Conference
on Computer Communications and Networks (IC-
CCN). Honolulu, HI, USA: IEEE, July 24–27,
2023, pp. 1–10.

[22] L. Yang, J. A. Fraire, K. Zhao, R. Wang, W. Li,
and H. Yang, “Optimizing deep-space DTN con-
gestion control via deep reinforcement learning,”
Computer Networks, vol. 255, 2024.

[23] M. A. Salam, A. F. M. S. Saif, P. H. Katroju,
and R. Kassouf-Short, “A constructive analysis
on machine learning integration in High Delay
Tolerant Networking (HDTN),” in 2024 7th In-
ternational Conference on Advanced Communi-
cation Technologies and Networking (CommNet).
Rabat, Morocco: IEEE, Dec. 4–6, 2024, pp. 1–6.

[24] J. Koteich, N. Mitton, and R. Wolhuter, “Mo-
bility context aware routing protocol in dtn,” in
2025 International Conference on Information
Networking (ICOIN). Chiang Mai, Thailand:
IEEE, Jan. 15–17, 2025, pp. 12–17.

[25] A. Keränen, J. Ott, and T. Kärkkäinen, “The ONE
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[27] J. Höchst, L. Baumgärtner, F. Kuntke, A. Pen-
ning, A. Sterz, M. Sommer, and B. Freisleben,
“Mobile device-to-device communication for cri-
sis scenarios using low-cost LoRa modems,” in
Disaster management and information technol-
ogy: Professional response and recovery manage-
ment in the age of disasters. Springer, 2023, pp.
235–268.

61

IN
 PRESS


	Introduction
	Related Studies

	Research Method
	System Model
	Adaptive Reinforcement Learning-based Routing Protocol
	Q-Learning Algorithm
	State Representation
	Action Space
	Reward Design
	Exploration–Exploitation Trade-off
	Adaptive Replica Management
	Message Scheduling and Buffer Management

	Results and Discussion
	Delivery Ratio
	Overhead Ratio
	Average Latency
	Average Buffer Time
	Time-Series Performance Analysis
	Learning Rate () Evaluation
	Discount Factor () Evaluation
	Exploration Decay () Evaluation
	Computational Overhead Analysis

	Conclusion



