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Abstract—Delay tolerant networks (DTNs) for deep space com-
munications lack in-band buffer congestion monitoring, limiting
adaptive routing capabilities and buffer management efficiency.
We present the buffer status block (BSB), a bundle protocol ver-
sion 7 extension that enables standardized buffer state reporting
through concise binary object representation (CBOR) encoded
extension blocks integrated with interplanetary overlay network
on delay tolerant network (ION-DTN 4.1.3). We propose BSB-
aware deep Q-network (DQN) using deep reinforcement learning
to enable adaptive congestion-aware routing from structured
buffer state observations in an 8-node bandwidth-constrained
topology deployed via containerization. The proposed scheme
is benchmarked against contact graph routing (CGR), multi-
path replication, and a BSB-Greedy baseline that isolates the
contribution of learned routing from BSB information alone.
Evaluation across varying workloads demonstrates that BSB-
aware DQN achieves the lowest buffer utilization and end-to-end
delay through learned congestion-aware routing decisions, while
maintaining stable throughput comparable to greedy approaches.
Multi-path replication incurs the longest duration due to redun-
dancy overhead, while CGR provides intermediate performance
through schedule-based path computation. Together, these results
show that the BSB extension enables adaptive routing in unpre-
dictable DTN environments.

Index Terms—Deep space communications, delay tolerant net-
works (DTNs), deep reinforcement learning, buffer status block
(BSB), containerization

I. INTRODUCTION

Deep space communications continue to face fundamental
challenges that distinguish them from terrestrial networks:
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propagation delays spanning minutes to hours, intermittent
connectivity due to planetary occlusions, orbital dynamics,
and severely constrained bandwidth limited by power and
distance [1], [2]. Traditional internet protocols, which assume
continuous end-to-end connectivity and rapid acknowledg-
ments, fail in these environments [3]. Delay tolerant networks
(DTNs) address these challenges through store-and-forward
messaging, where intermediate nodes buffer data during com-
munication outages and forward when links become available
[4]. The bundle protocol (BP) standardizes DTN operations
for space missions, enabling reliable data delivery across
deep space networks despite extreme delays and disruptions
[5]. However, BP lacks standardized mechanisms for per-
bundle buffer state monitoring, preventing adaptive routing
decisions based on network congestion conditions [5]. Current
DTN routing protocols operate without visibility into buffer
congestion at intermediate nodes [6]. Contact graph routing
(CGR), computes paths using pre-configured contact schedules
but cannot adapt to dynamic congestion conditions [7], [8].
When relay nodes experience buffer saturation, bundles may
be dropped or delayed without the sender’s knowledge, leading
to inefficient resource utilization. This static approach limits
routing efficiency in scenarios with unpredictable traffic pat-
terns, link failures, or when contact schedules become invalid
due to operational changes [9]–[12].

Prior work in DTN congestion management has established
important foundations. The work in [13] identified buffer
utilization as a key congestion indicator and emphasized
localized congestion detection, but did not address inter-node
buffer information exchange. Fraire et al. [7], [8] proposed
congestion-aware CGR variants enhanced Merugu’s Floyd-
Warshall, cached CGR, path-aware CGR, multi-graph CGR
that improve delivery efficiency under deterministic contact
schedules, but rely on link-level capacity databases rather than
actual node buffer status. Yang et al. [14] applied DQN to learn
congestion-aware transmission policies, achieving improved
throughput, but focused on link-level rate control without

145979-8-3195-3188-9/26/$31.00 ©2026 IEEE APWCS 2026



routing optimization or buffer status exchange. Zhang et al.
[15] combined graph neural network (GNN) and reinforcement
learning (RL) for adaptive routing in low Earth orbit (LEO)
constellations, demonstrating lower delay and adaptability, but
operated on simulated models without addressing BP’s lack
of standardized buffer reporting. These approaches exhibit
three limitations: contact-based methods assume static sched-
ules that may become invalid, machine learning approaches
still struggle with full inter-node buffer coordination and
global congestion visibility, and no existing approach pro-
vides standardized per-bundle buffer status exchange during
bundle transmission. Furthermore, existing approaches reduce
congestion state to a scalar utilization metric, losing visibility
into the internal forwarding pipeline stages that distinguish
transmission backlog from routing indecision.

To address these limitations, we present the buffer status
block (BSB), a bundle protocol version 7 extension that
enables per-bundle buffer congestion reporting in DTN. Unlike
[14] and [15] which assume buffer state is externally available
through simulation oracles, BSB makes structured congestion
information a native BPv7 artifact. It encodes a five-metric
state vector that distinguishes between transmission queue
backlog, unresolved routing decisions (limbo), and active
forwarding, enabling identification of the cause of congestion,
not merely its presence. We implement BSB in interplanetary
overlay network (ION) DTN 4.1.3, the reference implemen-
tation for interplanetary networking, and develop a BSB-
aware deep Q-network (DQN) routing agent that leverages
this structured buffer information to make congestion-aware
forwarding decisions.

The main contributions of this paper are summarized as
follows: (1) We design a BSB-aware DQN framework that
exploits structured multi-metric buffer state for congestion-
aware adaptive routing. (2) We propose the first in-band
buffer state exchange mechanism for BPv7, implemented as a
native extension block within ION-DTN’s processing pipeline,
eliminating the need for auxiliary management plane signaling.
(3) We perform a comparative evaluation against CGR, multi-
path replication, and a BSB-Greedy baseline under varying
propagation delay in an 8-node Earth-Mars constellation with
per-link packet loss and intermittent contacts.

The rest of the paper is organized as follows. Section
II presents the system model. Section III formulates the
congestion-aware routing problem as a Markov Decision Pro-
cess. Section IV presents experimental evaluation and com-
parative analysis. Section V concludes with key findings and
future research directions.

II. SYSTEM MODEL

A. Network Topology
The experimental testbed implements an eight-node Earth-

Mars relay architecture representative of deep space explo-
ration missions, as illustrated in Fig. 1. Each node runs
as an isolated docker container with a complete ION-DTN
4.1.3 instance, enabling reproducible multi-node testing with-
out physical hardware. The topology consists of an Earth

ground station (Node 1) serving as the data source, six
orbital relay satellites (Nodes 2 to 7) providing redundant
communication paths, and a Mars surface lander (Node 8)
as the final destination. The network exhibits asymmetric
bandwidth characteristics typical of deep space communica-
tions [16]. The Earth station connects to all relay satellites
via high-bandwidth uplinks operating at 50 Kbps, reflecting
the transmission capabilities of deep space network (DSN)
antennas. The relay satellites maintain 50 Kbps cross-links
enabling cooperative forwarding and load balancing. However,
all relays face severely bandwidth-constrained downlinks to
the Mars lander at 1 Kbps each, creating a persistent bottleneck
representative of Ka-band surface links [16]. All inter-node
links are subject to one-way light time (OWLT) propagation
delay, defined as the time required for an electromagnetic
signal to traverse the link distance at the speed of light.
Operational Earth-Mars OWLT ranges from 4 to 24 minutes
depending on orbital geometry [17]; we apply a compressed
OWLT of 1 s and 4 s that preserves the relative delay structure
between hops while enabling tractable experimentation within
a containerized testbed. Stochastic packet loss is applied per-
link at differentiated rates to model the bit-error characteristics
of space communication channels [16]: 1% on Earth-relay
links reflecting DSN uplink conditions, 0.1% on relay-relay
crosslinks representing short-range inter-satellite links, and 2%
on relay-Mars surface links capturing the higher error rates
of atmospheric Ka-band downlinks. Contact schedules follow
intermittent visibility windows governed by orbital mechanics,
where relay-to-destination links activate and deactivate accord-
ing to orbital geometry rather than remaining continuously
available.

This topology follows the simplified Mars relay and deep-
space DTN scenarios described in the Consultative Committee
for Space Data Systems (CCSDS) documentation [18], which
model landers, orbital relays, and Earth ground stations con-
nected by asymmetric, bandwidth-limited links with propaga-
tion delay and link impairments.

With 8 KB science data bundles, the aggregate downlink
capacity of 2 Kbps yields a theoretical maximum delivery
rate of 0.09375 bundles per second. When the Earth station
transmits at higher rates, this creates sustained congestion at
the relay nodes, making buffer management critical to mis-
sion success. This bottleneck configuration forces intelligent
routing decisions, the core challenge addressed by BSB-aware
reinforcement learning.
B. BSB-Aware Routing Framework

Our system integrates three architectural layers to enable
congestion-aware routing, as shown in Fig. 2. At the foun-
dation, ION-DTN 4.1.3 provides standards-compliant bundle
protocol v7 implementation with CGR, bundle forwarding,
and simple data recorder (SDR) buffer management. The BSB
extension block handler, integrated into ION-DTN’s extension
processing pipeline, collects buffer statistics during bundle
transmission.

The middle layer implements the BSB protocol, which
encodes five critical metrics in CBOR format: total buffer
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Fig. 1. Earth-Mars relay network architecture showing asymmetric bandwidth
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Fig. 2. BSB-aware reinforcement learning routing framework architecture.

capacity, used buffer capacity, queue length (bundles awaiting
transmission), limbo count (bundles awaiting routing deci-
sions), and transit count (bundles in forwarding queues). These
statistics are attached to outgoing bundles as extension blocks
(type 198) and exported to shared memory for immediate
access by the routing agent.

The top layer hosts the DQN routing agent, which observes
buffer state from the relay nodes, computes Q-values for
available routing actions, and issues forwarding decisions to
ION-DTN as shown in Fig. 3. This three-layer architecture
enables closed-loop congestion control: ION-DTN collects
buffer statistics, BSB transmits state information, the DQN
agent observes relay congestion, selects optimal routes, and
ION-DTN executes bundle forwarding accordingly.

III. CONGESTION-AWARE ROUTING AS MARKOV
DECISION PROCESS

We formulate the congestion-aware DTN routing problem
as a Markov decision process (MDP) to enable reinforcement

learning-based solutions. The MDP framework captures the
sequential decision-making nature of routing under buffer
constraints, where each forwarding decision affects future
network congestion states. The MDP is defined by the tuple
(S,A,R,P, γ), where S is the state space encoding current
buffer conditions at relay nodes, A is the action space repre-
senting available routing decisions, R : S × A → R is the
reward function penalizing congestion and encouraging load
balancing, P : S ×A×S → [0, 1] is the state transition prob-
ability function determined by bundle transmission dynamics
and network conditions, and γ ∈ [0, 1] is the discount factor
balancing immediate and future rewards.

A. State Space
The state space S ⊂ R24 captures current buffer conditions

at six relay satellites (Nodes 2-7), enabling the routing agent
to assess congestion levels across multiple paths. Each state
st ∈ S at time step t is represented as a 24-dimensional vector
given by

st = [ui, qi,∆qi, bi]
7
i=2, (1)

where ui, qi, ∆qi, bi represent buffer utilization, queue
length, congestion trend, and used capacity respectively. This
multi-relay state representation enables the agent to perform
comparative congestion assessment across all available paths,
routing bundles to the least congested relay or replicating when
multiple paths exhibit favorable conditions.

B. Action Space
The action space A = {a1, a2, a3, a4, a5, a6} consists of

six discrete routing decisions available to the agent at each
time step where aj denotes the route bundle via Node (j+1)
for j ∈ {1, 2, 3, 4, 5, 6} (single-path forwarding). Each action
routes the bundle to one of the six relay nodes (Nodes 2-
7), minimizing network overhead by transmitting each bundle
once. The agent must select the optimal relay based on current
buffer conditions to avoid congestion while maintaining high
throughput. The agent selects actions using an ε-greedy policy
during training to balance exploration and exploitation. The
routing policy can be written by

π(st) =

{
random action from A with probability ε

argmaxa∈A Q(st, a; θ) with probability 1− ε,
(2)

where Q(st, a; θ) is the action-value function approximated
by the DQN with parameters θ. The exploration rate ε decays
exponentially from 1.0 to 0.01 with decay rate 0.995, gradually
shifting from exploration to exploitation as the agent learns
effective routing policies.

C. Reward Function
The reward function R(st, at) guides the agent toward

congestion-aware load balancing while penalizing inefficient
resource usage. The reward at time step t is computed based
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Fig. 3. Deep Q-Network architecture for congestion-aware routing.

on buffer utilization, queue length, and load variance across
all relay nodes, which can be given by

R(st, at) = rbase(ui) + rqueue(qi) + rbalance(Var({uj}7j=2)),
(3)

where i is the relay node selected by action at. The base
reward rbase(ui) encourages routing to underutilized nodes and
penalizes routing to congested nodes expressed as

rbase(ui) =




+0.5 if ui ≤ 0.5 (underutilized)
0.0 if 0.5 < ui ≤ 0.7 (moderate)
−0.5 if 0.7 < ui ≤ 0.85 (high)
−1.0 if 0.85 < ui ≤ 0.95 (critical)
−2.0 if ui > 0.95 (severe congestion).

(4)

The queue length penalty rqueue(qi) provides additional con-
gestion signal expressed as

rqueue(qi) =

�
−0.3 if qi > 10 (high queue backlog)
0.0 otherwise.

(5)

The load balancing component rbalance encourages even distri-
bution across all relay nodes given by

rbalance(Var({uj}7j=2)) =

�
+0.2 if Var({uj}7j=2) < 0.01

0.0 otherwise,
(6)

where Var({uj}7j=2) is the variance of buffer utilization across
all six relay nodes, rewarding the agent when load is evenly
distributed.

D. Optimization Objective
The agent’s goal is to learn a policy π∗ that maximizes the

expected cumulative discounted reward:

π∗ = argmax
π

Eπ

� ∞�
t=0

γtR(st, at)

�
, (7)

where γ = 0.99 is the discount factor that balances immediate
and future rewards. The optimal policy is learned by ap-
proximating the optimal action-value function Q∗(s, a) using
the DQN, which is trained to satisfy the Bellman optimality
equation:

Q∗(st, at) = Est+1

�
R(st, at) + γmax

a′
Q∗(st+1, a

′)
�

. (8)

The DQN parameters θ are updated by minimizing the tem-
poral difference error:

L(θ) = E(s,a,r,s′)∼D
�
(r+γmax

a′
Q(s′, a′; θ−)−Q(s, a; θ))2

�
,

(9)
where D is the experience replay buffer and θ− is the target
network parameter updated periodically to stabilize training.
This formulation enables the agent to learn congestion-aware
routing policies that adapt dynamically to network conditions
without requiring pre-configured contact schedules or com-
plete network state information.

IV. EXPERIMENTAL EVALUATION

TABLE I
NETWORK SIMULATION PARAMETERS

Parameter Value
Number of nodes 8
Bundle size 8 KB
SDR heap capacity 1 MB (production/consumption)
Convergence layer UDP (port 4556)
Earth → Relay bandwidth 50 Kbps
Relay ↔ Relay bandwidth 50 Kbps
Relay → Mars bandwidth 1 Kbps (each)
Contact start time +10 seconds
Contact duration 3600 s (intermittent windows)
Propagation delay (OWLT) 1 s, 4 s
Packet loss (Earth-relay) 1%
Packet loss (relay-relay) 0.1%
Packet loss (relay-Mars) 2%
Bundle generation rate Variable (20-1500 bundles)
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TABLE II
DQN HYPERPARAMETERS

Parameter Value
Network architecture 24-128-128-64-6
Activation function ReLU
Optimizer Adam
Learning rate 0.001
Discount factor (γ) 0.99
Replay buffer size 10,000
Batch size 32
LR Scheduler StepLR(step size = 20, gamma = 0.5)
Normalization BatchNorm1d
Weight initialization He normal
Weight decay 0.0001 (L2 regularization)
Target network update Every 10 episodes
Initial epsilon (ε) 1.0
Final epsilon 0.01
Epsilon decay rate 0.995
Gradient clipping Max norm 10.0
Training episodes 100
Steps per episode 100
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Fig. 4. DQN training convergence over 100 episodes.
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Fig. 6. Throughput comparison across varying workloads.

All experiments are conducted using docker containerization
to ensure reproducibility and isolation. Each DTN node runs as

an independent docker container with a complete ION-DTN
4.1.3 instance, enabling multi-node testing without physical
hardware requirements. The containers communicate over a
virtual network (172.20.0.0/24) using user datagram protocol
(UDP) convergence layer for bundle protocol v7 transmission.
Tables I and II summarize the network simulation parameters
and DQN hyperparameters respectively for the 8-node Earth-
Mars relay topology.

A. Performance Metrics
We evaluate routing performance using three primary met-

rics. The throughput τ measures average transmission rate
which is given by

τ =
Nbundles

De2e
(bundles/second), (10)

where Nbundles is total bundles transmitted. De2e is the end-to-
end delay and can be obtained by

De2e = Tend − Tstart (seconds), (11)

where Tstart is the time when the first bundle of the workload
is injected at the source, and Tend is the time when the last
bundle of that workload is delivered to the destination. The
buffer utilization ui at relay node i quantifies congestion state
which is written as

ui =
Cused,i

Ctotal,i
(%), (12)

where Cused,i is the occupied buffer capacity, and Ctotal,i is the
total buffer capacity at node i.

B. Comparative Results
We compare BSB-aware DQN against CGR, multi-path

replication, and BSB-Greedy (selects relay with lowest buffer
utilization without learning). To evaluate the effect of propaga-
tion delay on BSB-aware routing, BSB-DQN and BSB-Greedy
are additionally tested under 4 seconds (s) OWLT.

Fig. 4 shows the training convergence behavior over 100
episodes. The initial negative rewards (−56.8) result from
random exploration routing bundles to already-saturated re-
lays, triggering severe congestion penalties. The smoothed
reward curve reveals a clear upward trend, with the agent
achieving consistently positive rewards after approximately 30
episodes, indicating that the learned policy successfully avoids
congested relays and distributes load across available paths.

Fig. 5 presents buffer utilization across relay nodes. BSB-
aware DQN under 1 s OWLT maintains the lowest utilization
across all relays, demonstrating effective congestion-aware
load distribution. BSB-DQN under 4 s OWLT achieves simi-
larly low utilization on most relays with slight elevation on
individual nodes attributable to routing decisions based on
stale buffer state under higher propagation delay. CGR, multi-
path, and BSB-Greedy consistently saturate relay buffers (90–
100%) because CGR and multi-path lack per-bundle buffer
visibility, while BSB-Greedy lacks a learned policy to exploit
buffer information beyond instantaneous greedy selection.
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Fig. 6 shows throughput against workload size. BSB-Greedy
achieves the highest peak throughput due to minimal compu-
tational overhead, requiring no model inference per routing
decision. However, it exhibits notable oscillation caused by
bursty relay switching when multiple relays report similar
utilization. BSB-DQN exhibits lower throughput at small
workloads due to per-bundle model inference and route com-
putation overhead, but converges to comparable steady-state
throughput with significantly lower variance as the overhead
amortizes over sustained traffic. CGR approaches BSB-DQN
at high workloads while multi-path replication yields the
lowest throughput at all load levels, as duplicating each bundle
effectively halves useful link capacity.

Fig. 7 plots end-to-end delay against workload size. Under
1 s OWLT, BSB-DQN achieves the lowest delay, slightly
below CGR, while BSB-Greedy sits above CGR and multi-
path incurs the highest delay due to redundancy overhead.
Beyond 700 bundles, the 4 s OWLT variants diverge upward
from the 1 s baselines, demonstrating the direct impact of
propagation delay on bundle transmission time. BSB-Greedy
under 4 s OWLT incurs the highest overall delay, as its
reactive policy cannot anticipate congestion when buffer state
information is 4 s stale. BSB-DQN under 4 s OWLT outper-
forms BSB-Greedy despite identical propagation conditions
and identical buffer state information, demonstrating that the
learned policy extracts more value from BSB data than reactive
greedy selection.

V. CONCLUSION AND FUTURE DIRECTIONS

This paper presented the BSB, a bundle protocol v7 exten-
sion that enables per-bundle buffer state reporting in DTNs.
We developed a BSB-aware DQN routing agent and compared
it against CGR, multi-path replication, and a BSB-Greedy
baseline in an 8-node Earth-Mars constellation with per-
link packet loss and intermittent contacts. BSB-aware DQN
achieves the lowest buffer utilization across relay nodes and
maintains stable throughput (up to 0.47 bundles/s), while
BSB-Greedy attains marginally higher peak throughput at
the cost of higher delay and buffer utilization. Under 4 s
OWLT, BSB-DQN outperforms BSB-Greedy despite identical
propagation conditions and identical buffer state information,
demonstrating that the learned policy extracts more value from
BSB data than reactive greedy selection. Future work will

extend evaluation to larger topologies with orbital mechan-
ics, integrate BSB with the Licklider transmission protocol
(LTP) for reliable delivery, and investigate multi-hop BSB
propagation in larger constellations with heterogeneous link
characteristics.
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