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Abstract—Geographic greedy routing provides the scalability
required for future L-band Digital Aeronautical Communications
System (LDACS) Air-to-Air (A2A) networks. Yet, its topology
blindness becomes a critical limitation in sparse airspaces. This
blindness induces a path-dependent process, recently character-
ized as the “memory effect,” where suboptimal local choices steer
packets toward dead ends multiple hops away. These failures are
not arbitrary: they follow learnable patterns embedded in the
local network structure. We propose a decentralized, density-
adaptive routing scheme that replaces standard geographic
progress toward the destination with learned neighbor ranking.
The model is trained using the Topological Advance (TA) metric
as a ground-truth label to indicate whether a chosen next-hop
reduces the shortest-path hop distance to the destination. By pre-
dicting TA from three-hop local features, nodes improve routing
reliability. Evaluations in realistic French airspace scenarios show
a success ratio exceeding 0.93 over topologically connected nodes
in sparse networks, a 33% improvement over traditional greedy
routing, while maintaining a near-optimal hop stretch of 1.03.

Index Terms—LDACS, Air-to-Air communication, geographic
greedy routing, betweenness centrality, machine learning.

I. INTRODUCTION

Modernizing air traffic management to handle projected
density growth requires L-band Digital Aeronautical Com-
munications System (LDACS), which is currently standard-
ized to replace legacy analog systems with Air-to-Ground
(A2G) and Air-to-Air (A2A) links [1–3]. For A2A multi-hop
communication, geographic greedy routing (Greedy-1), which
forwards to the direct neighbor closest to the destination,
is attractive for its scalability [4, 5]. Yet, it fails in sparse
airspaces (fewer than ten neighbors) even when topological
paths exist [5]. While traditionally attributed to a local mini-
mum, where no reachable neighbor is closer to the destination,
this failure is now understood as a path dependency termed
the “memory effect” [6]. As shown in Figure 1, a sequence
of locally greedy choices can constrain future options, making
the eventual local minimum a late symptom of a suboptimal
trajectory. Increasing the neighborhood radius (Greedy-k) does
not resolve this, as the protocol remains blind to underlying
topological constraints [6]. However, the structural nature
of this path dependency implies that local routing decisions
follow predictable patterns that can be learned.

Key challenges remain when applying machine learning
to the routing problem in sparse scenarios. Prior methods
often target dense scenarios to optimize delay [7–9] or assume
impractical global topology state [10, 11]. Others attempt trap
escape reactively after a packet is already stuck [12], a stage
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Fig. 1: Memory effect.

where recovery is difficult in sparse networks. A proactive,
topology-aware policy for sparse scenarios is currently miss-
ing. We bridge this gap with a decentralized, density-adaptive
neighbor ranker. Our approach utilizes three-hop local fea-
tures and is supervised by Topological Advance (TA) metric,
a measure of hop-distance progress toward the destination.
This enables forwarding decisions that proactively avoid path-
dependent traps. Our main contributions are:

• Application of the TA metric as a ground-truth label for
neighbor ranking based on shortest-path progress.

• A density-adaptive neighbor-ranking policy for proactive
next-hop selection without global topology state.

• A performance evaluation in realistic French airspace sce-
narios representing different LDACS deployment stages.

II. RANKING-BASED FRAMEWORK

The proposed scheme transforms local three-hop topology
into a ranking task to select neighbors offering the maximum
predicted TA toward the destination. If a topological path
exists, at least one immediate neighbor lies on a shortest path
toward the destination and thus yields TA. To avoid path-
dependent traps, each node constructs a local representation
using its three-hop neighborhood. Input features include ge-
ometric metrics (e.g., distance and angle to the destination)
calculated by each node for its neighbors and structural metrics
(e.g., degree and Betweenness Centrality (BC)) calculated
by nodes and shared with their neighbors. These structural
indicators identify “bridge nodes” that, while geographically
distant, are topologically critical for routing. We assume full
three-hop neighborhood visibility for BC calculations, which
could be obtained and maintained via periodic beacons. Prior
research shows this is feasible within LDACS beacon size
constraints [13].

Given that routing dynamics differ significantly across net-
work densities, the routing scheme employs a two-phase archi-
tecture. First, a lightweight classifier evaluates local structural
features to determine the current density condition, using a
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Fig. 2: Average success ratio with varying equipage fraction.

threshold of ten neighbors to distinguish between sparse and
dense environments. Based on this classification, the system
selects a specialized ranking model optimized for that density
condition. Next-hop selection is formulated as a ranking
problem rather than simple classification, treating the decision
as a preference task. This allows the model to generalize
across varying topologies by ordering neighbors based on their
predicted topological advance score. During training, the two
rankers are supervised using binary topological advance labels
derived from global shortest-path information, where a label of
1 is assigned to neighbors that decrease the shortest-path hop
distance to the destination and 0 otherwise. At runtime, the
node feeds its current three-hop features into the active ranker
to score all candidates. The neighbor with the highest score is
selected as the next-hop, promoting hop-by-hop topological
progress and bridging the gap between decentralized local
heuristics and global shortest-path routing.

III. RESULTS AND DISCUSSION

The proposed routing scheme, denoted as GeoML, em-
ploys Light Gradient Boosting Machine (LightGBM) [14]
for density classification and neighbor ranking. Evaluation
is performed on 2000 French airspace test snapshots not
used in training (trained on 150 snapshots). Monte Carlo
simulations feature 500 aircraft communicating with a ground
station. GeoML is benchmarked against Greedy-1 and Greedy
Perimeter Stateless Routing (GPSR) (Greedy-1 with perimeter
recovery). The equipage fraction (ρ) represents the percentage
of aircraft with LDACS capability, where ρ = 0.4 corresponds
to initial sparse deployment and ρ = 0.8 to network maturity.
The density classifier labels scenarios with ρ ≥ 0.5 (average
degree ≥ 10) as dense. Performance metrics, reported at
95% confidence intervals, are: the success ratio (for a given
protocol, the fraction of topologically connected sources that
reach the destination) and the hop stretch factor (the ratio of
the protocol’s path length to the global shortest-path length).

At ρ = 0.4, Greedy-1 and GPSR success ratios drop to
approximately 70% and 77%, respectively (Figure 2). This
degradation highlights the fundamental limitation of distance-
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Fig. 3: Average hop stretch with varying equipage fraction.

based heuristics in sparse A2A topologies, consistent with
the path dependency discussed in Section I. The ρ = 0.4
scenarios are particularly challenging: the network remains
connected, yet topological traps are frequent. In contrast,
GeoML maintains a success ratio above 93%. Unlike reactive
methods like GPSR, GeoML utilizes local three-hop neigh-
borhood structure to identify and avoid routing traps before
reaching local minima. The hop stretch factor results show
that while GPSR provides a 0.07 absolute increase in success
ratio over Greedy-1, it inflates hop stretch factor to around
1.06 due to perimeter detours (Figure 3). GeoML maintains
high reliability with a stretch of only 1.03. The lower stretch
observed for Greedy-1 in sparse scenarios reflects survivorship
bias, as it often fails on complex paths. As the network matures
(ρ > 0.8), success ratios converge. Furthermore, GeoML
slightly outperforms legacy baselines in the hop stretch factor,
demonstrating effective adaptation across density scenarios.

IV. CONCLUSION

In sparse A2A topologies, geographic greedy routing fails
due to path-dependent memory effects. The frequently encoun-
tered local minima (voids) are often late symptoms of earlier
suboptimal decisions rather than isolated local accidents. We
introduced a density-adaptive neighbor ranking policy that
replaces greedy geographic progress heuristics with topology-
aware selection using only local three-hop information. By
training with the TA metric as ground truth, nodes learn
to proactively avoid routing traps from local observations
without global topology knowledge. Evaluated on realistic
French airspace snapshots, our GeoML achieves a success
ratio exceeding 93% over connected sources with a hop stretch
factor of only 1.03. These results outperform both Greedy-1
and GPSR without incurring reactive detours. Grounded in
the path-dependency analysis in [6], these findings suggest
a practical route toward reliable LDACS A2A networking,
particularly in critical early deployment phases where sparse
connectivity challenges reliability. Future work will extend
the evaluation to additional airspaces to further assess model
generalization under different mobility patterns.
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