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Abstract

Marine monitoring faces unprecedented chal-
lenges as climate change and human activities
reshape ocean ecosystems. Traditional track-
ing methods struggle with the scale and
complexity of modern marine sensing needs.
This paper proposes distributed networks
of low-cost drifting sensors and presents a
comparative study of heterogeneous graph
neural networks (GNNs) versus Kalman filters
for predicting marine entity trajectories in
such distributed networks with intermittent
observations. Using the Aquascan simulation
framework, we model drifting sensors detect-
ing marine entities across 480 km2 of ocean
surface with realistic movement patterns and
sparse coverage. Experiments across multiple
prediction horizons show GNNs significantly
outperform Kalman filters: GNNs maintain
>95% AUC (Area Under the Curve) across
all horizons while Kalman filters degrade
from 97% to 69% AUC. The performance gap
widens under challenging conditions—at 5km
sensor spacing, GNNs achieve 92.8% AUC ver-
sus 66.9% for Kalman filters. GNNs’ superior
performance stems from leveraging network
topology and reasoning about non-detections
to infer entity presence in coverage gaps.
These results demonstrate that graph-based
approaches offer substantial advantages for
distributed marine monitoring.

Keywords: Graph Neural Networks, Tra-
jectory Prediction, Marine Monitoring,
Heterogeneous Graphs

1 Introduction

Marine environments face increasing pressures
from human activities, with 38.1% of the global
population (2.86 billion people) living within
100 km of coastlines [1]. Marine economic ac-
tivities are projected to double to $3 trillion
by 2030 [2], potentially impacting ecosystem
stability through industrial expansion in off-
shore zones. A significant contributor to this
transformation is the growth in offshore renew-
able energy, particularly wind power. Offshore
wind capacity is projected to increase 15-fold
by 2040 [3]. In Europe, implementation plans
target 111 GW by 2030 [4], representing sub-
stantial changes to marine spatial use patterns.

These industrial developments intersect with
shipping routes, commercial fishing, and
coastal tourism, creating competing demands
for maritime space [5]. Traditional coastal
communities must adapt as fishing areas over-
lap with renewable energy installations [6].
Current monitoring infrastructure [7, 8] pro-
vides limited coverage for tracking cumulative
ecosystem impacts and marine spatial plan-
ning. This observation gap manifests across
multiple domains: wildlife migration patterns
remain poorly understood, vessel movements
in protected areas go undetected, and criti-
cal infrastructure like offshore wind turbines
and oil platforms lack continuous monitoring
for preventive maintenance. Additionally, an
estimated 20% of global fish catches are
unreported [9,10]1, exemplifying the broader
challenge of inadequate marine sensing capa-

1The exact extent of unreported fishing remains un-
certain. A comprehensive 2016 study suggested that
unreported catches could be as high as 30% when in-
cluding artisanal, subsistence, and discarded catches
[11].

1



bilities.
Traditional approaches to marine trajectory

prediction rely heavily on Kalman filters and
their variants (e.g., EKF, UKF), used in ma-
rine navigation to track vessels, underwater ve-
hicles, and buoys. While Kalman filters per-
form well with cooperative targets like ships
broadcasting AIS data [12–14], they struggle
with non-instrumented targets—particularly
marine wildlife, which constitutes the primary
focus of ecological monitoring efforts. Even
dual Kalman configurations fail beyond short-
term predictions [15], unable to capture school-
ing behavior, predator-prey interactions, or re-
sponses to environmental stimuli. This limi-
tation stems from Kalman filters’ fundamental
design for tracking individual entities with pre-
defined motion models, whereas marine animal
movements emerge from complex multi-agent
interactions that violate the filters’ indepen-
dence assumptions.

This raises our central research ques-
tion: Can heterogeneous Graph Neural Net-
works (GNNs) outperform traditional Kalman
filters for trajectory prediction in distributed
marine sensing networks with intermittent ob-
servations? Specifically, we investigate:

1. How do GNNs and Kalman filters com-
pare in accuracy across different predic-
tion horizons?

2. To what extent can GNNs leverage net-
work topology and multi-hop information
propagation to maintain prediction accu-
racy when direct observations are sparse?

This study addresses these questions by eval-
uating whether heterogeneous Graph Neural
Networks (GNNs) can predict multi-entity ma-
rine motion more accurately than Kalman fil-
ters in non-cooperative sensing scenarios char-
acterized by partial observability and sen-
sor drift. Using the Aquascan simulation
framework, we modeled multi-entity behavior
with distributed sensing and trained a Graph-
SAGE model for link prediction on spatiotem-
poral graphs. The research applies GNNs
to non-instrumented targets—primarily ma-
rine wildlife but applicable to any untagged
marine entity—by leveraging relational pat-
terns across sensors to infer future positions,

even when direct observations are sparse or de-
layed.

Our work makes three key contributions:

• Empirical comparison: We present the
first head-to-head evaluation of Graph
Neural Networks and Kalman filters for
non-cooperative marine tracking.

• Simulation framework: We introduce
the Aquascan framework for modeling
complex, multi-entity marine behavior
with distributed sensing, enabling repro-
ducible benchmarking of learning-based
prediction methods.

• Passive multi-target tracking: We
explore the feasibility of tracking non-
instrumented targets via passive sens-
ing—from marine wildlife and unautho-
rized vessels to drifting objects near
offshore infrastructure—contrasting this
with traditional approaches that rely on
active transponders or tagging.

The remainder of this paper is organized
as follows: Section 2 presents the Aquascan
system architecture and simulation framework.
Section 3 details our methodology, including
the GNN architecture and baseline implemen-
tations. Section 4 describes the experimen-
tal setup and evaluation protocols. Section 5
presents results comparing GNN and Kalman
filter performance. Section 6 positions our
work within the broader literature. Section 7
discusses implications and limitations. Section
8 concludes with future research directions.

2 System Architecture and

Implementation

2.1 Architecture

The Aquascan framework implements a hier-
archical marine sensing network composed of
three distinct node types. At the edge of
this network, ε-nodes function as mobile sen-
sors deployed as drifting or anchored buoys,
capable of detecting marine entities in their
proximity using multi-modal sensing technolo-
gies (e.g., hydrophones and low-power sonar).
These lightweight, low-power devices form the
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sensory field of the network, continuously cap-
turing local environmental signals and marine
activity through passive observation.

Acting as the communication backbone,
σ-nodes are larger fixed buoys positioned
to serve as data aggregation hubs. These
nodes relay information from clusters of ε-
nodes, bridging the gap between edge sen-
sors and centralized data-processing infrastruc-
ture. Finally, Ω-nodes represent datacen-
ters—typically onshore, but potentially off-
shore [16]—that aggregate the collected data
and execute our predictive models, transform-
ing raw detection events into actionable intel-
ligence about marine ecosystem dynamics.

Power efficiency serves as the primary driver
for this hierarchical architecture. Marine de-
ployments face unique energy constraints: so-
lar panels must withstand storms, batter-
ies degrade in saltwater environments, and
maintenance visits are costly and weather-
dependent. These constraints shaped every ar-
chitectural decision. The lightweight ε-nodes
minimize power consumption through passive
sensing and short-range communication, while
σ-nodes concentrate power-hungry long-range
transmission capabilities. This separation al-
lows us to deploy many more low-cost ε-nodes
with minimal power requirements, achieving
wider coverage and finer spatial resolution than
would be possible with fewer, more expensive
fully-equipped buoys, while investing in robust
power systems only for the critical σ-node in-
frastructure. The sparse communication topol-
ogy (detailed in Section 2.6) further reduces
transmission power by limiting each node to
essential connections.

Figure 1 shows the heterogeneous graph
structure used in our framework. This struc-
ture enables rich relational modeling: the
current implementation uses communication
and historical detection edges as input fea-
tures, while the model learns to predict future
will detect edges.

2.2 Core Protocols

To structure and simulate distributed ma-
rine sensing at scale, the Aquascan architec-
ture defines three core protocol abstractions.
These protocols are designed to be hardware
and situation-agnostic while capturing essen-
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Figure 1: Simplified heterogeneous graph
structure used in Aquascan, illustrating node
types (σ: hubs, ε: sensors, θ: entities) and edge
types. The will detect edges represent future
detection predictions that the model learns to
predict but are not included as input during
training. The hunts edge represents a potential
future extension for modeling predator-prey re-
lationships.

tial properties required for effective model-
ing. Each protocol addresses a distinct func-
tional layer: sensing, communication, and per-
sistence.

The Spatiotemporal Contact Volume
(SCV) serves as our unified data abstrac-
tion, transforming multi-modal sensor detec-
tions into standardized records. Each SCV en-
capsulates key information about a detection
event, including the detecting sensor’s identi-
fier, timestamp, detected entity classification,
position coordinates, estimated biomass vol-
ume, and species identification2 when avail-
able. This abstraction allows heterogeneous
sensor types to contribute to a coherent data
stream, as illustrated by the following example:

{

"epsilon_id": "e-0231",

"timestamp": 123456789,

"theta_id": "089",

"position": {"x": 14432.7, "y": 8312.4},

2This paper does not prescribe specific sensor
combinations or outline individual sensor functional-
ity—hence the SCV abstraction. However, to contextu-
alize these capabilities, one could imagine species iden-
tification at the edge involving multiple complemen-
tary sensors: sonar for acoustic signatures, optical cam-
eras for visual features, and hydrophones for vocaliza-
tions, each potentially running lightweight ML models
(e.g., YOLOv5n for real-time object detection on image
streams) to extract relevant features before data fusion.
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Figure 2: Core protocol abstractions showing
the data flow from sensing to prediction. The
SCV provides a unified data format, RPR en-
ables efficient communication across the net-
work, and DOB manages distributed storage
with temporal indexing. Example: A sonar-
equipped ε-node detects a fish school, creates
an SCV with position and count data, the RPR
protocol transmits it through σ-nodes to neigh-
boring sensors, and the DOB stores the ob-
servation for subsequent GNN-based trajectory
prediction.

"estimated_volume": 17.3,

"confidence": 0.9,

"entity_type": "Dicentrarchus labrax"

}

Complementing SCV, the Reliable Prox-
imity Relay (RPR) models communication
within the distributed sensor network. RPR
formalizes hop-based message passing subject
to spatial and temporal constraints. Each ε-
node maintains communication links to peers
within a defined transmission radius rmax, and
may extend communication up to an emer-
gency range remerg under exceptional condi-
tions. For instance, during severe weather
events, ocean currents can displace buoy-
mounted sensors beyond their normal oper-
ational spacing. When a node detects it is
losing contact with its neighbors (link quality
degrading below threshold τlink), it automat-
ically increases transmission power to reach
remerg, ensuring critical observations—such as
extreme wave heights or rapid temperature
changes—are not lost during the storm when
data is most valuable. Additionally, RPR in-
corporates a positional uncertainty parameter
δpos, representing the maximum positional er-
ror bound for node localization relative to true
coordinates. These parameters are left ab-
stract at the protocol level to support a range
of deployment contexts and hardware capabil-
ities; in this study, we instantiate rmax = 5km,
remerg = 10 km, and δpos = 0 (perfect position-
ing) to reflect realistic bounds for low-power
long-range protocols such as LoRa3 while sim-
plifying the spatial analysis. To accommo-
date intermittent connectivity, RPR guaran-
tees partial synchrony.

Finally, the Distributed Observation
Buffer (DOB) provides persistent, time-
ordered logging at each node. DOBs serve
both as temporary caches and as local sources
of historical context for inference. While our
implementation uses a simple FIFO (First-In,
First-Out) order4 buffer with size constraints,
the DOB is compatible with more advanced
mechanisms—such as the use of Conflict-Free
Replicated Data Types (CRDTs) [17] —to en-

3low-power, wide-area (LPWA) networking protocol
designed to wirelessly connect battery operated devices

4Items are processed or dispatched in the same order
they were received.
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able progressive, mergeable aggregation of ob-
servations across the network. However, for
now, the goal with DOB is not to prescribe a
particular strategy, but to provide a minimal
abstraction that supports system-level persis-
tence.

2.3 Implementation

To compare GNN and Kalman filter perfor-
mance, we implemented a representative sub-
set of the full architecture that captures the
essential dynamics while maintaining computa-
tional feasibility. Our simulation encompasses
ε-nodes arranged in a hexagonal grid pattern
covering approximately 30 km×16 km of ocean
surface. Within this region, we simulate 15–20
θ-nodes representing various marine entities5,
each following species-specific motion models
incorporating non-linear movement patterns.

Entity detection occurs when a marine entity
enters a sensor’s configured sensing radius—set
to 200m at SCV instantiation time. This leads
to sparse, intermittent observations with sig-
nificant coverage gaps, as shown in Figure 3.
Communication links are not determined by
distance thresholds alone but follow a struc-
tured network topology, detailed in the next
section.

To focus our investigation on the core re-
search question—comparing predictive model
performance on heterogeneous spatiotemporal
graphs—we introduce several simplifications.
The σ and Ω layers are abstracted away, as-
suming direct access to sensor data for analy-
sis. The RPR protocol is reduced to binary
connectivity decisions based solely on pair-
wise distance, omitting multi-hop routing and
communication delays. We require reliable
data persistence and transmission6, abstract-

5This range was chosen primarily for visual debug-
ging clarity. While real marine environments would
contain significantly more entities (50-100+ in similar
areas), the 30:1 sensor-to-target ratio allows clear visu-
alization of individual trajectories and detection events
in our simulation interface. The reduced entity count
does not affect the validity of our comparative analy-
sis, as both approaches face identical sparse observation
challenges.

6Implementation must guarantee reliable data de-
livery and persistence—the question is not whether to
provide these guarantees but how to implement them
efficiently. Options range from consensus protocols and
CRDTs.

A

B C

θ

detected

inferred path

gap

no detection no detection

Figure 3: With &−nodes deployed at 1km res-
olution and 200 m detection radius, significant
blind spots exist between coverage areas. The
GNN must leverage the absence of detections
at sensors B and C, combined with sensor A’s
observation, to infer that entity θ likely tra-
versed the gap between the sensors’ coverage
zones.

ing away the DOB layer’s specific reliability
mechanisms.

We also require perfect positional knowledge
for all nodes via GPS, as specified by set-
ting the RPR positional uncertainty parame-
ter δpos = 0. While this requirement may be
challenging for low-power devices, we postu-
late that it is feasible to achieve accurate posi-
tioning (small δpos) through a combination of
synchronized clocks, triangulation, and limited
GPS access at σ-nodes. However, such imple-
mentation considerations lie beyond the scope
of this study.

These abstractions allow us to isolate the ef-
fect of model choice—GNN versus Kalman fil-
ter.

2.4 Graph Construction

Each node type—ε and θ—is associated with a
4-dimensional feature vector representing posi-
tion (x, y) and velocity (∆x,∆y). These fea-
tures are computed as averages over a context
window - 60-ticks7 in the case of the experi-
ments we ran.

The edge structure includes: Communica-
tion edges (communicates: ε → ε) which

7each tick represents 10.7s of realtime
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represent sensor connectivity. Sensors connect
based on a Delaunay-Voronoi mesh topology
(which we describe in subsection 2.6) form-
ing the backbone of the network’s information
flow. Detection edges (detects: ε → θ) rep-
resent past observations, linking sensors to en-
tities detected within the SCV configured sens-
ing radius (set at 200m in our experiments).
Prediction target edges (will detect: ε →
θ) encode future detections that the model
is trained to predict—present in the ground
truth but excluded from the input graph dur-
ing training.

To capture temporal dynamics, we construct
one graph per prediction window, generating
targets at three distinct horizons: 30 ticks
(short-term), 100 ticks (medium-term), and
150 ticks (long-term). This setup allows us
to evaluate how model performance degrades
with increasing prediction difficulty.

2.5 Motion Models

Marine entity movements in our simulation fol-
low species-specific motion patterns designed
to produce complex, deterministic trajectories
governed by hidden rules. While not biolog-
ically realistic, these patterns ensure move-
ments have underlying structure that models
can potentially learn, rather than being purely
random or following a known formula. This al-
lows us to evaluate model performance across a
range of different kinds of movement to reduce
bias from overfitting to a single trajectory class
when comparing models.

For fish, including European seabass (Di-
centrarchus labrax ) and Atlantic horse mack-
erel (Trachurus trachurus), we model move-
ment as a combination of passive drift and ac-
tive swimming:

∆x = vcurr + ! (1)

where vcurr represents the local ocean current
velocity and ! ∼ N (0, η2fishI) captures ran-
dom swimming behavior, with ηfish = 0.05
km. This formulation produces the character-
istic random-walk patterns observed in school-
ing fish, with schools generally following cur-
rent flows while exhibiting small-scale devia-
tions driven by feeding or social behaviors.

Cetaceans, such as bottlenose dolphins
(Tursiops truncatus), follow more structured

trajectories that reflect their higher cognitive
abilities and purposeful movement patterns:

x(t) = x0 + vtn̂+A sin(ωt)n̂⊥ (2)

Here, dolphins maintain a consistent swimming
speed v = 0.15 km/tick along a primary direc-
tion n̂, while executing sinusoidal deviations
with amplitude A = 0.5 km perpendicular to
their travel direction (n̂⊥).

Ocean currents are simulated using Per-
lin noise fields [18]. This approach creates
spatially correlated flow patterns that evolve
smoothly over time, mimicking the large-scale
circulation patterns and smaller eddies found
in real marine environments. All mobile
nodes—both sensors and entities—experience
these currents, leading to correlated drift pat-
terns that challenge simplistic tracking as-
sumptions.

2.6 Network Topology

The communicates (ε → ε) relationship is
established with a Delaunay-Voronoi hybrid
mesh [19]. We chose this design to maximize
ε-node power efficiency.

At deployment, we initialize the network us-
ing Delaunay triangulation [20], as shown
in Figure 4a. This construction connects sen-
sors into triangles where no sensor lies within
any triangle’s circumcircle, yielding maximally
equiangular triangles that avoid long, thin con-
nections—critical for minimizing transmission
power requirements.

As sensors drift with ocean currents, we
leverage Voronoi diagrams to efficiently up-
date the network topology. Figure 4b illus-
trates how Voronoi cells partition the ocean
surface into convex regions, each containing all
points closest to a single sensor [21]. We ex-
ploit the duality between these structures: sen-
sors are Voronoi neighbors if and only if they
share a Delaunay edge. This duality enables lo-
calized topology updates every 2 hours—when
a sensor detects drift beyond a threshold, it
only needs to recalculate connections with its
Voronoi neighbors rather than the entire net-
work.

Edge formation follows three constraints:

• Energy: At most 5 neighbors per ε
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(a) Delaunay triangulation at de-
ployment

(b) Voronoi partitioning for dy-
namic updates

Figure 4: Network topology representations for
the same set of 12 ε-nodes. (a) Initial triangu-
lation ensures no node lies within any triangle’s
circumcircle. (b) Voronoi cells define spatial
regions for neighbor discovery as nodes drift.

• Redundancy: At least 3 neighbors per ε

• Range: No edge longer than 10 km

2.7 Technology Stack

The Aquascan framework is implemented in
Python using NumPy for numerical compu-
tations and Bokeh for interactive visualiza-
tion. Simulation data is stored in HDF5 for-
mat with OmegaConf managing configura-
tion parameters.

The GraphSAGE model is built with Py-
Torch (v2.0+) and PyTorch Geometric,
featuring three convolution layers (64-dim hid-
den states, ReLU activation, batch normal-
ization) operating on heterogeneous graphs
with epsilon/theta nodes and communica-
tion/detection edges. Training uses binary
cross-entropy loss with Adam optimization
(lr=1e-3), while scikit-learn computes eval-
uation metrics.

3 Methodology

3.1 Problem Formulation

To address our research question comparing
GNNs and Kalman filters for marine trajectory
prediction, we formulate the problem as a link
prediction task on heterogeneous spatiotempo-
ral graphs. Given a graph Gt = (V,Et) at time
t with node set V = Vε∪Vθ representing sensors
and entities respectively, and edge set Et en-
coding current relationships, our objective is to
predict future detection edges Et+∆t for mul-
tiple prediction horizons ∆t ∈ {30, 100, 150}
ticks.

3.2 Heterogeneous GraphSAGE

We extend GraphSAGE to hetero-
geneous graphs with node types
V = Vε ∪ Vθ and edge types R =
{communicates, detects, rev detects}. Each

node carries 4D features h
(0)
v = [x, y,∆x,∆y]T

averaged over a 60-tick window.
The architecture employs type-specific input

projections followed by three heterogeneous
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convolution layers:

h(l+1)
v = σ

!
W

(l)
selfh

(l)
v

+
"

r∈R

"

u∈Nr(v)

W(l)
r ·MEAN(h(l)

u )

#

(3)

Each layer uses edge-type-specific SAGE-
Conv operators (hidden dim=64) with ReLU
activation and batch normalization. Link pre-
diction employs dot-product decoding:

pij = σ(h
(3)
i ⊙ h

(3)
j · 1) (4)

We address detection sparsity through pos-
itive class weighting w1 = |E−|/|E+| in the
BCE loss. Implementation details and hyper-
parameters are provided in Appendix A and
our repository8.

3.3 Kalman Filter Baseline

We implemented a classical tracking ap-
proach [22] using independent constant-
velocity Kalman filters [23] for each marine
entity as baseline. Each filter maintains a 4-
dimensional state vector x = [x, y, vx, vy]

T

encoding position and velocity, with dynam-
ics governed by the standard linear motion
model [24]. The process noise covariance Q
models random accelerations in the constant-
velocity model. We systematically tuned the
acceleration variance through grid search over
q ∈ {10−4, 10−3, 10−2, 10−1} km2/tick2, se-
lecting q = 10−2 based on validation set
performance. The measurement noise vari-
ance was set to r = 0.01 km2 to reflect
the localization uncertainty within the sen-
sor’s detection radius9. Each Kalman filter op-
erates independently, processing observations
from its tracked entity without awareness of
other entities or the sensor network topology.
This independence—while computationally ef-
ficient—prevents the Kalman approach from
leveraging the rich relational information.

8https://github.com/aquascan/aquascan-gnns
9Since variance has squared units, position variance

is expressed in km2. The value r = 0.01 km2 corre-
sponds to a standard deviation σ =

√
0.01 = 0.1 km

= 100 m, representing approximately half the 200 m
detection radius—a reasonable localization uncertainty
for entities detected within the sensor’s coverage area.

For prediction, the Kalman filters employ
pure motion model extrapolation, propagating
the state estimate forward using the constant
velocity assumption.

3.4 Training & Evaluation

We trained the GNN using binary cross-
entropy loss for the link prediction task, op-
timized with Adam at a learning rate of 0.001.
Training ran in mini-batches of 32 graph snap-
shots, each representing a full heterogeneous
graph for a given time window.

Early stopping with a patience of 10 epochs
monitored validation loss. Training ran for up
to 100 epochs, though convergence often oc-
curred earlier. Data was split temporally: 70%
for training, 15% for validation, and 15% for
testing—each over contiguous intervals to pre-
serve temporal structure.

The primary evaluation metric was AUC
(Area Under the ROC Curve). We also re-
ported precision and recall at selected thresh-
olds to quantify false positives and misses.

As a sanity check, we visually inspected
predicted trajectories to ensure both mod-
els produced physically plausible paths consis-
tent with the underlying motion models (e.g.,
smooth continuous movement, reasonable ve-
locities) rather than erratic or discontinuous
predictions that would indicate implementa-
tion errors. To assess robustness across time
horizons, we computed performance degrada-
tion as the relative AUC drop from short- to
long-horizon predictions.

4 Experimental Setup

4.1 Simulation Environment

Our experiments used the Aquascan simulation
framework to model a controlled marine sens-
ing scenario over a 30 km × 16 km oceanic
region. We deployed 570 ε-nodes in a hexag-
onal grid with approximately 1 km resolution.

To evaluate spatial resolution trade-offs, we
tested alternative configurations. The hexag-
onal layout gives each node six neighbors and
computes vertical spacing as:

vertical spacing =

√
3

2
× horizontal spacing
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Figure 5: Representation of θ-node movement within the Aquascan simulation framework.

Table 1: Dataset statistics across prediction horizons. Shorter horizons yield more training
samples due to sliding window constraints.

Horizon 30-tick 100-tick 150-tick
(5.3 min) (17.8 min) (26.7 min)

Total graphs 14,700 7,700 2,700
Training set 10,290 5,390 1,889
Validation set 2,205 1,155 405
Test set 2,205 1,155 406
Total predictions 13.8M 7.2M 2.5M
Dataset size 5.1 GB 2.7 GB 0.96 GB

Table 2: Detection grid resolution and ε-node
count across grid granularities.

Grid
Resolution

Horizontal
Spacing

Vertical
Spacing

Total
Sensors

5 km 5.0 km 4.33 km 24
1 km 1.0 km 0.87 km 570
0.5 km 0.5 km 0.43 km 2,220
0.1 km 0.1 km 0.09 km 55,500

The initial hexagonal layout improves coverage
efficiency, requiring 13.4% fewer nodes than a
rectangular grid.

Then, the marine ecosystem is populated
with 15-20 θ-nodes representing different bi-
ological entities. Each simulation spans 24-
hour periods executed at 128x speed, com-
pressing a full diurnal cycle into manage-
able computational timeframes while capturing
tidal variations and other time-dependent be-
haviors. Each time unit (each tick) represents
10.7 seconds of real-time, providing sufficient

temporal resolution to capture rapid maneu-
vers when θ-nodes are in detection range.

Figure 5 illustrates a snapshot of the interac-
tive simulation (Bokeh implementation in the
repository), emphasising the θ-node trajecto-
ries and the dynamic, rearranged mesh of ε-
nodes, now departed from its original hexago-
nal layout.

4.2 Experimental Parameters

Building on the system architecture described
in Section 2, we instantiate specific parameters
for our comparative evaluation. The simula-
tion generates approximately 1.2 million de-
tection events over 1,000 hours of marine
operations, partitioned temporally into disjoint
sets: 700h for training, 150h for validation, and
150h for testing.

Ocean currents in our simulation exhibit 6-
hour tidal periodicity, matching semi-diurnal
patterns common in coastal regions. Network
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topology updates are evaluated Treconfig = 2
hours intervals, triggered by accumulated sen-
sor drift exceeding positional thresholds.

For graph construction, we extract overlap-
ping temporal windows from the continuous
simulation:

Gi = GraphExtract(ti, ti +Wcontext) (5)

where Wcontext = 60 ticks defines the historical
context, and windows begin at:

ti = i · s, s =

$
10 ticks during training

30 ticks during evaluation

(6)
The multi-horizon evaluation defines predic-

tion targets at∆t ∈ {30, 100, 150} ticks beyond
each context window. Given our 128× simula-
tion speed where each tick represents 10.7 sec-
onds of real time, these horizons correspond to
approximately 5, 17, and 25-minute forecasts.
This design exposes how prediction methods
degrade with temporal distance: short hori-
zons primarily test motion model accuracy,
while longer horizons demand reasoning about
network-wide patterns—revealing fundamental
differences between local (Kalman) and rela-
tional (GNN) approaches.

4.3 Dataset Construction and Scale

We generated 100 independent 24-hour
simulations with different random seeds. To
handle the computational demands of process-
ing millions of spatio-temporal interactions, we
implemented a parallelized pipeline leverag-
ing multi-core CPUs and GPU acceleration,
requiring over 40 compute-hours when ac-
counting for all processes.

Our multi-horizon graph construction
pipeline transformed this raw simulation data
into three prediction datasets:

The decreasing sample counts reflect the
temporal constraints of our sliding window ap-
proach—each graph requires 60 ticks of histor-
ical context plus the full prediction horizon of
future data. To address the extreme class im-
balance inherent in detection (positive events
comprise only 0.065% of samples), we com-
puted class weights dynamically, ranging from
1,534:1 for short horizons to 364:1 for long hori-
zons.

Experiments utilized cloud infrastructure
with an NVIDIA T4 GPU (16GB VRAM)
and high-memory configuration (32GB system
memory). This computational setup enabled
efficient training of our GraphSAGE models,
with convergence typically achieved within 4
hours per configuration. Inference latency re-
mained below 50ms per prediction, compar-
ing favorably to existing marine monitoring
systems where ”real-time” acoustic detection
typically operates on timescales of seconds
to hours [25]. This millisecond-scale latency
demonstrates the feasibility of truly real-time
deployment in marine monitoring applications.

5 Results

Our experiments reveal fundamental differ-
ences in how graph neural networks and
traditional Kalman filters handle the chal-
lenges of sparse sensor coverage and hetero-
geneous marine environments. Across 100
independent simulations totaling over 25,000
spatio-temporal graphs, we evaluated both ap-
proaches on their ability to predict future de-
tection events and maintain realistic trajec-
tory patterns. The results demonstrate a clear
performance hierarchy: while both methods
achieve similar accuracy for short-term predic-
tions where simple motion models suffice, their
capabilities diverge dramatically as prediction
horizons extend and the complexity of lever-
aging distributed sensor information becomes
paramount.

5.1 GNNs Outperform Kalman Fil-
ters Across All Prediction Hori-
zons

We evaluated prediction accuracy across 100
independent 24-hour simulations, processing
over 25,000 spatio-temporal graphs.

As shown in Figure 6, both methods
achieve comparable short-term predic-
tion accuracy (0.968 vs 0.970 AUC at 30
ticks, p = 0.23), however, their performance
diverges significantly at longer horizons. The
GNN maintains 0.952 AUC at 150-tick
forecasts, while Kalman filter perfor-
mance degrades to 0.694.
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Table 3: AUC comparison between Kalman
and GNN models across prediction horizons

Horizon Kalman GNN p-value

30t 0.968 0.970 0.23

100t 0.775 0.963 ¡0.001

150t 0.694 0.952 ¡0.001

Figure 6: Side-by-side comparison of Area Un-
der the ROC Curve (AUC) performance be-
tween Graph Neural Networks and Kalman Fil-
ter across three prediction horizons (30, 100,
150 ticks). GNNmaintains 95-97% AUC across
all horizons while Kalman performance de-
grades sharply from 97% to 69% as horizon
increases.

The performance degradation analysis (Fig-
ure 7) reveals fundamentally different scaling
behaviors. The Kalman filter exhibits linear
performance decay ( 28% drop from 30 to 150
ticks), while the GNN maintains near-constant
performance ( 2% degradation). This trans-
lates to an average improvement of 21% over
the Kalman baseline across all horizons.

5.2 GNNs Maintain Trajectory Co-
herence in Complex Motion Pat-
terns

The GNN maintained realistic trajectories for
all entity types, preserving characteristic sinu-
soidal patterns for dolphins and random-walk
current-influenced behaviors for fish schools.

Figure 7: Relative performance degradation
from baseline (30-tick) performance as predic-
tion horizon increases. GNN shows minimal
degradation ( 2% drop) while Kalman filter ex-
hibits severe degradation ( 28% drop).

In contrast, Kalman filters often linearized
into unrealistic straight-line extrapolations af-
ter losing sensor contact.

The remarkable difference in prediction ac-
curacy between methods—with GNN main-
taining 95.2% AUC versus Kalman’s 69.4%
at 150-tick horizons—strongly suggests that
the GNN successfully learns and exploits these
species-specific motion patterns. The GNN’s
ability to leverage multi-hop information prop-
agation through the sensor network enables ac-
curate predictions even during extended obser-
vation gaps, effectively learning the underlying
movement dynamics from the collective obser-
vations across the entire network.

To what extent do GNNs maintain
trajectory coherence? While our results
demonstrate clear superiority in prediction ac-
curacy, precisely quantifying the degree to
which GNNs capture specific motion character-
istics remains an open question. Future work
should systematically compare detection per-
formance across varying levels of movement
complexity—from purely random walks to de-
terministic trajectories—to establish a more
nuanced understanding of how network topol-
ogy and motion patterns interact to enable ac-
curate long-term predictions. What is clear
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from our experiments is that the GNN’s re-
lational reasoning provides a fundamental ad-
vantage over traditional independent tracking
approaches, particularly as prediction horizons
extend beyond immediate sensor coverage.

These findings conclusively demonstrate the
superiority of graph neural networks for marine
tracking in sparse sensor networks. The GNN’s
consistent 95%+ AUC performance across all
time horizons, combined with its ability to
maintain realistic trajectory patterns, estab-
lishes it as a transformative approach for next-
generation marine monitoring systems. Where
traditional Kalman filters fail due to their in-
ability to leverage network-wide information,
GNNs excel by treating the tracking problem
as it truly is: a collective sensing challenge best
solved through relational reasoning across the
entire sensor network.

6 Related Work

6.1 Traditional Marine Trajectory
Prediction

Maritime trajectory prediction has a rich his-
tory rooted in statistical signal processing. The
field’s foundation was established by Kalman’s
seminal 1960 filter paper [23], which provided
the fundamental algorithm for state estima-
tion in noisy environments. This approach has
been extensively adapted for maritime appli-
cations, particularly in vessel tracking where
it processes noisy sensor data to maintain co-
herent trajectory estimates [12, 26]. Mod-
ern implementations demonstrate the matu-
rity of these classical methods. Extended
and Unscented Kalman Filter variants suc-
cessfully track vessels using Automatic Iden-
tification System (AIS) data, interpolating
missing positions and providing reliable short-
term predictions [13, 14]. The integration of
multiple sensor modalities—radar, sonar, and
AIS—through sensor fusion architectures has
further enhanced tracking accuracy [27]. Par-
ticularly noteworthy is Fossen’s comprehensive
framework for marine vehicle guidance and
control [28], which established mathematical
models for vessel dynamics that remain widely
used. These statistical approaches excel in sce-
narios with cooperative targets broadcasting

regular position updates. Recent dual Kalman
configurations have pushed the boundaries of
prediction horizons [15], though challenges re-
main when modeling complex biological mo-
tion patterns or extended forecast windows.

6.2 Graph Neural Networks for
Maritime Applications

The application of Graph Neural Networks
to maritime domains represents a paradigm
shift in how we model vessel interactions and
movement patterns. Building on the theo-
retical foundations established by Battaglia
et al. [29], maritime researchers have recog-
nized that vessel movements are inherently re-
lational—ships influence each other’s trajecto-
ries through collision avoidance, convoy forma-
tions, and port traffic patterns. This insight
has led to impressive advances in vessel tra-
jectory prediction. GNNs naturally capture
the spatiotemporal dependencies between ves-
sels by representing them as nodes in a dy-
namic graph, with edges encoding various re-
lationships such as proximity, similar routes,
or shared destinations [30, 31]. Recent archi-
tectures have demonstrated particular success
in congested waterways, where vessel-to-vessel
interactions strongly influence movement deci-
sions [32, 33]. The graph-based approach has
proven especially valuable for port traffic pre-
diction, where the structured nature of ship-
ping lanes and berth assignments creates natu-
ral graph topologies. These models learn com-
plex patterns from the sensor network topology
itself, achieving significant improvements over
traditional independent tracking methods [34].
The success of these approaches in cooperative
vessel tracking suggests promising potential for
other maritime monitoring applications.

6.3 Marine Sensing Systems and
Challenges

Marine sensing has evolved dramatically from
its military origins in systems like SOSUS
[35] to today’s diverse ecosystem of moni-
toring technologies. The theoretical founda-
tions for underwater acoustic sensing were es-
tablished by Wenz’s characterization of ocean
ambient noise [36] and Urick’s comprehen-
sive treatment of underwater sound princi-

12



ples [37], which remain standard references
for system design. Modern marine life mon-
itoring builds on Richardson et al.’s founda-
tional work on marine mammals and noise
[38], which established frameworks for passive
acoustic monitoring still used today. Contem-
porary systems employ distributed networks
of low-cost sensors utilizing various detection
modalities—acoustic, optical, and electromag-
netic—to monitor marine ecosystems [39–41].
Projects like INSTINCT have successfully de-
tected and classified millions of marine mam-
mal calls, demonstrating the maturity of pas-
sive acoustic monitoring [42]. The evolution
toward distributed sensor networks was an-
ticipated by Akyildiz et al.’s comprehensive
survey of underwater sensor networks [43],
which identified key challenges including lim-
ited bandwidth, propagation delays, and sen-
sor mobility. Modern implementations ad-
dress these challenges through innovative ap-
proaches to power management, communica-
tion protocols, and data processing [44–46].
While significant progress has been made, op-
erational deployments still contend with sen-
sor drift, intermittent connectivity, and energy
constraints—factors that influence system de-
sign and data quality [47].

6.4 Deep Learning Advances in Mar-
itime Prediction

Recent comprehensive reviews document how
data-driven approaches now routinely outper-
form classical methods for vessel trajectory
prediction [48]. This transformation reflects
the field’s recognition that maritime movement
patterns often exhibit complex, non-linear dy-
namics best captured through learning-based
approaches. Innovative architectures tailored
to maritime challenges have emerged across
multiple fronts. Hybrid deep learning models
combine the strengths of different neural net-
work types to handle the unique characteristics
of maritime data [49]. Spatiotemporal GNNs
designed specifically for coastal environments
account for geographic constraints and tidal in-
fluences [50, 51]. Specialized trajectory predic-
tion networks incorporate domain knowledge
about vessel behavior and maritime regulations
[52, 53]. These advances are particularly rele-
vant for challenging environments. The con-

sistent superiority of learning-based methods
over traditional approaches, especially in sce-
narios with rich relational structure, validates
the ongoing shift toward AI-driven maritime
monitoring [54].

7 Discussion

The multi-hop message passing architecture
of GNNs provides an important advantage:
distributed sensor networks can aggregate in-
formation across multiple nodes to improve
predictions. When direct observations are
unavailable, our GNN can leverage indirect
information—if sensor A detected northeastern
movement and sensors B and C show no de-
tections, the model learns to infer likely paths
between coverage areas. This ability to uti-
lize negative information (non-detections) dis-
tinguishes the graph-based approach from tra-
ditional filtering methods10.

Our results demonstrate that GNNs consis-
tently outperform Kalman filters across all pre-
diction horizons, maintaining 0.952 AUC at
150-tick forecasts while Kalman performance
degrades to 0.694. This performance differ-
ence stems from GNNs’ ability to model both
spatial relationships and temporal dependen-
cies simultaneously, preserving non-linear tra-
jectory characteristics. Where Kalman filters
produce linear extrapolations under extended
prediction horizons11 [12, 47], GNNs maintain

10While our 2D surface tracking model abstracts
depth considerations through the 200m detection ra-
dius (suitable for nearshore fishing areas), deep-diving
species present additional challenges. The same topo-
logical principles could extend to 3D tracking networks,
particularly for fixed structures like offshore platforms,
where GNNs would learn vertical movement patterns.
This introduces complexities in sensor placement, de-
tection range modeling, and computational require-
ments that warrant dedicated investigation.

11While deploying more densely-spaced sensors could
theoretically improve Kalman filter performance by re-
ducing observation gaps, this approach faces practical
limitations: deployment costs scale linearly with sen-
sor count, environmental impact increases with physical
infrastructure, and maintenance becomes prohibitively
expensive for large-scale networks. In contrast, com-
putational costs for GNNs are negligible by compar-
ison and scale efficiently—our experiments processed
570 sensors on commodity datacenter hardware. The
choice between dense sensor networks with simple algo-
rithms versus sparse networks with intelligent process-
ing reflects broader economic trends favoring computa-
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trajectory coherence by encoding spatial con-
text through their message-passing mechanism
[29,34].

Data Acquisition and Learning Poten-
tial. The network’s ability to learn from col-
lective observations could enable detection of
previously unidentified patterns in marine traf-
fic or animal migration. With sufficient train-
ing data12, such systems might identify fre-
quently used corridors or convergence zones.
The Aquascan framework’s modular archi-
tecture supports investigation of how sensor
density, network topology, and environmen-
tal noise affect tracking performance, following
co-simulation best practices for complex sys-
tem modeling [44–46]. Importantly, Aquascan
need not remain purely synthetic—future ver-
sions could integrate real-world data streams,
creating a digital twin ocean with a bidirec-
tional relationship: the simulation improves
the predictive model while real data helps re-
fine the simulation. This approach aligns with
broader trends in applying AI to marine en-
vironment prediction [54], where the ability to
detect anomalies through learned patterns sup-
ports various monitoring applications.

The heterogeneous graph structure also
opens opportunities for incorporating addi-
tional domain-specific relationships: environ-
mental edges could capture how ocean cur-
rents or temperature gradients influence en-
tity movements, while vessel interaction edges
might model how shipping traffic affects ma-
rine life dispersal patterns. Such extensions
would enable the system to learn complex
cause-effect relationships—for instance, how
commercial shipping lanes create barriers that

tional investment over physical infrastructure.
12Initial training data would be generated

through controlled deployments in bounded envi-
ronments—river systems for environmental impact
assessments provide an ideal starting point with
known entity populations and constrained geography.
These deployments would combine temporary tagging
campaigns with fixed sensor networks to establish
ground truth, progressively scaling to coastal areas as
the system learns characteristic movement patterns.
Unlike traditional approaches requiring extensive tag-
ging programs, the GNN approach needs only enough
labeled data to bootstrap learning; thereafter, the net-
work can leverage the collective patterns from millions
of unlabeled detections to refine its predictions.

fragment whale pods or how fish schools redis-
tribute in response to vessel noise.

Computational Requirements at Scale.
While our experiments successfully demon-
strated GNN performance with 570 sensors—a
realistic scale for coastal monitoring deploy-
ments—we acknowledge that computational
requirements differ fundamentally from tradi-
tional approaches like Kalman filters. Our
hierarchical architecture addresses these re-
quirements through appropriate task distri-
bution: ε-nodes function purely as data re-
lays, performing only basic sensing and short-
range communication with no ML inference at
the edge. The σ-nodes aggregate sensor data
and perform initial preprocessing, while Ω-
nodes (datacenters) handle the computation-
ally intensive GNN inference. Unlike Kalman
filters that can run locally on each sensor,
GNNs require datacenter-grade computational
resources. However, our experiments demon-
strate that standard datacenter infrastructure
is sufficient—we successfully processed 24-hour
simulations with 570 sensors using modest
computational budgets. The trade-off between
local simplicity (Kalman filters) and central-
ized intelligence (GNNs) reflects the broader
shift towards a data-driven economy where in-
creased computational investment yields supe-
rior insights. This parallels trends across in-
dustries where organizations invest orders of
magnitude more compute than a decade ago to
extract value from distributed sensor networks.
Moreover, the advent of offshore data process-
ing capabilities, including underwater datacen-
ters [16], could enable low-latency marine ana-
lytics directly at sea, opening new possibilities
for real-time ecosystem monitoring and adap-
tive sampling strategies.

Our study has several limitations. We used
synthetic data with simplified motion mod-
els rather than complex hydrodynamic sim-
ulations. While recent studies have quanti-
fied real trajectory patterns of aquatic species
using various tracking technologies [55–58],
we prioritized computational efficiency and
controlled experimental conditions. Future
work could leverage these empirical datasets
for cross-validation or incorporate biologically-
informed motion parameters to bridge the gap
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between synthetic and real-world trajectories.
The comparison focused on standard Kalman
filters; more sophisticated tracking methods
such as particle filters, Interacting Multiple
Model (IMM) filters, or extended/unscented
Kalman filter variants might show improved
performance over the basic implementation
tested. The link prediction formulation, while
effective, doesn’t fully capture continuous-time
dynamics. While not a limitation of our
simulation study, we acknowledge that real-
world deployments would face additional chal-
lenges like biofouling, power constraints, and
maintenance logistics that merit considera-
tion for practical implementation. These find-
ings nonetheless indicate that learning-based
methodologies merit consideration for marine
monitoring systems [59, 60] that routinely en-
counter measurement errors and noisy signals.

Future work should address several direc-
tions. Most critically, integration with real-
world marine tracking datasets is essential
to enrich the simulation framework beyond
simple validation. While synthetic data en-
abled controlled comparison, incorporating ac-
tual sensor data and observed marine behav-
iors would provide the empirical grounding
necessary to improve model fidelity and prac-
tical applicability. Additionally, comprehen-
sive ablation studies should investigate which
GNN components contribute most to perfor-
mance improvements—examining the impact
of network topology choices, message-passing
depth, node feature selection, and edge type
importance would inform more efficient archi-
tectures. Incorporating realistic biological be-
haviors through agent-based models and ocean
dynamics from computational fluid dynamics
would enhance simulation fidelity. Deploying
prototype networks in controlled marine envi-
ronments would validate our findings and iden-
tify implementation challenges. Advanced ar-
chitectures incorporating temporal attention
mechanisms and continuous-time modeling
could improve long-horizon predictions. While
we demonstrated strong performance with
GraphSAGE, systematic evaluation of other
GNN architectures—including Graph Atten-
tion Networks (GAT), Graph Convolutional
Networks (GCN), Graph Isomorphism Net-
works (GIN), and Gated Graph Neural Net-

works (GGNN)—could identify architecture-
specific advantages for marine trajectory pre-
diction. Comparison with more sophisticated
tracking baselines, including particle filters and
IMM approaches, would provide a more com-
prehensive performance assessment. This per-
formance advantage has been observed across
various GNN architectures applied to spa-
tiotemporal prediction tasks [30, 32,51,52].

This research demonstrates that graph neu-
ral networks can effectively leverage sparse,
distributed marine observations to maintain
tracking performance where traditional meth-
ods degrade, warranting further investigation
of these methods in real-world marine moni-
toring deployments.

7.1 Robustness to Real-World Un-
certainties

We acknowledge that our simplifying assump-
tions—particularly perfect positional knowl-
edge (δpos = 0) and abstraction of communi-
cation failures—limit direct generalization to
real-world deployments where uncertainty is
intrinsic. In practice, positional errors would
manifest as noisy node features, incorrect edge
formation in the Delaunay-Voronoi topology,
and misaligned detection events. Communi-
cation failures would result in missing edges
and incomplete observation sequences. Simi-
larly, our abstraction of data persistence lay-
ers ignores real-world challenges such as buffer
overflows during network partitions and data
corruption from harsh marine conditions.

Importantly, these simplifications apply
equally to both the GNN and Kalman filter
approaches, preserving the validity of our com-
parative analysis. The abstractions of reliable
communication and perfect data persistence
are orthogonal to the choice of tracking algo-
rithm—both approaches would need to handle
packet loss, routing delays, and storage con-
straints in a real deployment. However, we hy-
pothesize that GNNs may demonstrate greater
robustness to uncertainties in the sensing and
detection aspects for three reasons: (i) their
learned representations can implicitly compen-
sate for systematic errors without requiring ex-
plicit noise models, (ii) they naturally handle
varying graph structures arising from commu-
nication failures through their message-passing
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architecture, and (iii) as demonstrated in Fig-
ure 3, they can reason about non-detections to
infer entity presence despite coverage gaps.

While empirical validation awaits deploy-
ment of real distributed marine sensor net-
works, future work could investigate these
effects through controlled experiments: in-
troducing Gaussian positional noise (δpos ∼
N (0,σ2

pos)), randomly dropping edges to sim-
ulate communication failures with probabil-
ity pfail, and adding temporal misalignment to
model clock drift. Crucially, traditional track-
ing approaches such as Kalman filters, particle
filters, and multiple hypothesis tracking would
require explicit modeling of each uncertainty
source—tuning process noise covariance matri-
ces, defining detection likelihood functions for
varying environmental conditions, and hand-
crafting state transition models for different
visibility or current conditions. In contrast,
GNNs can learn these complex relationships
directly from data: for instance, they might
implicitly learn that detection probability de-
creases during high turbidity events or that
strong currents increase positional uncertainty,
without requiring domain experts to explicitly
formulate these relationships mathematically.
This data-driven approach is particularly valu-
able in marine environments where the interac-
tions between environmental factors and sen-
sor performance are complex and poorly un-
derstood.

Beyond positional and communication un-
certainties, measurement errors and noisy sig-
nals are endemic to marine sensing due to
multipath propagation, temperature-induced
sound speed variations, and biological noise
sources. While our simulation assumed perfect
detection within the 200m radius, real acous-
tic sensors experience degraded performance
from environmental factors: shipping noise can
mask detection signals, thermoclines refract
acoustic paths, and marine growth attenuates
signal strength. We hypothesize that GNNs
would demonstrate superior performance in
these noisy conditions because they can learn
to weight information from multiple sensors
based on reliability patterns observed during
training. For example, a GNN might learn to
discount detections from sensors near shipping
lanes during high-traffic periods or to rely more

heavily on sensors positioned away from known
noise sources. This adaptive weighting emerges
naturally from the attention mechanisms in
graph neural networks, whereas traditional fil-
ters would require manual tuning of measure-
ment noise covariance matrices for each sensor
under varying conditions—an impractical task
for large-scale deployments.

Sensor Drift and Irregular Placement.
A fundamental advantage of GNNs over tradi-
tional tracking methods lies in their ability to
handle irregular and dynamic sensor configura-
tions. Traditional Kalman filters assume either
fixed sensor positions or perfectly known sen-
sor trajectories [61], requiring explicit coordi-
nate transformations when sensors move [62].
In contrast, GNNs naturally adapt to chang-
ing graph topologies through their message-
passing architecture [63, 64]. This distinction
becomes critical in marine environments where
sensors drift with ocean currents, creating con-
stantly evolving network geometries.

Recent advances in graph neural networks
demonstrate their superiority in handling dy-
namic topologies and missing sensors. Graph-
SAGE, the architecture we employ, uses induc-
tive learning to generate embeddings for previ-
ously unseen node configurations without re-
training [65]. Studies on sensor networks have
shown that GNNs can maintain performance
despite topology changes, sensor failures, and
irregular placements [66, 67]. The Adaptive
Feature and Topology Graph Convolutional
Network (AAGCN) explicitly learns optimal
graph structures from data, outperforming
methods that rely on predefined topologies
[68]. For marine tracking, this means GNNs
can learn spatial relationships from the data
itself rather than requiring precise sensor po-
sition knowledge—they discover which sensors
provide reliable information under different en-
vironmental conditions and adaptively weight
their contributions.

Dynamic Topology Management. While
the GNN handles prediction despite sensor
drift, our Voronoi-based topology management
(Section 2.3) addresses practical network main-
tenance. As sensors drift with currents, some
may converge due to similar flow patterns.
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When sensors come within close proximity, the
system has two options: (1) leverage redundant
detections for validation, potentially improving
detection confidence through corroboration, or
(2) place redundant sensors in sleep mode to
conserve battery. The dynamic Voronoi tes-
sellation automatically identifies such proxim-
ity events every 2 hours, enabling adaptive
resource management. This differs from tra-
ditional fixed-topology networks that cannot
exploit or mitigate sensor convergence. Dur-
ing storm events or strong currents that com-
press sensor spacing, the network can dynami-
cally adjust detection thresholds or duty cycles
based on local sensor density, maintaining cov-
erage while optimizing energy consumption.

8 Conclusion

Our work extends established maritime mon-
itoring research into the challenging domain
of non-cooperative biological entity tracking
using distributed passive sensors. We dif-
fer from prior research in three fundamen-
tal ways: (i) we track biological entities with
complex, non-linear motion patterns lacking
explicit navigational intent, rather than ves-
sels with transponders and predictable desti-
nations; (ii) we employ distributed networks of
small passive sensors instead of traditional cen-
tralized tracking stations; and (iii) we demon-
strate how GNNs naturally handle irregular
and dynamic sensor topologies—a critical ca-
pability when sensors drift with ocean currents,
unlike traditional methods that assume fixed or
perfectly known sensor positions.

This study benchmarked heterogeneous
Graph Neural Networks (GNNs) against
Kalman filters for predicting marine entity tra-
jectories under these challenging conditions.
GNNs demonstrated statistically significant
performance improvements, maintaining 0.952
AUC at 150-tick prediction horizons com-
pared to 0.694 for Kalman filters. This im-
proved performance stems from GNNs’ abil-
ity to leverage network topology and aggre-
gate information across multiple sensors, cru-
cially adapting to irregular sensor placements
and dynamic topologies without requiring ex-
plicit position knowledge or coordinate trans-
formations—capabilities that become essential

as sensors drift with ocean currents throughout
deployment.

The Aquascan simulation environment en-
abled controlled evaluation through standard-
ized Spatiotemporal Contact Volume analyses,
demonstrating that GNN performance remains
stable even with sparse observations. These
results indicate that heterogeneous GNNs pro-
vide an effective approach for trajectory pre-
diction in distributed marine monitoring sys-
tems with intermittent connectivity and lim-
ited observations.

By providing an open-source benchmark-
ing framework and quantitative performance
comparisons, this work contributes to the ap-
plication of graph-based learning methods in
maritime contexts. The Aquascan simulation
framework readily supports sensitivity analy-
ses across different sensor densities, intermit-
tent observation rates, and additional marine
movement patterns—investigations we defer to
future work. Our immediate priorities focus
on: (i) evaluating alternative GNN architec-
tures and emerging graph-based methods to
push performance boundaries, and (ii) deploy-
ing real-world prototypes to validate our find-
ings under uncontrolled marine conditions with
natural noise sources and environmental vari-
ability. Such field deployments will ultimately
demonstrate whether the promising simulation
results translate to practical advantages in op-
erational marine monitoring systems.

Data and Code Availability

The Aquascan simulation framework and all
code for reproducing the experiments in this
paper are publicly available at: https://

github.com/ctvc-pt/aquascan-gnns. The
repository includes the complete simulation en-
vironment, model implementations, and note-
books for analysis. A snapshot of the version
used in this paper has been archived at Zenodo
with DOI: 10.5281/zenodo.15691882 for long-
term preservation and citation.
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A Implementation Details

Table 4 summarizes the HeteroGraphSAGE ar-
chitecture specifications. The model is im-
plemented in PyTorch Geometric v2.0+ using
the HeteroConv wrapper for handling multi-
ple edge types. Node features are computed as
rolling averages over 60-tick windows to cap-
ture local motion dynamics while filtering high-
frequency noise.

Table 4: HeteroGraphSAGE architecture spec-
ifications

Component Specification

Node types ε (sensors), θ (entities)
Edge types communicates (ε → ε)

detects (ε → θ)
rev detects (θ → ε)

Input dimension 4 (position + velocity)
Hidden dimension 64
Convolution layers 3
Aggregation Mean pooling
Activation ReLU + BatchNorm
Decoder Element-wise dot product
Loss BCE with positive weighting
Optimizer Adam (lr=10−3)
Batch size 32 graphs
Early stopping Patience=10 epochs

The heterogeneous design allows relation-
specific message passing: communicates edges
propagate sensor network state, detects

edges carry observation information, while
rev detects enables backpropagation of en-
tity state to nearby sensors. Training
graphs are constructed with all historical edges
present but future will detect edges ex-
cluded, preventing information leakage.
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B Simulation Snapshots
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