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Abstract—Maritime fleet tracking is a critical piece of naval
operations. Leveraging the inherent spatial and temporal auto-
correlation of vessels in a fleet, we use spatio-temporal Kriging,
an interpolation technique, to estimate the likelihood of finding
a vessel at a specific location. This estimation is based solely
on the current and/or past locations of other vessels within the
fleet. We do this by first fitting covariance models to observed
fleet movements. We then use spatio-temporal indicator Kriging
to forecast the locations of vessels in a fleet at different times,
with or without new information. Our results indicate a notable
improvement in accuracy, ranging from 60 to 90% compared to
a baseline model. We measure accuracy using ROC AUC values.
Furthermore, our study reveals that tracking only a subset of
vessels within a fleet significantly enhances understanding of
the entire fleet’s movements. However, the number of vessels
that needs to be tracked increases as we move further from
the last observation of the entire fleet. Future extensions of our
work include integrating additional situational information, using
other spatio-temporal interpolation techniques, and expanding its
application beyond maritime fleets.

Index Terms—context-based information fusion, fleet tracking,
maritime surveillance, Kriging, spatio-temporal Kriging

I. INTRODUCTION

Central to effective maritime surveillance is the detection
and tracking of ships, a task often facilitated by sensor net-
works that utilize radar, thermal imaging, and low-resolution
optical data. By combining these data sources, surveillance
capabilities are enhanced, leading to more effective detection
and tracking of ships [10]. Many different sources of data and
methods of data fusion are employed to both detect and track
vessels of interest.

Detection efforts aim to accurately identify vessel or ship
presence in water. [21] enhances ship detection through a
machine learning approach that incorporates a channel weight-
ing mechanism and spatial information fusion to leverage
contextual features effectively. [8] uses an anomaly detection
algorithm derived from continuum fusion methods with multi-
spectral satellite data to detect ships. [14] improves ship detec-
tion by fusing low-resolution multispectral data with spectral
and thermal features to better mask clouds and achieve higher
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accuracy. [9] proposes a method that combines Automatic
Identification System (AIS) data with remote sensing images
using feature vectors for ship recognition. [20] applies constant
false alarm rate (CFAR) detection on polarimetric Synthetic
Aperture Radar (Pol-SAR) data, then fuses the results to
improve detection accuracy.

Tracking ships, on the other hand, focuses on predicting the
trajectory or movement of vessels or ships. For example, [6]
employs a factor graph to track vessels by integrating data
from cameras positioned along a harbor. Kalman filters are
also commonly used to track or predict the trajectory of ships,
using data from GPS [3] or radar [16], among other sources.

Many of these works focus on combining data from different
sensors or different types of sensors. In contrast, context-
based information fusion involves the use of information not
directly about the object or target of interest itself, but about
the environment or situation in which the object is situated. For
a comprehensive review of context-based information fusion
and its applications, readers can refer to [17]. Understanding
the context surrounding an entity significantly enhances our
comprehension of its existence and behavior. For instance,
when tracking a vehicle on a road network, knowledge about
the road layout is essential for accurate tracking. Similarly,
in a maritime context, contextual information encompasses
coastline geography, currents, weather conditions, bathymetry,
etc.

Such contextual information has indeed been used to en-
hance maritime vessel tracking. For example, [13] uses ev-
idence theory to integrate various geographical contexts to
improve coastal monitoring. In another example, [S] uses
Joint Probabilistic Data Association and Kalman Filters to
fuse AIS and High-Frequency Surface-Wave (HFSW) radar
data, improving maritime situational awareness over very large
areas. Additionally, [19] uses contextual information including
bathymetry, nearby port locations, nearby vessels, and knowl-
edge of preferred routes to improve maritime surveillance of
vessels or ships of interest. They incorporate these factors
into their satellite-extended-vessel traffic service (SEV) data
association system, assigning different weights to influences,
which can be either ‘attractive’ or ‘repulsive’ (e.g., a port is
attractive for vessels heading toward it and repulsive for those
moving away).



Fleet tracking involves monitoring multiple vessels or ships
that are part of a fleet. While the sensor data and contextual
information discussed earlier are indeed valuable for enhanc-
ing the tracking of individual vessels, they do not specifically
address the unique dynamics of fleets. To our knowledge, a
crucial contextual factor that has not been adequately inte-
grated into fleet tracking is the spatial autocorrelation among
vessels within fleets. Vessels within fleets naturally exhibit
both spatial and temporal autocorrelation. This means that if
one vessel from a fleet is detected in a certain location, there’s
a higher probability of another vessel from the same fleet being
nearby. Additionally, vessels within a fleet are likely to be
found near where they were previously observed. The extent
of this autocorrelation and the distance over which vessels
within a fleet influence each other can vary depending on the
specific circumstances.

Kriging, a geostatistical interpolation technique, is widely
applied in spatial analysis to estimate values at unmeasured
locations by considering data from neighboring locations, thus
incorporating spatial autocorrelation information [7]. Using
such techniques presents a promising approach for enhancing
fleet tracking performance. It is worth noting here that one
of the factors used by [19] to track a vessel is its proximity
to other vessels, albeit not necessarily from the same fleet.
The underlying principle here is that vessels do not get very
close to other vessels, in order to to avoid collision. Thus,
it’s improbable for a vessel to be in close proximity to other
vessels. On the other hand, we know that vessels within a
fleet tend to travel near each other, and we leveraging this
knowledge to enhance our ability to track fleets effectively. In
contrast, [19] focuses on tracking individual vessels.

In this paper, we address this gap by introducing a novel
framework that incorporates spatial and temporal autocor-
relation into fleet tracking through spatio-temporal Kriging.
Specifically, we use spatio-temporal indicator Kriging to pre-
dict the probable locations of vessels within a given fleet,
based on the observed locations of vessels from that fleet at
different times. Our aproach aligns with Level 2 of the JDL
(Joint Directors of Laboratories) information fusion model,
called Situation Assessment. Situation assessment can be
defined as the “estimation and prediction of entity states on
the basis of inferred relations among entities” [17], [18]. In
our context, these relationships among entities (or vessels) are
represented by spatial and temporal autocorrelation, which we
utilize to determine probable vessel locations in a fleet.

The contributions of our work are as follows:

1) Development of a framework utilizing Kriging for con-

textual information fusion in maritime fleet surveillance.

2) Demonstration of the effectiveness of our method

through an illustrative example.

The remainder of this paper is structured as follows: In
Section II, we explain spatio-temporal indicator Kriging and
Receiver Operating Characteristic (ROC), which we use to
assess the accuracy of our predictions. In Section III, we
explain how we generate data for our example, fit our model to
the generated data, and present the results. Finally, we discuss

the limitations of this work and present future extensions in
Section IV.

II. METHODOLOGY

In Section II-A, we explain how Kriging uses covariance
structures to interpolate the value of a variable of interest at
an unsampled location. We also explain different covariance
models that can be used to represent the covariance structure
of points across space and time. In Section II-B, the Receiver
Operating Characteristic is detailed, which is used to assess
the validity of our predictions later on in Section III.

A. Spatio-temporal Indicator Kriging

Kriging: Kriging is a geostatistical interpolation method
used to estimate values at unsampled locations within a region
of interest. It typically utilizes the spatial autocorrelation
between sampled points to make predictions. The main idea
behind Kriging is to model the spatial dependence structure
of the variable of interest using a variogram. The variogram
quantifies the spatial variability of the variable as a function
of distance and provides information about the spatial auto-
correlation of the data it is fit to.

The variogram ~(h) is defined as:

1 N (h)
v(h) = IN(R) Z (Z(si + h) — Z(s:))? (1
where h is the lag distance, N (k) is the number of pairs of
points separated by the lag distance h, and Z(s;) is the value
at sampled location s;. The variogram has three important
characteristics: the range, the sill, and the nugget [2]. The
sill is the peak variance between two points in a variogram.
Since the variance between two points increases the farther
away they are from each other, the variance increases with
distance. Then, at a certain distance known as the range, the
variogram stabilizes or plateaus. The total variance where the
variogram levels off is referred to as the sill. Theoretically, at
a lag or a separation distance of h = 0, the variance given by
~(h) should be zero. However, in practice, a small variance is
often observed when h = 0, called the nugget. That is, when
h =0, v(h) is equal to the nugget value.
Now, the Kriging estimator at an unsampled location sy can
be expressed as:

Z(s0) =Y _NiZ(s:) 2)

where Z(so) is the estimated value at unsampled location
S0, while Z(s;) is the value at the sampled location s;. The
Kriging weights, )\;, are determined from the covariance struc-
ture or variogram. For a more comprehensive understanding
of Kriging, the reader is referred to [15].
Spatio-temporal Kriging: Spatio-temporal Kriging extends
the concept of Kriging to incorporate both spatial and temporal
dependencies. It considers the spatial correlation between loca-
tions as well as the temporal correlation between time points.
This is particularly useful when dealing with datasets that



exhibit both spatial and temporal trends, such as environmental
monitoring data or climate data.

The spatio-temporal Kriging estimator at an unsampled
location sg at time ty can be written as:

Z(s0, t0) ZZ Z(si,t; 3)

where Z (so,to) is the estimated value at location sy and
time ¢, Z(s;,t;) is the value at the sampled location s; at
time ¢;, and \;; are the spatio-temporal Kriging weights.
Indicator Kriging: Indicator Kriging is a variant of Kriging
that is used when dealing with categorical or binary data,
where the variable of interest takes on discrete values or
represents the occurrence of an event. Then, when estimating
the value of the variable at an unsampled location and time,
we are given the probability of that event occurring at that spe-
cific location and time. The spatio-temporal indicator Kriging
estimator for a specific event k at an unsampled location s,
and time ty can be written as:

n m
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where P(Z(so,t) = k) is the probability of event k

occurring at location s¢ and time to, I(Z(s;,t;) = k) is an
indicator function that equals 1 if the event occurs at location
s; and time t;, and );; are the spatio-temporal indicator
Kriging weights.
Covariance models: Kriging estimations heavily rely on
variograms, as discussed above, to define the spatial and
temporal dependencies within the data. Covariance functions
are closely related to variograms. While variograms quantify
spatio-temporal variability as a function of distance and time,
covariance functions quantify covariance as a function of
distance and time. That is, given spatio-temporally autocorre-
lated data, spatio-temporal variability increases with distance
and time, while covariance decreases with distance and time.
As defined by [1], the spatial covariance function C(s1, s2)
between two points in space, s; and so, is:

C(s1,82) = sill = y(s1, s2) (5)

This relationship in Equation 5 also holds for spatio-
temporal distances. Finding the right covariance function is
an important step in using spatio-temporal Kriging. Different
spatio-temporal covariance models, such as separable models
or metric models, offer different approaches to capture spatial,
temporal, and spatio-temporal dependencies. Given a distance
h and time 7 between any two points in space and time, the
different spatio-temporal covariance models used in this paper
are defined as in [11]:

1) Metric Model: In this model, the two dimensional spatial
distance is simply extended into a three dimensional
spatio-temporal distance. To make the distance isotropic,
a spatio-temporal anistropic correction parameter, &,

is used. Then, spatial, temporal, and spatio-temporal
distances are all considered equally, leading to a joint
covariance function, defined as Cj:

Con(h,7) = C; ( hE (m)2) ©6)

2) Sum Metric Model: The sum metric model is an ex-
tension of the metric model. In addition to the joint
covariance function seen in 6, we also see separate
spatial and temporal components:

Cam(h,7) = Cy(R) +Co(7) + C; (VAT + (57)2) ()

where Cs(h) and Cy(7) are spatial and temporal covari-
ance functions respectively. In this model, the spatial,
temporal, and joint components have separate nugget
effects.

3) Simple Sum Metric Model: This model is a more re-
stricted version of the sum metric model. While the
covariance function looks the same, it assumes that
the spatial, temporal, and joint variograms do not have
nuggets. Instead, a single spatio-temporal nugget is used.

4) Separable Model: This model assumes that the covari-
ance between two spatio-temporal points can be fac-
torized into separate spatial and temporal components,
represented as:

Csep(h7 T) =C, (h)Ct(T)

5) Product Sum Model: This model is an extension to the
separable model, and offers additional flexibility:

Cps(h, ) = kECs(h)Cy(T) + Cs(h) + Cy(1)

where k is a non-negative real coefficient which is
estimated based on the spatial, temporal, and spatio-
temporal sill values.

B. Receiver Operating Characteristic

In this paper, we use spatio-temporal indicator Kring to
predict the probability that at a given location and time, there
exists a ship from a certain fleet. To assess the quality of our
predictions, we use a Reciever Operating Characteristic (ROC)
curve. The ROC curve and the Area Under the ROC Curve
(ROC AUC) are commonly used to evaluate the performance
of classification models [4], [12].

The ROC curve is a graphical representation of the per-
formance of a binary classifier across different discrimination
thresholds. The advantage of this method is that a specific
threshold does not need to be chosen in order to assess the
performance of the binary classifer. The curve plots the True
Positive Rate (TPR) against the False Positive Rate (FPR) at
various threshold settings. TPR represents the proportion of
positives that are correctly identified, while FPR represents the
proportion of false positives among all negatives. The equation
for TPR (Sensitivity) and FPR (1 - Specificity) are as follows:

TP

TPR = ———
TP +FN ®
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where TP is the number of true positives, FN is the number
of false negatives, FP is the number of false positives, and TN
is the number of true negatives. The ROC AUC represents
the area under the ROC curve and provides a single scalar
value to summarize the performance of the classifier. It ranges
from O to 1, where a value closer to 1 indicates better
performance. For a binary classifier, a random predictor, the
typical benchmark, has an ROC AUC value of 0.5.

FPR ©))

III. EXAMPLE

In this section, we outline our process for generating syn-
thetic data that replicates the movements of spatially auto-
correlated ships within a fleet (Section III-A). We then delve
into the outcomes of fitting various covariance models to
our dataset, along with the eventual model selection (Section
II-B). Finally, in Section III-C, we employ the chosen co-
variance model in spatio-temporal indicator Kriging to predict
probable ship locations. We evaluate the prediction accuracy
using ROC AUC values.

A. Generation of Synthetic Ship Data

We begin by generating (x,y) positions for 20 ships over
1000 timesteps. Each ship’s initial position is randomly deter-
mined within the range of O to 1 for both x and y coordinates.
This ensures that while all ships start from a similar vicinity,
their starting positions vary, thereby diversifying the initial
conditions for subsequent movements. Subsequently, at each
time step of the simulation, the positions of the ships are
updated to reflect their movements. This updating process
involves two key factors.

Firstly, in order to simulate spatial autocorrelation, a di-
rectional bias is introduced in the form of a unit vector. In
our scenario, all ships move with a bias of (1,0), indicating
movement to the right. Secondly, random changes in positions
are independently calculated for each ship at every timestep,
with = and y values ranging between -0.5 and 0.5. This
simulates unknown decisions regarding the ships’ movements,
as well as the inherent stochastic nature of ship movements.
Both the directional bias and random changes are scaled to
match a given step distance, J, ensuring that each ship moves
at a constant speed. in our scenario, we set the step distance to
be § = 0.1. Given a step distance § and a unit directional bias
of d,, the directional bias used to update the ship positions,
d, is calculated as:

d,
d=§f-——=6-d (10)
||dUH2 "
Similarly, the random vector, ry,, is scaled using J:
r=§. v (11)
[rvll2

The ship movements are updated using a weighted com-
bination of the directional bias and random changes. The

weight assigned to the directional bias determines the extent
of autocorrelation in the ships’ movements, while the weight
assigned to the random changes affects the dispersion of the
ships from each other. We assign a weight of 0.9 to the direc-
tional bias, and subsequently, a weight of 0.1 to the random
changes, as we want to create a spatially autocorrelated fleet.
The movement of each ship in each timestep after the first one
can be calculated as follows, where P; is the (x,y) position
of the ship at time ¢, wy refers to the weight assigned to the
directional bias, d is the directional bias vector, and r is the
vector with a scaled random movement:

P,=P, 1 +w-d+(1—w) r (12)

In Fig. 1, positions for the twenty simulated ships are shown
at different timeslices during the beginning, middle, and end
of the 1000-timestep duration.

B. Fitting training data to covariance models

To fit the spatio-temporal data generated in Section III-A
to the different covariance models from Section II-A, we
construct gridded data in both space and time. In this setup,
the value of a cell at a particular timestep is set to 1 if any
ships are present in that cell at that time, and O otherwise. To
create a sufficient training dataset, we monitor ship positions
from timestep 120 to 180, within an = range of 11 to 17,
and a y range of 0.05 to 1.25. These = and y ranges are
determined based on the ship locations during the selected
time duration. The grid is configured such that each cell has
a width and height of 0.25 units. Moreover, we capture data
from every third timeslice within our chosen duration. This
approach yields a dataset comprising 3150 observations, as
illustrated in Fig. 2. To utilize the gstar package in R for
fitting spatio-temporal data, we need to establish units for both
space and time. We define each timestep as equivalent to 30
seconds and each unit of space as one meter. Consequently,
our dataset covers a duration of 30 minutes. It’s important
to note that setting each timestep to 30 minutes would yield
identical results, albeit over a different time scale.

We create a sample or empirical variogram from the training
data, and then fit the empirical variogram to each of the five
covariance models detailed in Section II-A. To identify the
optimal parameters for each covariance model, we employ
the L-BFGS-B method [22]. The L-BFGS-B method is an
optimization algorithm commonly used for problems where
the objective function is smooth and possibly nonlinear, and
where some or all of the variables are subject to bounds.
It belongs to the family of quasi-Newton methods, which
aim to iteratively improve an initial guess for the optimal
solution by approximating the Hessian matrix (which repre-
sents the second-order derivative of the objective function).
In the context of fitting covariance models to empirical var-
iograms, L-BFGS-B iteratively adjusts the parameters of the
covariance models within predefined bounds to minimize the
Mean Squared Error (MSE) between the fitted theoretical
variogram and the empirical variogram [11]. This process
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Fig. 1: Ship positions at different time slices over the 1000 timesteps
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Fig. 2: The gridded training data, with cells colored yellow
indicating the presence of a ship, and black indicating no ship
presence.

helps in finding the optimal parameters that best capture the
spatio-temporal dependence structure observed in the data. The
fitted theoretical variograms corresponding to each model are
illustrated in Fig. 3. The final MSE values for each model are
also presented in Table 1.

TABLE I: The MSE values associated with the fit of each
covariance model to the sample variogram

Model MSE
Metric 1.04E-04
Sum Metric 8.85E-05
Simple Sum Metric | 1.44E-04
Separable 1.62E-04
Product Sum 1.01E-04

We observe in Table I that the MSE values indicate a
relatively small range, varying from 8.85E-05 (for the sum
metric) to 1.62E-04 (for the separable model). However, upon
examining Fig. 3, we see that the metric, sum metric, and prod-
uct sum models, despite having lower MSE values compared
to the other two models, fail to capture specific patterns present
in the empirical variogram. Notably, the empirical variogram
displays minimal variance between points in close proximity
in both space and time, a characteristic not reflected in these
theoretical variograms. This discrepancy suggests that these
models exhibit a tendency to overfit, resulting in a flattened
average variogram across both space and time. On the other
hand, the simple sum metric and separable models demonstrate
a better alignment with these observed patterns in the empirical
variogram. Consequently, in Section III-C, we experimentally
compare the simple sum metric and separable models for
predicting ship locations.

C. Prediction

In this section, we predict the probable locations of ships
belonging to the fleet. Predictions are generated for timeslices
occurring after the latest observed timeslice or timestep in
the training data, with and without the inclusion of ‘new
information’. Here, ‘new information’ refers to the provision
of the true locations of a few ships during the timeslice
for which predictions are being made. If we have no new
information, we forecast the probability of encountering a ship
based only on observed data from 20:00:00 to 20:30:00, which
is also our training data as depicted in Fig. 2.
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Fig. 3: The empirical and theoretical variograms of the training data

We initially compare the prediction accuracies of separable
and simple sum metric covariance models across four different
scenarios in Section III-C1, finding the separable model to per-
form better. Then, in Section III-C2, we conduct experiments
to determine how many ships need to be tracked to enhance
fleet tracking. Overall, we make predictions over both short
ranges such as 1 minute after the last observation (20:31:00)
and long ranges such as 2 hours after the last observation
(22:30:00), and are able to obtain ROC AUC values of greater
than 80% in both of these scenarios.

1) Comparing separable and simple sum metric covariance
models: To compare the performance of the separable and
simple sum metric models, we conduct forecasts 1 minute
or 5 minutes after the last observation, with and without
new information. This new information consists of the true
locations of five randomly selected ships at the time of
prediction. In each of these four scenarios, we utilize either
model to predict the probability of a ship existing in a square
cell measuring 0.05 in both height and width. The prediction
is carried out within a spatial domain spanning an x range
of 15 to 19 and a y range of 0.05 to 1.15. We choose this
spatial range as it represents a broader area where the fleet
could potentially be located, as it accommodates the fleet’s
bounds of x from 15.8 to 17.2 and y from 0.08 to 1.08 at the
last observed time step of 20:30:00. This is assuming that a
decision maker is aware the fleet tends to move to the right.
Then, the baseline model assumes that a ship from the fleet
could be anywhere in this spatial domain, corresponding to
an ROC AUC value of 0.5. On the other hand, the ROC

AUC values for all four scenarios, using either a separable
or a simple sum metric model in the same spatial domain,
are presented in Table I. We observe that the separable model
outperforms the simple sum metric model in most scenarios.

TABLE II: ROC AUC values for four different prediction
scenarios with separable or simple sum metric models

Min. after last obs. | New info Sepfrfz)b(;eAUg i
1 Yes 0.888 0.751
1 No 0.864 0.551
5 Yes 0.894 0.504
5 No 0.686 0.782

For the cases where we forecast 5 minutes after the last
observation, we also present the results graphically, as detailed
below. In Fig. 4, we display prediction heatmaps when no
new information is given. Here, the simple sum metric model
outperforms the separable model. In the scenario with new
information, the model has access to the locations of five
random ships out of twenty ships in the fleet. The locations
of these five ships are shown in Fig. 5, where the dotted blue
box indicates the area of prediction. In Fig. 6, we present the
prediction heatmaps after the model is given the true locations
of these five ships.

We observe that the simple sum metric model displays
stronger temporal autocorrelation than the separable model.
When given new information 5 minutes later, the separable
model, as shown in Fig. 6b, appears to predominantly rely
on this new information, disregarding any previous data.
Consequently, it produces a heatmap significantly different
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Fig. 4: Prediction heatmaps for 5 minutes after the last
observation, with no new information
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Fig. 5: Locations of 5 ships, 5 minutes after the last observa-
tion

from Fig. 4b. On the other hand, the simple sum metric model,
in Fig. 6a, considers both the previous data, as well as the
new information. While the appearance of its heatmap changes
from Fig. 4a, the changes primarily occur in regions influenced
by the new information.

Overall, incorporating new information significantly in-
creases prediction accuracy, especially as we move farther
away from the last observation. We further investigate the
value of new information in the following section. We also
notice that, given new information, the separable model out-
performs the simple sum metric model. Even without new
information, the separable model still performs better when
forecasting one minute after the last observation, but not 5
minutes after. Consequently, we opt for the separable covari-
ance model for our future predictions, while acknowledging
the potential value of the simple sum metric model for fore-
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Fig. 6: Prediction heatmaps for 5 minutes after the last
observation, with new information

casting farther from the last observation when new information
is unavailable.

2) Amount of new information needed: Tracking the move-
ments of ships is expensive, requiring a balance between
monitoring a sufficient number of vessels or ships to estimate
the fleet’s probable location while mitigating the expenses
associated with tracking each additional ship. To understand
the impact of the number of ships we track, we make forecasts
for 1 minute, 5 minutes, 12.5 minutes, 1 hour, and 2 hours
after the last observation. For each forecast, we provide the
model with the actual locations of 0 to 5 randomly selected
ships. The resulting ROC AUC values for these scenarios are
depicted in Fig. 7.

1
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=
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U
=
= 0.7
o
-4
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0 1 2 3 4 5
Number of ship locations provided
—1 N Smin  s—]125mMin e——]hour =3 hours

Fig. 7: ROC AUC values for forecasts at different times with
different amounts of new information

From this plot, two key observations emerge. First, the need



for new information intensifies as we forecast further from the
last observation. As our predictions extend to hours after the
last observation, including the locations of two or three ships
yields sufficiently accurate predictions. Second, when making
predictions hours after the last observation, the absence of new
information results in a ROC AUC value of 0.5, akin to that
of a random binary classifier in the given space.

IV. CONCLUSION

In this paper, we highlight the significance of leveraging
spatio-temporal autocorrelation structures within a fleet of
ships to enhance fleet tracking accuracy. By employing spatio-
temporal Kriging, we predict the fleet’s locations at various
time intervals following the last observed ship locations, with
or without new information, achieving ROC AUC values
ranging from 0.8 to 0.95. Without utilizing spatio-temporal
autocorrelation, decision-makers would only be able to provide
approximate bounds on the fleet’s likely whereabouts based
on prior observations and tracked ship locations, resulting
in a ROC AUC value of 0.5. Our model demonstrates a
substantial improvement of 60 to 90% over this baseline. We
also demonstrate that tracking just a few ships in a fleet can
be used to significantly increase the accuracy of predicting the
fleet’s location.

Our approach forms just one facet of effective fleet tracking
and cannot operate in isolation for comprehensive fleet surveil-
lance. Moving forward, we intend to expand our research
by incorporating additional contextual information such as
bathymetry, prior knowledge, and remote sensing data. Ad-
ditionally, we will explore the use of other spatio-temporal
interpolation methods such as copulas, which can better cap-
ture broader movement patterns of a fleet. We also aim to
generalize our model to apply to other autocorrelated targets
of interest, such as space assets.
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